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Abstract— This paper proposesto speedupsampled micropro-
cessorsimulations by reducingwarmup times without sacri cing
simulation accuracy It exploiting the obsewation that of the
memory referencesthat precedea samplecluster, referencesthat
occur nearestto the cluster are more likely to be germaneto the
execution of the clusteritself. Hence,while modeling all cacheand
branch predictor interactions that precedea samplecluster would
reliably establish their state, this is overkill and leads to long-
running simulations. Instead, accurately establishing simulated
cacheand branch predictor state can be accomplished quickly
by only modeling a subsetof the memory referencesand control-
o w instructions immediately precedinga sample cluster.

Our technique measures memory reference reuse latencies
(MRRLs)—the number of completed instructions between con-
secutie referencesto each uniqgue memory location—and uses
thesedata to choosea point prior to eachcluster to engagecache
hierarchy and branch predictor modeling. By starting cacheand
branch predictor modeling late in the pre-cluster instruction
stream, we were able to reduceoverall simulation running times
by an average of 90.62% of the maximum potential speedup
(accomplishedby performing no pre-clusterwarmup at all), while
generatingan averageerror in IPC of lessthan 1%, both relative
to the IPC generatedby warming up all pre-cluster cacheand
branch predictor interactions.

l. Intr oduction
This paper explores a techniquefor acceleratingsampled
microarchitectursimulationsby reducingtheamountof cache
and branch predictor warmup prior to each sample cluster
wherecycle-accuratsimulationdataaregatheredBy warmup
we referto thepracticeof modelingcacheandbranchpredictor
interactionsfor a speci ed interval prior to actualdatagath-
ering,in an effort to establishthe simulatedcacheandbranch
predictorstatepreciselyasthey would have appearedadthe
entire simulationbeenconductedn cycle-accurataletail.
Unfortunately highly detailed software simulation of a
microprocessoris prohibitively slow. Even on the fastest
hardware, slovdowns of several ordersof magnitude(relative
to native execution)are common.For example,KleinOsowvski
et al. [9] shav that cycle-accuratamodeling of mary SPEC
CPU2000 [11] benchmarkson referenceinputs can take
mary weeks.Still, software simulationis fundamentalo all
computer architectureresearch.To make simulation-drven
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researchractable mary studiesemploy sampling takingmea-
surement®f a small, representatie subsetof the instructions
that are executedover the lifetime of the benchmark.Since
it is preciselythe software simulation of the cycle-by-g/cle
progressiorof individualiinstructionsthroughthe pipelinethat
produceghe overwhelmingslowvdowns,in sampledsimulation
only the subsetof instructionswhich constitutethe sample
are modeledin cycle-accuratedetail. Fortunately measuring
theinstructionthroughput(i.e., instructionsper cycle, IPC) of
only a subsetof the instructionscan—for a properly chosen
subset—yieldnformationaboutthe instructionthroughputof
a benchmarls entire end-to-endexecution. Conte et al. [3],
andSherwoodetal. [15], [16] proposestratgiesfor choosing
representatie sampleghatyield very goodapproximationgo
true end-to-endPC; both will be discussedn the Sectionll.

To presere the integrity of sampledmeasurementsthe
simulatedprocessostatemustbe accuratelyestablishegrior
to thecycle-accuratsimulationof eachcluster In otherwords,
accuray is predicatedupon successfullydefeatingthe so-
called cold-start bias; becausecache and branch predictor
performanceare critical to microprocessomerformance,if
the state of the cache(at all levels of the hierarchy)and
branchpredictordo not appearat leastapproximatelyasthey
would have hadthe entiresimulationbeenperformedn cycle-
accuratedetail at the leadingedgeof a cluster the simulation
resultsmay be inaccurate.

One straight-forward techniqueto guaranteethe accurag
of pre-clustercacheandbranchpredictorstateis to modelthe
interactionof eachmemoryreference—instructionsnddata—
with the cachehierarchyand every control- ow instruction
with the branchpredictorwhile the simulatoris executingpre-
clusterinstructions.(All cacheand branchpredictorinterac-
tions are alreadymodeledwithin the cycle-accurateclusters.)
In this way, the cacheandbranchpredictorwill alwayscontain
exactly the samestateasif cycle-accuratsimulationhadbeen
employed throughoutthe simulation. Thoughits accurag is
unimpeachablén termsof cacheand branchpredictor state,
this fullwarmupmethodis heary-handedWhile not asexpen-
sive (in termsof running time) as cycle-accuratesimulation,
modeling all cacheand branch predictor interactionsis still
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costly.

One methodfor further acceleratingsampledsimulations
is to avoid fullwarmup by only modeling thoseinteractions
that occur within a given numberof instructionsprior to the
cluster[3], [5], [8], [12]. Ourtechniquemakesthe determina-
tion of whento engagecacheand branchpredictorwarmup
by exploiting memoryrefeeencereuselatencies(MRRL)—a
measuremerdf thenumberof instructionsghatelapsebetween
successie referenceso the sameaddressWe have developed
softwarethat facilitatesMRRL measurementand determines
the pre-samplavarmupinterval independentiyfor the instruc-
tion stream,datastream,and control- ow instructionstream.

The rest of this paperis organizedas follows. We discuss
related work in Section Il. Section lll explains Memory
Referencdreused.atengy, its measuremergndits signi cance.
SectionlV appliesMRRL to sampledsimulation.We explain
our experimental methodologyin Section V, presentour
resultsin SectionVI and nally concludein SectionVII.

[l. Related Work

Severalstudiessxaminewaysto reduceoverall simulationrun-
ning timesby executingonly a small subsef the benchmark
in cycle-accuratedetail. Skadronet al. [17] identify short,
representatie simulationwindows of 50 million instructions
for the SPECInt95benchmarksThe key insight which guides
their approachs to excludethe benchmarksunrepresentate
start-upbehaior (e.g., datastructuresetupandinitialization).

Conteet al. [3] take a differentapproachandinsteadsimu-
late multiple randomly-chosenx ed-sizectlustersof contigu-
ousinstructiongrom the completedynamicinstructionstream.
By choosingclustersrandomly (i.e., suchthatall partsof the
dynamic instruction streamhave equal probability of being
selected) randomcluster samplingis amenableo statistical
analysisandallows the determinatiorof a con denceinterval
within which the true IPC resides.Their work demonstrates
the applicability of randomclustersamplingto microprocessor
simulation and focuseson the problem of warming up the
branchpredictionstructureqassuminga perfectcache).They
furthermore shov that using stale predictor state from the
previous clusterplus a shortwarmupinterval of at least7,000
instructiong[10] prior to eachclusteris sufcient to minimize
cold-startbias and achieve very small errorsof a few percent
in the meanobsened IPC. In the experimentsconductedfor
this researchwe use random cluster sampling, pre xing a
warmupinterval determinedoy MRRL beforeeachclusterand
preservingstale cacheand branchpredictorstate.

Sherwod et al. [15] propose Basic Blodk Distribution
Analysis(BBDA). Their techniquepro les the executionfre-
gueny of a benchmarks basic blocks in order to isolate a
contiguoussubsetof the dynamic instruction streamwhose
execution characteristicsclosely mimic the complete, end-
to-end execution of the benchmark.BBDA's key insight is
that periodicbasicblock executionfrequeng behaior re ects
the periodicity of various architecturalmetrics suchas IPC,
cache miss rate, and branch predictor accurag in cycle-
accuratesimulation. In [16], Sherwood et al. build upon

the BBDA conceptto createa techniquethat automatically
isolatesmultiple contiguoussubset®f the dynamicinstruction
streamsince some benchmarks'behaior is too comple to

be characterizedy a single instructionstreamslice. In both

casegheir aim is to reducesimulationrunningtimes by only

executingin cycle-accurateletail, a small representatie slice
of the dynamicinstructionstream.

Other heuristicsfor reducingcold-startbias are studiedby
Kessleret al. [8]. They considerusing half of a samples
referencegor warmuppurposestrackingonly entriesthatare
known to containgoodstate;regycling stalestate;and ushing
statebut estimatinghow much error this introduces.

The warmup accelerationmethodsproposedby [3], [8],
however, may compromisethe accuray of the pre-sample
stateinitialization if usedto warmup cachestate.Nguyenet
al. [12] on the other hand,approachthe problemof warmup
analytically as a part of the trace-driven PARSIM parallel
microprocessosimulationsystem.Their formula calculatesa
function of the cacheblock width, associatiity, the average
populationdensityof memoryreferencesvithin theinstruction
streamandthe averagesteady-stateachemissratio. This so-
lution is a substantiaimprovementover previous techniques;
by approachingthe problem analytically their techniqueis
ableto achieve rapid warmupwithout compromisingaccurag.

Haskinsand Skadron[5] proposea warmup acceleration
techniquecalledMinimal SubsetEvaluation(MSE). The MSE
techniqueusesformulasderivedfrom combinatoricsandprob-
ability theoryto calculatefor someuserchosenprobability p,
the numberof memory referencesrior to each cluster that
must be modeledin order to achieve accuratecache state;
thus with probability p, cachestatewill appearexactly as it
would had fullwarmup beenused.As with PARSIM, MSE's
mathematicalunderpinningsimprove upon prior efforts by
maintaining accuray while reducingwarmup times. Unlike
PARSIM, MSE requiresneither a priori knowledge of the
steady-stat&achemiss ratio nor an instruction trace of the
benchmarko bemodeledfrom whichto derive the proportion
of the instruction streampopulatedby memory references).
Thework in [5], however, only treatswarmupacceleratiorof
pre-clustermemory referenceinteractionswith the rst-le vel
data-andinstruction-cacheit is not obviousthatMSE extends
to (sometimesuni ed) secondarycachesor branchpredictors.

Karlssonet al, [6] develop an analytical model for char
acterizingworking-setsize as a function of databasesize in
decision-supporsystems(DSSs).They perform an insightful
investigationof temporallocality in DSSs and constructa
modelfor identifying potentially reusablequery components.
Phalle and Gopinath[13] modelinterreferencegaps(which
are equialent to memory referencereuse latencies)as k-
th order Markov chains.By modeling peraddresstemporal
locality in this way, they were able to develop improved
algorithmsfor pagereplacementdynamic memory manage-
mentand tracecompressionThiébaut[19] drawvs an analogy
betweenmemory accesspatternsand fractal random walks
on the one-dimensionalattice (where the countablyin nite
lattice is mimicked by a large memoryaddressspace).From
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Pre-clusterclusterpair as the discreteintenal [1, L] partitionedinto n mutually-eclusive buckets to form the dinsn histogram;herew y +— %

buckets, thereforewarmupbegins wyy instructionsprior to instructions which bordersthe cluster

this framawork, Thiébautdescribesa methodfor accurately
predicting the miss ratio of fully associatie caches.While

theseworks do not treat warmup in execution-drven simu-

lation, they wereinstructive in their analyticalassessmeruf

temporallocality in memoryreferencestreams.

Woodetal. [21] establisithe conceptof cache genemtions
Each cachegenerationbegins immediately after a new line
is broughtinto the cacheand endswhen the line is evicted
andreplaced.Their notion of cachegenerationgstablishes
framawork for analytically estimatingthe unknownor cold-
start referencemiss ratio, . They further establishthat
is substantiallyhigher than the miss ratio of referencesho-
sen at random. Armed with reliable i—estimatedunknovn
referencemiss ratio—they were able to accuratelyestimate
cachemiss ratios in sampledtrace-drven simulations. This
researchhowever, does not addressthe issue of accurately
establishingsimulated cache hierarchy or branch predictor
statefor execution-drien simulations.

In their CacheDecayresearchKaxiras et al. [7] propose
a techniqueof cutting power to (heuristicallypresumediead
cachelines, therebyreducingleakagepower. For the SPEC
CPU2000benchmarkstheir measurementshav that for a
32KB L1 data-cachea cacheline's deadtime canrangefrom
45%to asmuchas 99% of the total time sincebeingloaded.
Their work shaws that most cachelines' active lifetime is
signi cantly longerthantheir usefullifetime, which con rms
our hypothesisthat referencesoccurring mary instructions
beforea clusterare unlikely to have ary relevancewithin the
clusterand canthereforebe safely omitted from warmup.

As in prior research,we achieve efcient execution by
breakingthe simulationinto three separategphasesThe rst,
aggressie fast-forward phasecan be consideredthe “cold”
phasethis is followedby the “warm” phasewherecacheand
branchpredictorinteractionsare modeled;and concludedby
the“hot” phasewherecycle-accuratsimulationof the proces-
sor pipelinetakesplace.The hot phasecontainssamplecluster
instructionsand precedingcold and warm phasesontainthe
pre-clusterinstructions. Hence, for each pre-clustercluster
pair, the aim of our researchs to presere simulationaccurag

aswe increasethe durationof the cold phasewhile reducing
the durationof the warm phase alwaysleaving the hot phase
unchanged Ad-hoc warmup methodsthat guessa warmup
amount (e.g., X% of all pre-clusterinstructions) may still
yield inaccurateesults(if warmingup only X % of pre-cluster
instructionsis too few) or fall shortof the potentialspeeduif
warming up fewer than X % of pre-clusterinstructionswould
have still yielded accurateresults).By measuringthe reuse
lateng of individual memoryaddressesye wereableto forge
an alternatve warmup accelerationtechniquethat preseres
accurag by determiningwhich referencesare likely to be
germaneto eachcycle-accuratecluster

lll. Memory Reference ReuselLatency
Memoryreferencereuselatency(MRRL) refersto the elapsed
time betweena referenceto some memory addressM[ A]
and the next referenceto M[A]. For our purposes“time”
is measuredin the number of completedinstructions. To
facilitatea rigorousdiscussiorof MRRL, we mustestablisha
relationshipbetweerthe L instructionsin a singlepre-cluster
clusterpair andthe elementf the discreteinterval [1, L]; let
instruction — i, for ¢ € {1,2, ..., L}, aspicturedin Figure1.
Imaginefurther, that[1, L] is partitionedinto n <« L mutually-
exclusive bucketswhoseunionis exactly [1, L].

We measuredVIRRLs for eachbenchmarkusing custom-
made MRRL pro ling software. As the pro ler simulates
eachpre-clusterclusterpair, the pro ling software maintains
several associatie arrays of memory referenceaddresses,
M[ A]—onefor theinstructionstream onefor the datastream,
and one for the streamof branchinstructions.Each element
of the array is logically timestampedwith the number of
instructionsexecutedas of the currently simulating memory
or branchinstruction;if a previously-encountere@ddressis
re-accessedhe differenceof the previous timestampandthe
currentnumberof executedinstructionsis temporarily stored
asdinsn. Thesedinsn areusedto concurrentlybuild a reuse
lateng histogramby incrementinghe countof the bucket that
containsdinsn. Whena pre-clusterclustersectionconcludes,
the pro ler outputsits dinsn histogram.These histograms
containthe completememoryreferencereuselateng pro le



for eachpre-clusterclusterpair.

A pre-clusterclusterhistogramcountsthe numberof ref-
erenceswhose reuse latenciesfall within n disjoint length
intervals. Formally, eachhistogramgives the count of refer
encesfor which the numberof elapsedinstructionsbetween
successie accesse® the sameaddresdies within theinterval
subsetbucket;, wherej € {1,2,...,n} for all n buckets.Not
surprisingly the histogramsnvariablytell the samestorywhen
plotted: A far greaternumber of referencesare revisited a
small number of instructionsafter their most recentaccess
(i.e., the histogrambucket with the largest population was
always bucket; ). Thus,the more instructionsthat elapseafter
anaccesso M[ 4], thelesslikely M[ A] is to beaccessedgain
during the currentpre-clusterclusterpair. This is exactly as
we had expected,in light of conceptspioneeredin [21] and
subsequenivork in [7].

From the histogramswe can calculate the reuse dis-
tance correspondingto ary desired percentile N, i.e., the
bucket; for which atleastN% of referencesare containedin

7—1bucket,. Let wy — bucket; meanthatthe jth bucket
of the[1, L] interval is upperboundedat L — w instructions
into the pre-clusterclusterpair (i.e., bucket;: [a, L — wn] C
[1, L]). In otherwords,of all thereferencesn the currentpre-
clusterclusterpair, N% have reuselatenciesof lessthanwy
instructions.

By engagingwarmupw,y instructionsprior to the current
pre-clusterclusterboundaryfor large enought N, we know
that the overwhelmingmajority of addresseshat will be ac-
cessedluring the simulationclusterwill have beeninitialized.
We arguethatif N% of referencesequireonly wy instruc-
tions betweenrsuccessie accesseshenit is pointlessto model
the few ((100 — N)%) pre-clustercacheand branchpredictor
interactionsthat occur more than wy instructionsbefore the
cluster since thesereferenceswill probably not be relevant
to the clusters precisionand require disproportionateljlong
to warmup. This strateyy of delaying pre-clustercacheand
branchpredictormodelingwill be explainedin moredetailin
the next section.

I\V. Accelerating Warmup

The stepsof the MRRL warmup accelerationtechniqueare
enumeratedelow:

1) First, the userselectsthe locationsof the cycle-accurate
clusterswithin the benchmarkpy corollary non-cluster
regions are selected simultaneously Each cluster is

paired with its own precedingnon-cluster(i.e., pre-

cluste region.

The user next pro les the benchmarkto characterize,
for eachpre-clusterclusterpair, the reuselatenciesof

all referenceshatoccur As this pro le datais valid for

ary cacheand branchpredictorcon guration, this is a

one-timecostfor eachbenchmarksample.

Simulations can then be run in an aggressie fast-

forward mode, updatingonly architectedstate. At wxy

2)

3)

1A discussiorof “large enough” N appearsn SectionVI.

Pipeline
IssueWidth 8 instructions/gcle
DecodeWidth 8 instructions/gcle
Register UpdateUnit 128 entries
Load-StoreQueue 32 entries
Commit Width 8 instructions/gcle
CacheHierarchy
L1 Data 16KB; 4-way assoc.32B lines, 2-gycle hit
L1 Instruction 8KB; 2-way assoc.32B lines, 2-gycle hit
L2 Unied 1MB; 4-way assoc.64B lines, 20-g/cle hit
Memory AccessLateny 151 cycles
CombinedBranchPredictor
Bimodal 8192 entries
PAg 8192 entries
ReturnAddressStack 64 entries
BranchTamet Buffer 2048 entries;4-way assoc.
MispredictLateny 14 cycles

TABLE |
CONFIGURATION OF SIMULATED CACHE AND BRANCH PREDICTOR.

instructions prior to the cluster the simulator shifts
into warmup mode where cachehierarchyand branch
predictorinteractionsare modeled.Once the clusteris
reachedthe cache(s)and branchpredictorwill contain
accuratestate, and cycle-accurate,simulation begins.
This last steprepeatdfor eachpre-clusterclusterpair.

Contrastthis approachto the more conserative technique
of modelingall pre-clustercacheand branchpredictorinter-

actions,i.e., fullwarmup Obviously, modelingall pre-cluster
cacheand branchpredictorinteractionswill maintainperfect
statethroughoutall levels of the cachehierarchyandin the
branch predictor renderingthe simulation data impervious
to inaccuracieghat arise from cold-startbias; only sampling
error remains.Reciprocally stale-stateor nowarmup—asthe
latter name implies—doesnot model ary pre-clustercache
or branch predictor interactions,but merely regycles state
as it appearedat the conclusionof the previous cluster By

not modeling cacheand branchpredictor stateprior to each
cluster nowarmupis very susceptibléo cold-startbias,aswill

be shawvn in the next Section.In our discussionof MRRL's
accurag, we refer not only to whetherthe true end-to-end
cycle-accuratéPC is containedwithin a statisticalcon dence
interval, but also to the deviation betweenthe IPC yielded
by MRRL-driven warmup, and—for the same sample—by
fullwarmup We measurethis deviation by calculating the
relative error thus: 100% - IPCM}*};%;T@"”””"‘"P. In our
discussionof MRRL's speedupcapa"biﬁtaﬁmv"v}é refer to the
amountof potentialspeedupover fullwarmupwhich (asshall
beshawvn in thenext section)is the runningtime of nowarmup

V. Methodology

The datadiscussedn this sectionweregatheredusingrandom
cluster sampling as describedby Conte et al. [3]. Random
clustersamplingis attractve becauséts resultsare amenable
to rigorousstatisticalanalysis.In our experiments 50 clusters
containingl million instructionsapiecewverechoseratrandom
from the end-to-enddynamic instruction stream. To select
the clusters benchmarkavere rst executedby sim-fast—the




benchmark lPCtrue lPCfullwarmup IPCMRRLo_ggg lPC’nowarmup
applu 0.831 -7.12% 0.00% -0.69%
apsi 1.008 3.12% -0.01% -2.23%
art110 0.598 -0.57% 0.00% 0.34%
crafty 0.569 -3.64% -0.02% -0.80%
equale 0.310 0.42% 0.00% 2.22%
facerec 1.446 -4.87% 0.18% -10.46%
fma3d 0.535 -0.37% 3.90% 1.57%
galgel 1.334 -6.66% -0.02% -14.99%
gap 0.750 -9.61% 0.01% -1.05%
gzip_graphic 1.365 -3.28% -0.09% -0.52%
lucas 0.774 2.25% -0.04% 0.23%
mcf 0.092 3.04% 0.00% 0.84%
mgrid 0.987 4.72% -0.01% -1.87%
swim 0.694 3.21% 0.00% -0.68%
twolf 0.636 -1.08% 0.13% -1.76%
vortex_lendian2 1.057 -3.18% 0.06% -0.63%
vpr_route 1.023 0.18% 0.00% -1.16%
MEAN 3.37% 0.26% 2.47%
TABLE ||

IPCMRRL( 999 ~{ PCruliwarmup

I PC %-ERROR RELATIVE TO FULLWARMUP ( TP
fullwarmup

rapid instruction-level simulator from the SimpleScalar{1],
[2] toolset—toobtain the dynamicinstructioncount. Next, a
simple Perl script was usedto select50 1-million-instruction
clustersat randont from the discreteinterval [1, L], where L
is the dynamicinstructioncount. The location(in the number
of instructionsrelative to the start of execution) of the 50
clustersselectedwere then saved to a le, and subsequently
usedto drive themultiple clusterpro ling andsimulationsteps
enumeratedn SectionlV.

For the MRRL simulations,the warm phasewas engaged
wy instructionsprior to eachclusterfor N = 0.999. Re-
call from Sectionlll that MRRL initiates cacheand branch
predictorwarmupaccordingto the maximumlength of reuse
latencieshat composethe N-th percentileof all reuselateny
measurementsMe choseto study N = 0.999 (i.e., the 99.9-th
percentile)and nd thatit performswell in termsof absolute
deviations in IPC, statisticalanalysisof the deviations, and
speedupAnalysis of other N to nd a minimum percentile
is beyond the scopeof this work, and is an areaof future
research.

All benchmarksomefrom the SPECCPU2000suite[11];
the binarieswere compiledinto the Alpha AXP instructionset
and statically linked so that the simulationsseeall userspace
program behaior, including library routines. The MRRL
pro ler andthe multiple clustersimulatorwere adaptedrom
sim-safeand sim-outoder, respectrely, from SimpleScalar
To measuresimulation time data as accuratelyas possible,
sim-outoder was further modi ed to usethe UNIX system
call getrusage() to monitorthe CPU time of eachsimulation

2By “at randomi, we meansuchthat all regions of the discreteintenal
[1, L] have equalprobability of being selected.

). MEAN CALCULATIONSBASED ON THE ABSOLUTE VALUE OF ERRORS.

regardlesof otheractiity on the hostsystem (All the scripts
and software developed for this researchare available for
download from http://lava.cs.viginia.edu/) Table | gives a
brief descriptionof the cachehierarchyand branchpredictor
con guration.

Once each benchmarks 50-cluster sample was selected,
the next stepwasto prole to gatherMRRL datafor each
benchmark.A Perl script was then usedto extract wy for
eachbenchmarks pre-clusterclusterpairs. When fed to the
multiple clustersimulator thesedatawere usedto demarcate
the cold phasefrom the warm phase.The previously chosen
hot phaseqclusters)remained x ed just asthey were during
the pro le.

The three metrics we use to measureMRRL's merit are
percent-errolPC deviation from fullwarmup accurag with
respectto the true IPC, and running time as a percentageof
fullwarmup For completenessnd as a basisfor discussing
simulation accelerationjn additionto demonstratinghe va-
lidity of MRRL asatool for rapid,accuratesimulation,we also
shaw dataarisingfrom nowarmupfor eachof thethreemetrics
aforementioned(Recall that nowarmupmerely regycles state
from one clusterto the next, and modelscachingand branch
predictionsolely during the clusters.)

For each benchmark, Table Il shows the true end-to-
end IPC? (i.e., IPC;.) generatedby simulating in cycle-
accuratedetail for the entire dynamicinstructionstream full-
warmuplPC (i.e., IPCtuizwarmup) Percent-errodeviation rel-

SMost of theselPCs come from the Simmint [14] Web site. They were
generatedor a speci ¢ con guration of sim-outoder (linked to from thesite).
MRRL, fullwarmup andnowarmupexperimentscomparedagainstheselPCs
usethe samesim-outoder con guration and the samebenchmarlbinaries.



benchmark lPCtrue IPCfullwarmup IPCMRRLo_ggg lPC’nowarmup
applu 0.831 0.772:0.151| 0.772£0.151| 0.7670.158
apsi 1.008 1.039£0.063| 1.039+0.064 | 1.039t0.064
art110 0.597 0.595+0.029| 0.595+0.029| 0.59740.029
crafty 0.569 0.548+0.014 | 0.548+0.014| 0.544+0.014
equale 0.310 0.311£0.104| 0.3114+0.104| 0.318t0.110
facerec 1.446 1.376£0.460| 1.378+0.460| 1.232+0.135
fma3d 0.535 0.533+:0.061| 0.554+0.058 | 0.542+0.055
galgel 1.334 1.245:0.339| 1.245+0.339| 1.059+0.327
gap 0.750 0.678:0.085| 0.678+0.085| 0.671+0.081
gzip_graphic 1.365 1.32G+0.094| 1.319+0.094| 1.313+0.094
lucas 0.774 0.7914+0.157| 0.791£0.157| 0.793:0.144
mcf 0.092 0.095£0.052| 0.095£0.052| 0.096+0.050
mgrid 0.987 1.034£0.106| 1.034+0.106| 1.014+0.080
swim 0.694 0.716+£0.090| 0.716+0.090| 0.711+0.086
twolf 0.636 0.62%0.004 | 0.630+0.004| 0.618t0.009
vortex_lendian2 1.057 1.023£0.040| 1.024+0.040| 1.0170.040
vpr_route 1.023 1.025£0.038| 1.025+:0.038| 1.013+0.036
TABLE I

IPC 95% CONFIDENCE INTERVALS CENTERED AROUND I PC' (THE OVERALL SAMPLE | PC), FOR fullwarmup MRRL ¢.g99, AND nowarmup SUCCESSFUL
SIMULATIONS CONTAIN | PC¢pye WITHIN THEIR CONFIDENCE INTERVAL.

ativeto IPCirue, andMRRLO.ggg IPC (i.e., |PCMRRL0_999) and
nowarmup IPC (i.e., IPCyowarmup) PErcent-errordeviation
relative to IPCtyiiwarmup. IN Otherwords, Table Il compares
the samplemeansfor IPCyrrRLg.g00 @NAIPCrowarmup 0 the
samplemeanfor IPC¢yiwarmup, Which is in turn compared
to the end-to-endPCy, e

VI. Evaluation

A. IPC Accuracy: MRRL versusfullwarmup

For most benchmarks,Table Il shaowvs that fullwarmugs
percent-errodeviation from IPCy,.,.. (i.e., the samplingerror)
is small,lessthan5%. While applu, galgel, andespeciallygap
buck thistrend,thisis notafailure of randomclustersampling,
but a failure to draw a suitablylarge sampleof clustersfrom

the dynamic instruction stream.A larger sample (of more
than 50 clusters)would have reducedthe samplingerror by

moreaccuratelyrepresentingll aspectof thesebenchmarks'
behaior. Conteet al. [3], for example,achieve relative errors
in IPC of lessthan3% throughsampling.Of paramountmpor-

tanceto our researchhowever, is thatin general, MRRLg 999

doesnot introducestatisticallysigni cant additional nonsam-
pling error, which ariseschie y from cold-startbias [3]. In

other words, our primary objectve is to develop a warmup
technique such that IPCy rrL, .. Strays very little from

IPCtwitwarmup, @ndon that countwe claim victory. For all

benchmarksexcept fma3d the percentdifference deviation

from fullwarmupis lessthan0.50%.fma3ds seeminglydrastic
deviation is dueto the small numbersinvolvedin the percent-
error calculation; IPCsyiiwarmup = 0-533, IPCyRRLG.00s =

0.554. Therelative error, 100% - (255=9:533) = 3.9% males
the deviation look much worse than it really is when one
considersthat the absoluteerror, 0.554 — 0.533 = 0.021 is

so small. nowarmupon the other hand, yields percent-error
deviations from fullwarmup of lessthan 2% in general,but
substantiallylarger relative errorsfor facelec and galgel. In
SectionVI-B, we shav why thesemuch larger errors make
nowarmupan untrustworthy warmupstrateyy.

B. IPC Accuracy: MRRL versusIPC ;..

While MRRLg. 999 is apparentlya sound warmup stratayy,
and nowarmupapparentlyunsound,we will now rigorously
demonstratethese hypothesesAs mentionedbefore, a sig-
ni cant adwantageof randomcluster samplingis that results
obtained from this style of simulation can be statistically
analyzed.Samplingproduceserror becauseonly a subsetof
the populationis measuredatherthan the entire population.
Randonmsamplingallows usto rigorouslygaugethe amountof
error and the probability that the amountis signi cant, based
upon the assumptiorthat all membersof the populationhad
uniform probability of beingincludedin the sample.

For eachbenchmarkthe meaninstructionthroughputwas
measuredy countingthe numberof cycles consumedy all
50 clusters Dividing the total numberof executedinstructions
(50 million) by this amountyielded the overall samplelPC.
For a well-chosensample,this sampleIPC will be a good
estimateof the end-to-endPC. The standad error is a useful
tool to analyzethe goodnesf a sampleestimate[4], [18].
The standarderror is computedas the quotient of the per
clustersamplestandarddeviation in IPC and the squareroot
of the numberof clusters:

ag
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benchmark tfullu)armup %tnowarmup %tMRRLg_ggg %-M PSMRRLo_ggg

applu 78105sec. 59.04% 60.87% 96.90%
apsi 120925sec. 58.11% 59.56% 97.51%
art110 19613sec. 35.52% 36.94% 96.00%
crafty 789065sec. 46.52% 48.20% 96.41%
equale 54675sec. 55.49% 57.11% 97.07%
facerec 70587 sec. 47.88% 51.98% 91.44%
fma3d 96462sec. 59.84% 61.38% 97.43%
galgel 157325sec. 51.63% 53.10% 97.15%
gap 828965sec. 51.66% 53.10% 97.22%
gzip_graphic 26643sec. 32.31% 34.58% 92.98%
lucas 46730sec. 48.55% 50.67% 95.65%
mcf 36014sec. 44.55% 46.45% 95.74%
mgrid 142334sec. 58.57% 60.50% 96.71%
swim 80946sec. 53.06% 54.81% 96.72%
twolf 133069sec. 42.36% 44.04% 96.04%
vortex_lendian2| 64839sec. 36.71% 38.06% 96.32%
vpr_route 28358sec. 35.66% 39.75% 88.55%
MEAN 48.09% 50.06% 90.26%

TABLE IV

. t .
MAXIMUM POTENTIAL RUNNING TIME REDUCTION (i.e., %tnowarmup = 100% - t"‘”"w) AND ACTUAL REDUCTION (i.e.,

tMR

Fullwarmup

%tMRRLG 999 = 100% - W), BOTH RELATIVE TO ¢ fyjwarmup: AND PERCENTAGE OF MAXIMUM POTENTIAL SPEEDUP ACHIEVED (i.e,,

warmup

%-MPS=100% - (1 — MRRLo.0op nowarmup )

We assume(as in [3]) that error is normally distributed;
hencethe 95%con denceinterval is TPC +1.96s755, Where
IPC is the samplelPC. In other words, for a well-chosen
sample,we can assumelPCy,. € [IPC — sipg, IPC +
sppe) With 95% certainty

Let e = IPCypye — IPC; if [IPCirye — €,JPCirye + €] C
[TPC — 1.96s75g, IPC + 1.96s755], thenthe relative error
betweenPC;,,. andI PC is accuratelypredictedby the 95%
con denceinterval. The relative error betweenlPCusrRL, 400
and IPC;,.,.. was predictedby every benchmarls respectie
95% con dence intervals (given in Table IIl) except for
crafty, gap, twolf, and vortexdendian2 However, the 95%
con denceinterval failed to predictthe relative error between
IPCtuitwarmup andIPCipye for thesesamefour benchmarks!
Since fullwarmup perfectly models all inter-cluster cache
and branch predictor interactions(making it impervious to
nonsamplingerror), this failure is attributable to sampling
error. Perfectly mimicking fullwarmup in this way is further
evidencethat MRRL at the 99.9-th percentiledoeswell at
approximatingfullwvarmup In otherwords, MRRL( 999 does
well at eliminatingnonsamplingerror.

In contrast,considerthe IPCyoyarmup Sample meansof
facerec and galgel. While the 95% con dence interval of
fullwarmupand MRRL 999 successfullypredicttheir relative
error deviation from IPC;,..., nowarmupdoesnot. This evi-

4The assumptiorof normality is safesincethe samplescontain50 clusters
apiece.Sampleshatdrav 30 or fewer elementsrom a populationwould use
the Student-t distribution [18] with # ., ster — 1 degreesof freedom.

tnowarmup

dencecon rms our hypothesisthat their respectre -10.46%
and-14.99%percent-errodeviationsfrom the IPCwizwarmup
samplemeansare signi cant.

C. Acceleration: MRRL versusfullwarmup

Before discussingMRRL's accelerationcapability it is im-

portant to discussthe optimality of nowarmups runtime.
Since nowarmup does not model any pre-clustercache or

branchpredictorinteractions nhowarmupsimulationshave no

warm phase,only cold and hot. Becausethe cold phase
modelsa proper subsetof the activity modeledin the warm
phase eliminating the warm phasereducesexecutiontime to

its absoluteminimum under the three-phaseold—warm-hot
simulationstratgy describedn Sectionlll.

Since nowarmupsimulationtime is the minimum possible
simulationtime it alsorepresentshe perbenchmarkmaximum
potential speedupfrom warmup. Table IV shows that these
potential speedupsangedfrom 32.31%for gzip.graphic to
59.84% for fma3d of each benchmarks fullwarmup run-
ning time: 100% - % Both the MRRLg 999 SiMu-
lation time reductionsrelatve to fullwarmup and as a per
centageof the maximum potential speedup(100% - (1 —
tMRRLf-%Q*t"‘“”””“” )) aregivenin TablelV. In otherwords,
Table IV “shavs not only the MRRLg g99's reductionrelative
to fullwarmup but also how closeto the maximum possible
speedupeachMRRL 999 Simulationwas able to come (the
higherthe percentagéahe better).

MRRLy.999's achieved potentialspeedugor all benchmarks
is respectablegveraging90.62%of the maximum,andranging




from 88.55%for vpr_routeto 97.51%for apsi Thesetranslate
into running times of only 39.75%and 59.56%,respectiely
of the time taken to simulatevia fullwarmup

VIl. Conclusionsand Future Work

Memory referenceaeuselateng analysisis a usefultechnique
that can be usedto reducethe running times of sampled
simulationsby reducingthe amountof time spentwarming
up simulatedcacheand branchpredictorstateduring the sim-

ulation phaseprecedingeachsamplecluster By measuringhe
reuselateng (in numberof instructions)betweenconsecutie
accesse$o eachmemoryaddresswe candiscover the mem-
ory referencereuselateny that correspondgo an arbitrary
percentile:MRRLy. This MRRLy is usedto determinethe
amount of warmup to perform during inter-cluster regions.
To make simulation as rapid as possible,cold mode uses
aggressie low-detail simulation, updating only architected
state;in warm mode, memory referenceinteractionswithin

the cachehierarchyand branchinstruction interactionswith

the branchpredictor are also modeled.At the conclusionof

the warm mode, cache and branch predictor state will be
accuratelyestablishedallowing the subsequenhot modeto

simulatein cycle-accuratedetail without imprecisionarising
from cold-startbias, which canreduceaccurag.

Ourresultsshav that,usedin conjunctionwith randomclus-
ter sampling, MRRL doesnot compromiseaccurag. For the
SPECCPU2000benchmarksested the percent-errobetween
IPCtuiiwarmup @NAIPCyrrRL, 40 @VEragedessthanl%, and
was shavn to be statisticallyinsigni cant for MRRLg.gg9 in
thatall but four of the benchmarks95% con denceintervals
predictedthe obsened error from IPC;,.... Additionally, the
fullwarmup simulations of the same four benchmarksalso
failed to predict the obsened error. Since fullwarmup is
imperviousto nonsamplingerror due to cold-startbias, this
implies that the failure of both MRRLg 999 and fullwarmup
to predictthe obsered error is attributableto samplingerror
and that MRRLg 999 accomplisheur objectve of reducing
nonsamplingerror. Thus,we concludethat MRRL atthe 99.9-
th percentilemimicks fullwarmup well. MRRLg 999 accom-
plishesour secondobjective aswell, cutting simulationtimes
by 50.06% on average,which is 90.62% of the maximum
potentialspeedup.

Since MRRL works by accuratelyestablishingcacheand
branchpredictorstate aninterestingavenuefor futureresearch
would be to analyze whether MRRL accurately estimates
the cachemiss rate and branch mispredictionrate from the
sampleclusters.Currently under investigationis the use of
hypothesigestingto demonstratéhat the differencebetween
IPCtuitwarmup aNdIPCy gL S statisticallyinsigni cant for
someMRRL percentileN. In particulat we will implement
a matded-pais t-test pitting the percluster IPCs of each
benchmarkagainsteachotherfor fullwarmupsimulationsand
MRRLy simulations.In preliminary experimentswe com-
putedfrom the matchedpairs,a setof differencesvhich were
then usedto calculatea ¢-score basedon the differenceof
the meansthe standarderror of the meansandtheir Pearson

product-momentorrelationcoefcient [20], thus:

‘= ux — py
\/&2-}- 0’%, —2rxyoxoy

where ux — py is the difference of the fullwarmup and
MRRLy means,cx andoy arethe standarderrorsamong
the fullwarmup and MRRLy cluster IPCS, and rxy is the
Pearsonproduct-momentorrelation coefcient betweenthe
fullwarmupand MRRL y clusterlPCs.(This is necessarnpe-
causewne aremeasuringhe effectsof testedwarmupstrateies
asdifferent“treatments”of the samesamplepopulation[20].)
This is thenrepeatedor fullwvarmup and nowarmup

At the 5% level of signi cance, for instance,the critical
valué® for our 50-clustersampleexperimentsis 2.0096.Table
V liststhet-scoresof thebenchmarkgalculatedoy pairingthe
clusterlPCsfrom fullwarmupandMRRLg g99, andby pairing
the clusterlPCsfrom fullwarmupand nowarmup Theseearly
resultsarevery promisingandquantitatively insightful. Recall
from SectionVI-A, the relatively large 3.9% error between
IPCAMRRILo 000 @NAIPCrusiwarmup for fma3d We qualitatively
concludedhatsincethe absolutesrrorwasvery small(0.021),
thatthe percent-errowasinsigni cant. TableV quantitatvely
con rms this sincethe fma3dt-scoreis lessthanthe critical
valueaforementionedthus, for fma3d the differencebetween
IPCrMRRLg 090 @NAIPCruiiwarmup IS Statisticallyinsigni cant
at the 5% level.

At N = 0.999 only two benchmarks—wolf and vor-
tex_lendian2—fail for MRRL.g99 at the 5% level of signi -
cance.(Contrastthis to nowarmup for which eleven bench-
marksfail.) We point out hawever, that while the MRRL¢ 999
t-scoredor twolf andvortex_lendian2imply thatthe deviation
from IPCtuiiwarmup 1S Statistically signi cant, the absolute
differenceof both (IPCtuiiwaermup— IPCMRRLe.ge0) 1S ONlY
0.001.1t remainsan open question,what thresholdvalue of
N (eg., N =0.9999, N = 0.99999, ...) is large enoughto be
statistically insigni cant in general,and how this will affect
speedup.

The MRRL pro ler software and modi ed versionof sim-
outorder are available at the Laboratoryfor ComputerArchi-
tectureat Virginia Web site at http://lava.cs.viginia.edu/
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