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Abstract

Technology scaling trendshaveforced designers to con-
sider alternativesto deeplypipelining aggressivecoreswith
largeamountsof performanceacceleratinghardware. Oneal-
ternativeis a small, simplecore that can be augmentedwith
latencytoleranthelperengines.Asthedemandsplacedon the
processorcorevariesbetweenapplications,andevenbetween
phasesofanapplication,thebene�tseenfromanysetofhelper
engineswill vary tremendously. If there is a singlecore, these
auxiliary structurescan be turnedon and off dynamicallyto
tune the energy/performanceof the machine to the needsof
therunningapplication.

As more of the processoris broken down into helperen-
gines,andasweaddmore andmore coresontoa singlechip
which can potentially share helpers, the decisionsthat are
madeabout thesestructuresbecomeincreasinglyimportant.
In this paperwedescribetheneedfor methodsthateffectively
manage thesehelper engines. Our counter-basedapproach
can dynamicallyturn off 3 helpers on average, while staying
within 2% of theperformancewhenrunningwith all helpers.
In a multicore environment,our intelligent and �exible shar-
ing of helperengines,providesan average 24%speedupover
staticsharingin conjoinedcores.Furthermoreweshowbene-
�t fromconstructivelysharinghelperenginesamongmultiple
coresrunningthesameapplication.

1 Intr oduction and Moti vation

While theunceasingmarchof Moore'slaw hasgivencomputer
architectsacontinuallyincreasingnumberof transistorsto de-
signwith, emerging technologytrendsincludingpoorwire la-
tency scaling, increasedpower density, and reducedtransis-
tor reliability threatento limit theusefulnessof thosedesigns.
Oneapproachto providing aggressive cycle timesin the face
of increasinglatency is to deeplypipeline all aspectsof the
processor, from thebranchpredictorto theinstructionwakeup
logic to thecachememories.While deeppipelininghasbeen
effectiveat increasingoperatingfrequency, oneof thereasons
that performancelags behind that of the trendsset by fre-
quency is the increasedlatency to critical processorloops[2]
from deeplypipelinedstructures.Furthermore,thereis extra

latency from routing complexity dueto large structures[19].
Largerstructuresalsocontributeto thegrowing powerdensity
andthermalproblemsfacingmodernprocessordesignthrough
greaterpower dissipationandlongerclock wires [3]. To bat-
tle theseproblems,modernmachinesareincreasinglybuilt as
a loosely-coupledassociationof partsthat inter-operatein a
robustandlatency tolerantmanner.

At the highestlevel, the softwaremay be involved to de-
scribethe loosecouplingbetweenvariouspartsof the com-
putation. SimultaneousMulti-Threading and Chip Multi-
processingbaseddesigns[22, 6] have seenwidespreadadop-
tion bothin theacademicandindustrialenvironmentsbecause,
in part, the parallelismthey bene�t from canbe exploited at
the architecturallevel. Sincethe workloadis alreadyexplic-
itly portionedinto partswhich communicateinfrequently, the
work may be distributed about the die with only minor ef-
fectsfrom thelatency of thecommunicationchannelbetween
them. However, evenat themicro-architecturallevel the idea
of decoupledexecutionhastakenhold. Many researchershave
proposedto take the large memory-ladenstructuresthat are
crucial to single threadperformance,and factor themout of
the core into specializedhelperengines[7, 8, 13, 1]. Some
structurescanbe broken in two, with a smallerstructurethat
canhold enoughstateto provide low-latency for requeststhat
are frequently occurring and a larger, secondlevel, struc-
ture that hasa capacitysuf�cient to keepperformancehigh.
Otherstructurescanbe completelyfactoredfrom the proces-
sorcoreandhave inherentlatency tolerancethatallows them
to avoid becomingcritical loopsin theprocessor. Processors
arequickly becomingdistributedsystemsona die.

In suchan environment,wherewe have multiple levels
of caches,decoupledbranchpredictors,separateprefetching
and value predictionunits, and two level register �les, how
doesonemanageall of theseresourcesin a way thatwill pro-
vide adequateperformanceyet not be wastefulof power and
chiparea?Theproblemis furtherexacerbatedby proposalsto
have multiple threadsor multiple coressharingthe samere-
sources[11]. Which resourcesshouldbeshared,how should
they be allocated,and how can we ef�ciently managetheir
power? To answerthesequestionsat run-time,we needa set
of sharedhelperenginemanagementpolicies that can adap-
tively allocateresourcesin a way thattakesinto consideration



theneedsof eachexecutingworkload.
In this paper, we presentnovel sharedhelperengineman-

agementpoliciesthatbasetheir decisionsona setof carefully
chosenobservations. We show that throughthe collectionof
a few simpleto gatherrun-timemetrics,processorresources
canbeallocatedto a setof runningprogramsin a way that is
nearoptimal.Webeginbyexaminingasinglethreadedproces-
sor with a varietyof helperengines.Our metricscanpredict
whichresourceswill bemostvaluableto anexecutingprogram
sothatun-helpfulhelpersmaybeputinto alow powerstateyet
theoverall performanceremainsalmostunaffected.By gath-
eringa statisticassimpleasthenumberof cachehits, we can
pick thebestoverallcon�gurationin asingletry. Furthermore,
we show how thesetechniquescanbeextendedto helpguide
thesharingof resourcesbetweenmultiple coresonachip. We
observe how differenthelpershave differentsharingrequire-
mentsanddemands,and that prior work may not be able to
�nd the bestsharingcombination. We have implementeda
variety of differenthelperenginesandwe have extendedour
simulatorto supportmultipleexecutingprocessessothatade-
tailedanalytictreatmentof thesubjectcanbepresented.

Thispapermakesthefollowing contributions:

� Analysis of program behavior and resourcerequire-
mentsin an architecturewith many major components
decoupledvia helperengines.

� Proposalof an intelligent mechanismto dynamically
tunehelperenginesto the speci�c needsof the appli-
cationfor optimalpower/performance.

� Extensionof thismechanismto intelligentsharingof re-
sourcesamongmultiplecores.Priorwork hasonly con-
sideredwhetheror not simplesharingis possible– we
demonstratehow differenttypesof helperenginesmay
be shareddifferentlyandhow sharingmustbe �e xible
to attainmaximalperformance.

� Investigationof constructivesharingwhenthesameap-
plication is allowedto sharefetchstateacrossdifferent
phasesof executionanddifferentinputsets.

Therestof thispaperis organizedasfollows. In Section2,
prior work on helperenginesandCMP sharingis discussed.
Simulationmethodologycanbefoundin Section3. Section4
begins with a descriptionof the differenthelperenginesthat
we implementedandan analysisof thevarying requirements
for differentapplicationsfor differenthelperengines.We ex-
plore a mechanismto enable/disablehelperengines,andfur-
therextendthis to sharinghelperenginesin a multicoreenvi-
ronmentin Section5. We concludein Section6.

2 RelatedWork

In [17], Smithproposesa processorimplementationthatcon-
sistsof severaldistributedfunctionalunits,eachfairly simple

andwith a very high frequency clock. Theseunitscommuni-
catevia point-to-pointinterconnectionsthathave shorttrans-
missiondelays.He thendescribeshow surroundingthis sim-
ple corepipelinewith helperenginesthatperformspeculative
tasksoff the critical path resultsin enhancedoverall perfor-
mance.Sincethehelperenginesareoff thecritical path,they
canuseslower transistorsto reducestaticpowerconsumption.
This is alsothemotivationbehindour factoreddesign,where
thespeculative structuresarereducedto a bareminimumsize
to supportnearbyILP but they areduplicatedin larger sizes
outsideof the critical path for extracting distant ILP. On a
follow-up paper[7], Kim andSmith discussthe microarchi-
tectureand ISA that implementsthis distributed processing
paradigm,whichutilizeshierarchicalregister�les andaglobal
register �le to hold global state. In Section4, we detail the
prior work for eachindividual helperenginewhendiscussing
theimplementationof thathelperengine.

Sharingsomeprocessorresourcesamongcoresin a CMP
settingwas�rst proposedby DolbeauandSeznec[5]. Kumar
et al. [11] alsoexaminethis ideaandpresenta morethorough
evaluationof sharing. Dolbeauand Seznec[5] proposethe
CASH architectureas an intermediatedesignpoint between
CMP and SMT architectures.A typical CASH architecture
sharescaches,branchpredictors,anddivision functionalunits
betweendynamically-scheduledcores.Kumaret al. [11] also
proposeresourcesharingbetweenadjacentcoresof a chip
multiprocessorto reducedieareawith minimal impactonper-
formance. They investigatethe possiblesharingof �oating-
pointunits,crossbarports,instructioncaches,anddatacaches
andprovidedetailedanalysisof areasavingsthateachkind of
sharingentails.Both[5] and[11] examinearound-robinbased
accessmodelwherea resourceis allocatedto aparticularcore
everycycle. Kumaretal. alsoinvestigateamoresophisticated
schemefor caches.After suffering a cachemiss,a corerelin-
quishesthecontrolof thecacheto theothercoreuntil themiss
is serviced.

Ourwork differsfrom thesetechniquesin two dimensions:
1) In additionto reactive (or demand-based)resourcesharing
suchaswhensharingcaches,we alsoconsidersharingalways
active resourcessuchasprefetchersandvaluepredictorsthat
run aheadof the executionstreamand,2) We investigatean
intelligent approachto assigningresourcesto coresbasedon
utilization.

3 Methodology

The simulatorusedin this study wasderived from the Sim-
pleScalar/Alpha3.0 tool set [4], a suite of functional and
timing simulationtools for the Alpha AXP ISA. The timing
simulatorexecutesonly user-level instructions.Simulationis
execution-driven, including executiondown any speculative
pathuntil thedetectionof afault,TLB miss,or branchmispre-
diction. Latency valuesfor thecachesandregister�les were
obtainedusingCACTI [16] for a 70nmprocesstechnologyat
4 GHz.



Core HelperEngines
Inst Window 256entryROB
PhysicalRF 256entryregister�le
BBTB 128-entry4-way SA 1024-entry4-way SA
L1 Data 8KB 4-way SA, dualport 64KB 4-way SA, singleport
Cache 32Bblock size,2 cycle lat 32B block size,4 cycle lat
L1 Instruction 4KB 4-way SA, singleport 64KB 4-way SA, singleport
Cache 32Bblock size,2 cycle lat 32B block size,4 cycle lat
ValuePredictor none 2K-entrystride

8K-entryL2 markov
AddressPredictor none 2K-entrystride

4K-entrymarkov
StreamBuffer none 32-entryFA buffer
BranchMispred 15cycles
CoreWidth 4-way issue,4-way decode,4-way commit
Memoryand 152cycle memorylat, 2MB, 4-way SA uni�ed
L2 Cache cachewith a64Bblock sizeand20 cycle lat

Table1: Simulationparameters for a singlecorearchitecture. Theseparame-
ters remainthesamefor themulticore caseexceptfor theL2 cachewhich be-
comesan4MB,4-wayset-associative, 4-bankcachesharedamongall cores.

We used the SPEC2000benchmarkset for our experi-
ments. Although the resultsare gatheredfor all the bench-
marks,we only show resultsfor a randomlyselectedsubset
of 11 programsin the suite to conserve spacein this paper.
Detailsfor all benchmarkswill beavailableasa technicalre-
port (citation removed for blind review process). The pro-
gramswerecompiledon a DEC Alpha AXP-21164processor
usingthe DEC C andC++ compilersunderOSF/1V4.0 op-
eratingsystemwith full compileroptimization(-O4 -ifo ).
We picked the 4 mostdominantphasesasdeterminedby the
hardwarephasedetectiontechniquedescribedin [15] andsim-
ulatedthesephasesasrepresentative samplesof theprogram.
On average,they accountedfor approximately70%of theex-
ecutiontime of eachbenchmark.All benchmarksweresimu-
latedusingtheref inputs.

Table1 presentsthe simulationparametersfor the archi-
tecturewe explore in this paper. We include an 8K entry
gsharebranchpredictorin our model. In additionto model-
ing all of the structuresand latenciesin the architecture,we
have extendedSimpleScalarto includea cycle accurate,exe-
cution driven modelof chip multiprocessing(CMP) [6]. All
theparametersusedin ourmulticoreexperimentsarethesame
asin Table1 for eachcore,exceptthatwe increasethesizeof
the L2 cacheto an 4MB, 4-way set-associative cacheshared
amongall cores.

Per-threadperformancemetricsare measuredfor execu-
tion up to a maximumper-threadinstructioncount. All com-
pletedthreadscontinueexecutionpastthis point while other
threadsexecute.This preventsfreeingof resourceswhencer-
tain threadscompleteearlierthanothers.

We make useof weightedspeedup[18] asa performance
measure.This metric ensuresthat high IPC threadsare not
favored and that we are measuringreal increasesin the rate
of progressof all applicationsin the mix. Weightedspeedup
equalizesthe contribution of eachthreadto the sumof total
work completedin theinterval by dividing theIPC of thatjob
in themix by theIPCof a singlethreadedrun.

4 Tuning a SingleCore

While therearemany differentpapersthatexplorethebestway
to take a singlearchitecturalfeatureandmodify it to strike a
balancebetweenlatency andcapacity, thereis a shortageof
work that examineswhat the rami�cations arewhenmostof
thestructuresarebuilt in this way. As our goal is to develop
techniquesto make goodchoicesbetweena varietyof differ-
ent run-timeprocessorcon�gurations,we needto begin with
a processormodel that hasbeenhighly decoupled.Figure1
illustratesthearchitecturewe explorein this study, with many
previously proposedhelperenginesdecoupledfrom the core
pipeline. In this sectionwe limit ourselvesto singlecorede-
signs,andthenin Section5 we show how to extendthe ideas
developedhereto apply to caseswheremultiple coresmay
competefor resources.

4.1 Helper Engines

Becausethere is no existing simulation infrastructurewith
built-in decoupledhelper engines,we modi�ed our CMP-
extendedversionof SimpleScalar[4] to includea variety of
proposeddesigns.Thehelperengineswe include,whencom-
binedtogether, decoupleall of themajorpiecesof themodern
processor, andwe believe thatthey representa realisticvision
of thenext generationof aggressive superscalardesigns.This
sectionincludesa descriptionof our targetprocessorcoreand
thehelperenginesthatassistit.

4.1.1 Data Cache

We considera small L0 cachein our core,asin [8]. Our L1
datacachehelperengineextendsthecachehierarchy, provid-
ing largercapacitythantheL0 at a fasterlatency thanour L2.
While datacachesareperhapsthe mostwell studiedpart of
the processor, we will later show the bene�ts of controlling
thedatacachecon�guration in conjunctionwith otherhelper
engines.

4.1.2 Instruction Fetch

Similar to the datacache,we make useof a smallerL0 in-
structioncacheandanL1 instructioncachehelperengine.To
compensatefor thesmallercachesize,weuseout-of-orderin-
structionfetch asdescribedin [21]. In this scheme,a place-
holderis usedin theinstructionfetchqueue(IFQ) to maintain
programorder- andtheexecutioncorestallsif thenext entry
to be consumedfrom the IFQ is still in �ight. We modelthe
complexity this bringsto theIFQ by implementingtheequiv-
alentof anMSHR[9] for theinstructioncache.

4.1.3 Data Prefetch

We model a streambuffer architectureguided by a stride-
�ltered markov predictor as proposedin [14]. The stream
buffersof theprefetchhelperengineareonly accessedon L0
datacachemisses.We allow a singlepredictionanda single
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Figure1: Thesinglecorearchitecture exploredin this study.

prefetchpercycle, guidedby theaddresspredictortrainedon
theL0 missstream.

4.1.4 Value Prediction

Valuepredictionisoneapproachto breaktruedatadependen-
ciesandcreatemoreinstructionlevel parallelismin an appli-
cation. We usea hybrid valuepredictor[23] to predict load
instructionsonly. This structurecanbe accessedearly in the
pipelineaswe only needthePCof theinstructionto make the
prediction.Ourvaluepredictorhelperengineis limited to two
predictionspercycle. We make useof anextra bit associated
with eachinstructionin the instructioncacheto dynamically
mark instructionsfor valueprediction. In this study, we only
markinstructionsthatareloads.

4.1.5 Branch Addr essPrediction

Our architecturemakes use of a basic block target buffer
(BBTB) [24], abranchaddresspredictorthatpredictsanentire
basicblock eachcycle. ThePCat theheadof thebasicblock
servesasan index to thepredictor, which returnsa targetad-
dress,afallthroughaddress,abranchtype,andtwo per-branch
predictioncounters:oneto make per-branchdirectionpredic-
tions, andoneto arbitratebetweenthe per-branchprediction
andtheglobalbranchdirectionprediction.

Ourarchitecturemakesuseof asmall�rst level BBTB and
a secondlevel BBTB helperengine,similar to [13]. Similarly
we decouplebranchpredictionfrom the instructioncacheus-
ing a fetch target queue(FTQ) [13]. On a �rst level BBTB
miss,theBBTB helperengineis probedandfetchstallsuntil
a responseis received from the helperengine. If the helper
enginealsomisses,we guessa �x edfetchblocksizeandcon-
tinuefetchinguntil amispredictionis detected.

4.2 Helper EngineUtilization

While therearemany circuit level advantagesto decoupling
largestructuresfrom theprocessorcore,it alsomakesit very
easyto tunetheprocessorto thespeci�c needsof an applica-
tion. Eachof theseengineshasa well de�ned interface,and
theprocessorcantoleratea wide rangeof accesslatenciesto
any oneof theseengines(furtherexploredin Section5). Thus,

addingsupplementalcontrolto eachof thesedevicesthatwill
allow themto maintainseparatepower statesdoesnot intro-
duceunreasonablecostor performancedegradation.

As mightbeexpected,for any givenprogramsomehelpers
will bemorehelpful thanothers.If theprogramis spendingall
of its time doingdataaccesses,it is morelikely to getbene�t
from thedatacacheandprefetcherthantheinstructioncache.
In a naive design,onemight leave all of thehelperenginesin
an “on” stateat all times. Clearly, this will be wastefulif a
programgetsnobene�t from asubsetof thehelperengines.In
fact,we have found that up to half of the helperenginescan
beturnedoff atany givenpoint in time,with almostnoperfor-
manceimpact(2%). The problemis knowing which engines
to turnoff.

Note that thereis anoverheadassociatedwith power gat-
ing, andthecoarse-grainorganizationof theseauxiliarystruc-
tures into helper enginesprovides a useful abstractionfor
power gating thesestructures. Moreover, phase-basedopti-
mizationhelpsto hide the latency associatedwith power gat-
ing, since the granularityof our helperallocationsis much
largerthanthelatency of powergating.

To furtherillustratethis,weplottedthesetof critical helper
enginesthatareneededto maintaintop performancefor each
programin Figure 2. Figure 2 shows the minimal set of
helpersneededto achieve maximal performancefor the top
four phasesof 11 of theprogramswe have examined(shown
in the rows). The columnsof the table representthe helper
engines,(d=datacache,p=prefetching,b=branchprediction,
i=instructioncache,andv=valueprediction).An X in a given
squareindicatesfor that phase,the correspondinghelperen-
gine shouldbe turned“on”. Helperswithout X' s canbe dis-
abledwithout affecting performance.We refer to settingthe
helperengines“on” or “off ” asthecon�gurationof thehelpers
in oneof two powerstates.

All of thecon�gurationsin Figure2 performwithin 5%of
the con�guration shown to have the absolutehighestperfor-
mance(typically thecon�gurationwith all helperenginesac-
tive). Thelasttwo columnspresentthespeedupof thiscon�g-
urationrelativeto bestandworstcon�gurations(all helperson,
andall helpersoff). Thesecon�gurationswerefoundstrictly
by a bruteforcesearchof the designspace,simulatingevery
possiblecon�guration and taking the con�guration with the
leastnumberof helperengines“on” that wasstill within 5%
of thecasewith all helperenginesturnedon.

Obviously, trying eachof the 	�
 possiblecon�gurationsis
not a viabledesignchoicefor a runtimesystem,but thereare
several importantpointsthatcanbedrawn from this graph.It
is clearfrom Figure2 that thereis no onegoodcon�guration
that �ts all applications.For many programsdifferentcon�g-
urationsareeven neededfor differentphases.This meansa
new, intelligent,andadaptivemanagementschemeis goingto
beneeded.



d p b I v S U /all S U /none

applu 1 X -4% 9%

2 -2% 0%

3 X -4% 20%

4 X X 0% 19%

apsi 1 X X -3% 40%

2 0% 2%

3 -4% 0%

4 -4% 0%

art 1 X X 0% 16%

2 X -4% 8%

3 -4% 7%

4 X -4% 8%

bzip2 1 X X 0% 23%

2 -2% 8%

3 X X 0% 23%

4 X X -3% 10%

crafty 1 X X X -4% 174%

2 X X X -3% 138%

3 X X X -2% 192%

4 X X X -4% 156%

eon 1 X X X -2% 125%

2 X X X -1% 110%

3 X X X -2% 107%

4 X X X -1% 105%

X

X

4.3 Helper Con�guration

Helperenginecon�guration could be tackledin a variety of
differentways. While staticapproachescould usepro�le or
compilerguidedheuristicsto �nd onegoodcon�guration for
theapplicationasawhole,thismayproveineffectivedueto the
time varyingbehavior of applications.A moreeffective static
approachmaybeto inject specialrecon�gurationinstructions
that help tune the processorto speci�c phases.While these
techniquesarepossible,in this paperwe chooseto focuson
hardwarebaseddynamictechniquesasthey requirenoapriori
knowledgeof theprogramandoperatein acompletelyon-line
manner.

To guideourdecisionaboutwhichcon�gurationto choose,
we needsomeinformationon how a programinteractswith
theprocessor. This informationmustbe simpleandcheapto
obtain,andshouldbehighly indicativeof thebene�ts thepro-
gramis reapingfrom accessto eachhelperengine.In orderto
gatherthis information,we usesimpleperformancecounters
that track the“help” thateachengineprovides. For example,
performancecounterscan track the numberof hits in cache
helperengines,successfulpredictionsby predictorhelperen-
gines,andsoforth. Speci�cally, our helperenginesaremodi-
�ed to trackthefollowing events:

Data/Instruction Cache: the numberof times a cacheline
that missedin the L0 data/instructioncachehits in the
data/instructioncachehelperengine.

BBTB: thenumberof timesaPCthatmissedin theL0 BBTB
hits in theBBTB helperengine.

Data Prefetcher: the total number of hits in the stream
buffersandin theL2 cachethatwerebroughtin by the

d p b I v S U /all S U /none

galgel 1 -4% 0%

2 -1% 0%

3 -1% 0%
4 -3% 0%

gap 1 X X X -3% 174%

2 X X -4% 40%

3 X X -4% 36%
4 X X 0% 85%

mcf 1 X X -1% 985%

2 -2% 15%

3 -3% 407%
4 -2% 10%

mesa 1 X X X -1% 109%

2 X X X -1% 94%

3 X X X -1% 101%
4 X X X -1% 102%

parser 1 X X X -2% 29%

2 X X X -1% 24%

3 X X -4% 17%
4 X X X -1% 18%

X

X

X

Figure 2: Optimal helper con�gurations for top executedphasesof bench-
marks

prefetcher. Eachline in theL2 cacheis augmentedwith
a bit to indicatewhetherit wasbroughtin by a demand
missor a prefetch.On the�rst useof a line markedasa
prefetch,thebit is �ipped.

ValuePrediction: the numberof instructionsissuedusinga
predictedvalue.

These counter values are comparedto pre-determined
thresholdvaluesto decidewhetherthe helperengineshould
be turnedon or off. We performeda sensitivity analysisto
variousthresholdvaluesfor the SPEC2000benchmarksuite
with referenceinputs. We show resultsfor a conservative set
of thresholdsto curtail performancedegradation. More ag-
gressive thresholdscanbe usedwhenpower reductionis the
primaryobjective. Furthermore,dynamicthresholdvaluescan
be calculatedby adjustingthe thresholdsto maintaincertain
“on” and“off ” stateperformancecounterstandarddeviation
values. However, this is beyond the scopeof this paper, and
we leave this for futurework.

We make useof phase-basedmemoization[15] to track
thehelperenginecon�gurationperapplicationphase.A small
hardware structuretracks a bit vector per phasefor all the
helpersin the architecture.If the bit at a particularlocation
is set,thehelperrepresentedby thatparticularlocationshould
beon. Otherwisethehelpercanbeturnedoff. The�rst time a
phaseis seen,weturnall helpersonandtracktheperformance
usingthe above counters.Eachcounteris comparedagainst
the thresholdfor keepingthe helperengineon, and the bit
vectorfor thatparticularphaseis updatedin our phase-based
memoizationtable.Thehelperenginescanthenbeguidedby
a simple last phasepredictor. The samplingperiodneednot
beaslong asa phase,andcanbelimited to aninterval of one
million cycles.
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Figure3: Comparisonof thecon�guration fromFigure2 (light grey) andour
counterguidedcon�guration (dark grey).

We alsomemoizetheobservedIPC for eachphaseduring
the samplingperiod,andif the IPC resultingfrom a particu-
lar con�gurationis notwithin somethresholdIPCseenduring
sampling(5% for this study),we clearthe bit vectorfor that
phaseandforceanothersamplingof theabove counters.This
helpsrecoverfrom phasemispredictionsor eventsthatcanim-
pactperformance(suchaspower throttling).

4.4 Performanceof Counter-Guided Con�guration

Figure3 comparestheperformanceof thecon�guration from
Figure2 (light grey) to ourcounter-guidedcon�guration. Per-
formancehereis normalizedto an architecturerunningwith
all helperengineson. On average,we areableto comewithin
1.5%of thatperformancewith anaverageof only 2.6helpers
turnedon. Thecon�guration from Figure2 comeswithin 2%
of theperformanceof all helperson,only using2.2helperson
average.In somecases,we useonemorehelperenginethan
neededdueto ourchoiceof conservativethresholds.More of-
ten thannot this is the datacachehelperengine,which can
provide load hits that are not performancecritical. Oneap-
proachto �ne tuning this further would be to incorporatethe
notionof load criticality [20] or to try andcorrelatethis with
thenumberof L2 misses– applicationswith alargenumberof
L2 missesmay not seebene�t from an increasein L1 hits if
theL2 missesthatdominatethecritical pathof theapplication
arenot reduced.

Theseresultsdemonstratetheability of performancecoun-
ters to �ne tunehelperengineutilization. This canallow an
architectureto reducepower wastedin helperenginesthatdo
not provide usefulwork or aswe will seein thenext section,
to coordinatesharingamongcoresusinga commonpool of
helperengines.

5 ManagementAcrossCores

As demonstratedin Section4, resourcedemandvariessignif-
icantly acrossdifferentapplicationsandevenacrossdifferent
phasesof the sameapplication. In the caseof a singlecore,
this fact canbe exploited to reducepower by �nding a con-
�guration thatstill providesgoodperformancebut with abare
minimumof helperenginesleft in ahigh powerstate.Manag-
ing helperengineswhenmultiple coresareinvolvedpresents
a tougherchallenge.While theeasiestapproachto supporting
multiple coreson a chip would be to give eachone its own
setof helperengines,previous work hasshown that this in-
stills unnecessaryareacomplexity without a signi�cant per-
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Figure4: Impactof LatencyonOur HelperEngines

formancebene�t [5, 11]. Thealternative thatwe alsoexplore
in this paperis the useof a commonpool of helpers,shared
amongall thecores.Sharinghasa numberof bene�tssuchas
reducingtheareaspentto implementredundantfunctionality
andthepotentialof optimizationthroughdynamicresourceal-
location. In this section,we presenttechniquesto effectively
managehelperenginesin amulticoreenvironment.

5.1 DesignDecisions

Therearea large numberof designdecisionsto be madein
examininghelperenginesin a multicoresetting: the number
of cores,thenumberof eachtypeof helperengine,thetopol-
ogy of theinterconnectbetweencoresandhelperengines,the
physicallayoutof coresandhelpers,andtheapplicationmix
to executeonthecores.This is anenormousdesignspace,and
it is simply not manageableto try all possiblecombinations.
To get a set of experimentswhich is tractable,we limit our
searchin thispaperby consideringresultsfor two possiblema-
chineorganizations:four coressharinga singlehelperengine
of eachtypeandfour coressharingtwo helperenginesof each
type.Additionally, weconsiderapplicationsthatarenotcoop-
erative,but ourwork couldcertainlybeappliedto cooperative
multithreading.Weassumethatall coresshareacommonsec-
ond level cache,andthatany coremayconnectto any helper
engine.

One questionthat immediatelycomesto mind when we
proposethatany coremayconnectto any helperengineis that
it is going to take a gooddeal longerto communicatewith a
helperengineon the othersideof the chip thanwith one in
closephysicalproximity to thecore. While this is truewhen
partitioningarbitraryprocessorresources,helperengineshave
aninherentadvantagedueto their higherlatency tolerance.

To demonstratethat helperenginesare naturally latency
tolerant,we presentFigure4 whichplotstheperformanceim-
pactof latency on our varioushelperenginesby varying the
accesslatency from 1-25 cycles. For theseresults,we con-
sidera singlecorewith privatehelpers,andaveragethe IPC
observedoverbenchmarksthatusethehelperfrom table2. As
seenfrom the�gure, for mosthelpers,thereis little impacton
performanceof thesehelpersfrom smallerlatencies– themost
is seenby thebranchtargetbuffer (BBTB) helper, which suf-
fers an IPC degradationaround1% for eachadditionalcycle
of latency. Prefetchingseestheleastimpact,lessthana0.01%
dropin IPCfor eachadditionalcycleof latency. Theprefetcher
hidesthe latency of memory, andeven 25 cyclesis tolerable



whencomparedwith this latency. The remaininghelperssee
lessthan0.5% degradationper cycle for eachadditionalcy-
cles. As the latency increasesabove 10 cycles,its impacton
theperformanceof thehelperincreasesnon-linearly.

Ourarchitectureisalsonotimpactedbynonuniformaccess
latency from differentcoresto a commonhelper. The arbiter
that selectswhat requestsfrom a coreshouldbe servicedby
a helperwould be locatedcloseto the helperitself. There-
fore, if coreA seesa two cycle latency to a helperandcoreB
seesa singlecycle latency to a helper, andif coreA pipelines
its requestsover two cycles,thenthehelperwill simply seea
streamof requestsfrom A andB withoutany notionof hetero-
geneouslatency. A will seeits predictionsa cycle laterthanB
will seeits predictions,but aswe have demonstrated,this has
a negigible impactonperformance.

Our multicorearchitectureandits �oorplan areshown in
Figure5. We useCACTI to estimatethesizeanddimensions
of theL2 cacheandall of ourhelpers.Theareaof ourcorewas
calculatedusing the areaof EV6 andEV5 scaledto a 70nm
featuresize,similar to [10].

Our �e xible sharingrequiresa link from eachcoreto each
helper. This would double the numberof interconnections
comparedto aconjoinedarchitecturewhereeachhelperis stat-
ically sharedbetweentwo cores.We useda similar methodof
crossbarareaestimationas [11]. For our choiceof helpers
andtheir respectivebandwidthrequirements,thecrossbararea
occupies10% of the total areaof theprocessor, which is 5%
morethanconjoinedcores.

The other hiddencost in sharinghelpersis the potential
increasein requestsfor eachresource,makinghelperengine
bandwidthaseriousconcern.Ideally, eachcorewouldhaveits
own dedicatedport to eachhelperengine,but thecostwould
be prohibitive. Instead,a helpercanmake useof port arbi-
trationto satisfymultiple corerequests.Onepossibility is al-
lowing coresto take turnsaccessinga helper. Anotherwould
involve moresophisticatedcontrol hardwarethat would arbi-
trateamongseveral requests,much like what is donewith a
uni�ed secondlevel cache.

In an architecturewherecoressharea commonpool of
helpers,thehelperscaneitherbeexclusivelyassignedto acore
(i.e. partition the helpers),sharedamongseveral cores(i.e.
sharingcommonhelpers),or somecombinationof both (i.e.
someof the coressharinga commonhelper). Partitioning is
usefulwhenthebandwidthor internalstoragedemandsplaced
on a helperby a single core would precludebenignsharing
with othercores.In thatcase,themostfavorableoptionwould
bededicatinga helperto a singlecore. Sharingcanbeuseful
whenindividualcoresdonot consumeall of thebandwidthor
storagespaceof agivenhelper.

5.1.1 Always On vs. On DemandSharing

Differenthelperenginesexhibit different tolerancesto shar-
ing. At a high level, helperscan be divided into thosethat
areaccessedon-demandandthosethatarealwaysactive. On-
demandhelpersincludethosethatarehierarchicalextensions
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Figure 5: Our Multicore die �oorplan, with 2 setof helpers in the middleof
thecluster, andmicrocoresandL2 cachebanksdistributedaroundtheoutside.

of corestructures,like the instructioncache,datacache,and
branchpredictor. Thesehelpersareonly accessedwhentheir
correspondingcore structuremisses. Locality in the corre-
spondingcorestructures�lters themajorityof therequestsob-
viating frequentaccessesto thesehelpers. This meansthat
bandwidthto the helpermay more easily be sharedamong
multiple cores.However, theamountof statecontainedin the
helpermay still be insuf�cient to allow effective sharingbe-
tweencores– but bandwidthis notusuallya limiting factor.

Otherhelpersdo not have correspondingcorestructures,
and are thereforenot on-demand.The value predictionand
prefetchinghelpersare examplesof this classof helperen-
gines. Any load instructioncan be value predictedand any
cachemiss can initiate a prefetchstream,but a helpermay
nothaveenoughbandwidthto handlecompetingrequestsfrom
multiplecoresif therearelotsof loadsor cachemisses.Helper
state is also a problem here, as sharingcoreswould need
to contendwith oneanotherfor valueandaddresspredictor
space.

5.1.2 Simplevs. Counter Guided Sharing

Onesimpleapproachto sharingis to haveconjoinedcorestake
turnsaccessinga commonsetof helperengines.Takingturns
is a viableoptionfor on-demandhelperswherecontentionfor
helperbandwidthis lesscommon. But helpersthat are not
on-demandcansuffer from a turn-basedapproach.Consider
valuepredictionin a two coresetting,whereeachcycle a new
setof loadPCsarefetchedandcouldpotentiallybevaluepre-
dicted. Taking turnswould meanthat valuepredictionwould
only occurevery othercycle, potentiallyhalving the number
of valuepredictedinstructions.Notethatthe issuehereis not
accesslatency (becausehelperenginesare latency tolerant),
but the fact that we lose the opportunityto predict load in-
structions.This problemonly becomesworsewhentrying to
shareamongmore than two cores. We further optimize the



turn-basedstrategy by allowing othercoresto accessa helper
engineon a givencore's turn if thatcoredoesnot requirethe
helper'sbandwidth.Thiscanhappenwhenacorehassuffered
apipeline�ush or in thecaseof on-demandhelpersthatsimply
donot seeany accessesto thehelper.

Even thoughsomecoresmay make useof a helper, the
helpermay not provide any bene�t, even in the caseof on-
demandhelpers. Considera threadwhoseworking setdoes
not �t in the datacachehelperengine– it will thrashin the
datacacheasit tries to containits working set,but will still
beplaguedby missesthatmustbeservicedby theL2 andwill
evict potentiallyusefulentriesfrom otherthreads.Similarly, a
threadmaynot seeany bene�t from valuepredictionandmay
simplybestealingavailablebandwidthfrom athreadthatdoes
seebene�t.

We make useof theutilization countersfrom Section4 to
guidehelperenginesharing.Thesecountersprovidea�ltering
mechanismto avoid sharinga helperamongcoresthatseeno
bene�t from thathelper. Corescanthenrequestaccessfrom a
globalhelperarbiterto thehelpersfrom which they expectto
seebene�t.

While �ltering uselesssharingis vital, wealsoneedto pro-
vide anintelligentapproachto choosewhatcoreswill sharea
commonhelperengine.In a four corescenariowhereall cores
(labeledA-D) wanta BBTB helperengine,andthereareonly
two helpersavailable,performancemaysubstantiallyimprove
if A andB areallowedto shareinsteadof A andC. Or, it may
be bestfor A to have its own privatehelperand for B-D to
sharetheremaininghelper.

To arbitratesharingamongthe �ltered set of helperen-
gines,wemakeuseof correlatingcountersthatcanguideshar-
ing. A goodexampleof this is theprefetchinghelperengine.
If multiple coresarecontendingfor a pool of prefetchhelper
engines,threadsthat have a greatermagnitudeof prefetches
shouldbe given privateaccessto a prefetcherif oneis avail-
able. If therearenot enoughprefetchersto granta privateen-
gineto threadswith a largenumberof prefetches,threadswith
a comparablenumberof prefetchesshouldbepairedtogether.
Thispreventsthreadswith agreaternumberof prefetchesfrom
starvingotherthreadsfrom gettingaccessto streambuffers.

At eachcore,thecorrelatingcountersaretestedagainsta
numberof thresholdsto classify the demandfor a particular
helperinto a utilization class(i.e. light, medium,heavy). The
utilizationclassis thenmemoizedin thephase-detectionhard-
ware to track the expectedutilization classof eachhelperat
eachphase.

The global helperarbiter is responsiblefor taking the re-
questsfrom all coresfor helpers(thishasalreadybeen�ltered
at eachcoreby theperformancecountersandphase-detection
mechanisms)andtheactualutilizationclassfor eachhelperre-
questedfrom eachcore.Theglobalarbiterthentriesto match
requestsof similar utilization classestogetherin the caseof
helpersthatarenoton-demandandtriesto mix requestsin the
caseof helpersthatareon-demand.
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Figure6: SimplevsCounter-GuidedSharingof theBBTBHelperEngine

5.2 Sharing Results

To better evaluatethe differencebetweenthe two types of
helperenginesandthe two typesof sharing,we moreclosely
examinetheBBTB helperengine(anon-demandhelper)and
the prefetcherhelperengine(not on-demand).For each,we
examinesituationswherefour coreshave privateversionsof
all otherhelperenginesbut eithertheBBTB or theprefetcher.
The four coresarethenforcedto shareeitheroneor two in-
stancesof eithertheBBTB or theprefetcher. For theresultsin
thissection,anarchitecturewherefour coresaresharingasin-
gle instanceof a helperis denotedwith a -1h andanarchitec-
turewherefour coresaresharingtwo helperenginesis denoted
with a -2h. We considerconjoinedsharing(conjoined) and
counterguidedsharing(counter), aswell asthecasewhereall
coreshavetheirown privateengines(private). Fourconjoined
corescanshareonehelperin only oneway (all four sharing
theonehelper),but four corescanbe conjoinedto sharetwo
helpersin threeways: coreA andB together, coreA andC
together, or coreA andD together. To capturethevariationin
performancepossibledependingon how coresareconjoined,
weconsiderthreebarsfor conjoinedcores:best-conjoined(the
bestcasecombinationof cores),worst-conjoined(the worst
casecombinationof cores),and avg-conjoined(the average
performanceacrossall combinations).Note that thereis no
one combinationthat is always bestor worst - the bestand
worstcasesvary dramaticallyfrom helperto helperandfrom
applicationto application.

For eachhelper that we explore, we constructan appli-
cationmix by selecting� ve benchmarksthat bene�ted from
the helper engineand � ve benchmarksthat did not bene�t
from thehelperengine.We thenform � ve applicationmixes
of four threadseachthat representall possiblecombinations:
all threadsneedthehelper, threeout of four threadsneedthe
helper, two outof four threadsneedthehelper, only onethread
needsthehelperandnothreadneedsthehelper– in thatorder.
For caseswhereonly oneor no applicationdemandsa helper
engine,thereis obviously little impactfrom thesesharingap-
proaches– but theseresultsareshown for completeness.

Our helpercon�gurationsare as presentedin Section3.
Thevaluepredictorhelperenginehasonly two ports,andcan
thereforeonly satisfy two requestsfor predictionper cycle.
Theprefetchercanonly prefetchonecacheline percycle.

Figure 6 illustrates the performanceof an on-demand
helper: the BBTB helperengine. For the singlehelperruns,
thereis not much improvementfrom counter-guidedsharing
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becauseon-demandsharingalreadyinherently�lters requests
(counterbased-1helper).Intelligentsharingin thiscasewould
bebene�cial if it caneliminateuselessaccessesto thehelper
engine. On-demandhelpersnaturallywill not be accessedif
thereis nobene�t. However, whensharingtwo helpersamong
four cores,thereis adestructiverelationshipbetweeneon and
crafty whensharinga commonBBTB dueto aliasing.Our
counter-guidedapproachis ableto determinethebestcombi-
nation for benignsharing– even when all four applications
wantto sharetheBBTB. Becauseeon andcrafty seemany
more helperengineBBTB hits thanother applications,they
shouldnotbecombinedtogetherto avoid contentionfor space
in theBBTB. Thegapin performancebetweenhaving asingle
BBTB helperandhaving two BBTB helpersis clearlygreater
whenmoreapplicationsdemandtheBBTB, demonstratingthe
impactthatcontentionfor spacecanhave,evenfor on-demand
helpers.Thelasttwo mixesof benchmarks,whereonly oneor
no applicationneedsthe BBTB, do not seeany impact from
sharingapproaches.

Figure7 illustratestheperformanceof a helperthat is not
on-demand:theprefetchhelperengine.Counter-guidedshar-
ing is useful for the singlehelperrun whenthereare two or
threebenchmarkscompetingfor bandwidththatdonotseeany
bene�t from thehelper. Thebenchmarkmix mesa-parser-
applu-equake is suchacase,wheremesa andparser do
not bene�t from prefetchingbut applu andequake do. By
�ltering mesa andparser out via our correlationcounters,
we are able to usea single helperengineto outperformthe
worstandaveragecasesof conjoinedcoreswith two helpers.

With two helpers,thereis moredisparitybetweendiffer-
ent conjoinedcore runs. Applu and mcf issuefar more
prefetchesthanbzip2 andequake , andunlike the caseof
on-demandhelpers,it is actuallybene�cial hereto have ap-
plu and mcf sharethe samehelper engine. If we com-
bine either one of theseapplicationswith one that bene�ts
from prefetchingbut doesnot have the samemagnitudeof
prefetches(likebzip2 or equake ), theapplicationwith less
prefetcheswill not geta fair shareof streambuffer resources.
In the caseof mesa-parser-applu-equake , parser
contendsfor prefetchbandwidth,despitenot seeinga bene�t
from prefetching,and impedesthe prefetchingof applu or
equake . Thecounter-guidedapproachis ableto identify the
inability of parser to effectively useprefetching,andpre-
ventsthis degradation. For all runs, our counter-guidedap-
proachis ableto performaswell or betterthanthebestcon-
joinedcorecombination.
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Figure8: SimplevsCounter-GuidedSharingof All HelperEngines

Figure 8 presentsresultsfor sharingall helpersat once.
The�rst applicationmix on the�gure enjoysa largeimprove-
mentfrom ourcounter-guidedapproachfor two mainreasons.
First, gap is able to get a private value predictor. Second,
art andeon do not do well whenconjoinedwith galgel .
By giving �e xibility to helpersin how they share,ourapproach
is ableto outperformany conjoinedcombination.This is also
evident from the third benchmarkmix, wherevalue predic-
tion contentionhampersthe performanceof mcf and gap .
Onaverageourcounter-guidedapproachfor onesetof helpers
sees13%improvementoverabaselinenaively sharinghelpers
amongall cores.Sharingtwo setof helpers,ourapproachpro-
vides54% improvementwhile conjoiningcorescanseeben-
e�t rangingfrom 20% to 40% dependingon how coresare
conjoined.

5.2.1 ConstructiveSharing

Aswedemonstratedin theprevioussection,sharingonehelper
amongfourcores,candegradeperformancesigni�cantly when
applicationsrunningon all coresneedthe helper. However,
therearecaseswherecommoncodeor data(i.e. OLTP, paral-
lel processing)maybeexecutingin theCMPenvironment,and
sharingcanactuallybe constructive if threadsareallowed to
sharestatein a commonhelperengine. Our �e xible helper
managementallows constructive sharingof a helperamong
suchworkloads.We considerthecasewherethesameappli-
cationis executingon all cores,but eachapplicationinstance
is executingdifferentinputsetsor differentphasesof thesame
inputset.

Figure9 illustratesthe bene�t of constructive sharingfor
the BBTB andinstructioncachehelpers.For crafty , eon
andmesa we simulatedfour differentphasesof eachappli-
cationrunningconcurrentlyon four cores. For vortex we
usedfour different inputs. All of theseapplicationuseboth
BBTB andinstructioncachehelpersintensively. The�rst bar
showsresultswhenthereareprivatehelpersdedicatedto each
core,andthesecondbarshowsresultswhenonly onehelperis
sharedconstructively amongthefour cores.Thespeeduppre-
sentedis relative to onehelpersharedamongfour cores,but
without any constructive sharingamongthreads.Our counter
mechanismis still usedin this case.Our resultsindicatethat
sharingthe instructioncachebetweenmultiple coresincursa
similar missrateasa dedicatedcachepercorewith thesame
capacity, as reportedin [12]. In vortex , a constructively
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Figure 9: Speedupof privatehelpers, andconstructivelysharedhelpers rela-
tive to theperformanceof sharinghelpers destructively

sharedinstructioncacheeven outperformsthe privatecache
performanceby avoidingmissesto cacheblocksusedby mul-
tiple cores. The contentionwhensharingthe BBTB among
applicationsthathave high demandfor this helpercanbe ex-
tremelyseverewhennot sharedconstructively. Crafty and
vortex seea4X speedupwhenusingdedicatedBBTB helper
enginesinsteadof sharingasingleBBTB helper. Thisis dueto
thereducedaccuracy of branchpredictionwhenthreadsthrash
for spacein thesharedpredictor. Thereis asigni�cant increase
in thenumberof instructionsexecutedasa resultof this mis-
peculationwhichcanfurtherpollutecachesandwasteenergy.
SharingtheBBTB constructively amongcoreseliminatesthis
thrashingeffect for all applicationssimulatedexceptcrafty
which still seessomeimpact from this. This applicationhas
more complex branchbehavior that can inhibit constructive
sharingacrossdifferentphases.

6 Summary

In this paperwe explore helperenginemanagementpolicies,
both for a singlecoreandin a multicoreenvironment. Cores
with decoupledhelperenginesprovide an opportunityto dy-
namically tune processorresourceson an applicationphase
basis. With our counter-guidedhelpermanagement,we can
comewithin 2% of thebestperforminghelperenginecon�g-
uration(typically theonewith all � ve helperenginesactive),
but with anaverageof lessthanthreehelpersturnedon. This
counter-guidedschemecanbe appliedto the multicoreenvi-
ronmentto more effectively sharea pool of commonhelper
enginesamonga numberof cores. Our approachto sharing
is intelligent and �e xible enoughwhenusedwith four cores
sharingtwo setsof helpersto seean average54% weighted
speedupoverabaselinenaivelysharingonlyonesetof helpers.
Staticallysharedhelperscanseebene�t rangingfrom anaver-
ageof 20%to 40%dependingon how coresareshared.Con-
structive sharingcan provide even more bene�t, effectively
providing performancecomparableto privatehelperengines
whenrunningthesameapplicationon all cores,evenfor dif-
ferentinputsandphases.
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