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Abstract— This paper proposesto speedupsampledmicropro-
cessorsimulations by reducingwarmup times without sacri�cing
simulation accuracy. It exploiting the observation that of the
memory referencesthat precedea samplecluster, referencesthat
occur nearestto the cluster are more likely to be germaneto the
executionof 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
cache and branch predictor state can be accomplishedquickly
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 betweencon-
secutive referencesto each unique 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 cache and
branch predictor interactions.

I. Intr oduction
This paper explores a technique for acceleratingsampled
microarchitecturesimulationsby reducingtheamountof cache
and branch predictor warmup prior to each samplecluster
wherecycle-accuratesimulationdataaregathered.By warmup
wereferto thepracticeof modelingcacheandbranchpredictor
interactionsfor a speci�ed interval prior to actualdatagath-
ering, in an effort to establishthesimulatedcacheandbranch
predictorstatepreciselyasthey would have appearedhadthe
entiresimulationbeenconductedin cycle-accuratedetail.

Unfortunately, highly detailed software simulation of a
microprocessoris prohibitively slow. Even on the fastest
hardware,slowdowns of several ordersof magnitude(relative
to native execution)arecommon.For example,KleinOsowski
et al. [9] show that cycle-accuratemodeling of many SPEC
CPU2000 [11] benchmarkson reference inputs can take
many weeks.Still, software simulation is fundamentalto all
computer architectureresearch.To make simulation-driven

researchtractable,many studiesemploy sampling: takingmea-
surementsof a small, representative subsetof the instructions
that are executedover the lifetime of the benchmark.Since
it is preciselythe software simulation of the cycle-by-cycle
progressionof individual instructionsthroughthepipelinethat
producestheoverwhelmingslowdowns,in sampledsimulation
only the subsetof instructionswhich constitutethe sample
are modeledin cycle-accuratedetail. Fortunately, measuring
the instructionthroughput(i.e., instructionsper cycle, IPC) of
only a subsetof the instructionscan—for a properly chosen
subset—yieldinformationaboutthe instructionthroughputof
a benchmark's entire end-to-endexecution.Conteet al. [3],
andSherwoodet al. [15], [16] proposestrategiesfor choosing
representative samplesthat yield very goodapproximationsto
true end-to-endIPC; both will be discussedin the SectionII.

To preserve the integrity of sampledmeasurements,the
simulatedprocessorstatemustbe accuratelyestablishedprior
to thecycle-accuratesimulationof eachcluster. In otherwords,
accuracy is predicatedupon successfullydefeating the so-
called cold-start bias; becausecache and branch predictor
performanceare critical to microprocessorperformance,if
the state of the cache (at all levels of the hierarchy) and
branchpredictordo not appearat leastapproximatelyasthey
would have hadtheentiresimulationbeenperformedin cycle-
accuratedetail at the leadingedgeof a cluster, the simulation
resultsmay be inaccurate.

One straight-forward techniqueto guaranteethe accuracy
of pre-clustercacheandbranchpredictorstateis to modelthe
interactionof eachmemoryreference—instructionsanddata—
with the cachehierarchyand every control-�ow instruction
with thebranchpredictorwhile thesimulatoris executingpre-
cluster instructions.(All cacheand branchpredictor interac-
tions arealreadymodeledwithin the cycle-accurateclusters.)
In this way, thecacheandbranchpredictorwill alwayscontain
exactly thesamestateasif cycle-accuratesimulationhadbeen
employed throughoutthe simulation.Though its accuracy is
unimpeachablein termsof cacheand branchpredictorstate,
this fullwarmupmethodis heavy-handed.While not asexpen-
sive (in termsof running time) as cycle-accuratesimulation,
modeling all cacheand branchpredictor interactionsis still



costly.
One method for further acceleratingsampledsimulations

is to avoid fullwarmup by only modeling those interactions
that occur within a given numberof instructionsprior to the
cluster[3], [5], [8], [12]. Our techniquemakesthe determina-
tion of when to engagecacheand branchpredictorwarmup
by exploiting memoryreferencereuselatencies(MRRL)—a
measurementof thenumberof instructionsthatelapsebetween
successive referencesto thesameaddress.We have developed
softwarethat facilitatesMRRL measurementsanddetermines
thepre-samplewarmupinterval independentlyfor the instruc-
tion stream,datastream,andcontrol-�ow instructionstream.

The rest of this paperis organizedas follows. We discuss
related work in Section II. Section III explains Memory
ReferenceReuseLatency, its measurementandits signi�cance.
SectionIV appliesMRRL to sampledsimulation.We explain
our experimental methodology in Section V, present our
resultsin SectionVI and �nally concludein SectionVII.

II. Related Work
Severalstudiesexaminewaysto reduceoverall simulationrun-
ning timesby executingonly a small subsetof thebenchmark
in cycle-accuratedetail. Skadronet al. [17] identify short,
representative simulationwindows of 50 million instructions
for theSPECInt95benchmarks.Thekey insight which guides
their approachis to excludethe benchmarks'unrepresentative
start-upbehavior (e.g., datastructuresetupandinitialization).

Conteet al. [3] take a differentapproachandinsteadsimu-
latemultiple randomly-chosen,�x ed-sizedclustersof contigu-
ousinstructionsfrom thecompletedynamicinstructionstream.
By choosingclustersrandomly(i.e., suchthat all partsof the
dynamic instruction streamhave equal probability of being
selected),randomcluster samplingis amenableto statistical
analysis,andallows thedeterminationof a con�denceinterval
within which the true IPC resides.Their work demonstrates
theapplicabilityof randomclustersamplingto microprocessor
simulation and focuseson the problem of warming up the
branchpredictionstructures(assuminga perfectcache).They
furthermoreshow that using stale predictor state from the
previousclusterplus a shortwarmupinterval of at least7,000
instructions[10] prior to eachclusteris suf�cient to minimize
cold-startbiasandachieve very small errorsof a few percent
in the meanobserved IPC. In the experimentsconductedfor
this researchwe use random cluster sampling, pre�xing a
warmupinterval determinedby MRRL beforeeachclusterand
preservingstalecacheandbranchpredictorstate.

Sherwood et al. [15] propose Basic Block Distribution
Analysis(BBDA). Their techniquepro�les the executionfre-
quency of a benchmark's 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
thatperiodicbasicblock executionfrequency behavior re�ects
the periodicity of various architecturalmetrics such as IPC,
cache miss rate, and branch predictor accuracy in cycle-
accuratesimulation. In [16], Sherwood et al. build upon

the BBDA conceptto createa techniquethat automatically
isolatesmultiple contiguoussubsetsof thedynamicinstruction
streamsince somebenchmarks'behavior is too complex to
be characterizedby a single instructionstreamslice. In both
casestheir aim is to reducesimulationrunningtimesby only
executingin cycle-accuratedetail, a small representative slice
of the dynamicinstructionstream.

Otherheuristicsfor reducingcold-startbias are studiedby
Kessleret al. [8]. They considerusing half of a sample's
referencesfor warmuppurposes;trackingonly entriesthatare
known to containgoodstate;recycling stalestate;and�ushing
statebut estimatinghow mucherror this introduces.

The warmup accelerationmethodsproposedby [3], [8],
however, may compromisethe accuracy of the pre-sample
stateinitialization if usedto warmupcachestate.Nguyenet
al. [12] on the other hand,approachthe problemof warmup
analytically as a part of the trace-driven PARSIM parallel
microprocessorsimulationsystem.Their formula calculatesa
function of the cacheblock width, associativity, the average
populationdensityof memoryreferenceswithin theinstruction
stream,andtheaveragesteady-statecachemissratio. This so-
lution is a substantialimprovementover previous techniques;
by approachingthe problem analytically, their techniqueis
ableto achieve rapidwarmupwithout compromisingaccuracy.

Haskinsand Skadron[5] proposea warmup acceleration
techniquecalledMinimal SubsetEvaluation(MSE).TheMSE
techniqueusesformulasderivedfrom combinatoricsandprob-
ability theoryto calculatefor someuser-chosenprobability � ,
the numberof memory referencesprior to eachcluster that
must be modeledin order to achieve accuratecachestate;
thus with probability � , cachestatewill appearexactly as it
would had fullwarmup beenused.As with PARSIM, MSE's
mathematicalunderpinningsimprove upon prior efforts by
maintainingaccuracy while reducingwarmup times. Unlike
PARSIM, MSE requiresneither a priori knowledge of the
steady-statecachemiss ratio nor an instruction trace of the
benchmarkto bemodeled(from which to derive theproportion
of the instruction streampopulatedby memory references).
The work in [5], however, only treatswarmupaccelerationof
pre-clustermemoryreferenceinteractionswith the �rst-level
data-andinstruction-cache;it 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-supportsystems(DSSs).They perform an insightful
investigationof temporal locality in DSSs and constructa
model for identifying potentially reusablequerycomponents.
Phalke and Gopinath[13] model inter-referencegaps(which
are equivalent to memory referencereuse latencies)as � -
th order Markov chains.By modeling per-addresstemporal
locality in this way, they were able to develop improved
algorithmsfor pagereplacement,dynamicmemorymanage-
mentand tracecompression.Thiébaut[19] draws an analogy
betweenmemory accesspatternsand fractal random walks
on the one-dimensionallattice (where the countablyin�nite
lattice is mimicked by a large memoryaddressspace).From
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Fig. 1. Pre-cluster–clusterpair as the discreteinterval � ������� partitionedinto � mutually-exclusive buckets to form the 	�
���
�� histogram;here �������

bucket� , thereforewarmupbegins ��� instructionsprior to instruction 
 which bordersthe cluster.

this framework, Thiébautdescribesa methodfor accurately
predicting the miss ratio of fully associative caches.While
theseworks do not treat warmup in execution-driven simu-
lation, they were instructive in their analyticalassessmentof
temporallocality in memoryreferencestreams.

Woodet al. [21] establishtheconceptof cachegenerations.
Each cachegenerationbegins immediatelyafter a new line
is brought into the cacheand endswhen the line is evicted
and replaced.Their notion of cachegenerationsestablishesa
framework for analytically estimatingthe unknownor cold-
start referencemiss ratio, � . They further establishthat �
is substantiallyhigher than the miss ratio of referencescho-
sen at random.Armed with reliable �� —estimatedunknown
referencemiss ratio—they were able to accuratelyestimate
cachemiss ratios in sampledtrace-driven simulations.This
researchhowever, does not addressthe issue of accurately
establishingsimulated cache hierarchy or branch predictor
statefor execution-drivensimulations.

In their CacheDecay research,Kaxiras et al. [7] propose
a techniqueof cutting power to (heuristicallypresumed)dead
cachelines, therebyreducing leakagepower. For the SPEC
CPU2000benchmarks,their measurementsshow that for a
32KB L1 data-cache,a cacheline's deadtime canrangefrom
45% to asmuchas99% of the total time sincebeing loaded.
Their work shows that most cachelines' active lifetime is
signi�cantly longer than their useful lifetime, which con�rms
our hypothesisthat referencesoccurring many instructions
beforea clusterareunlikely to have any relevancewithin the
clusterandcan thereforebe safelyomitted from warmup.

As in prior research,we achieve ef�cient execution by
breakingthe simulation into threeseparatephases.The �rst,
aggressive fast-forward phasecan be consideredthe “cold”
phase;this is followedby the“warm” phase,wherecacheand
branchpredictor interactionsare modeled;and concludedby
the“hot” phasewherecycle-accuratesimulationof theproces-
sorpipelinetakesplace.Thehot phasecontainssamplecluster
instructionsandprecedingcold andwarm phasescontainthe
pre-cluster instructions. Hence, for each pre-cluster–cluster
pair, theaim of our researchis to preservesimulationaccuracy

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., � % of all pre-clusterinstructions)may still
yield inaccurateresults(if warmingup only � % of pre-cluster
instructionsis too few) or fall shortof thepotentialspeedup(if
warmingup fewer than � % of pre-clusterinstructionswould
have still yielded accurateresults).By measuringthe reuse
latency of individual memoryaddresses,we wereableto forge
an alternative warmup accelerationtechniquethat preserves
accuracy by determiningwhich referencesare likely to be
germaneto eachcycle-accuratecluster.

III. Memory ReferenceReuseLatency
Memoryreferencereuselatency(MRRL) refersto theelapsed
time betweena referenceto some memory addressM[ � ]
and the next referenceto M[ � ]. For our purposes“time”
is measuredin the number of completed instructions. To
facilitatea rigorousdiscussionof MRRL, we mustestablisha
relationshipbetweenthe � instructionsin a singlepre-cluster–
clusterpair andthe elementsof the discreteinterval � �"!#�%$ ; let
instruction&(')+* , for *-,/.0�"!21�!43 3�3 !#�65 , aspicturedin Figure1.
Imaginefurther, that �7�0!��%$ is partitionedinto 8:9;� mutually-
exclusive bucketswhoseunion is exactly �7�0!��%$ .

We measuredMRRLs for eachbenchmarkusing custom-
made MRRL pro�ling software. As the pro�ler simulates
eachpre-cluster–clusterpair, the pro�ling softwaremaintains
several associative arrays of memory referenceaddresses,
M[ � ]—onefor theinstructionstream,onefor thedatastream,
and one for the streamof branchinstructions.Eachelement
of the array is logically timestampedwith the number of
instructionsexecutedas of the currently simulatingmemory
or branchinstruction; if a previously-encounteredaddressis
re-accessed,the differenceof the previous timestampandthe
currentnumberof executedinstructionsis temporarilystored
as <=*>8@?48 . These<=*�8@?48 areusedto concurrentlybuild a reuse
latency histogramby incrementingthecountof thebucket that
contains<=*>8@?A8 . Whena pre-cluster–clustersectionconcludes,
the pro�ler outputs its <=*>8@?48 histogram.Thesehistograms
containthe completememoryreferencereuselatency pro�le



for eachpre-cluster–clusterpair.
A pre-cluster–clusterhistogramcountsthe numberof ref-

erenceswhose reuse latenciesfall within 8 disjoint length
intervals. Formally, eachhistogramgives the count of refer-
encesfor which the numberof elapsedinstructionsbetween
successive accessesto thesameaddresslies within theinterval
subsetbucket� , where � , . �"!#1 !A3�3 3�!�8 5 for all 8 buckets.Not
surprisingly, thehistogramsinvariablytell thesamestorywhen
plotted: A far greaternumber of referencesare revisited a
small number of instructionsafter their most recent access
(i.e., the histogrambucket with the largest population was
alwaysbucket� ). Thus,the more instructionsthat elapseafter
anaccessto M[ � ], thelesslikely M[ � ] is to beaccessedagain
during the currentpre-cluster–clusterpair. This is exactly as
we had expected,in light of conceptspioneeredin [21] and
subsequentwork in [7].

From the histograms we can calculate the reuse dis-
tance correspondingto any desired percentile � , i.e., the
bucket� for which at least ��� of referencesarecontainedin� � �	� � bucket

�
. Let 
�� ') bucket� meanthat the � th bucket

of the � �"!#�%$ interval is upper-boundedat ��
�
�� instructions
into the pre-cluster–clusterpair (i.e., bucket� : � �-!#��
�
�� $��
�7�0!��%$ ). In otherwords,of all the referencesin thecurrentpre-
cluster–clusterpair, ��� have reuselatenciesof lessthan 
��
instructions.

By engagingwarmup 
 � instructionsprior to the current
pre-cluster–clusterboundaryfor large enough1 � , we know
that the overwhelmingmajority of addressesthat will be ac-
cessedduring thesimulationclusterwill have beeninitialized.
We argue that if ��� of referencesrequireonly 
�� instruc-
tionsbetweensuccessive accesses,thenit is pointlessto model
the few ( � ������
������ ) pre-clustercacheandbranchpredictor
interactionsthat occur more than 
 � instructionsbeforethe
cluster, since thesereferenceswill probably not be relevant
to the cluster's precisionand requiredisproportionatelylong
to warmup. This strategy of delaying pre-clustercacheand
branchpredictormodelingwill be explainedin moredetail in
the next section.

IV. Accelerating Warmup
The stepsof the MRRL warmup accelerationtechniqueare
enumeratedbelow:

1) First, theuserselectsthe locationsof thecycle-accurate
clusterswithin the benchmark;by corollary non-cluster
regions are selectedsimultaneously. Each cluster is
paired with its own precedingnon-cluster (i.e., pre-
cluster) region.

2) The user next pro�les the benchmarkto characterize,
for eachpre-cluster–clusterpair, the reuselatenciesof
all referencesthatoccur. As this pro�le datais valid for
any cacheand branchpredictorcon�guration, this is a
one-timecost for eachbenchmarksample.

3) Simulations can then be run in an aggressive fast-
forward mode,updatingonly architectedstate.At 
 �

1A discussionof “large enough” � appearsin SectionVI.

Pipeline
IssueWidth 8 instructions/cycle
DecodeWidth 8 instructions/cycle
Register UpdateUnit 128 entries
Load–StoreQueue 32 entries
Commit Width 8 instructions/cycle

CacheHierarchy
L1 Data 16KB; 4-way assoc.,32B lines, 2-cycle hit
L1 Instruction 8KB; 2-way assoc.,32B lines, 2-cycle hit
L2 Uni�ed 1MB; 4-way assoc.,64B lines, 20-cycle hit
Memory AccessLatency 151 cycles

CombinedBranchPredictor
Bimodal 8192entries
PAg 8192entries
ReturnAddressStack 64 entries
BranchTarget Buffer 2048entries;4-way assoc.
MispredictLatency 14 cycles

TABLE I

CONFIGURATION OF SIMULATED CACHE AND BRANCH PREDICTOR.

instructions prior to the cluster, the simulator shifts
into warmup mode where cachehierarchyand branch
predictor interactionsare modeled.Once the cluster is
reached,the cache(s)and branchpredictorwill contain
accuratestate, and cycle-accurate,simulation begins.
This last steprepeatsfor eachpre-cluster–clusterpair.

Contrast this approachto the more conservative technique
of modelingall pre-clustercacheand branchpredictor inter-
actions,i.e., fullwarmup. Obviously, modelingall pre-cluster
cacheand branchpredictorinteractionswill maintainperfect
statethroughoutall levels of the cachehierarchyand in the
branch predictor, rendering the simulation data impervious
to inaccuraciesthat arisefrom cold-startbias; only sampling
error remains.Reciprocally, stale-stateor nowarmup—asthe
latter name implies—doesnot model any pre-clustercache
or branch predictor interactions,but merely recycles state
as it appearedat the conclusionof the previous cluster. By
not modelingcacheand branchpredictorstateprior to each
cluster, nowarmupis verysusceptibleto cold-startbias,aswill
be shown in the next Section.In our discussionof MRRL's
accuracy, we refer not only to whether the true end-to-end
cycle-accurateIPC 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: �������! #"%$'&)(+*�*�,.-)"%$'&0/214353 68729;:'1�<"%$'&0/214353 68729;:'1�< . In our
discussionof MRRL's speedupcapability, we refer to the
amountof potentialspeedupover fullwarmupwhich (asshall
beshown in thenext section)is therunningtimeof nowarmup.

V. Methodology
Thedatadiscussedin this sectionweregatheredusingrandom
cluster samplingas describedby Conte et al. [3]. Random
clustersamplingis attractive becauseits resultsareamenable
to rigorousstatisticalanalysis.In our experiments,50 clusters
containing1 million instructionsapiecewerechosenat random
from the end-to-enddynamic instruction stream.To select
the clusters,benchmarkswere �rst executedby sim-fast—the



benchmark IPC������� IPC����	
	���
�������� IPC����������� ��� � IPC!#"���
��������
applu 0.831 -7.12% 0.00% -0.69%
apsi 1.008 3.12% -0.01% -2.23%
art 110 0.598 -0.57% 0.00% 0.34%
crafty 0.569 -3.64% -0.02% -0.80%
equake 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 II

IPC %-ERROR RELATIVE TO FULLWARMUP (
$�%'& (+*�*�, ��� � � �)( $�%'& /214353 68729;:'1�<$�%*& /214353 68729;:'1�< ). MEAN CALCULATIONS BASED ON THE ABSOLUTE VALUE OF ERRORS.

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 random2 from the discreteinterval � �"!#�%$ , where �
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
enumeratedin SectionIV.

For the MRRL simulations,the warm phasewas engaged

 � instructionsprior to each cluster for �,+ ��3 -.-#- . Re-
call from SectionIII that MRRL initiates cacheand branch
predictorwarmupaccordingto the maximumlength of reuse
latenciesthatcomposethe � -th percentileof all reuselatency
measurements.We choseto study �/+ � 3 -#-#- (i.e., the99.9-th
percentile)and�nd that it performswell in termsof absolute
deviations in IPC, statisticalanalysisof the deviations, and
speedup.Analysis of other � to �nd a minimum percentile
is beyond the scopeof this work, and is an areaof future
research.

All benchmarkscomefrom the SPECCPU2000suite[11];
thebinarieswerecompiledinto theAlpha AXP instructionset
andstatically linked so that the simulationsseeall user-space
program behavior, including library routines. The MRRL
pro�ler and the multiple clustersimulatorwereadaptedfrom
sim-safeand sim-outorder, respectively, from SimpleScalar.
To measuresimulation time data as accuratelyas possible,
sim-outorder was further modi�ed to use the UNIX system
call 021�354)6 ?�7.081�� � to monitor the CPU time of eachsimulation

2By “at random,” we meansuch that all regions of the discreteinterval
� ��� � � have equalprobability of beingselected.

regardlessof otheractivity on thehostsystem.(All thescripts
and software developed for this researchare available for
download from http://lava.cs.virginia.edu/.) Table I gives a
brief descriptionof the cachehierarchyand branchpredictor
con�guration.

Once each benchmark's 50-cluster sample was selected,
the next step was to pro�le to gatherMRRL data for each
benchmark.A Perl script was then used to extract 
 � for
eachbenchmark's pre-cluster–clusterpairs. When fed to the
multiple clustersimulator, thesedatawereusedto demarcate
the cold phasefrom the warm phase.The previously chosen
hot phases(clusters)remained�x ed just as they wereduring
the pro�le.

The three metrics we use to measureMRRL's merit are
percent-errorIPC deviation from fullwarmup, accuracy with
respectto the true IPC, and running time as a percentageof
fullwarmup. For completenessand as a basis for discussing
simulationacceleration,in addition to demonstratingthe va-
lidity of MRRL asatool for rapid,accuratesimulation,wealso
show dataarisingfrom nowarmupfor eachof thethreemetrics
aforementioned.(Recall that nowarmupmerely recyclesstate
from oneclusterto the next, andmodelscachingandbranch
predictionsolely during the clusters.)

For each benchmark,Table II shows the true end-to-
end IPC3 (i.e., IPC������� ) generatedby simulating in cycle-
accuratedetail for the entiredynamicinstructionstream,full-
warmupIPC (i.e., IPC����	
	���
������9� ) percent-errordeviation rel-

3Most of theseIPCs come from the SimPoint [14] Web site. They were
generatedfor a speci�c con�gurationof sim-outorder (linkedto from thesite).
MRRL, fullwarmup, andnowarmupexperimentscomparedagainsttheseIPCs
usethe samesim-outorder con�guration andthe samebenchmarkbinaries.



benchmark IPC������� IPC����	
	���
������9� IPC����������� ��� � IPC!#"���
��������
applu 0.831 0.772� 0.151 0.772� 0.151 0.767� 0.158
apsi 1.008 1.039� 0.063 1.039� 0.064 1.039� 0.064
art 110 0.597 0.595� 0.029 0.595� 0.029 0.597� 0.029
crafty 0.569 0.548� 0.014 0.548� 0.014 0.544� 0.014
equake 0.310 0.311� 0.104 0.311� 0.104 0.318� 0.110
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 1.320� 0.094 1.319� 0.094 1.313� 0.094
lucas 0.774 0.791� 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 0.629� 0.004 0.630� 0.004 0.618� 0.009
vortex lendian2 1.057 1.023� 0.040 1.024� 0.040 1.017� 0.040
vpr route 1.023 1.025� 0.038 1.025� 0.038 1.013� 0.036

TABLE III

IPC 95% CONFIDENCE INTERVALS CENTERED AROUND ����� (THE OVERALL SAMPLE IPC), FOR fullwarmup, MRRL ��� 	
	
	 , AND nowarmup. SUCCESSFUL

SIMULATIONS CONTAIN IPC �
����� WITHIN THEIR CONFIDENCE INTERVAL .

ative to IPC������� , andMRRL ��� ����� IPC(i.e., IPC����������� ��� � ) and
nowarmup IPC (i.e., IPC!#"���
���� �9� ) percent-errordeviation
relative to IPC����	
	���
������9� . In otherwords,Table II compares
the samplemeansfor IPC������� ��� ��� � andIPC!#"���
�������� to the
samplemeanfor IPC����	
	���
�������� , which is in turn compared
to the end-to-endIPC�����)� .
VI. Evaluation
A. IPC Accuracy: MRRL versusfullwarmup
For most benchmarks,Table II shows that fullwarmup's
percent-errordeviation from IPC������� (i.e., the samplingerror)
is small,lessthan5%.While applu, galgel, andespeciallygap
buck this trend,this is nota failureof randomclustersampling,
but a failure to draw a suitably large sampleof clustersfrom
the dynamic instruction stream.A larger sample (of more
than 50 clusters)would have reducedthe samplingerror by
moreaccuratelyrepresentingall aspectsof thesebenchmarks'
behavior. Conteet al. [3], for example,achieve relative errors
in IPCof lessthan3%throughsampling.Of paramountimpor-
tanceto our researchhowever, is that in general,MRRL ��� �����
doesnot introducestatisticallysigni�cant additional nonsam-
pling error, which ariseschie�y from cold-startbias [3]. In
other words, our primary objective is to develop a warmup
technique such that IPC� �����'� � � ��� strays very little from
IPC����	
	���
������9� , and on that count we claim victory. For all
benchmarksexcept fma3d, the percentdifferencedeviation
from fullwarmupis lessthan0.50%.fma3d'sseeminglydrastic
deviation is dueto thesmall numbersinvolved in thepercent-
error calculation;IPC����	
	���
������9� + � 3������ , IPC������� � � � ��� +
� 3������ . The relative error, �������   � ��� !�!#" - ��� !�$�$��� !�$�$ % +&��3 -8� makes
the deviation look much worse than it really is when one
considersthat the absoluteerror, � 3������ 
 ��3 ����� + ��3 � 1�� is

so small. nowarmupon the other hand,yields percent-error
deviations from fullwarmup of less than 1�� in general,but
substantiallylarger relative errors for facerec and galgel. In
SectionVI-B, we show why thesemuch larger errors make
nowarmupan untrustworthy warmupstrategy.

B. IPC Accuracy: MRRL versusIPC ')(+*�,
While MRRL ��� ����� is apparentlya sound warmup strategy,
and nowarmupapparentlyunsound,we will now rigorously
demonstratethesehypotheses.As mentionedbefore, a sig-
ni�cant advantageof randomclustersamplingis that results
obtained from this style of simulation can be statistically
analyzed.Samplingproduceserror becauseonly a subsetof
the populationis measuredrather than the entire population.
Randomsamplingallows usto rigorouslygaugetheamountof
error and the probability that the amountis signi�cant, based
upon the assumptionthat all membersof the populationhad
uniform probability of being includedin the sample.

For eachbenchmark,the meaninstructionthroughputwas
measuredby countingthe numberof cyclesconsumedby all
50 clusters.Dividing the total numberof executedinstructions
(50 million) by this amountyielded the overall sampleIPC.
For a well-chosensample,this sampleIPC will be a good
estimateof theend-to-endIPC. Thestandard error is a useful
tool to analyzethe goodnessof a sampleestimate[4], [18].
The standarderror is computedas the quotient of the per-
clustersamplestandarddeviation in IPC and the squareroot
of the numberof clusters:

? "%$'& + -. /10
	���2 � � �



benchmark 3�����	
	���
������9� %3 !#"���
���� �9� %3������������ ��� � %-MPS� �����'� � � ���
applu 78105sec. 59.04% 60.87% 96.90%
apsi 120925sec. 58.11% 59.56% 97.51%
art 110 19613sec. 35.52% 36.94% 96.00%
crafty 78906sec. 46.52% 48.20% 96.41%
equake 54675sec. 55.49% 57.11% 97.07%
facerec 70587sec. 47.88% 51.98% 91.44%
fma3d 96462sec. 59.84% 61.38% 97.43%
galgel 157325sec. 51.63% 53.10% 97.15%
gap 82896sec. 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

MAXIMUM POTENTIAL RUNNING TIME REDUCTION (i.e., %'�������� �	� ��

� � ������� ����� 68729;:'1�<� / 14353 6�7 9 : 1�< ) AND ACTUAL REDUCTION (i.e.,

%'�������� ��� � � � �/� ������� � ( *�*�, � � � ���� /214353 68729;:'1�< ), BOTH RELATIVE TO '�� �! " ��� �	� ��
 , AND PERCENTAGE OF MAXIMUM POTENTIAL SPEEDUP ACHIEVED (i.e.,

%-MPS� � �������!# �%$ � (+*�*�, ��� � � � ( � ��� 68729;:'1�<����� 6�7 9;:'1�< &
).

We assume(as in [3]) that error is normally distributed4;
hence,the95%con�denceinterval is ')(+* �:�"3 --,0? "%$'& , where
')(+* is the sampleIPC. In other words, for a well-chosen
sample,we can assumeIPC������� ,/. '0(+* 
 ? "%$'& ! '0(+*21
? "%$'&

3
with 95% certainty.

Let 1 + IPC������� 
 ')(+* ; if � IPC������� 
 1 ! IPC������� 1 14$��
� '0(+* 
 �"3 --, ? "%$'& ! ')(+*41 �03 -),0? "%$'& $ , then the relative error
betweenIPC������� and ')(+* is accuratelypredictedby the95%
con�denceinterval. The relative error betweenIPC������� � � � ���
and IPC������� was predictedby every benchmark's respective
95% con�dence intervals (given in Table III) except for
crafty, gap, twolf, and vortex lendian2. However, the 95%
con�denceinterval failed to predictthe relative error between
IPC����	
	���
������9� andIPC������� 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. Perfectlymimicking fullwarmup in this way is further
evidence that MRRL at the 99.9-th percentiledoeswell at
approximatingfullwarmup. In other words,MRRL ��� ����� does
well at eliminatingnonsamplingerror.

In contrast,consider the IPC!."���
������9� samplemeansof
facerec and galgel. While the 95% con�dence interval of
fullwarmupandMRRL ��� ����� successfullypredict their relative
error deviation from IPC������� , nowarmupdoesnot. This evi-

4The assumptionof normality is safesincethe samplescontain50 clusters
apiece.Samplesthatdraw 30 or fewer elementsfrom a populationwould use
the Student's-t distribution [18] with 576  ��!8 �
� � $ � degreesof freedom.

dencecon�rms our hypothesisthat their respective -10.46%
and-14.99%percent-errordeviationsfrom the IPC����	
	���
������9�
samplemeansaresigni�cant.

C. Acceleration: MRRL versusfullwarmup
Before discussingMRRL's accelerationcapability, it is im-
portant to discuss the optimality of nowarmup's runtime.
Since nowarmupdoes not model any pre-clustercache or
branchpredictorinteractions,nowarmupsimulationshave no
warm phase,only cold and hot. Becausethe cold phase
modelsa propersubsetof the activity modeledin the warm
phase,eliminating the warm phasereducesexecutiontime to
its absoluteminimum under the three-phasecold–warm–hot
simulationstrategy describedin SectionIII.

Sincenowarmupsimulationtime is the minimum possible
simulationtime it alsorepresentstheper-benchmarkmaximum
potential speedupfrom warmup. Table IV shows that these
potential speedupsrangedfrom 32.31% for gzip graphic to
59.84% for fma3d, of each benchmark's fullwarmup run-
ning time: � � �8�  � ��� 68729;:'1�<� /214353 68729;:'1�< . Both the MRRL ��� ����� simu-
lation time reductionsrelative to fullwarmup, and as a per-
centageof the maximum potential speedup( �������  � ��
� (+*�*�, � � � ��� - � ��� 68729;:'1�<� ��� 68729;:'1�< � ) aregiven in TableIV. In otherwords,
Table IV shows not only the MRRL ��� ����� 's reductionrelative
to fullwarmup, but also how close to the maximumpossible
speedupeachMRRL ��� ����� simulation was able to come (the
higher the percentagethe better).

MRRL ��� ����� 's achievedpotentialspeedupfor all benchmarks
is respectable,averaging90.62%of themaximum,andranging



from 88.55%for vpr routeto 97.51%for apsi. Thesetranslate
into running times of only 39.75%and 59.56%,respectively
of the time taken to simulatevia fullwarmup.

VII. Conclusionsand Future Work
Memory referencereuselatency analysisis a usefultechnique
that can be used to reduce the running times of sampled
simulationsby reducingthe amountof time spentwarming
up simulatedcacheandbranchpredictorstateduring the sim-
ulationphaseprecedingeachsamplecluster. By measuringthe
reuselatency (in numberof instructions)betweenconsecutive
accessesto eachmemoryaddress,we candiscover the mem-
ory referencereuselatency that correspondsto an arbitrary
percentile:MRRL � . This MRRL � is usedto determinethe
amount of warmup to perform during inter-cluster regions.
To make simulation as rapid as possible,cold mode uses
aggressive low-detail simulation, updating only architected
state; in warm mode, memory referenceinteractionswithin
the cachehierarchyand branchinstruction interactionswith
the branchpredictorare also modeled.At the conclusionof
the warm mode, cache and branch predictor state will be
accuratelyestablished,allowing the subsequenthot mode to
simulatein cycle-accuratedetail without imprecisionarising
from cold-startbias,which canreduceaccuracy.

Ourresultsshow that,usedin conjunctionwith randomclus-
ter sampling,MRRL doesnot compromiseaccuracy. For the
SPECCPU2000benchmarkstested,thepercent-errorbetween
IPC����	
	���
������9� andIPC������� � � � ��� averagedlessthan1%, and
was shown to be statistically insigni�cant for MRRL ��� ����� in
that all but four of the benchmarks'95% con�denceintervals
predictedthe observed error from IPC������� . Additionally, the
fullwarmup simulations of the same four benchmarksalso
failed to predict the observed error. Since fullwarmup is
imperviousto nonsamplingerror due to cold-startbias, this
implies that the failure of both MRRL ��� ����� and fullwarmup
to predict the observed error is attributableto samplingerror
and that MRRL ��� ����� accomplishesour objective of reducing
nonsamplingerror. Thus,we concludethatMRRL at the99.9-
th percentilemimicks fullwarmup well. MRRL ��� ����� 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 accuratelyestimates
the cachemiss rate and branchmispredictionrate from the
sampleclusters.Currently under investigationis the use of
hypothesistestingto demonstratethat the differencebetween
IPC����	
	���
������9� andIPC� ������� is statisticallyinsigni�cant for
someMRRL percentile � . In particular, we will implement
a matched-pairs 3 -test, pitting the per-cluster IPCs of each
benchmarkagainsteachotherfor fullwarmupsimulationsand
MRRL � simulations.In preliminary experimentswe com-
putedfrom thematchedpairs,a setof differenceswhich were
then used to calculatea 3 -scorebasedon the differenceof
the means,the standarderror of the means,andtheir Pearson

product-momentcorrelationcoef�cient [20], thus:

3 + ��� 
 ����
-��� 1 -��� 
 1�4	�
� - � - �

where ��� 
 ��� is the difference of the fullwarmup and
MRRL � means,- � and - � are the standarderrors among
the fullwarmup and MRRL � cluster IPCs5, and 4��
� is the
Pearsonproduct-momentcorrelationcoef�cient betweenthe
fullwarmupandMRRL � clusterIPCs.(This is necessarybe-
causewe aremeasuringtheeffectsof testedwarmupstrategies
asdifferent“treatments”of thesamesamplepopulation[20].)
This is thenrepeatedfor fullwarmupandnowarmup.

At the 5% level of signi�cance, for instance,the critical
value6 for our 50-cluster-sampleexperimentsis 2.0096.Table
V lists the 3 -scoresof thebenchmarkscalculatedby pairingthe
clusterIPCsfrom fullwarmupandMRRL ��� ����� , andby pairing
theclusterIPCsfrom fullwarmupandnowarmup. Theseearly
resultsarevery promisingandquantitatively insightful. Recall
from SectionVI-A, the relatively large 3.9% error between
IPC��������� � � ��� andIPC��� 	�	���
���� �9� for fma3d. We qualitatively
concludedthatsincetheabsoluteerrorwasverysmall (0.021),
that thepercent-errorwasinsigni�cant. TableV quantitatively
con�rms this sincethe fma3d 3 -scoreis lessthan the critical
valueaforementioned;thus,for fma3d, thedifferencebetween
IPC��������� � � ��� andIPC��� 	�	���
���� �9� is statisticallyinsigni�cant
at the 5% level.

At � + ��3 -.-#- only two benchmarks—twolf and vor-
tex lendian2—fail for MRRL ��� ����� at the 5% level of signi�-
cance.(Contrastthis to nowarmup, for which eleven bench-
marksfail.) We point out however, that while the MRRL ��� �����
3 -scoresfor twolf andvortex lendian2imply that thedeviation
from IPC����	
	���
������9� is statistically signi�cant, the absolute
differenceof both (IPC����	
	���
������9�8
 IPC��������� � � ��� ) is only
0.001. It remainsan openquestion,what thresholdvalue of
� (e.g., �/+ � 3 -#-#-.- , �/+ ��3 -.-#-#-.- , ...) 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 areavailableat the Laboratoryfor ComputerArchi-
tectureat Virginia Web site at http://lava.cs.virginia.edu/.
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