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Abstract

This paper develops and validates an analytical model
for evaluating various types of architectural alternativesfor
shared-memory systems with processors that aggressively
exploit instruction-level parallelism. Compared to simu-
lation, the analytical model is many orders of magnitude
faster to solve, yielding highly accurate system performance
estimatesin seconds.

The model input parameters characterize the ability of
an application to exploit instruction-level parallelism as
well as the interaction between the application and the
memory system architecture. A trace-driven simulation
methodology is developed that allows these parameters to
be generated over 100 times faster than with a detailed
execution-driven simulator.

Finally, this paper shows that the analytical model can
be used to gain insights into application performance and
to evaluate architectural design trade-offs.

1 Intr oduction

Sharednemorymultiprocessoraregainingwide popu-
larity asplatformsfor technicabndcommerciatomputing.
Computerarchitectdhave generallyrelied on simulationfor
designingshared-memorgystems.However, an architec-
tural simulatorfor shared-memorgystemswith processors
thataggressiely exploit instruction-level parallelism(ILP)
requiresseveral hoursto simulatea few second®f real ex-
ecutiontime with reasonableaccurag [6]. This severely
restrictsthe applicationandarchitecturadesignspacethat
canbeexplored.
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This papertakes an alternate,potentially complemen-
tary, approach We developandvalidatean analyticmodel
for evaluating architecturaltrade-ofs for shared-memory
systemswith ILP processors. The model validatesex-
tremely well againstdetailedexecution-drven simulation
andproducesachresultin afew secondsThus,themodel
canbe a usefultool for culling the designspaceandthen
simulationcanbe usedfor further studiesof the important
regions.In addition,themodelinput parametevaluesyield
insightinto how particularapplications(and currentcom-
piler technology)interactwith thememorysystem.

One challengein developing a high-fidelity analytical
modelof a comple architecturés to createatractablesys-
temof equationghatrepresentall of thesystendetailsthat
have non-ngligible impact on the predictedperformance
measuresAnothersignificantchallengés to createamodel
that hasa relatively small setof input parametershat are
easyto measureor estimate.A key questionaddressedh
this researchs whethera highly accurateyet tractablesys-
temof equationswith fairly simpleinputparametersanbe
createdor comple parallelILP-processoarchitectures.

We areawareof two previousanalyticalmodelsof mul-
tiprocessorghat have non-blockingcaches[4, 27]. The
model by Albonesiand Koren [4] was not validatedand
hasat leasttwo significantdravbacks: (1) the numberof
memoryreadshatareissuedbeforethe next readblocksis
assumedo befixed, whereaghatnumberchangeslynam-
ically for ILP processorsand(2) someof the fixed model
input parameterssuchas the probability the write buffer
is full or the percentoverlapbetweemrmemoryreadlateng
andcomputationdependon the outputsthe modelis sup-
posedto compute. The model by Willick and Eager[27]
also assumes fixed limit on the numberof outstanding
memoryrequestge.g.,a hardware upperbound),andwas
validatedagainsta simulationthat hadstatisticalworkload
assumptionsimilar to theanalyticalmodel. We extendthe
Willick and Eagermodelin a numberof significantways,



and we validate our model againstdetailedsimulation of
applicationson amodernarchitecture.
Thekey featureof themodelin this paperare:

e ThellLP processoandits associatedwo-level cache
systemare viewed as a black box that generates
requeststo the memory systemand intermittently
blocks after a dynamically changing humberof re-
quests. Parameterghat characterizehis black box,
including the time betweenlevel two (L2) cache
misses,the distribution of the numberof outstand-
ing requestdeforea processoblocks,andtheratio
of requestghat are satisfiedby the local vs. remote
memory lead to insightsinto applicationbehaior
(andcurrentcompilertechnology)thatarediscussed
in Sectiond.

e We iteratebetweentwo submodels.One submodel
computeghe processostall time dueto load misses
thatcannotberetireduntil thedatareturnsfrom mem-
ory. Theothersubmodetomputeghe stall time due
to thehardwareconstrainbnthetotal numberof out-
standingmemoryrequests.

¢ In eachsubmodelthe memorysystemis viewed as
a systemof queues(e.g., the memorybus, DRAM
modulesandassociatedlirectories,and network in-
terfaceslanddelaycenterge.g.,switchesn theinter
connectiometwork). We createa setof intuitive cus-
tomized meanvalueanalysiyfCMVA) equationg26]
to obtainthe estimate®f processostalltime in each
submodel. The CMVA techniquehasprovento be
accuratein validation experimentsfor a numberof
simplerarchitecturamodels[26, 5].

¢ We shaw thatreasonablapproximation®f key input
parametershatcharacterizéhe applicationbehavior
canbeobtainedrom a high-level simulator FastILP,
thatrunstwo ordersof magnitudefasterthanthe de-
tailed simulation. Moreover, otherinput parameters
canalsobeobtainedrom veryfastsimulationor may
be variedwithin rangesthat have beenobsened for
similar applications.

The analytic model estimatesprocessorthroughput
within 1-12%o0f the estimategrom detailedsimulationfor
several complex applicationsand architecturalconfigura-
tions. Although the input parameteraluesthat character
ize applicationbehaior are obtainedfrom simulation,the
model’s architecturaparametersanbe variedquickly and
easilyusingjusttheanalyticalmodel. We will illustratethe
useof theanalyticmodelto cull the systemdesignspacen
Section6.

Figure 1. Parallel System Architecture

2 SystemAr chitecture

The architecturechosenfor this study is a cache-
coherentreleaseconsistenshared-memorynultiprocessor
systemwheretheprocessingnodesareconnectedby amesh
interconnectiometwork, as shovn in Figure1. The ar
chitectureis modeledin RSIM [20], a detailedexecution-
driven simulatorfor shared-memorynultiprocessorsvith
ILP processorsgainstwhich we validateour model. How-
ever, with fairly straightforvard modifications,the model
caneasilybeappliedto variationson this architecturge.g.,
other cachecoherenceprotocols,changedn the intercon-
nector memorysystemorganizationgtc.)

The processoexploits ILP usingfeaturessuchasmulti-
ple issue out-of-orderschedulingnon-blockingloads,and
speculatre execution. Instructionsarefetchedinto thein-
structionwindow, andthey areissuedo thefunctionalunits
whenall of theirdependencearesatisfied. Theinstructions
arefetchedinto andretiredfrom thewindow in programor-
der, but they may be issuedto the functional units out of
programordet In particular becausehe systemis release
consistentloadsandstorescanexecuteout of ordet

To maintainpreciseinterrupts,storesissueto the mem-
ory systemonly whenthey reachthe top of the instruction
window. Releaseconsisteng allows a storeto retire from
the instructionwindow even while it is not yet complete
(or even issued)in the memorysystem. Thus, storesdo
not directly block the processar Exceptfor stores,anin-
structioncanretire from the instructionwindow only after
it completesexecution. An implicationof this requirement
is thatwhena load reacheghe top of the instructionwin-
dow, retirementmuststall if the value of the load hasnot
yetreturned.

The L1 cacheis write-through, multiported, and non-
blocking. The L2 cacheis writeback,write-allocate ,non-
blocking, andfully pipelined. The cachesusemiss status
holding registers(MSHRs) to track the statusof all out-



parameter| description value
N numberof nodes

m memorymodulespernode 4
Mpw numberof MSHRs 8
SNIour.r NI sendoccupany for request 8
SNIpus.a NI sendoccupany for data 8
SNIin.» NI receive occupanyg for request 8
SNI,,.4 NI receve occupang for data 8
Sbus,r busoccupang for request 4
Stus,d busoccupang for data 12
Smem memory/directorf{DRAM) access 40
Stag L2 tagcheck 4
Sswitch perword network switchoccupanyg 8

Table 1. System Architecture Parameters

standingmisses[14]. Missesto the samecacheline are
coalesced in the MSHRs; only onememoryrequesis gen-
eratedfor suchcoalescedanisses.

Thememoryanddirectoryareinterleaved. Directoryac-
cessesare overlappedwith memoryaccesses.The bus is
split transaction. All traffic out of the nodegoesthrough
the sendnetwork interface (NI) via the bus, and all traf-
fic into the node comesfrom the receve NI via the bus.
The meshinterconnectiometwork useswormhole-routing.
Separateequesiandreply networks areusedfor deadlock
avoidance.

Cachecoherencés maintainedy afairly standardhree-
state(MS]I) directory-basechvalidationprotocol. The pro-
tocol supportscache-to-cach&ansfersn the caseof are-
guestfor datathatis dirty in a remotecache.For deadlock
avoidancewritebacksusethereply network anddonotgen-
erateacknavledgments Consequentlythey do notresene
MSHRsor othercacheresources.

3 Model Parameters

Table 1 definesthe systemarchitectureparametersin-
cludingthe valuesthatareusedin the baselinearchitecture
in Section5. Occupanciearein unitsof CPUcycles.

In ary modeling study defining a good set of appli-
cation or workload parametergposesa significant chal-
lenge. Table2 summarizeshe applicationparametershat
were developedwith the following goals: (1) ableto cap-
ture the principal performance-determiningharacteristics
of theworkloadfor theintendedapplicationsof the model,
(2) relatively few andsimpleto measurémakingthemodel
practicallyuseful),and(3) insensitve to changesn the ar
chitecturalparameterghatwill bevariedto cull the system
designspace.

Thefirst five parameterfn Table2 characteriz¢he abil-
ity of the processoto overlap multiple memoryrequests

while runninga givencompiledapplication(or setof appli-
cations). Theseparametersieferredto asILP parameters,
arediscussedn moredetail belon. The otherparameters
in thetablearestandargparametergor modelsof architec-
turesbasedon directory coherenceprotocols[1]. Further
descriptiorof thoseparameterss omitteddueto spacecon-
straints.

Note that the parametersare definedfor homogeneous
applications; thatis, eachprocessohasthe samevaluefor
eachparametein the table,and memoryrequestsare as-
sumedo beequallydistributedacrosgherelevantmemory
modules(local or remote)dueto interlearing andeffective
datalayout. Thereis anaturalextensionof theseparameters
for non-homogeneowpplicationsput for simplicity in the
modelexpositionwe usethe given parameterandvalidate
againshomogeneouapplicationsn Section5.

The parameterr is the averagetime betweenrequests
generatedy the processoto the (main) memorysubsys-
tem,notincludingthetime thatthe processois stalledor is
spin-waiting on a synchronizatioreventsuchasa lock re-
lease flag, or barriercompletion.We alsomeasurehe co-
efficientof variationof 7, C'V.. 7 is well-definedfor simple
processorshat block on eachload and store,whereaghe
notionthata complex modernprocessois stalledhassev-
eral possibledefinitions. For the robust parametet thatis
neededor the model,the processors definedto be stalled
whenit is completely stalled; thatis, the functional units
arecompletelyidle, nofurtherinstructionscanberetiredor
issueduntil datareturnsfrom memory andall outstanding
cacherequestarewaiting for datafrom mainmemory The
fraction of time a processois completelystalledis oneof
the performancemetricsestimatedoy the analytic model.
Theparameter doesnotincludethistime.

The fsynch—write Parameteis the fraction of write re-
gueststhat are synchronousthatis, they are generatedy
a read-modify-writerequestor they coalescewith at least
onelaterreadmiss. The significanceof this parametewill
be discussedn Section5. Readmissesthat coalescewith
earlierreadrequestsare completelyinvisible to the model
becausehey do not generateary memory systemtraffic
andthey do not causeary new blocking behaior. Thus,
a parameteffor the frequeng of read-readcoalescingis
not needed.Likewise for writes that coalescewith previ-
oustransactions.

Thesetof parameterg,,, M > 1, measuredor anum-
berof MSHRslargerthanthe maximumvaluethatwill be
evaluatedvith themodel,arethefractions of processor stall
periods that have M MSHRs occupiedwith read misses.
Notethatif areadmissoccurdsfor aline thathasapriorwrite
miss outstandingthenthe missis countedas a readmiss
whenmeasuringy/. Also notethatmisspeculatedeadsare
countedin M. The fj; parametersreuniqueto a system
with non-blockingloads.



Parameter

Description

CcV,

fsynch—write

Coeficientof Variationof

P3hop‘z&not—memo1’y

T Averagetime betweerread,write, or upgraderequestso memory not countingthetime when
theprocessois completelystalledor is spin-waiting on a synchronizatiorevent

Fractionof write requestshat aregeneratedy atomicread-modify-writeinstructionsor that
coalescevith atleastonelaterread

I Fractionof processostallsthatfind A MSHRswith outstandingeadrequests

Prcad, Pyrite, Pupgrade || Probabilitythatamemoryrequesis aread,write, or upgrade

P,y Probabilitythata reador write requestauses writebackof a cacheblock

Pr, Probabilitydirectoryis local for atypex transactionz=read write, upgradewriteback
Pz y Probabilityhomememorycansupplythedatafor atypex, y request;

z=read write; y=localhome,remotehome
Probabilitythata requesbf typex to aremotehomeis forwardedto a cacheata third node;

z=read,write
H Averagenumberof network switchegdraversedby a paclet
X Averagenumberof invalidatescausedy awrite or upgradeo acleanline

Table 2. Application Parameters

We have verified that the applicationinput parameters
arerelatively insensitive to changesin the architectural pa-
rameters thatcanbe variedin the model(e.g.,the number
of MSHRs, the speedof the bus and interconnectiomet-
work switchesmainmemoryconfigurationgtc.). However
7, fam, and fsynch—write aresensitve to variousparameters
of the processoand cachesubsystemsuchasthe instruc-
tion window size.Thisis a key motivationfor investigating
fastparameteestimatiormethodsasdiscusseahext.

3.1 Quickly Estimating Application Parameters

Application parameterstherthanr, CV.., far, andthe
partof fsynch—write thatis dueto writes coalescingwith
latermemoryreadrequestsdo not dependdirectly on ILP
featuresandcanthusbemeasuredsingcurrentfastsimula-
torsfor multiprocessorwith simplesingle-issug@rocessors
(e.g.,[28)).

The remainderof this sectionprovidesan overview of
FastILR a fasthigh-level simulatorfor quickly estimating
the ILP parameters, CV;, fu, and foynch—write. SiNce
FastlLPdoesnot needto measurghe exactcycle countfor
an execution,it canachiese very high performancedy ab-
stractingboth the ILP processoiandthe memorysystem,
and modelingonly enoughstateto generatethe required
ILP parameters.FastILP differs from conventionalcycle
by cycle ILP-basedmultiprocessosimulatorsin threekey
ways.

First, FastILPspeedsip processosimulationusingtech-
niguesfrom DirectRSIM, a simulatordesignedor speed-
ing up accuratetiming simulationof ILP-basedmultipro-
cessorg6]. Eachinstructionin FastlLPsetsthetimestamp
of its destinatiorregisterbasedon the completiontime for
thatinstruction. For non-memoryinstructionsthe comple-

tion time is determinedby the timestampsof the source
registersof the instructionand the availability of the ap-
propriatefunctionalunit. For memoryinstructionsthe pro-
cessokeepsenoughstateinformationto simulatememory
disambiguationThe completiontimestampcalculationfor
amemoryrequests uniqueto FastILR asdescribedelow.

Second FastILP speedaup memorysystemsimulation
by taking advantageof two obsenations:the ILP parame-
tersarenotverysensitveto theexactlatencieor configura-
tion of thememorysystemandL2 cachemisseshave high
latencieghatcanbe overlappeceffectively only with other
memory misses[21]. Using theseobsenations, FastILP
doesnot explicitly simulateary partof the memorysystem
beyondthecachehierarchy FastlLPdividessimulatedime
into distinct “eras; which startwhen one or more mem-
ory repliesunblockthe processoandendwhenthe proces-
sor blocksagainwaiting for a memoryreply. No memory
repliesreturnduring anera. Oneor morerepliesreturnto-
getherat the beginning of eachera,dependingon whether
the processohasenoughwork to completelyoverlapthe
time betweerincomingreplies.For simplicity, in theexper
imentsin Section5.2, we assumdor a 64-elemeninstruc-
tion window thatmemoryresponsesgeturnin the orderthat
the respectie requestsveregeneratedpneat a time. For
a128-elemeninstructionwindow we assumehatall mem-
ory request®utstandingttheendof anerareturntogether
atthe startof the next era(i.e., computatiorfully overlaps
thetime betweertheseresponsem therealsystem).

The useof erasallows FastlLPto computetimestamps
for loadandstoreinstructionswith eachtimestamgnclud-
ing both the erain which the datareturns,alongwith the
cycle within the era. The parameters andC'V,. arecalcu-
latedaccordingo thepointswithin eacheraatwhichmisses
occur; fyr is measuredy countingthe readrequestout-



standingat the end of eachera. In this fashion,FastILP
canprocessll instructionsin-order, while still simulating
anout-of-ordemprocessar

Third, FastILPfurtherspeedsip simulationtime by us-
ing trace-drven (as opposedto execution-drven) simula-
tion and by simulating the trace of only one processor
The useof trace-drven simulationis possiblebecausea-
rametersare estimatedfor homogeneousapplicationsand
synchronizatiorspin time is not measuredn 7. Further
FastILP makesan approximationthat mispredictedexecu-
tion pathsdo not have a significantimpacton the ILP pa-
rametersthis assumptions valid for the applicationsval-
idatedin Section5.2. FastlLPassumefiomogeneousp-
plications,allowing it to usethetraceof only a singlepro-
cessorwherethetraceprovidesinformationaboutmemory
accesseknown to be communicatiomrmisses.As commu-
nication missesgenerallystemfrom applicationand data
set characteristicsatherthan processomicroarchitecture
or systemlatencies,suchtracescan be quickly generated
by an appropriatelyinstrumentedastsimulatorfor multi-
processorsvith simple processor®r by a multiprocessor
trace-generationtility.

Usingtheabove optimizationsFastlLPachiezestwo or-
dersof magnitudespeedupver RSIM, and morethanan
orderof magnitudespeedupver DirectRSIM.

4 The Analytic Model

The principaloutputmeasureeomputedby the modelis
the systemthroughputmeasuredn instructionsretiredper
cycle (IPC). This throughputis computedas a function of
theinput parameter¢hatcharacterizéheworkloadandthe
memoryarchitecture.

The baselinemodeldefinedin this sectionassumeshat
the directoryis implementedn DRAM andthatthe direc-
tory lookup is coupledwith memoryaccessso a single
servicetime appliesto the parallelmemoryand directory
lookup. Variationson this directoryorganizationaremod-
eledin Section6.

4.1 Model Overview

We usethe term synchronous for readrequestgandfor
read-modify-writerequestshecausdahe datamustreturn
beforea load (or read-modify-write)instructionis retired
from the instructionwindow. Otherrequestqwrites, up-
gradeswritebacks,nvalidatesandacknaviedgmentshre
asynchronous.

A key questionin developingthe analyticmodelis how
to computethroughputas a function of the dynamically
changingnumberof outstandingnemoryrequestghatcan
be issuedbeforethe processomuststall waiting for data
to returnfrom memory We addresghis issueby iterating

betweerthefollowing two submodelfor eachvalueof M,
1 S M < th:

¢ the synchronous blocking submodel (SB) that com-
putesthefractionof time the processors stalleddue
to load or read-modify-writeinstructionsthat cannot
beretireduntil the datareturnsfrom memory

e the MSHR blocking submodel (MB) that computes
theadditionalfractionof time theprocessors stalled
purelydueto the MSHRsbeingfull.

For M = My, we computethroughputfrom a modi-
fied versionof the MSHR-blockingsubmodehlone,asex-
plainedbelon. Oncethesethroughputsare computedwe
computethe weighted sum of thethroughputsyeightedby
the frequeng of eachthroughputvaluethat would be ob-
senedfor the numberof MSHRsin the system. This fre-
gueng canin turn be computedirom the modelinput pa-
rametersf,,. Theremaindeof this sectiongivesthe most
pertinentdetailsof thetwo submodelaswell ashow slow-
down dueto synchronizatiordelaysis computed;the full

setof equationdor thesubmodelss givenin [25].

Eachof the two submodelqSB and MB) containsthe
samesetof customizedVA equationg26] to computethe
delayfor atransactiorin the memorysubsystenfseeSec-
tion 4.2). In the SB submodel,the numberof customers
per processois equalto the maximumnumberof readre-
gueststhat canbe issuedbeforethe processoblocks(i.e.,
oneof the obseredvaluesof M). The processofandits
associated¢achesubsystemjs a FCFSqueuethatinitially
hasmeanservicetime equalto 7. Note thatthis queueis
only idle when M memoryreadrequestsare outstanding;
otherwiseit is generatingnemoryrequestsatratel/r. If
therequesis a write miss,the customeiis routedimmedi-
atelybackto theprocessowhile simultaneouslyorking an
asynchronousnemorywrite or upgradetransactionpusing
thetechniqueproposedy HeidelbegerandTrivedi[10].

In the MB submodelthe numberof customerger pro-
cessoris equalto the numberof MSHRs, M},,,. MSHRs
canbe occupiedby read,write, or upgraderequestshow-
ever, for architecturesvith non-blockingstoresandin-order
retirementof loadsandfor M < My, all of the blocking
time whenMSHRscontainboth readandwrite requestss
accountedor in the SB submodel.In this case,the addi-
tional blockingtime thatneedso be computedby the MB
modelis for the casethatall MSHRsareoccupiedby write
or upgradememorytransactiongor writebacksjf they oc-
cupy MSHRsin thearchitecturef interest).Thecustomers
in the MB modelthusrepresenthe behaior of write and
upgradememory transactions. When read missesoccur,
thesecustomerareimmediatelyroutedbackto the proces-
sor (sincethe processorcannotstall on readmissesin this
submodelwhile simultaneouslyorking a readtransaction
to thememorysystemagainusingthetechniquan [10].



The meantime thateachcustomerccupieshe proces-
sorin theMB modelis equalto r adjustedo reflectthefrac-
tion of time thattheprocessors stalleddueto loador read-
modify-write instructionsthat cannotbe retired (computed
from the SB model). Thatis, 7y = USLB whereUgg de-
notesthe fraction of time the processors not stalledin the
SB model. Oncethe measuresare computedrom the MB
model,the SB modelis solved againusingrsg = ¢—.
The alternatingsolutionof the submodelss repeatedintil
theestimatedhroughputsornverge. This approachs simi-
lar to themethodof complementargelays[9, 13].

The SB andMB submodelsare eachsimilar to Willick
andEagers model[27] exceptthat: (1) transactiorrouting
isaccordingo thecachecoherencgrotocol,(2) theswitch-
ing network is configuredas a two-dimensionameshand
thedelayperswitchis modeledasanaveragequantitymea-
sureddirectly in thesystemor by simulatingoveranumber
of applications(3) contentiorfor the memorybusandnet-
work interfaceis modeled(4) theservicetime attheproces-
sornodeis inflatedto accounfor thestalltime estimatedy
theothersubmodeland(5) we useanapproximatiorto ac-
countfor high measureaoeficient of variationin =, CV..,
whichis discussedh Section5.

For thecasethat M = My, all processostallscanbe
attributedto full MSHRs. In this case we solve a modified
MB modelin whichthereare M}, customerperprocessor
andthesecustomergepresenthe behaior of read,write
andupgradememorysystemtransactionskor ary of these
memory requeststhe customerleaves the processorand
visits the appropriatememory systemresources. (Write-
backsare forked asynchronouslyor the basearchitecture
in RSIM).

Oncethroughputis computedfrom the weightedaver
age of the value at each M, synchronizatioreffects are
accountedor asfollows. If thereareary locks that have
significantcontentiona separatsimplequeueingnodelis
usedto estimatemeandelay for eachlock, using (1) the
numberof processorshatcompetefor thelock, (2) amea-
suredaveragenumberof instructionsbetweenaccesseso
the lock, and (3) the averagelock holding time (in num-
ber of instructions).Finally, the throughputslondown due
to barriers[3] is computedrom the averagenumberof in-
structionsandlock delaysbetweeneachbarrier (for load-
balancedbarriers)or the numberof suchinstructionsand
lock delaysfor eachprocessomparticipatingin the barrier
(unbalancedarriers),in additionto the estimatedime to
executea perfectlyload-balancetarrieronthegivenmem-
ory architecture.Calculationof throughputslovdown due
to pairwisesynchronizations beyondthe scopeof this pa-
per

4.2 Model Equations

As mentionedabore, the SB andMB submodelaisea
setof customizedMVA (CMVA) equationgo computethe
meandelayfor customersttheprocessqgiocalandremote
memory buses,directories(and associatednemory mod-
ules), and network interfaces. Fixed delaysare assumed
for resourceshathave negligible contention(e.g.,cachetag
checks)andfor the approximateaveragedelayat eachnet-
work switch (obsened during measurementr simulation
of severalapplications). The CMVA equationsgexplained
in detailin [25], arebriefly outlinedbelow.

The total averageround-triptime in eithersubmodels
the sumof the customers meanresidencdime at eachof
theresourceshatit visits. Thus,theaverageound-triptime
for customersn the SB submodehastheform:

_ synch synch
RSB - RPTOCeSSOT + RNIaut + Rnetwo’rk

synch synch synch
+RNIin + Rbus + Rdir—and—mem + Z’

WhereRsy"Ch is the total averageresidenceime for aread

transactlomta(setof) memorysystenresource(s), andZ
is thetotalfixeddelayfor areadrequestA similarequation
holdsfor the averageround-triptime for customersn the
MB submodel Furthermoresystemthroughputmeasured
in numberof readtransactionsetiredperunittime, is equal
to M/Rsp.

To illustrate the calculationof R; we shav how

R3¥7" is computedwhereN Tout denoteshequeueshat
areusedto transmita messagénto the switchingnetwork.
R3Y7t isthesumoverall suchqueuesf thetotalmeande-
lay for eachtype of synchronoudransactiorthat canvisit
thequeueaseitherashort(requesty) orlong (data,d) mes-
sage:

synch

R;@f;}zoc:t — Zy(Rsynch + Rsynch )

Nloutiocal,y,r Nloutioecal,y,d

(N =) (Rt R )
The N — 1 factorin theremotetermsrepresentthe N — 1
remoteNIs for ary particularprocessos transactionsThe
memorytransactionsy, aredefinedin Tables4 and5.

To computeRi}’?jftlml , we multiply the average
numberof visits thata synchronouSype x messagdrom
atypey transactioomakesto thelocal NI, by thesumof the
averagewaiting andservicetimesatthequeue:

synch _
RNIOUtlochl,y,z -

INotethatthe modelis validatedin Section5 againstetailedsimula-
tion of thecontentionatthe network switchesfor eachapplicationjnclud-
ing applicationghatwerenot usedto estimateaverageswitchdelay



synch
PyViToutroeaty (WiNIToutioear + SNIout,a)

The utilization of the local outgoingNI queueby type
x messagesf atypey transactions equalto the average
total numberof visits for thesemessageerroundtrip in
the SB model)timestheir servicetime (Sy rout,=), divided
by the averageroundtrip time of thetransactionén the SB
model(Rsg):

P
z — y z
U'NIouiEloc’y’m - (R )‘/quloc,y,z SNIout,z

Notethatin theabose equationz denotesitherthesyn-
chronous(S) or the asynchronougA) part of the type y
transactionThis equatiorandthe next two equationsllus-
tratehow theinterferenceoy theasynchronousransactions
is accountedor in the SB model.

Theaveragewaiting time atthe outgoinglocal NI queue
dueto traffic from remotenodesis equalto the sumover
all transactiortypesof the synchronousndasynchronous
traffic generatedemotelythatis seenatthequeue:

~ A
remote _ remote,y remote,y
WNIoutzocaz - Zy(WNIOUtlocal + WNIOU'tloc )

The contrikbution to the waiting time at queuey of thelocal
NI by remotetraffic of typey thatis eithersynchronousr
asynchronougdependingn z) is equalto thesumoverall
messagéeypesz of the total numberof remotecustomers
timesthe waiting time that their type y transactiongsyn-
chronousor asynchronousgauseon local queueq. This
waitingtime is equalto thetime thata customemwould wait
for thosecustomersn the queueplusthetime thatthe cus-
tomerwould wait for the customelin service.Theresidual

life, % assumes deterministicservicetime attheNI.
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BY rout
remote,y,e __ JTZ
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5 Model Validations

In this sectionwe presentheresultsof validationexper
imentsthatassesgheaccuray of theanalyticmodelandof
the FastlLPparameteestimatesThevalidationswereper
formedagainstthe RSIM execution-drven simulator[20].
Section5.1 presentsheapplicationausedin thevalidations
andthe modelinput parameterfor thoseapplicationanea-
suredby RSIM. Section5.2 comparegheinputsgenerated
by FastILP to those obtainedby RSIM, and Section5.3
presentsheresultsof theanalyticmodelvalidations.

5.1 Applications Usedin Model Validations

The validation experimentsinclude the following ap-
plications: FFT, LU, and Radix from the SPLASH-2
suites[29], Water from the SPLASH suite [24], and Er-
lebacherfrom the Rice parallel compilergroup[2].2 We
alsouseversionsof LU andof FFT (denotedby opt) that
areoptimizedfor ILP systemdy applyingloopinterchange
to scheduleeadmissexlosertogetherthusbetteroverlap-
ping their latencieg21]. The optimizationin FFTopt has
thesideeffectthatall readrequest®verlappedatary given
time from a singleprocessopgo to the samememorybank.
This causeghe effective numberof memorymodulesper
nodeto be equalto one. Additionally, both versionsof LU
aremodifiedto achieve betterload balanceby using pair-
wise synchronization(implementedwith flags) insteadof
globalbarriers.

The RSIM-measuredaluesof thefirst five modelinput
parameter$or eachof the applicationsfor varioussystem
configurationg(i.e., numberof processorsn, andinstruc-
tion window size, w), are shawvn in Table 3.2 The input
sizesfor FFT andRadix aregreaterthanor equalto those
specifiedin the SPLASH/SPLASHXistributions. Thein-
putsizesfor LU andWaterareslightly smallerthanrecom-
mendeddueto the long time for running the RSIM sim-
ulations; however, the numberof processorss appropri-
ately scaleddown to ensurea reasonablespeedup. The
fsynch—write Parameteis omitted from the table sinceit
is very smallexceptasnotedbelow.

Tables4 and5 providethe RSIM-measureg@robabilities
of the variouslocationswhereread misses,write misses,
upgradesandwritebacksare servicedin the memorysys-
tem,for asystemwith a64 entrywindow size. Thestatsare
nearly identical for the 128 entry window size configura-
tion. Theseprobabilitiesarecomputedn a straightforvard
way from the basicapplicationmemoryrequesparameters
(seeTable 2). Note that the probabilities(not including
writebacks)sumto one. Writebacksare additionalasyn-
chronoustransactionghat are forked off from readsand
writes. Collectively, theinput parametevaluesreflecta set
of applicationswith fairly diversecharacteristics.

2We alsoattemptedo validatethe analyticmodelagainstMP3D, but
we discoreredthat MP3D hasrelatively minor but still significantnon-
homogeneityn its memoryaccesdehaior, whichled to approximatelya
20% errorin throughputpredictedby the analyticmodel. Model modifi-
cationsfor non-homogeneouapplicationsarestraightforvard but beyond
thescopeof this paper We thereforeomit thoseresultsin theremaindeof
this section.

3The baseline measuresfor the model input parametersused
the following processor/cachesubsystem configuration: maximum
fetch/decode/retireate = 4, instructionwindow size= 64, L1/L2 cache
size= 16KB/64KB (scaledbasedon applicationinput sizes[29]), cache
line size= 64 bytes,L1/L2 associatiity = 1/4,L1/L2 hit time = 1/13cy-
cles,L1/L2 ports= 2/1. The measuresvith instructionwindow size of
128entriesalsodoubledthe otherprocessoresourcege.g.,decodewidth)
comparedo thebaseline.



app inputsize | configuration T|icvVare) | fi fe fs fa fs fe  fr  fs | Bfi,i>8
Erle 64x64x64 | n16,w64 39.0 109 .65 .17 .09 .08 0 .01 0 0 0
nil6,w128 26.9 50| .64 .11 .10 .10 .02 .01 .01 .01 .01
FFTopt | 64K nl6,w64 64.9 128 42 .17 .03 .04 .35 0 0 0 0
nl6,wl128 37.6 11.8| .12 .28 .18 .03 .03 .03 .03 .03 .25
FFT 64K nil6,w64 63.9 12.8| .63 .47 0 0 0 0 0 0 0
nl6,wl128 37.0 12.0| .12 .48 .39 0 0 0 0 0 0
LUopt | 256x256 | n8,w64 120.8 6.3|.12 .07 .06 .06 .06 .06 .06 .06 .45
LU 256x256 | n8,w64 108.1 81| .51 .49 0 0 0 0 0 0 0
n8,wl128 74.0 36|.10 .19 .70 .01 0 0 0 0 0
Radix 512K n8,w64 80.9 20| .99 .01 0 0 0 0 0 0 0
Water | 343 n8, w64 593.2 25| .73 .25 .01 0 0 0 0 0 0
n8,wl128 487.7 251 .49 48 .01 .01 0 0 0 0 0
Table 3. Application Input Parameters
| I Reads | Upgrades
localhome remotehome local | remote
memory | remote | memory | cache cacheat
app config cache athome | non-home
Erle nl6é 49 0 .09 .04 .01 .23 .01
FFTopt ni6 .30 0 A9 .04 0 A4 0
FFT ni6 .30 0 .20 .04 0 A4 0
LUopt n8 .16 0 A7 .01 .02 .08 .25
LU n8 .16 0 .48 .01 .02 .08 .25
Radix n8 .29 .01 0 .01 0 .01 0
Water n8 .02 12 .02 A1 .28 A1 31
Table 4. Read and Upgrade Transactions
| I Writes | Writebacks |
localhome remotehome local | remote
memory | remote | memory | cache cacheat
app config cache athome | non-home
Erle nl6é .13 0 0 0 0 .32 0
FFTopt ni6 .32 0 0 0 0 42 0
FFT ni6 .32 0 0 0 0 42 0
LUopt n8 0 0 .01 0 0 .08 .23
LU n8 0 0 0 0 0 .08 .23
Radix n8 .10 0 .58 0 0 .10 .57
Water n8 0 0 0 0 .03 0 0
Table 5. Write and Writebac k Transactions
application | config T|CV- | fr fo fs fa fs fe fr  fs | Lfi,i>8 | %error
Erle nl6,w64 42.1| 10.7| .61 .18 .11 .08 0 .01 0 0 0 -1.1
ni6,wl28 | 23.2 96| .82 .02 0 .13 .02 0 0 .01 0 -0.5
FFTopt n16,w64 64.4| 11.9| .42 .20 .03 .03 .33 0 0 0 0 0.7
ni6,wl28 | 31.2| 12.6| .18 .43 .23 0 0 .08 0 0 .08 -6.2
FFT nl6,w64 56.6 | 12.5| .50 .50 0 0 0 0 0 0 0 9.1
nl6,wl28 | 30.8| 12.6| .14 .44 .43 0 0 0 0 0 0 -11.9
LUopt n8,w64 122.2 40| .12 .07 .06 .06 .06 .06 .06 .06 A7 -2.5
LU n8, w64 104.6| 3.8| .53 .47 0 0 0 0 0 0 0 -0.1
n8,wl128 786| 34| .20 .06 .74 0 0 0 0 0 0 -8.6
Radix n8,w64 69.2 20| 1.0 0 0 0 0 0 0 0 0 -6.8
Water n8, w64 4188| 31| .71 .26 .01 0 0 0 0 0 0 20.0
ng8,wl28 | 270.4| 3.8| .05 .93 0 .01 0 0 0 0 0 59.5

Table 6.

8

Accurac y of the FastILP Input Parameters




5.2 Accuracy of the FastILP Input Parameters

Table6 givestheinput parametergeneratedby FastILP
andthepercentagerrorbetweerthethroughputalculated
usingtheseparametersersusthe parametergeneratedy
RSIM. Theseresultsshaw thatfor all configurationsstud-
ied andall applicationsexceptWatet, FastILPcangenet
ateparameterthatleadto lessthan12%errorin throughput
relative to thosegeneratedby RSIM.

5.3 Accuracy of the Analytic Model

Theexperimentsn whichwe comparedheperformance
predictedby theanalyticmodelagainsthe performancee-
portedby RSIM quickly revealedtwo additionalbehaviors
thatneededo becapturedn themodel:

¢ Sincethetime betweermmemoryrequestgr) hasrel-
atively high variance(seeTable 3), the standardap-
proximateMVA equationestimateghat a customer
arriving backto the processomaits, on average,a
fairly longtimefor theresidualife of acustomethat
is alreadyin service® However, sincethe averagda-
teng for a memorytransactionin the modeledsys-
temis (in somecasessignificantly)smallerthanthis
meanresiduallife, the customerarriving backto the
processois notarriving atarandompointin timerel-
ative to the servicetime at the processarTo produce
amoreaccurateestimateof processoresidencdime,
we approximatethe residuallife usingan interpola-
tion [7] betweenr, which is the residuallife when
thememorytransactionakeszerotime,andtheMVA
residuallife formulafor arandomarrival 8

o Water (and MP3D) has a non-ngligible value for
fsynch—write, the fraction of write requestghat are
generatedy read-modify-writeinstructionsor that
coalescewith atleastonelaterreadmiss. More de-
tailed measureshaow thatnearlyall of thesearedue
to read-modify-write instructions. Thus,the SB and
MB submodelsnustbe adjustedso that, with prob-
ability fsynch—write, @ Write requesttself visits the
memorysystemratherthanforking a memorytrans-
actionin the SB submodel. Analogously and with
the sameprobability, the write requestforks a mem-
ory transactiorin the MB submodetatherthancon-
tributing directly to processostall time.

4FastILPunderpredicts for Waterbecauseollbacksof misspeculated
loads,triggeredby disambiguatingtoresarenot yet accuratelynodeled.

5Theestimatedneanresidualife equalghesecondnomentof service
timedividedby 27 [17].

SNotethatthe standardormulafor meanresidualife is assumedtall
otherqueuesn the model. Sincethe variancein servicetime at the bus,
memorymodulesandothermemorysystenresourcess low, thestandard
MVA approximatiorcanbe expectedo performwell.

model | RSIM %

benchmark| config IPC IPC | error
Erle n16,w64 1.38* 145| -4.8
nl6,w128 1.95*| 1.83| 6.6
nl6,w64,slbus | 1.04* | 1.08| -3.7
n16,w64,sldir 0.96*| 094 2.1
nl6,w64,1GHz | 1.03* | 0.92| 12.0

FFTopt nl6,w64 160| 158 1.2
nl6,w128 242| 229| 57
nl6,w64,1GHz | 1.16| 1.07| 8.4

FFT nl6,w64 141 1.39| 14
n16,w64,slbus 1.10| 1.01| 8.9

nl6,w128 226| 2.06| 9.7

LUopt n8, w64 2.59* 241| 7.4
LU n8,w64 1.90*| 191| -05
n8,w64, slhus 1.62*| 158| 25

n8,w128 2.86* | 2.93| -2.4

Radix n8, w64 1.75| 164| 6.7
n8, w64, sldir 141| 1.43| -1.3

Water n8, w64 1.85| 1.74] 6.3
n8,w64, slhus 1.75| 162| 8.0

n8,w128 2.11| 2.13] -0.9

Table 7. Model Accuracy for Homog eneous
Applications

Investigationsof further discrepanciebetweenthe pre-
dicted throughputdor RSIM andthe analytic model sug-
gestedtwo useful modificationsin the simulatedsystem:
(1) more efficient layout of the data structuresin Water
(andMP3D) to increasethe uniformity of memoryaccess
amongthe processorsand (2) a secondbus queuewas
addedto the processoso that requestdo the local direc-
tory arenever blockedbehindrequestdlockedonafull NI
buffer. Thesecondnodificationensureshatsystenbeha-
ior is morecommensurateith themodel(sincetheanalytic
modeldoesnotincludetheblockingbehavior of asinglebus
gueue).

After makingthechangeso themodelandthesimulated
systemwe obtainedhevalidationresultsshavnin Table7.
Configurationgdenotedby slbus andsdldir indicatethatthe
occupany of the bus (directory)is increasedy afactorof
three,in orderto produceadditionalcontentiorto stresghe
model.For the LGHz configurationthelatenciedor thelL.2
cachemainmemory andnetwork areincreasedy afactor
of two, reflectinga fasterprocessar

The resultsshowv that the model estimatesthroughput
extremelywell for the diversesetof applications predict-
ing applicationthroughputghatrangefrom 0.88to 2.93in-
structionsretired per cycle with under10% relative error.
We believethatthemodelis areasonablaccurateepresen-
tationof thesystemunderstudy althoughtestingthemodel
on furtherapplicationsandfor moresystemconfigurations



will alsoincreaseconfidencan its fidelity.

Theanalyticthroughputestimatedor Erle, LU, andLU-
opt are marked with an asteriskbecausehe estimatesn-
cludethe RSIM-measuregbairwise synchronizatiordelay
(i.e.,flagspinningtime) in 7, ratherthanexplicitly calculat-
ing the synchronizatiordelayin the model. Extendingthe
modelto computepairwisesynchronizatiomlelayis beyond
the scopeof the paper Themodeldoesaccuratelycompute
the effects of synchronizatiordelay for locks and for the
globalbarriersin all of theapplications.

Note that, strictly speakingwhenthe SB submodelis
computedfor a given M = k, a particularprocessoifor
which throughputis computedshould have k customers
while othernodesshouldperhap$ave atime-varyingnum-
berof customerdglictatedby the f, parametersHowever,
the simplerimplementatiorof the SB modelappeargo be
adequatéor theexperimentgeportedn this paper We will
explorethisissuefurtherin futurework.

6 Applications of the Model

Thereare mary possibleapplicationsof the modelde-
velopedin this paper rangingfrom gaininginsightinto ap-
plication behaior and currentcompilertechnologyto ex-
aminingarchitecturadesignissues.Below we illustratea
few of theseapplications.

6.1 Insightsinto Application Behavior

Insight into applicationbehaior can be gainedfrom
studyingthe transactionfrequencieshavn in tables3, 4,
and5. Looking at fs, we obsene thatthe ILP-optimized
versionsof LU andFFT (LUopt and FFTopt) have signifi-
cantlygreatemmassat highervaluesof M thantheoriginal
versions. In contrastthe fj,; valuesfor Radix and Water
reveal considerablylessability to exploit ILP hardwareto
overlapreadmemoryrequests. Erlebachershavs moder
ateability for overlap. Theseobsenationswerealsonoted
in [21].

Regardingtheestimatedhroughpu(IPC) of thebaseline
configuration(w64)for eachapplicationjt appearshatper
formanceof Erlebacheandof eachversionof FFT is lim-
ited by frequentmisses(low 7), whereashe performance
of eachversionof LU is limited by a high probability that
readmissesnustobtainthedatafrom remotememory The
throughputfor Wateris limited by a high fraction of read
misseghatrequireathreehoptransactionandthe perfor
manceof Radixis limited by the lack of parallelismin the
memorysystemtransactiongf; =~ 1). Theseobsenations
maysuggesfutureimprovementsn applicationdesigns.

Themodelandapplicationparametevaluescanbeused
to guidethe designof future systemsandapplications.For
example, high valuesof CV, indicate a high degree of
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Figure 2. Varying Number of MSHRS (Mp,,)

burstinesssuggestinghatthe systemshouldprovide good
buffering capabilitiesfor varioustypesof memorysystem
transactions. The model can also be usedto determine
the dggreeto which throughputs sloved down by MSHR
blocking. As anotherexample,poor performanceand an
unusuallyhighfractionof readgo remotememorysuggests
thatthe datastructuresarenotlaid out efficiently; in fact, it
wasthis type of datathatled to the discovery of the load
imbalancesn WaterandMP3D mentionedn Section5.

6.2 Varying the Number and Content of MSHRs

Modelsare usefulfor predictingthe effectsof changes
in the systemhardware configuration. As an example,we
evaluatethe impactof changingthe numberof MSHRsIn
the system,and the impact of modifying the systemsuch
thatwritebacksoccupy MSHRs. Figure2 shavstheimpact
of varying M}, for Radix,bothwith andwithoutincluding
writebacksin the MSHRs. Radixwaschoserfor this eval-
uationbecauset exhibits a significantpercentagef time
(25%) stalled due to write and upgraderequestsoccuyy-
ing all MSHRsandit hasa high probability of writeback
(70%). The resultsshowv that performancedoesnot drop
significantlyuntil M}, is decreasedbelon 4. Theresults
arequalitatively similar for LU (notshavn), anapplication
whichfrequentlyusesall of its MSHRsfor readrequests.

If this is the casefor mostapplicationsof interest,then
systemdesignergould considersmallersetsof MSHRsto
reduceboth costand MSHR lookup lateng. Similar re-
sults have beenobtainedby Farkas,et al. [8] and Pai, et
al. [21] usingextensie simulation.Our analyticmodel(to-
gethemwith FastILP)is capableof obtainingthesameresults
quickly overawide rangeof applications.

6.3 Alternative Directory Configurations

Thememoriesanddirectoriesat eachnodein the shared
memoryarchitecturemay be coupled or decoupled. In the



decouplectase atransactiorthatrequiregust oneof these
two resourcesloesnotoccupy both.

2.70

baseline coupled
decoupled, SRAM dir
—-— optimized coupled B

LU (N=8)

255 -

2.50

30.0 40.0 50.0 60.0 70.0

Smem (in CPU cycles)

0.0 10.0 20.0 80.0

Figure 3. Impact of Director y Configuration
Figure 3 shaws therelative performanceof the baseline
architecturewith a coupledmemoryanddirectory against
two optimizedconfigurations:(1) a decouplechodearchi-
tecturewith an SRAM directory (8-cycle occupanyg), and
(2) acoupleddirectory/memoryvith afastpathto andfrom
theNlI. Thelatteroptimizationallowsremotetransactiono
bypasghe memorybus. (The SGI Origin 2000effectively
providessuchafastpath[16].) We easilyadaptedhemodel
to representhesedifferentarchitectures.
Theresultsareshavn for LU, anapplicationwhoseread
missesare primarily remote;resultsfor FFT (not shavn)
arequalitatively similar althoughrequestsn FFT aremore
oftenlocal. As canbe seenin the figure, the coupledar-
chitecturewith a fast path betweenthe NI andthe direc-
tory outperformsthe othertwo architecturesintil memory
latengy becomegprohibitive for coupleddesigns.The esti-
matedperformancadwantagefor LU or otherapplications,
canbetradedoff againsicostconsiderations.

6.4 ProgrammableCoherenceControllers

Several recentcommercialand researchmultiprocessor
systemq18, 15, 22] have employed programmableoher
encecontrollersto reducedesigntime and/orsupportmul-
tiple protocols.However, the flexibility andgeneralityof a
programmableontrollerleadsto slowver coherenceroto-
col execution,whichin turnincreasesontrolleroccupang
andmemorylateng [11]. Theextentto whichthisdegrades
applicationperformancénasbeenthe subjectof severalde-
tailed simulationstudies [12, 23, 19]. The analyticmodel
can quickly assesghe impact of higher controller occu-
pang.

We evaluatethe impactof programmabl&ontrollersby
modelinga decouplechodearchitecturewith increasedli-
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rectoryoccupany (i.e., 80 cycles). Figure4 plotsthrough-
put (IPC) versusnetwork occupang for two applications
(WaterandFFT), for this architectureaswell asfor a cou-
pled nodearchitecturewith the baselinememory/directory
occupang (i.e.,40cycles).Theresultsshav thattheperfor
mancedifferentialis only onthe orderof 2-7%,depending
on network occupany, for thegivenapplications.

7 Conclusions

This paperdevelopsand validatesa tractableanalytic
modelwith a relatively simpleandrobust setof input pa-
rameterdor evaluatingvarioustypesof architecturablter
nativesfor shared-memorgystemswith processorthatag-
gressiely exploit instruction-lerel parallelism(ILP). The
analyticalmodelwascomparedvith detailedsimulationfor
a setof applicationsand systemconfigurationsthat have
diversevaluesof the modelinput parameters.The model
yields estimateawithin 12% of the simulatorestimatesn
secondsascomparedvith hoursfor eachsimulationresult.
The studyalsoshaws thatthe analyticalmodelcanbe used
to gaininsightsinto applicationperformanceandto evalu-
atearchitecturatlesigntrade-ofs.

This paperalso presentd-astiLR a simulatorfor esti-
mating the key ILP input parameterof the model, two
ordersof magnitudefasterthan possiblewith a detailed
execution-drvensimulator FastlLPachiesesthis speedup
by beingtrace-drvenandby abstractingput a large part of
the compleity of boththe memorysystemandthe proces-
sor Theinput parametergieneratedy FastlLPyield cal-
culatedthroughputsvithin 12%of thosecomputedwith in-
putsfrom a detailedexecution-drvensimulatorfor all con-
figurationsof all but oneapplicationstudied.

Ongoingresearchincludesextendingthe modelto han-
dle non-homogeneouapplications,non-uniformmemory
accesdehaior, andslovdowns dueto othertypesof syn-
chronizationsuch as the producefconsumerflagsin LU.



Oneof thekey conclusion®f ourinitial validationexperi-
mentsis thatmodelingnon-homogeneitynay beimportant
for moreapplicationghanpreviouslythought.EvenMP3D,
which appearson the surfaceto be a homogeneousppli-
cation,hassomenon-homogeneousehaior that mustbe
capturedfor the modelto be highly accurate.We arealso
applyingthe analyticmodelto new applicationsandarchi-
tecturalissues Extendingthe capabilitiesof FastILPis also
animportanttopic for furtherresearch.
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