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Abstract

Computer architects and designers rely heavily on simulation. The downside of sim-
ulation is that it is very time-consuming — simulating an industry-standard benchmark
on today’s fastest machines and simulators takes several weeks. A practical solution to
the simulation problem is sampling. Sampled simulation selects a number of sampling
units out of a complete program execution and only simulates those sampling units in
detail. An important problem with sampling however is the microarchitecture state at
the beginning of each sampling unit. Large hardware structures such as caches and
branch predictors suffer most from unknown hardware state. Although a great body of
work exists on cache state warmup, very little work has been done on branch predictor
warmup.

This paper proposes Branch History Matching (BHM) for accurate branch predic-
tor warmup during sampled simulation. The idea is to build a distribution for each
sampling unit of how far one needs to go in the pre-sampling unit in order to find the
same static branch with a similar global and local history as the branch instance ap-
pearing in the sampling unit. Those distributions are then used to determine where to
start the warmup phase for each sampling unit for a given total warmup length budget.
Using SPEC CPU2000 integer benchmarks, we show that BHM is substantially more
efficient than fixed-length warmup in terms of warmup length for the same accuracy.
Or reverse, BHM is substantially more accurate than fixed-length warmup for the same
warmup budget.

1 Intr oduction

Architecturalsimulationsareextensively usedby computerarchitectsanddesignersfor
evaluatingvariousdesigntradeoffs.Unfortunately,architecturalsimulationisverytime-
consuming.Evenon today's fastestmachinesandsimulators,simulatingan industry-
standardbenchmarkeasilytakesseveralweeksto run to completion.As such,simulat-
ing entirebenchmarkexecutionsis infeasiblefor exploring hugemicroarchitecturede-
signspaces.Therefore,researchershave proposedsampledsimulation[1,2,3,4]. Sam-
pledsimulationtakesa numberof socalledsamplingunitsthataresimulatedin detail.
Statisticsor appropriateweightingis thenappliedto thesimulationresultsof thevarious
samplingunitsfor predictingtheperformanceof theoverallbenchmarkexecution.

An importantissuewith sampledsimulationis the microarchitecturestateat the
beginningof eachsamplingunit, i.e., themicroarchitecturestateat thebeginningof a



samplingunit is unknown duringsampledsimulation.This is well known in thelitera-
tureasthecold-startproblem.A solutionto thecold-startproblemis to warmupvarious
microarchitecturestructuresprior to eachsamplingunit. A large amountof work has
beendoneon cachestructurewarmup.However, theamountof work doneon branch
predictorwarmupis very limited.

This paperproposesBranch History Matching (BHM) asa novel branchpredictor
warmupmethod.Thebasicideais to inspectthepre-samplingunit, i.e., theinstructions
in thedynamicinstructionstreamprior to thesamplingunit, for branchinstancesof the
samestaticbranchwith similarglobalandlocalhistoriesasthebranchinstancesin the
samplingunit. A BHM distribution is thenbuilt for all samplingunits that quanti�es
the locality in the branchexecutionstreamtaking into accountboth the global and
local historiesof the branches.As a �nal step,theappropriatewarmuplengthis then
determinedfor eachsamplingunit takinginto accounttheBHM distributionsaswell as
thetotal warmupbudget.In otherwords,thetotal warmupbudgetis distributedacross
thevarioussamplingunitsaccordingto theBHM distribution.Samplingunitsthatshow
goodlocality aregivena smallwarmuplength;samplingunits thatshow poor locality
aregivena largerwarmuplength.

BHM is microarchitecture-independent, i.e., thewarmuplengthsarecomputedonce
andarethenreusedacrossbranchpredictorsduringdesignspaceexploration.An ap-
pealingway of usingBHM in practicefor sampledprocessorsimulationis to use(i)
checkpointedsampling[5,6] maintainingreducedcheckpointsof architecturestate(reg-
istersandmemory)alongwith (ii) checkpointedcachewarmup[5,7,8,9] and(iii) com-
pressedbranchtraces[10] that arereducedthroughBHM. In otherwords,insteadof
having branchtracesof full benchmarkexecutionsasproposedin [10], BHM limits the
lengthof thecompressedbranchtraces.Thiswouldresultin areductionin requireddisk
spaceaswell asa reductionin overall simulationtime while pertainingtheadvantage
of compressedbranchtracesof beingbranchpredictorindependent.

Thispapermakesthefollowing contributions:

– First, we show that branchpredictorwarmupis an issuewhen it comesto guar-
anteeinganaccuratehardwarestateat thebeginningof a samplingunit. We show
that for small samplingunit sizes,branchpredictorwarmupis requiredin order
to achieve anaccurateestimateof thehardwarestateat thebeginningof thesam-
pling unit. We provide resultsshowing that even for (fairly large) 1M instruction
samplingunitsbranchpredictorwarmupis required.

– Second,we proposeBranchHistory Matching(BHM) asa novel branchpredic-
tor warmupapproach.Using the SPECCPU2000integer benchmarksand10K-
instructionsamplingunits,we show that BHM is 39% moreaccuratethan�x ed-
lengthwarmupfor thesamewarmuplength.Or reverse,BHM achievesthesame
accuracy as�x ed-lengthwarmupwith a1.6X shorterwarmuplength.Comparedto
MRRL, BHM is 87%moreaccurate.

Thispaperis organizedasfollows.We�rst revisit sampledsimulationandcoverthe
mainissuesrelatedto sampledsimulation.We thenpresentBHM asa branchpredictor
warmupmethod.We subsequentlyevaluateBHM andcompareit against�x ed-length
warmupandMRRL. And �nally , we conclude.



2 Sampledsimulation background

In sampledsimulation,a numberof samplingunitsarechosenfrom a completebench-
mark execution.Thosesamplingunits are thensimulatedin detail; the pre-sampling
units,i.e., theinstructionsprior to agivensamplingunit, areskipped.Theperformance
of the completebenchmarkis thenestimatedby simply aggregatingor weightingthe
performancenumbersfrom thevarioussamplingunits.

Therearebasicallythreeissueswith sampledsimulation.First, thesamplingunits
needto bechosenin suchawaythatthesamplingunitsarerepresentativefor theentire
programexecution.Variousauthorshave proposedvariousapproachesfor achieving
this, suchas randomsampling[1], periodic samplingas done in SMARTS [3] and
targetedsamplingbasedonprogramphasebehavior asdonein SimPoint[2].

Thesecondissueis how to get to thosesamplingunits. In otherwords,thearchi-
tecturestate(registerandmemorystate)needsto bereconstructedsothatall sampling
unitscanbefunctionallysimulatedin acorrectway. Thiscanbeachievedthroughfast-
forwardingor (reduced)checkpointing[5,9]. Checkpointingis especiallybene�cial for
theparallelsimulationof samplingunits[11,12].

Thethird issuewith sampledsimulationis to estimatethemicroarchitecturestateat
the beginningof eachsamplingunits.The microarchitecturestructuresthat suffer the
mostfrom the cold-startproblemarecachestructuresandbranchpredictors.We will
discusswarmupapproachestailoredtowardsthesetypesof hardwarestructuresin the
following two subsections.

2.1 Cachewarmup

Given the fact that cacheshave the largeststatein a microprocessor, they are likely
to suffer the most from inaccuratemicroarchitecturewarmup. In fact, most of the
prior researchon thecold-startproblemhasbeendoneon cachewarmup.Variousap-
proacheshave beenproposedsuchasno warmup,stalestate(alsocalledstitch) [13],
�x edwarmup[1], cachemissrateestimators[14], no-state-loss[12,15], minimal sub-
setevaluation(MSE) [16], memoryreferencereuselatency (MRRL) [17], boundary
line reuselatency (BLRL) [8,18], self-monitoredadaptive cachewarmup(SMA) [19],
memoryhierarchystate(MHS) [5], memorytimestamprecord(MRT) [7], etc.

2.2 Branch predictor warmup

Comparedto theamountof work doneoncachewarmup,verylittle work hasbeendone
onbranchpredictorwarmup.

The�rst paperdealingwith branchpredictorwarmupwasby Conteet al. [1]. They
proposedtwo approachesto branchpredictorwarmup,namelystalestateand �x ed-
lengthwarmup.Stalestate(or stitch) meansthat thebranchpredictorstateat theend
of theprevioussamplingunit servesasanapproximationfor thebranchpredictorstate
at thebeginningof thecurrentsamplingunit. An importantdisadvantageof stalestate
is that it serializesthe simulationof the varioussamplingunits, i.e., it is impossible
to simulatethe currentsamplingunit without having �nalized the simulationof the



previous samplingunit. Fixed-lengthwarmupis a simple-to-implementmethodthat
achievesgoodaccuracy if suf�ciently long warmuplengthsarechosen.

ThesecondpapermentioningbranchpredictorwarmupisbyHaskinsandConte[17,20]
in which they proposememoryreferencereuselatency (MRRL). Theideaof MRRL is
to look in the pre-samplingunit how far one needsto go in order to encounterthe
samestaticbranchastheonein thesamplingunit. MRRL computesthereuselatency,
i.e., the numberof instructionsbetweenthe branchinstancein the pre-samplingunit
andtheonein thesamplingunit, for all branchinstancesin thepre-samplingunit and
samplingunit. For a giventargetcumulative probability, for example99.5%,it is then
determinedwherewarmupshouldstart in the pre-samplingunit. During this warmup
period,thebranchpredictoris warmedupbut nomispredictionratesarecomputed.

A numberof papershave proposedcheckpointedsamplingtechniques[5,7,9] in
which the architecturestateis storedon disk, asmentionedabove. Thesetechniques
typically usecheckpointedmicroarchitecturewarmingfor warmingcachestate,suchas
memorytimestamprecord[7], live-points[9] andmemoryhierarchystate(MHS) [5].
They suggestto storethebranchpredictorstateaspartof themicroarchitecturestatefor
thevariousbranchpredictorsonemaybeinterestedin duringdesignspaceexploration.
This canbespace-inef�cient in casemultiple branchpredictorsneedto bestored,and
in addition,it preventsfrom simulatinga branchpredictorthat is not containedin the
microarchitecturewarmup.

For addressingthis problem,Barr and Asanovic [10] proposeto employ branch
tracecompression.They storea compressedbranchtraceon disk and upon branch
predictorwarmingthey simply decompressthe compressedbranchtraceandusethe
decompressedtracefor branchpredictorwarming.This approachis branchpredictor
independentand can be usedto warm any branchpredictorduring sampledsimula-
tion. The branchtracecompressionschemeby Barr andAsanovic [10] however does
not addressthe issueof how far oneneedsto go backin the pre-samplingunit. They
assumethat the entire branchtracefrom the beginning of the benchmarkexecution
up to the currentsamplingunit needsto be compressedanddecompressed.This can
betime-consumingin practice,especiallyfor samplingunitsdeepdown thebenchmark
execution.BHM asproposedin thispapercanbeusedto cutdownthebranchtracesthat
needto becompressed.This savesbothdisk spaceandsimulationtime,while keeping
thebene�t of thewarmupapproachto bebranchpredictorindependent.

3 The needfor branch predictor warmup

Branch predictorsneedto be warmedup during sampledsimulation.This is illus-
tratedin Figure 1 wherethe numberof branchmispredictionsper thousandinstruc-
tions(MPKI) is shown for gcc for four samplingunit sizes:10K, 100K, 1M and10M
instructionsamplingunit sizes.Notethis is in therangeof samplingunitsusedin con-
temporarysampledsimulationenvironmentssuchasSMARTS[3,9] (samplingunit size
of 10K instructions)andSimPoint[2,5,21] (samplingunit sizesfrom 1M to 100M in-
structions).Eachgraphshows theMPKI for four (fairly aggressive)branchpredictors:
a 128Kbitgsharepredictor, a 256Kbit local predictor, a128Kbitbimodalpredictorand
a192Kbithybridpredictor— moredetailsabouttheexperimentalsetupandthebranch
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Fig.1. No warmup,stalestateandperfectwarmupMPKI resultsfor gcc and4 branchpredictors
and4 samplingunit sizes.

predictorsaregiven in section5. The variousbarscorrespondto variousbranchpre-
dictor warmupstrategies:no warmup,stalestateandperfectwarmup.Theno warmup
approachassumesan initialized branchpredictorat the beginningof a samplingunit,
i.e., thebranchpredictorcontentis �ushedatthebeginningof thesamplingunit — two-
bit saturatingcountersin adjacententriesareinitializedin alternatè01' `10' states.The
stalestateapproachassumesthatthebranchpredictorat thebeginningof thesampling
unit equalsthe branchpredictorstateat the endof the previous samplingunit. Note
that thestalestateapproachassumesthatsamplingunitsaresimulatedsequentially—
thisexcludesparallelsampledsimulation.Theperfectwarmupapproachis anidealized
warmupscenariowherethe branchpredictoris perfectlywarmedup, i.e., the branch
predictorstateat the beginning of the samplingunit is the stateas if all instructions
prior to thesamplingunit weresimulated.

Figure1 clearlyshows that theno warmupandstalestateapproachesfail in being
accurate,especiallyfor smallsamplingunit sizes.For examplefor 10K instructionsam-
pling units, the �M PK I canbe very high for bothno warmupandstalestate.Even
for 1M instructionsamplingunits,theerrorcanbesigni�cant, morethan1.5�M PK I
for theno warmupstrategy andthegsharepredictor. Note that theerror variesacross
branchpredictors.Theerroris typically higherfor thegsharepredictorthanfor thebi-
modalpredictor, which is to beunderstoodintuitively, thereasonbeingthefactthatthe
XOR hashingin thegsharepredictortypically resultsin moreentriesbeingaccessedin
thebranchpredictortablethanthebimodalpredictordoes.
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Fig.2. An exampleillustratinghow thecumulativeBranchHistoryMatchingdistributionis com-
puted.

As a result of the non-uniformwarmuperror acrossbranchpredictors,incorrect
designdecisionsmay be taken.For example,usingthe no warmupapproach,a com-
puter architectwould concludethat the local predictorachievesa betteraccuracy (a
lower MPKI) thanthe gsharepredictor. This is the casefor 10K, 100K andeven 1M
instructionsamplingunits.However, thisconclusionis justanartifactof theinadequate
warmupapproach.Perfectwarmupshows thatthegsharepredictoroutperformsthelo-
cal predictor. The stalestatewarmupapproachonly solves this problemfor the 1M
instructionsamplingunit, however, it doesnot solve theproblemfor smallersampling
unit sizesandit cannotbeusedfor parallelsampledsimulation.

4 Branch History Matching

This paperproposesBranch History Matching (BHM) as a novel branchpredictor
warmupapproach.ComputingthebranchpredictorwarmuplengththroughBranchHis-
tory Matching(BHM) is donein two steps.First,wecomputetheBHM distributionfor
all samplingunits. In a secondphase,we thendeterminethewarmuplengthfor each
samplingunit for a giventotal warmuplengthbudgetusingtheBHM distributionsfor
all samplingunits.

4.1 Computing the BHM distribution

ComputingtheBHM distribution for agivensamplingunit is illustratedin Figure2. At
thetopof Figure2, asamplingunit alongwith its pre-samplingunit is shown. Thebul-
lets representa singlestaticbranchbeingexecutedmultiple timesin thepre-sampling



unit aswell asin thesamplingunit. Instructionswith labels`1' thru `6' arepartof the
pre-samplingunit; instructionslabeled`7', `8' and`9' arepartof thesamplingunit. A
white bullet representsa non-takenbranch;a black bullet shows a taken branch.Fig-
ure 2 alsoshows the global andlocal history for eachdynamicinstanceof the given
staticbranch;theexampleassumesthreeglobalhistorybitsandthreelocalhistorybits.
Note that the most recentbranchoutcomeis shifted in on the right handsideof the
history register;for example,a non-takenbranchchangesthe local history from `011'
to `110'.

In orderto computethe BHM distribution, we �rst computethe BHM histogram.
TheBHM histogramis computedby scanningall thebranchinstancesin thesampling
unit andproceedsasfollows.

– Searching the sampling unit. We �rst determinewhetherthereis a perfectmatch
for the local andglobal history of the given branchinstancein the samplingunit
versusthe local andglobal historiesof all the precedingbranchinstancesof the
samestaticbranchin thesamplingunit. A perfectmatchmeansthatboththelocal
andglobal historiesareidentical for the two respective branchinstances.For the
examplegivenin Figure2, the local andglobalhistoriesof branchinstancè 9' in
thesamplingunit show a perfectmatchwith thelocalandglobalhistoryof branch
instancè 7' in thesamplingunit. This caseincrementsthecountfor d = 0 in the
BHM histogram.

– Searching the pre-sampling unit. In casethereis noperfectmatchwith apreceding
branchinstancein thesamplingunit, we searchthepre-samplingunit for themost
recentbranchinstancethatshows thehighestmatchwith the local andglobalhis-
tory for thegivenbranchinstance.This is doneby computingtheBranchHistory
MatchingScore(BHMS) betweenthegivenbranchinstancein thesamplingunit
with all thebranchinstancesof thesamestaticbranchin thepre-samplingunit.The
BHMS betweentwo branchinstancesis computedasthe numberof bit positions
that are identicalbetweenthe local andglobal historiesof the respective branch
instances.Whencomputingthe numberof identicalbit positionswe count from
themostrecentbit to the leastrecentbit andwe stopcountingassoonasthereis
disagreementfor a givenbit, i.e., we countthematchingmostrecenthistorybits.
Thisdonefor boththeglobalandlocalhistories;theoverallBHMS thenis thesum
of theglobalandlocal BHMSs.ComputedBHMSsareshown in Figure2 for the
�rst andsecondbranchinstancesof thesamplingunit. For example,theBHMS for
branchinstancè 8' with relationto branchinstancè 4' equals4, i.e., 2 (compare
global histories`011' versus`111') plus 2 (comparelocal histories`101' versus
`001').
The �rst branchinstance(with label `7') achievesa perfectmatch(BHMS equals
6) for thebranchinstancewith label `5'. The ideais thento updatetheBHM his-
togramre�ecting thefact that in orderto have anaccuratewarmupfor instruction
`7' weneedto gobackto instruction`5' in thepre-samplingunit. For thispurpose,
the BHM histogramis incrementedat distanced1 with `d1' beingthe numberof
instructionsbetweenthe branchinstancewith label `5' and the beginning of the
samplingunit — this is to saythatbranchpredictorwarmupshouldstartat branch
instruction`5'. For thesecondbranchinstance(with label`8') in thesamplingunit,



/* this function computes the current warmup length */
int current_warmup_length (int* d) {
for (i = 0; i < n; i++)

sum += d[i];
return sum;

}

/* main algorithm */

/* initialize warmup length for each sampling unit */
for (i = 0; i < n; i++)
d[i] = 0;

/* iterate as long as the user defined total warmup length L_w is not reached */
while (current_warmup_length (d) < L_w) {

/* find the sampling unit max_j that faces the maximum slope */
max_prob = 0.0;
max_i = -1;
for (i = 0; i < n; i++) {

if ((P[i][d[i] + b] - P[i][d[i]])/b > max_prob) {
max_prob = (P[i][d[i] + b] - P[i][d[i]])/b;
max_i = i;

}
}

/* update warmup length for sampling unit facing the maximum slope */
d[max_i] += d[max_i] + b;

}

Fig.3. Thealgorithmin pseudocodefor determiningthewarmuplengthpersamplingunit using
BHM distributions.

the highestBHMS is obtainedfor the branchinstancewith label `6'; the number
of instructionsbetweenthatbranchinstanceandthesamplingunit startingpoint is
denotedasd2 in Figure2. We thenincrementtheBHM histogramat distanced2.

Dividing theBHM histogramwith thenumberof branchinstancesin thesampling
unit, we thenobtaintheBHM distribution.Figure2 showsthecumulativeBHM distri-
butionfor thegivensamplingunit: sincetherearethreebranchinstancesin ourexample
samplingunit, thecumulativedistributionstartsat 1=3 for distanced = 0, reaches2=3
at distanced = d2 and�nally reaches1 at distanced = d1.

4.2 Determining warmup length

OncetheBHM distributioniscomputedfor eachsamplingunitwedeterminethewarmup
lengthpersamplingunit for agiventotalwarmuplengthbudget.Thegoalis to partition
agivenwarmuplengthbudgetoveranumberof samplingunitssothataccuracy is max-
imized.In otherwords,samplingunitsthatdonot requiremuchwarmup,aregranteda
smallwarmuplength;samplingunitsthatrequiremuchmorewarmuparegivenamuch
largerwarmuplength.

The algorithmfor determiningthe appropriatewarmuplength per samplingunit
worksasfollows,seealsoFigure3 for thepseudocodeof thealgorithm.We startfrom
n BHM distributions,with n being the numberof samplingunits. In eachiteration,
we determinethesamplingunit i out of then samplingunits that facesthemaximum



predictorcon®guration

gshare 16-bit historygsharepredictor, 128Kbit total state
local 16-bit localpredictor, 8K entriesat ®rst level, 64K entriesatsecondlevel

256Kbit total state
bimodal 64K-entrybimodalpredictor, 128Kbit total state
hybrid hybridpredictorconsistingof a32K-entrybimodalpredictor, a 15-bit history

gsharepredictoranda 32K-entryPC-indexedmetapredictor;192Kbit total state
Table 1. Thebranchpredictorsconsideredin thispaper.

slopein the BHM distribution. This meansthat the samplingunit i (calledmax i in
the pseudocodein Figure3) is determinedthat maximizesthe slope P i (di + b) � P i (di )

b ,
with Pi (d) beingtheprobabilityfor distanced in thecumulativeBHM distribution for
samplingunit i , anddi beingthewarmuplengthgrantedto samplingunit i in thecurrent
stateof thealgorithm.For thesamplingunit i thatmaximizestheslope,weincreasethe
grantedwarmuplengthdi to di + b. This algorithmis iterateduntil the total warmup
lengthoverall samplingunitsequalsa user-de�ned maximumwarmuplengthL w , i.e.,P n

i =1 di = L w . By doingso,weeffectively budgetwarmupto samplesthatbene�t the
mostfrom thegrantedwarmup.

Note that this algorithmis only onepossibledesignpoint in BHM warmup.More
in particular, this algorithmheuristicallydeterminesto increasethewarmuplengthfor
thesamplingunit thatfacesthemaximumslopein theBHM distribution.Thealgorithm
doesnottakeinto accountthedistanceoverwhichthisslopeis observed;takingthisdis-
tanceinto accountfor determiningappropriatewarmuplengthswouldbeaninteresting
avenuefor futurework though.

4.3 Discussion

Most branchpredictorsin the literatureaswell as in today's commercialprocessors
usea global and/orlocal branchhistory. BecauseBHM is also basedon global and
local branchhistory matching,it is to be expectedthat BHM will be an appropriate
warmuptechniquefor mostbranchpredictorsconsideredtoday. However, somebranch
predictorsproposedin theliteraturearepath-basedanduseasequenceof recentbranch
addressesasthebranchhistory. In this paperthough,we limit ourselvesto branchpre-
dictorsthatarebasedonglobalandlocalbranchhistories.However, aspartof ourfuture
work, we will furtherevaluateBHM for a broaderrangeof branchpredictorsthanthe
onesusedin this paper.

5 Experimental setup

We useSPECCPU2000integer benchmarkswith referenceinputsin our experimen-
tal setup.We includeall integer benchmarksexcept for perlbmk becauseits branch
mispredictionrateis very low; in fact,no warmupis very accuratefor perlbmk. The
binarieswhichwerecompiledandoptimizedfor theAlpha21264processor, weretaken
from theSimpleScalarwebsite.All measurementspresentedin this paperareobtained
usingthebinaryinstrumentationtool ATOM [22]. Thebranchpredictorsconsideredin



thispaperareshown in Table1. Weconsiderfour fairly aggressivebranchpredictors:a
gsharepredictor, a localpredictor, a bimodalpredictorandahybridpredictor[23,24].

Our primary metric for quantifyingthe accuracy of the branchpredictorwarmup
approachesproposedin this paperis �M PK I which is de�ned asthe absolutedif-
ferencebetweenthenumberof missesperthousandinstructionsunderperfectwarmup
(M PK I perfect) versusthenumberof missesperthousandinstructionsunderthegiven
branchpredictorwarmupapproach(M PK I warmup). In other words, �M PK I =
kM PK I warmup � M PK I perfectk and thus the smaller�M PK I , the better. Our
secondmetric,next to accuracy, is warmuplengthwhich is de�ned asthe numberof
instructionsrequiredby thegivenwarmuptechnique.Likewise,thesmallerthewarmup
length,thesmallerthetotal simulationtime, thebetter.

6 Evaluation

We now evaluatethe accuracy andwarmuplengthof BHM comparedto �x ed-length
warmup;section6.1coversaccuracy andsection6.2coverswarmuplength.Throughout
this evaluationwe considera samplingunit size of 10K instructions.The reasonis
that,asmentionedin section3, smallsamplingunit sizessuffer mostfrom the lack of
warmup;small samplingunit sizeswill stressour warmupapproachthemost.All the
resultspresentedin this paperarefor 50samplingunits.

Further, we assumethat the numberof global andlocal history bits equals16 for
theBHM approachin sections6.1 and6.2.Section6.3 thenstudiesthe impactof the
BHM historylengthonaccuracy andwarmuplength.

6.1 Accuracy

Comparisonagainst�xed-length warmup. Figure4 evaluatestheaccuracy of BHM
comparedto �x ed-lengthwarmup.Bothwarmuptechniquesarebudgeteda1M warmup
lengthper samplingunit, i.e., both warmuptechniquesusethe samewarmuplength.
The four graphsin Figure 4 representfour different branchpredictors,namely the
gshare,local, bimodal and hybrid branchpredictors.The �M PK I s are shown for
bothwarmuptechniques.WeobservethatBHM substantiallyoutperforms�x ed-length
warmup.Over all four branchpredictors,the average�M PK I decreasesfrom 0.48
(under�x ed-lengthwarmup)to 0.29(underBHM) which is 39%moreaccurate.

ComparisonagainstMRRL. Figure5 comparesBHM againstMRRL. As mentioned
before,MRRL lookshow faroneneedsto gobackin thepre-samplingunit for encoun-
teringbranchinstancesof thesamestaticbranchfor all branchinstancesin thesampling
unit. Theresultsin Figure5 show thatBHM clearlyoutperformsMRRL. Overall four
branchpredictors,the average�M PK I decreasesfrom 2.13(underMRRL) to 0.29
(underBHM) which is 87%moreaccurate.The importantdifferencebetweenMRRL
andBHM is thatBHM, in contrastto MRRL, takesinto accountbranchhistories;this
resultsin signi�cantly moreaccuratebranchpredictorstatewarmupfor BHM compared
to MRRL. NotethatMRRL alsoperformsworsethan�x ed1M warmup,compareFig-
ure4 againstFigure5. Thereasonis that,becauseof thefactthatMRRL doesnot take



gshare predictor

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

1.6

b
z
ip

2

c
ra

ft
y

e
o
n

g
a
p

g
c
c

g
z
ip

m
c
f

p
a
rs

e
r

tw
o
lf

v
o
rt

e
x

v
p
r

a
v
g

D
M

P
K

I

fixed 1M

BHM 1M

local predictor

0.0

0.5

1.0

1.5

2.0

2.5

b
z
ip

2

c
ra

ft
y

e
o
n

g
a
p

g
c
c

g
z
ip

m
c
f

p
a
rs

e
r

tw
o
lf

v
o
rt

e
x

v
p
r

a
v
g

D
M

P
K

I

fixed 1M

BHM 1M

bimodal predictor

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

b
z
ip

2

c
ra

ft
y

e
o
n

g
a
p

g
c
c

g
z
ip

m
c
f

p
a
rs

e
r

tw
o
lf

v
o
rt

e
x

v
p
r

a
v
g

D
M

P
K

I

fixed 100K

BHM 100K

hybrid predictor

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

b
z
ip

2

c
ra

ft
y

e
o
n

g
a
p

g
c
c

g
z
ip

m
c
f

p
a
rs

e
r

tw
o
lf

v
o
rt

e
x

v
p
r

a
v
g

D
M

P
K

I

fixed 1M

BHM 1M

Fig.4. �M PK I resultsfor ®xed1M warmupandBHM for thegshare,local,bimodalandhybrid
branchpredictors.
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Fig.5. �M PK I resultsfor MRRL andBHM for thegshare,local, bimodalandhybrid branch
predictors.For MRRL, we considerall branchinstancesin thesamplingunit, hencethe`MRRL
100%' labels.)
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Fig.6. Average�M PK I over thefour branchpredictorsasa functionof warmuplengthfor the
®xed-lengthwarmupapproachcomparedto BHM 1M.

into accountbranchhistory, MRRL is unableto comeup with long enoughwarmup
lengthsfor accuratelywarmingup thebranchpredictors.The averagewarmuplength
throughMRRL is only 200K instructionsper samplingunit; accordingto our results,
muchlargerwarmuplengthsarerequiredto accuratelywarmupbranchpredictors.

6.2 Warmup length

In orderto quantify thereductionin warmuplengththroughBHM comparedto �x ed-
lengthwarmup,we have measuredtheaverage�M PK I over thefour branchpredic-
torsasa functionof warmuplength,seeFigure6. Theaverage�M PK I is shown for
�x ed-lengthwarmupwith thewarmupbudgetvaryingbetween1M and2M instructions
persamplingunit. The�M PK I for BHM with a1M warmuplengthbudgetpersam-
pling unit is shown on theright. We observe that �x ed-lengthwarmupachievesabout
thesameaccuracy asBHM for awarmuplengthof 1.6Minstructionspersamplingunit.
In otherwords,BHM with a1M warmupbudgetpersamplingunit resultsin a1.6X re-
ductionin warmuplengthcomparedto �x ed-lengthwarmupwhile achieving thesame
accuracy.

Figure7 shows MPKI versuswarmuplengthfor thegcc benchmarkandthe four
branchpredictors.Note that the horizontalaxes are shown on a log scale.The two
curvesin eachgraphrepresent�x ed-lengthwarmupandBHM warmup,respectively;
andthevariouspointsin thesecurvesrepresentdifferentwarmupbudgets.This graph
clearlyshowsthatBHM achievesthesameaccuracy with substantiallyshorterwarmup
lengths,or reverse,BHM achievesbetteraccuracy for thesamewarmuplength.

6.3 Impact of BHM history length

Note that the amountof branchhistory usedby threeof the four branchpredictors,
namelythe gshare,local andhybrid predictors,equals16 bits. The numberof BHM
history bits usedfor computingthe warmuplengthalsoequals16 bits. The question
however is how sensitiveBHM'saccuracy is to theBHM historylength.
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Figure8 exploresthe impactof the BHM history length.The average�M PK I
over all benchmarksis shown on the vertical axis versusthe warmuplength on the
horizontalaxis.The� vecurvesrepresentthe� vebranchpredictors.Thedifferentpoints
on eachcurve representdifferentBHM history lengths.We varied the BHM history
lengthfrom 0, 2, 4, 8 to 16; whenvarying the history lengthwe simultaneouslyvary
theglobal andlocal BHM history lengths.A zeroBHM history lengthmeansthatno
global and local history is taken into accountfor building the BHM distribution. In
otherwords,theBHM warmupmethodthensimply looksfor thelastoccurrenceof the
samestaticbranchfor updatingtheBHM distribution. In all of theseexperiments,we
budgeteda warmuplengthto 1M instructionspersamplingunit.

Therearetwo interestingobservationsto bemadefrom this graph.First, accuracy
improvesor �M PK I decreaseswith increasingBHM history lengths.This is to be
expectedbecausethemorehistoryis takeninto account,thebetterBHM will beableto
determinehow far it needsto gobackin thepre-samplingunit for appropriatewarmup.
Second,smallBHM historiesareunableto budgetthewarmuplengthsso that theav-
eragewarmuplengthpersamplingunit effectively equalsthe1M instructionwarmup
budget.For example,a zeroBHM historyonly yieldsslightly morethan200K instruc-
tions of warmupper samplingunit. In other words, it is impossiblefor BHM with
limited history to fully exploit the availablewarmupbudget.By increasingthe BHM
history length,BHM is betterableto approachthetarget1M warmuplengthpersam-
pling unit. (Notethat theMRRL approach[17,20] correspondsto a zeroBHM history
length.)We further observe that an 8 bit anda 16 bit BHM history lengthyields ap-
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Fig.8. Evaluatingtheimpactof theBHM historylengthonaccuracy andwarmuplength.

proximatelythesameaccuracy. Fromthisexperiment,wethusconcludethatin orderto
achieveaccuratewarmupfor branchpredictors,theBHM historylengthneedsto beset
to anappropriatevalue,for example,to themaximumhistorylengthonewould look at
duringthebranchpredictordesignspaceexploration.

7 Conclusion

Sampledsimulationis a well known approachto speedup architecturalsimulations
that areheavily usedby computerarchitectsanddesigners.An importantissuewith
sampledsimulationhowever is thecold-startproblem,i.e., themicroarchitecturestate
is unknown at thebeginningof eachsamplingunit. Althougha greatdealof work has
beendoneon cachestructurewarmup,very little researchhasbeendoneon branch
predictorwarmup.

This paperproposedBranchHistory Matching(BHM) asa novel branchpredictor
warmupmethod.The ideais to analyzethesamplingunit aswell asthepre-sampling
unit for recurringbranchinstancesof thesamestaticbranchwith similarglobalandlo-
calbranchhistories.By doingso,BHM buildsadistributionfor eachsamplingunit that
characterizesthebranchlocality behavior. BHM thenbudgetsits total warmupbudget
to the varioussamplingunits.Samplingunits that arewarmup-sensitive arebudgeted
morewarmup;samplingunits thatarewarmup-insensitive arebudgetedlesswarmup.
Comparedto �x ed-lengthwarmup,BHM achieves betteraccuracy for the sameto-
tal warmupbudget,or reverse,BHM achievesthe sameaccuracy with a shortertotal
warmupbudget.
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