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Abstract

Thispaperexploresstatisticalsimulationasa fastsimu-
lation techniquefor driving chip multiprocesso(CMP) de-
signspaceexploration. Theideaof statisticalsimulationis
to measue a numberof importantprogramexecutionchar-
acteristics, geneiate a synthetictrace and simulatethat
synthetictrace Theimportantbene t is that a synthetic
traceis verysmallcompaedto real programtraces.

This paperadvancesstatistical simulationby modeling
shaedresouces,sud assharedcacesand off-chip band-
width. Thisis done(i) by collectingcache setaccesgrob-
abilities and per-set LRU stad depthpro les, and (ii) by
modelinga program's time-varyingexecutionbehaviorin
thesynthetidrace Thekey bene tis thatthestatisticalpro-

le is independenbf a given cache con guration and the

amountof multiprocessing which enablesstatistical sim-
ulation to modelcon ict behaviorin shaed cacheswhen
multiple programsare co-executingon a CMP. We demon-
strate that statistical simulationis both accurate and fast
with average IPC predictionerrors of lessthan 5.5% and
simulationspeedupsf40Xto 70Xcompaedto thedetailed
simulationof 100M-instructiontraces. This malesstatisti-
cal simulationa viable tool for CMP designspaceexplo-
ration.

1 Intr oduction

Architecturalsimulationis a crucial tool in a computer
designers toolbox becausef its e xibility, its easeof use
andits ability to drive designdecisionsearly in the design
cycle. The downside however is that architecturalsimu-
lations are very time-consuming.Simulatingan industry-
standardbenchmarkto completionfor a uniprocessode-
sign point easilytakesa coupleof weeks,even on today's
fastestmachinesand simulators. Culling a large design
spacethrougharchitecturakimulationof completebench-
mark executionsthus simply is infeasible. And this prob-
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lem keepson increasingover time. Giventhe currentera
of CMP design,thereis a big questfor efcient simula-
tion techniquedor driving thedesignprocesof CMPswith
multiple tensof coresintegratedon a singlechip.

Researcherand computerdesignersare well awvare of
themulti-coresimulationproblemandhave beenproposing
varioussimulationmethodologie$or copingwith it, suchas
sampledsimulation[1, 7, 15, 17], or parallelizedsimulation
and/orhardwareacceleratedgimulationusingFPGAs[12].
In this paperwe take a differentapproachthroughstatisti-
cal simulation. The ideaof statisticalsimulationis to rst
measure statisticalpro le of aprogramexecutionthrough
(specializedjunctionalsimulation.Thesestatisticaarethen
usedto build a synthetictrace;this synthetictraceexhibits
the samecharacteristicas the original programtrace, by
constructionput is muchshorterthanthe original program
trace,no morethanafew millions of instructions.Simulat-
ing this synthetictracethenyields a performancesstimate.
Givenits shortlength, simulatinga synthetictraceis done
very quickly.

Previouswork hasbeenexploring the statisticalsimula-
tion paradigmextensiely for uniprocessor$5, 8, 9, 11],
andasinglestudy[10] appliedstatisticalsimulationto mul-
tithreadedworkloadsrunningon sharedmemorymultipro-
cessoisystemsNoneof this prior work addressethe mod-
eling of sharedresourcesn chip multiprocessorshough.
This paperadvanceghe statisticalsimulationmethodology
by proposingmodelsfor sharedresourcesuchas shared
cachesandoff-chip bandwidth. This makesstatisticalsim-
ulation a viable fast simulationtechniquefor quickly ex-
ploring chip multiprocessordesignspaces. Note that we
do not ervision statisticalsimulationas a substituteto de-
tailed simulation. We ratherconsiderstatisticalsimulation
asausefulcomplemento detailedsimulationattheearliest
stagesof the design:the designspacecanbe culled using
statisticalsimulation,andwhenaregion of interestis iden-
ti ed, detailedbut slower simulationcanthen be usedto
exploretheregion of interestin greaterdetail.

This papemakesthefollowing contrikutions:



We extend the statisticalsimulation methodologyto
chip multiprocessorsrunning multi-program work-
loads. To enablethe accuratemodeling of shared
cachesn chip multiprocessorsye collect statisticsto
capturethe cacheaccesdehaior, suchassetaccess
probabilitiesandpersetLRU stackdistanceprobabili-
ties. Co-simulatingsynthetictracesannotatedvith set
andLRU stackdistanceinformationthengivesanac-
curatepictureof thecon ict behaior in sharecdtaches.

We shaw thatin orderto accuratelynodelcon ict be-
havior in sharedesourcest isimportantto accurately
model the time-varying programexecutionbehaior.
To thisend,we collecta statisticalpro le andgenerate
asyntheticmini-traceperinstructioninterval, andthen
subsequentlgoalesceghesemini-tracesto an overall
synthetictrace.

The cache set accessand perset LRU stack dis-
tance statistics make the statistical prole less
microarchitecture-depende A single statisticalpro-
le for the largestcacheof interestduring the design
spaceexploration can now be usedto explore vari-
ous cachecon gurationsfor a given cacheline size
whereagreviouswork requiresa statisticalpro le for
eachcachecon guration of interest.

We demonstrateéhat the overall framewnork presented
in this paperis accurateand ef cient for quickly ex-
ploring the chip multiprocessodesignspace.

2 Statistical uniprocessor simulation (in a
nutshell)

Statisticalsimulationis donein three steps. We rst
measure statisticalpro le whichis acollectionof impor
tant programbehaior characteristics.The statisticalpro-

le comprisesprogramcharacteristicsuchasthe instruc-
tion mix, the inter-instructiondependeng (throughregis-
ters and memory) distribution, the statisticalcontrol o w

graph(transition probabilitiesbetweenbasicblocks), per

branchmispredictionrates perload/storecachemissrates,
etc.

Subsequentlythis statisticalpro le is usedto generate
synthetictrace The synthetictraceis a linear sequencef
syntheticinstructions. Eachinstructionhasan instruction
type,a numberof sourceoperandsaninter-instructionde-
pendenyg for eachsourceoperandwhich denoteshe pro-
ducerfor the given sourceoperand)J-cachemissinfo, D-
cachemissinfo (in caseof aload),andbranchmissinfo (in
caseof a branch). The locality miss eventsarejust labels
in the synthetictracedescribingwhethertheloadis anL1
D-cachehit, L2 hit or L2 miss,andwhethertheloadgener
atesa TLB miss. Similarlabelsareassignedor thel-cache

andbranchmissevents.In the nal step,thissynthetidrace
is simulatedon a statisticalsimulatoryielding performance
metricssuchaslPC.

The importantbene t of statisticalsimulationis that a
synthetictraceis very short. As such,synthetictracescon-
tainingno morethana few million of instructionsaresuf-
cientfor obtainingcorverged performancesstimates.For
a more elaboratediscussionon statistical simulation for
uniprocessorsye referto [5, 8, 9, 11].

3 Statistical CMP simulation

Statisticalsimulationas describedin the previous sec-
tion cannotbeappliedin a straightforvardmanneto model
chip multiprocessorswith sharedresources. The reason
is that one of the characteristicsn a statisticalpro le is
the cachemissratefor a given cachehierarchy However,
co-executingmultiple programson a chip multiprocessor
with shared_2 and/orL3 cacheswill affectthe cachemiss
rate, the amountof off-chip bandwidthrequestsandthus
overall performance.And the level of interactionbetween
programss greatlyaffectedby the programsco-executing:
theinteractionmay be minimal for someco-executingpro-
grams;for others theamountof interactioncanbe substan-
tial. Moreover, thelevel of interactioncanbeaffectedby the
CMP cores'microarchitecture— theamountof interaction
canbeverydifferentfor onemicroarchitectureomparedo
another

We now discusshow to extendstatisticalsimulationfor
simulating multi-programworkloads running on a CMP.
Thisis donein threesteps:(i) cachesetandLRU stackpro-
ling, (ii) statisticalsimulationof sharedcachesand (iii)
modelingtime-varying programexecutionbehavior.

3.1 Cache set and LRU stack profiling

In orderto enablethe simulationof sharedL2 caches
in a CMP, we collecttwo novel programcharacteristicén
the statisticalpro le, namelythe cache setpro le andthe
persetLRU stadk depthpro le. (Throughoutthe paperwe
refer to the sharedcacheasthe L2 cache;extendingour
framawork to modelshared_3 cachess trivial.) For doing
this, we assume large L2 cachej.e., thelargestL2 cache
onemaybepotentiallyinterestedn duringdesignspaceex-
ploration. The cachesetandLRU stackdepthpro les for
smallerL2 cachesanthenbederivedfrom thepro le mea-
suredfor thelargestL2 cacheaswill bediscussedater In
our experimentaketup thelargestL2 cacheof interestis a
16-way set-associate 16MB L2 cache.

For every memoryreference— thisincludesinstruction
addresseaswell asdataaddresses— we determinghel.2
cachesetthatis to be accessedh the largestL2 cacheof
interest.In addition,we alsodetermingheLRU stackdepth



in the givenset. ThemaximumLRU stackdepthkepttrack
of duringpro ling is (a + 1) with a beingthe associatiity
of thelargestL2 cacheof interest.

The cachesetandpersetLRU stackdepthpro le canbe
usedto estimatecachemissratesfor cacheghataresmaller
thanthelargestL2 cacheof interest.All accesset® anLRU
stackdepthlargerthana will be cachemissesn ana-way
set-associate cache. Similarly, all accesse$o setss and
s+ S=2 for acachewith S setswill resultin accesse® set
s for acachewith S=2 sets.

The L2 cachesetand LRU stackdepthpro les arede-
pendenbnagivencacheine size.In practice thereis only
afew L2 cachdine sizesof interestwhich limits the num-
berof L2 cachesetandstackpro les thatneedto be com-
puted.

3.2 Statistical simulation of a shared L2 cache

When generatinga synthetictrace we probabilistically
generate cachesetandLRU stackdepthaccessetbr each
memoryreferencebasedon the measuredro les. Simu-
lating the synthetictraceon a CMP with a shared_2 cache
thenrequiresthat we effectively simulatethe L1 D-cache
andtheL2 cache.In statisticalsimulationfor a uniproces-
sorsystemonthe otherhand,cacheglo not needto be sim-
ulatedsincecachemissesaresimply agged assuchin the
synthetidrace;basednthesecachamiss ags, appropriate
latenciesareassignedStatisticalsimulationof a CMP with
a sharedcache,on the otherhand,requiresthatthe caches
aresimulatedn orderto modelsharedcachecon ict beha-
ior.

Eachcachéline in the shared_2 cachecontainsthe fol-
lowing information:

ThelID of the programthatmostrecentlyaccessethe
cachdine; we will referto this ID asthe programID.
This enableghe statisticalsimulatorto keeptrack of
theprogram’owning' thecachdline.

The setindex of the setin the largestL2 cacheof

interestthat correspondgo the given cacheline; we

will referto this setindex asthe stored setindex. In

casethe L2 cachebeingsimulatedhasasmary setsas
thelargestL2 cacheof interestthe storedsetindex is

the setindex of the simulatedcacheitself. The stored
setindex will enablethe statisticalsimulatorto model
cachdinescon icting for agivensetin casethe num-

berof setds reducedor thesimulatedcachecompared
to thelargestcacheof interest.

A valid bit statingwhetherthe cacheline is valid.

A cold bit statingwhetherthe cacheline hasbeenac-
cessedThecold bit will beusedfor driving the cache
warmupaswill bediscussedater.

In caseof awrite-backcachewe alsomaintaina dirty
bit statingwhetherthe cacheline hasbeenwritten by
astoreoperation.

And nally , we alsokeeptrackof which instructionin
the synthetictraceaccessethe given cacheline; this
is doneby storingthe positionof theinstructionin the
synthetictracewhichwe call theinstructionID.

Simulatingtheshared_2 cachethenproceedssfollows
assuminghatall memoryreferencesreannotatedvith set
informations and LRU stackdepthinformationd for the
largestcacheof interest.We rst determinethe sets®being
accesseth the simulatedcache. The cacheaccesss con-
sidereda cachehit in casethereare at leastd valid cache
linesin sets®for which (i) thestoredprogramiDs equalthe
ID of the programbeing simulated,and (ii) the storedset
indicesequals. In casethe abore conditionsdo not hold,
thecacheaccesss seemasa cachemiss. The mostrecently
accessedacheblockis putontop of the LRU stackfor the
givenset.

An appropriatavarmupapproachs requiredfor the L2
cache;without appropriatewarmup, the L2 cachewould
suffer from alargenumberof cold missesMaking the syn-
thetic tracelongercould solve this problem,however, this
would de nitely affect the usefulnes®f statisticalsimula-
tion which is to provide performancesstimatesfrom very
fastsimulationruns. As such,we take a differentapproach
andwarmupthe L2 cache.The warmuptechniquethatwe
use rst initializes all cachelines asbeingcold by setting
the cold bit in all cachelines. The warmupapproachthen
appliesa hit-on-cold stratayy, i.e., uponthe rst accesdo
a given cacheline we assumat is a hit andthe cold bit is
setto zero. Thit hit-on-coldwarmupstratey is simpleto
implement,andis fairly accurate.

During this work, we alsofound thatit is importantto
modelL1 D-cachewrite-backsduringsynthetictracesimu-
lation becausevrite-backscanhave a signi cant impacton
the con ict behaior in the shared.2 cache.This is done
by simulatingthe L1 D-cachesimilar to whatis described
above for the L2 cache. We assumethatan L1 D-cache
write-backis an L2 cachemissin caseall instructionIDs
in the givenL2 setarelargerthantheinstructionID of the
cachdine writtenbackfrom L1 into L2; if not,it isassumed
ahit.

3.3 Modeling time-varying behavior

A critical issueto the accuray of statisticalsimulation
for modelingCMP performances that the synthetictrace
hasto capturethe original programs time-varying phase
behaior. Thereasoris thatoverall performances affected
by the phasebehaior of the co-executingprograms: the
relative progressof a programis affected by the con ict



behaior in the sharedresourceg17]. For example,extra
cachemissesinducedby cachesharingmay slow down a
programs execution. This one programrunningrelatively
slower mayresultin differentprogramphasego-executing
with the otherprogram(s)which, in turn, mayresultin dif-
ferentsharingbehavior, andthusfasteror slower relative
progress.

To modelthetime-varyingbehaior we divide the entire
programtraceinto a numberof instructionintervals; anin-
structioninterval is a sequencef consecutie instructions
in the dynamicinstructionstream.We thencollecta statis-
tical pro le perinstructioninterval andgenerate synthetic
mini-trace. Coalescinghesemini-tracesyields the overall
synthetictrace. The synthetictracethencaptureghe origi-
naltracestime-varyingbehaior.

4 Experimental setup

We usethe SPECCPU2000benchmarkswith the ref-
erenceinputsin our experimentalsetup. The Alpha bina-
riesof the CPU2000benchmarksveretakenfrom the Sim-
pleScalamwebsite.We consideredlOOM single (andearly)
simulationpointsasdeterminedy SimPoint[13, 14] in all
of our experiments. The synthetictracesare 4M instruc-
tionslong, unlessmentionedtherwise— we provideamo-
tivation for thisin Section5.3. For measuringhe statisti-
cal pro les capturingtime-varyingbehaior, we measurea
statisticalpro le per 10M-instructioninterval. Fromthese
tenstatisticalpro les, wethengeneratd 0400K-instruction
mini-traceghataresubsequentlgoalescedo form the4M-
instructionsynthetictraces.

We usethe M5 simulator[2] in all of our experiments.
Ourbaselinecoremicroarchitecturés a4-wide superscalar
out-of-ordercore with 64KB private L1 I- and D-caches
with a 2-cycle accesdateng. When simulatinga CMP,
we assumehatall coressharethe L2 cacheaswell asthe
off-chip bandwidthfor accessingnain memory;the base-
line L2 cacheis an 8-way set-associate 4MB cachewith
a 12-gycle accesdateng; main memoryhasan accesda-
teng/ of 150 cycles. We modelwrite buffersand MSHRs
in our cachehierarchy Simulationstopsassoonasoneof
the co-executingprogramsterminatesj.e., assoonasone
of the programshasexecuted100M instructionsin caseof
detailedsimulation,or 4M instructionsin caseof statistical
simulation.

5 Evaluation

We now evaluatethe statisticalsimulationmethodology
proposedn this paperalongthreedimensions{(i) accurayg
bothin termsof a singledesignpoint asin termsof explor-
ing a designspace (i) simulationspeed,and (iii) storage
requirementgor storingthe statisticalpro les ondisk.
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Figure 1. Evaluating the accuracy of statisti-
cal simulation for single-pr ogram and homo-
geneous multi-pr ogram workloads.

5.1 Accuracy

Homogeneousworkloads. The top graphin Figure 1

evaluateghe accuray of statisticalsimulationfor a single
programrunningon a single-coreprocessar The average
IPC predictionerror is 1.6%; this is in line with our prior

work [8]. The otherthreegraphsin Figure 1 evaluatethe
accurag whenrunninghomogeneousulti-programwork-

loadson a multi-corewith ashared_2 cachej.e., multiple

copiesof the sameprogramare executedsimultaneously
The averageprediction error for the two-core, four-core
andeight-coremachinesare3.1%,4.5%and4.6%,respec-
tively. Statisticalsimulationis capableof accuratelytrack-
ing the impactof the sharedL2 cacheand off-chip band-
width on overall applicationperformance:for somepro-

grams,resourcesharinghasalmostno impact, seefor ex-

amplemesa; for otherprogramsontheotherhand,sharing
hasalargeimpact,seefor exampleart, mgrid andswim.
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Figure 2. Evaluating the accuracy of sta-
tistical simulation for heterogeneous two-
program workloads: detailed simulation (DS)
vs. statistical simulation (SS).
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the accuracy of sta-
simulation for heterogeneous four-
program workloads: detailed simulation (DS)
vs. statistical simulation (SS).

Heterogeneousvorkloads. Figures2 and3 evaluatethe
accurag of statisticalsimulationfor randomlychosenrhet-
erogeneous$wo-programand four-programworkloads,re-
spectvely. These gures show that statisticalsimulation
not only accuratelypredictsoverall systemIPC through-
putfor heterogeneousorkloads,t alsoaccuratelypredicts
perprogramlPC values.For example for the two-program
workloads the averagethroughputpredictionerroris 2.4%
andthe averageperprogramlPC predictionerroris 3.4%.

Modeling time-varying behavior. As mentionedn Sec-
tion 3.3, it is importantto modela programs time-varying
behaior in the synthetictrace when studying sharedre-
sourcesn CMPsthroughstatisticalsimulation. This is ex-
perimentallyevaluatedn Figure4 which shavstheaverage
IPC predictionerrorfor heterogeneousvo-progranmwork-
loads(i) withouttime-varyingbehaior modelingversugii)
with time-varyingbehaior modelingi.e.,by generatingand
coalescingnini-traces Modelingtime-varyingbehaior re-
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Figure 4. Evaluating the impor tance of mod-
eling time-v arying behavior.

ducesthe IPC predictionerrorfrom 8.9%to 3.4%o0n aver
age.

5.2 Design space exploration

We now demonstratéhe accurayg of statisticalsimula-
tion for driving designspaceexploration, which is the ul-
timate goal of the statisticalsimulationmethodology To
do so, we considera designspacewith varyingL2 cache
con gurationsanda varyingnumberof cores.We vary the
L2 cachesizefrom 1MB to 16MB with varyingassociati-
ity from 2- to 16-way set-associate; the cacheline sizeis
keptconstantt 64 bytes.And we vary the numberof cores
from 1, 2, 4 up to 8. This designspaceconsistingof 56
designpointsis smallcomparedo arealisticdesignspace,
however, thereasoris thatwe arevalidatingtheaccuray of
statisticalsimulationagainsidetailedsimulationfor eachof
the designpoints. The detailedsimulationfor all those56
designpointswasvery muchtime-consumingwhich is the
motivationfor statisticalsimulationin the rst place.

Figure5 shaws a scatterplot with systemlPC through-
put through detailed simulation on the vertical axis ver
sussystemPC throughputhroughstatisticalsimulationon
the horizontalaxis. The two graphsin Figure5 shav two
differentheterogeneousight-programmixes; one mix of
L2-intensive benchmarkgon the left), andonemix of L2-
intensize and non L2-intensive benchmarkgon the right).
ThelPCthroughputestimateshroughstatisticalsimulation
shaw a closeto perfectcorrelationwith the IPC throughput
numbersobtainedfrom detailedsimulation. The average
IPC predictionerror over the entire designspaceis 5.5%.
We obsened very similar trendsfor othertwo-, four- and
eight-progranmixes.

Cachedesignspaceexploration. Figure®6 illustratesthe
accurag of statisticalsimulationfor estimatingthe global
shared.2 cachemissrate,i.e.,thenumberof L2 missedi-

vided by the numberof L1 accessesWe considera shared
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L2 cachedesignspaceconsistingof 15 designpoints by
varying the L2 cachesize from 1MB up to 16MB with
varying associatiity and numberof sets. We shav two
eight-programworkloadshere,but obtainedsimilar results
for otherworkloadmixes. Again, the overall conclusionis
thatstatisticalsimulationaccuratelytracksperformancelif-
ferencesacrosscachecon gurationsandacrossa different
numberof cores.Notethattheseresultswereobtainedrom
a single statisticalpro le, namelya statisticalpro le for
thelargestcacheof interesta 16 MB 16-way set-associate
cache.ln otherwords,asinglestatisticalpro le is sufcient
to drive a cachedesignspaceexploration.

Off-chip bandwidth experiments. Figure 7 shavs sys-
tem throughputwhile varying the off-chip bandwidthfor
two workloadsthat are sensitve to off-chip bandwidth,
namelyapplu andlucas. The off-chip bandwidthdesign
spaceis exploredby varying the width (8-bytevs 16-byte)
andfrequeng (333MHz,666MHz,999MHzand1.3GHz).
Again,we obsene thatstatisticalsimulationtracksdetailed
simulationvery accurately

5.3 Simulation speed

Having shavn the accurag of statisticalsimulationfor
CMP designspacexploration,we now evaluateits simula-
tion speedFigure8 shavsthe averagePC predictionerror
as a function of the synthetictracelength. For a single-
programworkload, the prediction error staysalmost at,
i.e.,increasinghesizeof thesynthetictracebeyond 1M in-
structionsdoesnotincreasepredictionaccurag. For multi-
programworkloadson the otherhand,the predictionaccu-
rag is sensitve to the synthetictracelength. The reason
is thatthe sharedcacherequiresmorewarmupto establish
the con ict behaior in sharedresourcedbetweenmultiple
co-executingprograms.However, oncethe synthetictrace

containsmorethan4M instructionsthe predictionerrorre-
mainsalmost at. This obsenation motivatedus to report
all of ournumberausing4M instructionsynthetictraces.
Recallthatin theseexperimentave wentfrom 100Min-

structionreal programtracesto 4M instruction synthetic
traces. This is a 25X decreasén the dynamicinstruction
count. In our statisticalsimulator this resultsin a 40X to
70X speedupn simulationtime. The reasonwhy the sim-
ulation time reductionis larger thanthe dynamicinstruc-
tion countreductionis thatthe statisticalsimulatordoesnot
have to modelall the functionality a detailedsimulatorhas
to do; for example,the statisticalsimulatordoesnot model
thebranchpredictor thel-cache etc.

5.4 Storage requirements

As a nal note,the storagerequirementaremodestfor
statisticalsimulation. The statistical pro les when com-
pressean disk are24MB on averageperbenchmark.

6 Relatedwork

Statisticalsimulationhasgrown in interestover the re-
centyearsandhasevolvedfrom fairly simplemodels[3, 6]
to moreandmore detailedmodels[5, 8, 9, 11]. Themost
accuratenodelto date[8] reportsanaveragdPC prediction
errorof 2.3%for awide superscalaout-of-ordemrocessor
comparedo detailedsimulation. Thosemodelsarelimited
to single-coregprocessomodelingthough.

NussbaunandSmith[10] extendedheuniprocessosta-
tistical simulationmethodto enablethe modelingof mul-
tithreadedprogramsrunning on shared-memorynultipro-
cessonSMP) systems.To do so, they extendedstatistical
simulationto modelsynchronizatiorandaccesse® shared
memory Cachebehaior is modeledbasedon cachemiss
ratesthough; in other words, they do not model shared
caches.

Chandraetal. [4] proposegperformancenodelsto predict
theimpactof cachesharingon co-schedulegrogramsThe
output provided by the performancemodelis an estimate
of the numberof extra cachemissesfor eachthreaddue
to cachesharing. Theseperformanceanodelsarelimited to
predictingcachesharingeffects,anddo not predictoverall
performance.

Sampledsimulation is a popular approachto speed
up simulation. Van Biesbroucket al. [15, 16, 17] pro-
posethe co-phasenatrix for guidingsampledsimultaneous
multithreading(SMT) processosimulationrunning multi-
programworkloads.EkmanandStenstém[7] andWenisch
et al. [18] userandomsamplingand systematicsampling,
respectiely, to speedup multiprocessosimulation.Barr et
al. [1] proposethe Memory TimestampRecord(MTR) to
storemicroarchitecturestate(cacheand directory state)at



the beginning of eachsampleas a checkpoint. The main
adwantageof statisticalsimulationover sampledsimulation
is that it requireseven fewer instructionsto simulate; as
demonstratedh this paper we reducethe simulationtime
by more than a factor 40X to 70X comparedto sampled
simulationusing100M instructionsamples.

7 Conclusion

Simulating chip multiprocessorsis extremely time-
consuming. This is especiallya concernin the earliest
stagef the designcycle wherea large numberof design
points needto be explored quickly. This paperproposed
statisticalsimulationasa fastsimulationtechniquefor chip
multiprocessorsunningmulti-programworkloads.In order
to do so,we extendedthe statisticalsimulationparadigm(i)
to collectcachesetaccesandpersetLRU stackdepthpro-
les, and(ii) to modeltime-varyingprogrambehaior in the
synthetictraces.Thesetwo enhancementsnablethe accu-
ratemodelingof thecon ict behaior obseredin sharede-
sourcesuchassharedcachesandoff-chip bandwidth.Our
experimentalesultsshavedthatstatisticalsimulationis ac-
curatewith averagelPC predictionerrorsof lessthan5.5%
over a broadrangeof CMP designpoints,while being40Xx
to 70X times fasterthan detailedsimulationof 100M in-
structiontraces. This makesstatisticalsimulationa viable
fastsimulationapproacho CMP designspacesxploration.

Acknowledgements

The authorswould lik e to thankthe anorymousreview-
ersfor their valuablefeedback.We arealsogratefulto Jos
Delbarwho did somepreliminary experimentsor this pa-
per. LievenEeckhouis apostdoctorafellow with the Fund
for Scienti ¢ Research—Flande(8elgium) (FWO Vlaan-
deren).Thiswork is alsopartially fundedby GhentUniver
sity/BOF undercontractNo. 01J14407 the HIPEAC Net-
work of Excellenceand the EuropeanSARC project No.
27648.

References

[1] K. C.Barr, H. Pan,M. Zhang,andK. Asanwic. Acceler
ating multiprocessosimulationwith a memorytimestamp

record.In ISPASS, pages66—77,Mar. 2005.
[2] N.L.Binkert,R. G. Dreslinski,L. R. Hsu,K. T. Lim, A. G.

Saidi, and S. K. Reinhardt. The M5 simulator: Modeling
networked systemsIEEE Micro, 26(4):52—602006.

[3] R.CarlandJ.E.Smith.Modelingsuperscalaprocessorsia
statisticalsimulation.In PAID, held with ISCA, Junel998.

[4] D.ChandraF. Guo,S.Kim, andY. Solihin. Predictinginter-
threadcachecontentionon a chip-multiprocessoarchitec-

ture.In HPCA, pages340-351Feh 2005.
[5] L.EeckhoutR.H.Bell Jr, B. Stougie K. DeBosschereand

L. K. John. Control o w modelingin statisticalsimulation
for accurateandef cient processodesignstudies.In ISCA,
pages350-361,June2004.

[6] L. Eeckhoutand K. De Bosschere. Hybrid analytical-
statisticaimodelingfor ef ciently exploringarchitectureand
workloaddesignspacesin PACT, pages25-34,Sept.2001.

[7] M. EkmanandP. Stenstom. Enhancingmultiprocessoar

chitecturesimulationspeedusingmatched-paicomparison.

In ISPASS, pages89—-99,Mar. 2005.

D. Genbruggeand L. Eeckhout. Memory data o w mod-

elingin statisticalsimulationfor the ef cient explorationof

microprocessodesignspacesIEEE Transactions on Com-
puters, 2007. Acceptedfor publication.

[9] S.NussbaunandJ.E. Smith. Modelingsuperscalaproces-
sorsvia statisticalsimulation. In PACT, pagesl5-24,Sept.
2001.

[10] S.NussbaunandJ.E. Smith. Statisticalsimulationof sym-
metricmultiprocessosystemsln ANSS, pages39-97,Apr.
2002.

[11] M. Oskin,F. T. Chong,andM. Farrens. HLS: Combining
statisticalandsymbolicsimulationto guidemicroprocessor
design.In ISCA, pages7’1-82,June2000.

[12] D.A. PenryD. Fay, D. HodgdonR. Wells,G. Schelle D. I.
August,andD. Connors. Exploiting parallelismandstruc-
tureto acceleratéhe simulationof chip multi-processorsin
HPCA, page27-38,Feh 2006.

[13] E. Perelman,G. Hamerly and B. Calder Picking statis-
tically valid and early simulationpoints. In PACT, pages
244-256 Sept.2003.

[14] T. Sherwod,E. PerelmanG. Hamerly andB. Calder Au-
tomaticallycharacterizindarge scaleprogrambehaior. In
ASPLOS, pagest5-57,0ct. 2002.

[15] M. VanBiesbrouckL. EeckhoutandB. Calder Consider
ing all startingpointsfor simultaneousnultithreadingsimu-
lation. In ISPASS, pagesl43—-153Mar. 2006.

[16] M. VanBiesbrouckL. EeckhoutandB. Calder Represen-
tative multiprogramworkloadsfor multithreadedprocessor
simulation.In 7ISWC, Oct.2007.

[17] M. VanBiesbrouck;T. Sherwood,andB. Calder A co-phase
matrix to guide simultaneousnultithreadingsimulation. In
ISPASS, pagest5-56,Mar. 2004.

[18] T.F WenischR. E. Wunderlich,M. FerdmanA. Ailamaki,
B. Falsa, andJ. C. Hoe. SimFlex: Statisticalsamplingof
computesystensimulation.IEEE Micro, 26(4):18-31July
2006.

8

—_—



