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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

Architecturalsimulationsareextensvely usedby computerarchitectsanddesignersgor
evaluatingvariousdesigntradeofs. Unfortunatelyarchitecturasimulationis very time-
consuming Even on today's fastestmachinesand simulators,simulatingan industry-
standardenchmarleasilytakessereralweeksto runto completion.As such,simulat-
ing entirebenchmarlexecutionsis infeasiblefor exploring hugemicroarchitecturale-
signspacesThereforeresearcherbave proposedsampledsimulation[1,2,3,4. Sam-
pled simulationtakesa numberof socalledsamplingunitsthataresimulatedn detail.
Statisticor appropriateveightingis thenappliedto thesimulationresultsof thevarious
samplingunitsfor predictingthe performancef the overallbenchmarlexecution.

An importantissuewith sampledsimulationis the microarchitecturestateat the
beginning of eachsamplingunit, i.e., the microarchitecturestateat the beginning of a



samplingunit is unknovn during sampledsimulation.This is well known in thelitera-
tureasthecold-startproblem.A solutionto the cold-startproblemis to warmupvarious
microarchitecturestructuresprior to eachsamplingunit. A large amountof work has
beendoneon cachestructurewarmup.However, the amountof work doneon branch
predictorwarmupis very limited.

This paperpropose®ranch History Matching (BHM) asa novel branchpredictor
warmupmethod.Thebasicideais to inspectthe pre-samplinginit, i.e., theinstructions
in thedynamicinstructionstreamprior to the samplingunit, for branchinstance®f the
samestaticbranchwith similar globalandlocal historiesasthe branchinstancesn the
samplingunit. A BHM distribution is thenbuilt for all samplingunits that quanti es
the locality in the branchexecution streamtaking into accountboth the global and
local historiesof the branchesAs a nal step,the appropriatevarmuplengthis then
determinedor eachsamplingunit takinginto accounthe BHM distributionsaswell as
thetotal warmupbudget.In otherwords,the total warmupbudgetis distributedacross
thevarioussamplingunitsaccordingo theBHM distribution. Samplingunitsthatshow
goodlocality aregivena smallwarmuplength;samplingunitsthatshov poorlocality
aregivenalargerwarmuplength.

BHM is microarchitecture-independene., thewarmuplengthsarecomputednce
andarethenreusedacrossbranchpredictorsduring designspaceexploration.An ap-
pealingway of usingBHM in practicefor sampledprocessosimulationis to use(i)
checkpointegampling5,6] maintainingreducedtheckpoint®f architecturestate(reg-
istersandmemory)alongwith (ii) checkpointe¢achewarmup[5,7,8,9] and(iii) com-
pressedranchtraces[10] thatarereducedthroughBHM. In otherwords,insteadof
having branchtracesof full benchmarlexecutionsasproposedn [10], BHM limits the
lengthof thecompressetiranchtracesThiswould resultin areductionin requireddisk
spaceaswell asareductionin overall simulationtime while pertainingthe advantage
of compressetiranchtracesof beingbranchpredictorindependent.

This papemalkesthefollowing contributions:

— First, we shav that branchpredictorwarmupis an issuewhenit comesto guar
anteeingan accuratenardwarestateat the beginning of a samplingunit. We shov
that for small samplingunit sizes,branchpredictorwarmupis requiredin order
to achiere an accuratesstimateof the hardware stateat the beginning of the sam-
pling unit. We provide resultsshaving that evenfor (fairly large) 1M instruction
samplingunits branchpredictorwarmupis required.

— Secondwe proposeBranchHistory Matching (BHM) asa novel branchpredic-
tor warmupapproachUsing the SPECCPU2000integer benchmarksand 10K-
instructionsamplingunits, we shav that BHM is 39% more accuratethan x ed-
lengthwarmupfor the samewarmuplength.Or reverse BHM achievesthe same
accurag as x ed-lengthwarmupwith a 1.6X shorterwarmuplength.Comparedo
MRRL, BHM is 87%moreaccurate.

Thispaperis organizedasfollows.We rst revisit sampledsimulationandcoverthe
mainissuegelatedto sampledsimulation.We thenpresenBHM asa branchpredictor
warmupmethod.We subsequentlgvaluateBHM andcompareit against x ed-length
warmupandMRRL. And nally , we conclude.



2 Sampledsimulation background

In sampledsimulation,a numberof samplingunitsarechoserfrom a completebench-
mark execution. Thosesamplingunits are then simulatedin detail; the pre-sampling
units,i.e., theinstructionsprior to a givensamplingunit, areskipped.The performance
of the completebenchmarks then estimatedoy simply aggreyatingor weightingthe
performanceaumberdrom thevarioussamplingunits.

Therearebasicallythreeissueswith sampledsimulation.First, the samplingunits
needto bechoserin suchaway thatthe samplingunitsarerepresentatie for theentire
programexecution.Variousauthorshave proposedvariousapproachegor achiezing
this, suchas randomsampling[1], periodic samplingas donein SMARTS [3] and
targetedsamplingbasedon programphasebehaior asdonein SimPoint[2].

The secondssueis how to getto thosesamplingunits. In otherwords,the archi-
tecturestate(registerandmemorystate)needso be reconstructedothatall sampling
unitscanbefunctionallysimulatedn a correctway. This canbe achiezedthroughfast-
forwardingor (reducedcheckpointind5,9]. Checkpointings especiallybene cial for
theparallelsimulationof samplingunits[11,12].

Thethird issuewith sampledsimulationis to estimatehe microarchitecturetateat
the beginning of eachsamplingunits. The microarchitecturestructureghat suffer the
mostfrom the cold-startproblemare cachestructuresand branchpredictors.We will
discusswarmupapproachesailoredtowardsthesetypesof hardwarestructuresn the
following two subsections.

2.1 Cachewarmup

Given the fact that cacheshave the largeststatein a microprocessorthey arelikely
to suffer the most from inaccuratemicroarchitecturewarmup. In fact, most of the
prior researclon the cold-startproblemhasbeendoneon cachewarmup.Variousap-
proacheshave beenproposedsuchasno warmup,stalestate(also called stitch) [13],

x edwarmup[1], cachemissrateestimatorg14], no-state-los$12,15, minimal sub-
setevaluation(MSE) [16], memoryreferencereuselateny (MRRL) [17], boundary
line reuselateny (BLRL) [8,18], self-monitoredadaptve cachewarmup(SMA) [19],

memoryhierarchystate(MHS) [5], memorytimestamprecord(MRT) [7], etc.

2.2 Branch predictor warmup

Comparedo theamouniof work doneon cachevarmup,verylittle work hasbeendone
on branchpredictorwarmup.

The rst paperdealingwith branchpredictorwarmupwasby Conteet al. [1]. They
proposedwo approacheso branchpredictorwarmup,namely stale stateand x ed-
lengthwarmup.Stalestate(or stitch) meansthatthe branchpredictorstateat the end
of the previous samplingunit senesasanapproximatiorfor the branchpredictorstate
atthe beginning of the currentsamplingunit. An importantdisadwantageof stalestate
is thatit 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-implemenmethodthat
achievesgoodaccuray if sufciently longwarmuplengthsarechosen.

Thesecondapementioningoranchpredictorwarmupis by HaskinsandConte[17,20]
in whichthey proposememoryreferenceeuseateny (MRRL). Theideaof MRRL is
to look in the pre-samplingunit how far one needsto go in orderto encounterthe
samestaticbranchasthe onein the samplingunit. MRRL computeghe reuselateng,
i.e., the numberof instructionsbetweenthe branchinstancein the pre-samplingunit
andthe onein the samplingunit, for all branchinstancesn the pre-samplingunit and
samplingunit. For a giventargetcumulative probability;, for example99.5%.,it is then
determinedvherewarmupshouldstartin the pre-samplingunit. During this warmup
period,the branchpredictoris warmedup but no mispredictionratesarecomputed.

A numberof papershave proposedcheckpointedsamplingtechniqued5,7,9] in
which the architecturestateis storedon disk, as mentionedabove. Thesetechniques
typically usecheckpointedanicroarchitecturevarmingfor warmingcachestate suchas
memorytimestamprecord[7], live-points[9] andmemoryhierarchystate(MHS) [5].
They suggesto storethe branchpredictorstateaspartof themicroarchitecturstatefor
thevariousbranchpredictorsonemaybeinterestedn duringdesignspacesxploration.
This canbe space-inetient in casemultiple branchpredictorsneedto be stored,and
in addition, it preventsfrom simulatinga branchpredictorthatis not containedn the
microarchitecturevarmup.

For addressinghis problem,Barr and Asanwic [10] proposeto employ branch
trace compressionThey storea compressedranchtraceon disk and upon branch
predictorwarmingthey simply decompresshe compressedbranchtraceand usethe
decompressettacefor branchpredictorwarming. This approachs branchpredictor
independentind can be usedto warm ary branchpredictorduring sampledsimula-
tion. The branchtracecompressiorschemeby Barr and Asanwic [10] however does
not addresghe issueof how far oneneedsto go backin the pre-samplingunit. They
assumehat the entire branchtrace from the beginning of the benchmarkexecution
up to the currentsamplingunit needsto be compresse@nd decompressed-his can
betime-consumingn practice gspeciallyfor samplingunitsdeepdown thebenchmark
execution.BHM asproposedn thispapercanbeusedio cutdovnthebranchtraceghat
needto be compressedrhis saveshoth disk spaceandsimulationtime, while keeping
thebene t of thewarmupapproactto be branchpredictorindependent.

3 The needfor branch predictor warmup

Branch predictorsneedto be warmedup during sampledsimulation. This is illus-
tratedin Figure 1 wherethe numberof branchmispredictionsper thousandnstruc-
tions (MPKI) is shown for gcc for four samplingunit sizes:10K, 100K, 1M and10M
instructionsamplingunit sizes.Notethisis in therangeof samplingunitsusedin con-
temporarysampledsimulationernvironmentsuchasSMARTS[3,9] (samplingunit size
of 10K instructions)and SimPoint[2,5,21] (samplingunit sizesfrom 1M to 100M in-
structions) Eachgraphshavs the MPKI for four (fairly aggressie) branchpredictors:
a 128Kbitgsharepredictor a 256Kbitlocal predictor a 128Kbit bimodalpredictorand
a192Kbithybrid predicto— moredetailsaboutthe experimentaketupandthebranch
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Fig. 1. No warmup,stalestateandperfectwarmupMPKI resultsfor gcc and4 branchpredictors
and4 samplingunit sizes.

predictorsare givenin section5. The variousbarscorrespondo variousbranchpre-
dictor warmupstratgyies:no warmup,stalestateandperfectwarmup.The no warmup
approachassumesn initialized branchpredictorat the beginning of a samplingunit,

i.e., thebranchpredictorcontents ushed atthebeginningof the samplingunit— two-

bit saturating-ountersn adjacenentriesareinitializedin alternate 01' “10' statesThe
stalestateapproachassumeshatthe branchpredictorat the beginning of the sampling
unit equalsthe branchpredictorstateat the end of the previous samplingunit. Note
thatthe stalestateapproachassumeshatsamplingunits aresimulatedsequentially—

this excludesparallelsampledsimulation. The perfectwarmupapproachs anidealized
warmupscenariowherethe branchpredictoris perfectlywarmedup, i.e., the branch
predictorstateat the beginning of the samplingunit is the stateasif all instructions
prior to the samplingunit weresimulated.

Figurel clearly shawvs thatthe no warmupandstalestateapproachesail in being
accurateespeciallyfor smallsamplingunit sizes For examplefor 10K instructionsam-
pling units,the M PK | canbe very high for both no warmupandstalestate.Even
for 1M instructionsamplingunits,theerrorcanbesigni cant, morethan1.5 M PK |
for the no warmupstrateyy andthe gsharepredictor Note that the error variesacross
branchpredictors.Theerroris typically higherfor the gsharepredictorthanfor the bi-
modalpredictor whichis to beunderstoodntuitively, thereasorbeingthefactthatthe
XOR hashingn thegsharepredictortypically resultsin moreentriesbeingaccesseth
thebranchpredictortablethanthebimodalpredictordoes.
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Fig. 2. An exampleillustratinghow the cumulative BranchHistory Matchingdistributionis com-
puted.

As a result of the non-uniformwarmup error acrossbranchpredictors,incorrect
designdecisionsmay be taken. For example,usingthe no warmupapproacha com-
puter architectwould concludethat the local predictorachiesesa betteraccurag (a
lower MPKI) thanthe gsharepredictor This is the casefor 10K, 100K andeven 1M
instructionsamplingunits.However, this conclusioris justanartifactof theinadequate
warmupapproachPerfectwarmupshows thatthe gsharepredictoroutperformghelo-
cal predictor The stale statewarmupapproachonly solvesthis problemfor the 1M
instructionsamplingunit, however, it doesnot solve the problemfor smallersampling
unit sizesandit cannotbe usedfor parallelsampledsimulation.

4 Branch History Matching

This paperproposesBranch History Matching (BHM) as a novel branchpredictor
warmupapproachComputingthebranchpredictorwarmuplengththroughBranchHis-
tory Matching(BHM) is donein two stepsFirst,we computethe BHM distribution for
all samplingunits. In a secondphase we thendeterminethe warmuplengthfor each
samplingunit for a giventotal warmuplengthbudgetusingthe BHM distributionsfor
all samplingunits.

4.1 Computing the BHM distrib ution

Computingthe BHM distribution for a givensamplingunit is illustratedin Figure2. At
thetop of Figure2, asamplingunit alongwith its pre-samplingunit is shovn. The bul-
letsrepresent singlestaticbranchbeingexecutedmultiple timesin the pre-sampling



unit aswell asin thesamplingunit. Instructionswith labels™1' thru 6" arepartof the
pre-samplingunit; instructiondabeled 7', "8' and’9' arepartof the samplingunit. A
white bullet represents non-talen branch;a black bullet shawvs a taken branch.Fig-
ure 2 alsoshaws the global andlocal history for eachdynamicinstanceof the given
staticbhranchtheexampleassumeshreeglobalhistorybits andthreelocal historybits.
Note that the mostrecentbranchoutcomeis shiftedin on the right handside of the
history register;for example,a non-talen branchchangeghe local history from "011'
to 110"

In orderto computethe BHM distribution, we rst computethe BHM histogram.
The BHM histogramis computedby scanningall the branchinstancesn thesampling
unit andproceedssfollows.

— Searching the sampling unit. We rst determinewhetherthereis a perfectmatch
for the local andglobal history of the given branchinstancein the samplingunit
versusthe local and global historiesof all the precedingbranchinstancesf the
samestaticbranchin the samplingunit. A perfectmatchmeanghatboththelocal
andglobal historiesareidenticalfor the two respectre branchinstancesFor the
examplegivenin Figure2, the local andglobal historiesof branchinstance 9' in
the samplingunit shov a perfectmatchwith thelocal andglobalhistory of branch
instance 7' in the samplingunit. This caseincrementshe countfor d = 0 in the
BHM histogram.

— Searching the pre-sampling unit. In casethereis no perfectmatchwith apreceding
branchinstancen the samplingunit, we searctthe pre-samplingunit for the most
recentbranchinstancethat shavs the highestmatchwith thelocal andglobal his-
tory for the given branchinstance This is doneby computingthe BranchHistory
Matching Score(BHMS) betweenthe given branchinstancein the samplingunit
with all thebranchinstance®f thesamestaticbranchin the pre-samplinginit. The
BHMS betweentwo branchinstancess computedasthe numberof bit positions
that are identical betweenthe local and global historiesof the respectie branch
instancesWhen computingthe numberof identical bit positionswe countfrom
the mostrecentbit to the leastrecentbit andwe stop countingassoonasthereis
disagreemenfior a givenbit, i.e., we countthe matchingmostrecenthistory bits.
This donefor boththeglobalandlocal histories;the overall BHMS thenis thesum
of the globalandlocal BHMSs. ComputedBHMSs areshawn in Figure2 for the
rst andsecondiranchinstance®f the samplingunit. For example the BHMS for
branchinstance 8" with relationto branchinstance’4' equals4, i.e., 2 (compare
global histories’011 versus'111) plus 2 (comparelocal histories’101 versus
"0071).

The rst branchinstance(with label7") achiezesa perfectmatch(BHMS equals
6) for the branchinstancewith label5'. Theideais thento updatethe BHM his-
togramre ecting thefactthatin orderto have anaccuratevarmupfor instruction
7' we needto gobackto instruction’5' in the pre-samplingunit. For this purpose,
the BHM histogramis incrementecht distancedl with “d1' beingthe numberof
instructionsbetweenthe branchinstancewith label '5' andthe beginning of the
samplingunit — thisis to saythatbranchpredictorwarmupshouldstartat branch
instruction’5'. For thesecondranchinstancgwith label8") in thesamplingunit,



/* this function conputes the current warnup | ength */
int current_warmup_length (int* d) {
for (i =0; i <n; i++)
sum += d[i];
return sum

}
/* main algorithm®*/
/* initialize warmup length for each sanpling unit */

for (i =0; i <n; i++4)
dli] 0;

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

/* find the sanpling unit max_j that faces the maxi num sl ope */
max_prob = 0.0;
max_i = -1;
for (i =0; i <n; i++) {
if ((PLi]l[d[i] + b] - P[i][d[i]])/b > max_prob) {
max_prob = (P[i][d[i] + b] - P[i][d[i]])/Db;
max_i = i;
}
}

/* update warmup | ength for sanpling unit facing the maxi num sl ope */
dimax_i] += d[max_i] + b;
}

Fig. 3. Thealgorithmin pseudocodéor determiningthe warmuplengthpersamplingunit using
BHM distributions.

the highestBHMS is obtainedfor the branchinstancewith label *6'; the number
of instructionsbetweerthatbranchinstanceandthe samplingunit startingpointis
denotedasd? in Figure2. We thenincrementhe BHM histogramat distanced2.

Dividing the BHM histogramwith the numberof branchinstancesn the sampling
unit, we thenobtainthe BHM distribution. Figure2 shavs the cumulatve BHM distri-
butionfor thegivensamplingunit: sincetherearethreebranchinstancesn ourexample
samplingunit, the cumulative distribution startsat 1=3 for distanced = 0, reache®=3
atdistanced = d2 and nally reached atdistanced = d1.

4.2 Determining warmup length

OncetheBHM distributionis computedor eachsamplingunit we determinghewarmup
lengthpersamplingunit for a giventotalwarmuplengthbudget.Thegoalis to partition
agivenwarmuplengthbudgetoveranumberof samplingunitssothataccurayg is max-
imized.In otherwords,samplingunitsthatdo notrequiremuchwarmup,aregranteda
smallwarmuplength;samplingunitsthatrequiremuchmorewarmuparegivenamuch
largerwarmuplength.

The algorithm for determiningthe appropriatewarmuplength per samplingunit
worksasfollows, seealsoFigure 3 for the pseudocodef the algorithm.We startfrom
n BHM distributions, with n beingthe numberof samplingunits. In eachiteration,
we determinethe samplingunit i out of the n samplingunits thatfacesthe maximum



|predictofcon®guration |

gshare |16-bithistorygsharepredictor 128Kbit total state

local 16-bitlocal predictor 8K entriesat ®rst level, 64K entriesat secondevel

256 Kbit total state

bimodal |64K-entrybimodalpredictor 128Kbittotal state

hybrid |hybrid predictorconsistingof a 32K-entrybimodalpredictor a 15-bit history

gsharepredictoranda 32K-entryPC-indexed metapredictor;192Kbit total state
Table 1. Thebranchpredictorsconsideredn this paper

slopein the BHM distribution. This meansthat the samplingunit i (calledmaxi in
the pseudocodén Figure 3) is determinedhat maximizesthe slope wbp‘(di),
with P;(d) beingthe probabilityfor distanced in the cumulative BHM distribution for
samplinguniti, andd; beingthewarmuplengthgrantedo samplinguniti in thecurrent
stateof thealgorithm.For thesamplinguniti thatmaximizesheslope weincreasehe
grantedwarmuplengthd; to d; + b. This algorithmis iterateduntil the total warmup
|§ngthoverall samplingunitsequalsa userde ned maximumwarmuplengthL ,, i.e.,

iz1 di = L. By doingso,we effectively budgetwarmupto sampleghatbene t the
mostfrom the grantedwarmup.

Notethatthis algorithmis only onepossibledesignpointin BHM warmup.More
in particular this algorithmheuristicallydeterminego increase¢he warmuplengthfor
thesamplingunit thatfaceghemaximumslopein theBHM distribution. Thealgorithm
doesnottakeinto accounthedistanceoverwhichthis slopeis obsened;takingthisdis-
tanceinto accountor determiningappropriatavarmuplengthswould beaninteresting
avenuefor futurework though.

4.3 Discussion

Most branchpredictorsin the literatureaswell asin 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
warmuptechniqueor mostbranchpredictorsconsideredoday However, somebranch

predictorsproposedn theliteraturearepath-basedndusea sequencef recentoranch

addresseasthebranchhistory In this paperthough,we limit oursehesto branchpre-

dictorsthatarebasedn globalandlocal branchhistories However, aspartof ourfuture

work, we will furtherevaluateBHM for a broaderangeof branchpredictorsthanthe

onesusedin this paper

5 Experimental setup

We use SPECCPU2000integer benchmarkswvith referencenputsin our experimen-
tal setup.We include all integer benchmarksexceptfor perlomk becauseéts branch
mispredictionrateis very low; in fact, no warmupis very accuratefor perlomk. The
binarieswhichwerecompiledandoptimizedfor the Alpha21264processameretaken
from the SimpleScalawebsite All measurementsresentedn this paperareobtained
usingthe binaryinstrumentatioriool ATOM [22]. Thebranchpredictorsconsideredn



this paperareshown in Tablel. We considerfour fairly aggressie branchpredictorsa
gsharepredictor alocal predictor a bimodalpredictoranda hybrid predictor[23,24].

Our primary metric for quantifyingthe accurag of the branchpredictorwarmup
approachegroposedn this paperis M PK 1 which is de ned asthe absolutedif-
ferencebetweerthe numberof missegperthousandnstructionsunderperfectwarmup
(MPKI perfect) versughenumberof missegperthousandnstructionsunderthegiven
branchpredictorwarmupapproach(M PK I warmup). In otherwords, M PK1 =
kMPKIwarmup MPK 'perfectk andthusthe smaller M PK |, the better Our
secondmetric, next to accurag, is warmuplengthwhich is de ned asthe numberof
instructiongequiredby thegivenwarmuptechniqueLik ewise,thesmallerthewarmup
length,the smallerthe total simulationtime, the better

6 Evaluation

We now evaluatethe accurag andwarmuplengthof BHM comparedo x ed-length
warmup;section6.1coversaccurag andsections.2coverswarmuplength.Throughout
this evaluationwe considera samplingunit size of 10K instructions.The reasonis
that,asmentionedn section3, smallsamplingunit sizessuffer mostfrom the lack of
warmup;small samplingunit sizeswill stressour warmupapproactthe most.All the
resultspresentedhn this paperarefor 50 samplingunits.

Further we assumehat the numberof global andlocal history bits equals16 for
the BHM approachin sections6.1 and6.2. Section6.3 thenstudiesthe impactof the
BHM historylengthonaccurag andwarmuplength.

6.1 Accuracy

Comparison against xed-length warmup. Figure4 evaluategheaccurag of BHM

comparedo x ed-lengthwarmup Bothwarmuptechniquesrebudgeteca 1M warmup
length per samplingunit, i.e., both warmuptechniqueausethe samewarmuplength.
The four graphsin Figure 4 representfour different branchpredictors,namely the
gshare local, bimodal and hybrid branchpredictors.The M PK | s are shavn for

bothwarmuptechniquesWe obsene thatBHM substantiallyoutperformsx ed-length
warmup.Over all four branchpredictorsthe averageM PK | decreasefrom 0.48
(under x ed-lengthwarmup)to 0.29(underBHM) whichis 39% moreaccurate.

ComparisonagainstMRRL. Figure5compare8HM againstMRRL. As mentioned
before, MRRL lookshow far oneneedgo gobackin the pre-samplingunit for encoun-
teringbranchinstance®f thesamestaticbranchfor all branchinstancesn thesampling
unit. Theresultsin Figure5 shav thatBHM clearly outperformsMIRRL. Over all four
branchpredictorsthe averageM PK | decreasefrom 2.13 (underMRRL) to 0.29
(underBHM) which is 87% moreaccurateThe importantdifferencebetweenMIRRL
andBHM is thatBHM, in contrasto MRRL, takesinto accountbranchhistories;this
resultsin signi cantly moreaccuratédranchpredictorstatewarmupfor BHM compared
to MRRL. NotethatMRRL alsoperformsworsethan x ed 1M warmup,compare-ig-
ure4 againstrigure5. Thereasornis that,becausef thefactthatMRRL doesnottake
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Fig.5. M PK resultsfor MRRL andBHM for the gshare)ocal, bimodalandhybrid branch
predictors For MRRL, we considerall branchinstancesn the samplingunit, hencethe "'MRRL
100%' labels.)
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Fig.6. AverageM PK | overthefour branchpredictorsasafunctionof warmuplengthfor the
®xed-lengthwarmupapproaclcomparedo BHM 1M.

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

6.2 Warmup length

In orderto quantifythereductionin warmuplengththroughBHM comparedo x ed-
lengthwarmup,we have measuredheaverageM PK | overthefour branchpredic-
torsasafunctionof warmuplength,seeFigure6. TheaverageM PK I is shown for

x ed-lengthwarmupwith thewarmupbudgetvaryingbetweerlM and2M instructions
persamplingunit. The M PK | for BHM with a 1M warmuplengthbudgetpersam-
pling unit is shovn on the right. We obsene that x ed-lengthwarmupachiesesabout
thesameaccuray asBHM for awarmuplengthof 1.6M instructionspersamplingunit.

In otherwords,BHM with a 1M warmupbudgetpersamplingunit resultsin a1.6X re-

ductionin warmuplengthcomparedo x ed-lengthwarmupwhile achieving the same
accurag.

Figure 7 shavs MPKI versuswarmuplengthfor the gcc benchmarkandthe four
branchpredictors.Note that the horizontalaxes are showvn on a log scale.The two
curvesin eachgraphrepresentx ed-lengthwarmupand BHM warmup,respectiely;
andthe variouspointsin thesecurvesrepresentifferentwarmupbudgets.This graph
clearlyshonvsthatBHM achierzesthe sameaccurag with substantiallyshorterwarmup
lengths,or reverse BHM achievesbetteraccurag for the samewarmuplength.

6.3 Impact of BHM history length

Note that the amountof branchhistory usedby three of the four branchpredictors,
namelythe gshare Jocal and hybrid predictors,equalsl16 bits. The numberof BHM
history bits usedfor computingthe warmuplength also equals16 bits. The question
howeveris how sensitve BHM's accurag is to theBHM historylength.
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Fig. 7. ComparingBHM versus®xedwarmupin termsof MPKI versuswarmuplengthfor gcc.

Figure 8 exploresthe impactof the BHM history length. The averageM PK|
over all benchmarksds shovn on the vertical axis versusthe warmuplength on the
horizontalaxis.The vecurvesrepresenthe vebranchpredictorsThedifferentpoints
on eachcurve representifferentBHM history lengths.We variedthe BHM history
lengthfrom 0O, 2, 4, 8 to 16; whenvaryingthe history lengthwe simultaneouslyary
the global andlocal BHM history lengths.A zeroBHM history lengthmeansthatno
global and local history is taken into accountfor building the BHM distribution. In
otherwords,the BHM warmupmethodthensimply looksfor thelastoccurrencef the
samestaticbranchfor updatingthe BHM distribution. In all of theseexperimentswe
budgeteda warmuplengthto 1M instructionsper samplingunit.

Therearetwo interestingobsenationsto be madefrom this graph.First, accuray
improvesor M PK | decreasesvith increasingBHM history lengths.This is to be
expectedbecausehe morehistoryis takeninto accountthebetterBHM will beableto
determinehow farit needgo go backin the pre-samplingunit for appropriatevarmup.
SecondsmallBHM historiesareunableto budgetthe warmuplengthsso that the av-
eragewarmuplengthper samplingunit effectively equalsthe 1M instructionwarmup
budget.For example,azeroBHM historyonly yieldsslightly morethan200K instruc-
tions of warmup per samplingunit. In otherwords, it is impossiblefor BHM with
limited history to fully exploit the availablewarmupbudget.By increasingthe BHM
historylength,BHM is betterableto approachhetarget 1M warmuplengthper sam-
pling unit. (Note thatthe MRRL approacH17,20] correspond$o azeroBHM history
length.) We further obsene that an 8 bit anda 16 bit BHM history lengthyields ap-
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Fig. 8. Evaluatingtheimpactof the BHM historylengthon accurag andwarmuplength.

proximatelythesameaccurag. Fromthis experimentwe thusconcludethatin orderto
achieve accuratevarmupfor branchpredictorsthe BHM historylengthneedgo beset
to anappropriatesalue,for example,to the maximumhistorylengthonewould look at
duringthe branchpredictordesignspaceexploration.

7 Conclusion

Sampledsimulationis a well known approachto speedup architecturalsimulations
that are heavily usedby computerarchitectsand designersAn importantissuewith
sampledsimulationhowever is the cold-startproblem,i.e., the microarchitecturestate
is unknawn at the beginning of eachsamplingunit. Although a greatdealof work has
beendoneon cachestructurewarmup,very little researcthasbeendoneon branch
predictorwarmup.

This paperproposedranchHistory Matching(BHM) asa novel branchpredictor
warmupmethod.Theideais to analyzethe samplingunit aswell asthe pre-sampling
unit for recurringbranchinstance®f the samestaticbranchwith similar globalandlo-
calbranchhistories By doingso,BHM builds adistribution for eachsamplingunit that
characterizethe branchlocality behaior. BHM thenbudgetsits total warmupbudget
to the varioussamplingunits. Samplingunits that are warmup-sensitie are budgeted
morewarmup;samplingunits that are warmup-insensitie are budgetedesswarmup.
Comparedto x ed-lengthwarmup,BHM achieves betteraccurayg for the sameto-
tal warmupbudget,or reverse,BHM achiezesthe sameaccurag with a shortertotal
warmupbudget.
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