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Abstract

Technolagy scaling trendshaveforced designes to con-
sider alternativesto deeplypipelining aggressivecores with
large amountsf performanceacceleatinghardware. Oneal-
ternativeis a small, simplecore that can be augmentedvith
latencytolerant helperengines Asthe demandgplacedon the
processorcore variesbetweerapplications,and evenbetween
phase®fanapplication,thebene tseerfromanysetofhelper
engineswill vary tremendouslyif there is a singlecore, these
auxiliary structules can be turned on and off dynamicallyto
tune the enegy/performanceof the madine to the needsof
therunningapplication.

As more of the processoris broken downinto helperen-
gines,and aswe add more and more coresonto a singlechip
which can potentially shae helpes, the decisionsthat are
madeabout thesestructues becomeincreasinglyimportant.
In this paperwe describethe needfor methodghat effectively
mangye thesehelper engines. Our counterbasedapproac
candynamicallyturn off 3 helpess on average, while staying
within 2% of the performancenvhenrunning with all helpers.
In a multicore ervironment,our intelligentand e xible shar
ing of helperenginesprovidesan average 24% speedumver
staticsharingin conjoinedcores. Furthermoe we showbene-
t from constructivelysharinghelperenginesamongmultiple
coresrunningthe sameapplication.

1 Intr oduction and Motivation

While theunceasingnarchof Moore'slaw hasgivencomputer
architectsa continuallyincreasinghumberof transistorgo de-
signwith, emepging technologytrendsincludingpoorwire la-
teng scaling,increasedpower density and reducedtransis-
tor reliability threaterto limit the usefulnes®f thosedesigns.
Oneapproacho providing aggressie cycle timesin theface
of increasinglateny is to deeplypipeline all aspectf the
processarfrom thebranchpredictorto theinstructionwakeup
logic to the cachememories.While deeppipelining hasbeen
effective atincreasingoperatingirequeng, oneof thereasons
that performancelags behindthat of the trendsset by fre-
qgueng is theincreasedateng to critical processofoops[2]
from deeplypipelinedstructures.Furthermorethereis extra

latengy from routing compleity dueto large structureq19].

Largerstructuresalsocontrituteto the growing power density
andthermalproblemdacingmodernprocessodesignthrough
greaterpower dissipationandlongerclock wires[3]. To bat-
tle theseproblems modernmachinesareincreasinglybuilt as
a loosely-coupledassociatiorof partsthat interoperatein a
robustandlateng tolerantmanner

At the highestlevel, the software may be involvedto de-
scribethe loose coupling betweenvarious parts of the com-
putation. SimultaneousMulti-Threading and Chip Multi-
processindgaseddesigng22, 6] have seenwidespreacadop-
tion bothin theacademi@ndindustrialervironmentdecause,
in part, the parallelismthey bene t from canbe exploited at
the architecturallevel. Sincethe workloadis alreadyexplic-
itly portionedinto partswhich communicaténfrequently the
work may be distributed aboutthe die with only minor ef-
fectsfrom thelateng of the communicatiorchannebetween
them. However, even at the micro-architecturalevel theidea
of decoupledxecutionhastakenhold. Many researchersave
proposedto take the large memory-laderstructuresthat are
crucial to single threadperformanceand factorthem out of
the coreinto specializechelperenginegs[7, 8, 13, 1]. Some
structurescanbe brokenin two, with a smallerstructurethat
canhold enoughstateto provide low-lateng for requestsghat
are frequently occurring and a larger, secondlevel, struc-
ture that hasa capacitysufcient to keepperformancehigh.
Otherstructurescanbe completelyfactoredfrom the proces-
sor coreandhave inherentlateng tolerancethat allows them
to avoid becomingcritical loopsin the processar Processors
arequickly becomingdistributedsystemson adie.

In suchan ervironment, where we have multiple levels
of cachesdecoupledbranchpredictors,separatgrefetching
and value prediction units, and two level register les, how
doesonemanageall of theseresourcesn away thatwill pro-
vide adequatgerformanceyet not be wastefulof power and
chip area?The problemis furtherexacerbatedy proposalgo
have multiple threadsor multiple coressharingthe samere-
sourceg11]. Which resourceshouldbe sharedhow should
they be allocated,and how canwe ef ciently managetheir
power? To answerthesequestionsat run-time, we needa set
of sharedhelperenginemanagemenpolicies that can adap-
tively allocateresourcesn away thattakesinto consideration



theneedsof eachexecutingworkload.

In this paper we preseninovel sharechelperengineman-
agemenpoliciesthatbasetheir decisionson a setof carefully
chosenobsenations. We shaow thatthroughthe collection of
a few simpleto gatherrun-time metrics, processoresources
canbe allocatedto a setof runningprogramsn a way thatis
nearoptimal. We begin by examiningasinglethreadegroces-
sorwith a variety of helperengines.Our metricscanpredict
whichresourcesvill bemostvaluableto anexecutingprogram
sothatun-helpfulhelperamaybeputinto alow power stateyet
the overall performanceemainsalmostunafected. By gath-
eringa statisticassimpleasthe numberof cachehits, we can
pick thebestoverallcon gurationin asingletry. Furthermore,
we shaw how thesetechniquesanbe extendedto help guide
the sharingof resourcedetweermultiple coreson achip. We
obsene haw differenthelpershave differentsharingrequire-
mentsand demandsandthat prior work may not be ableto

nd the bestsharingcombination. We have implementeda
variety of differenthelperenginesandwe have extendedour
simulatorto supportmultiple executingprocessesothata de-
tailedanalytictreatmenbf the subjectcanbe presented.

This papemakesthefollowing contrikbutions:

Analysis of program behaior and resourcerequire-
mentsin an architecturewith mary major components
decoupledria helperengines.

Proposalof an intelligent mechanismto dynamically
tune helperenginesto the speci ¢ needsof the appli-
cationfor optimal power/performance.

Extensiorof this mechanisnto intelligentsharingof re-
sourceamongmultiple cores.Prior work hasonly con-
sideredwhetheror not simple sharingis possible— we
demonstratdow differenttypesof helperenginesmay
be shareddifferently andhow sharingmustbe e xible
to attainmaximalperformance.

Investigationof constructve sharingwhenthe sameap-
plicationis allowedto sharefetch stateacrossdifferent
phase®f executionanddifferentinput sets.

Therestof this paperis organizedasfollows. In Section2,
prior work on helperenginesand CMP sharingis discussed.
Simulationmethodologycanbefoundin Section3. Sectiond
begins with a descriptionof the differenthelperenginesthat
we implementedandan analysisof the varying requirements
for differentapplicationsfor differenthelperengines.We ex-
plore a mechanismnto enable/disabléelperenginesandfur-
ther extendthis to sharinghelperenginesn a multicoreervi-
ronmentin Section5. We concluden Section6.

2 RelatedWork

In [17], Smith proposes processoimplementatiorthatcon-
sistsof several distributedfunctionalunits, eachfairly simple

andwith avery high frequeng clock. Theseunits communi-
catevia point-to-pointinterconnectionshat have shorttrans-
missiondelays. He thendescribesow surroundinghis sim-
ple corepipelinewith helperengineghatperformspeculatie
tasksoff the critical pathresultsin enhancedverall perfor
mance.Sincethe helperenginesareoff the critical path,they
canuseslower transistorgo reducestaticpower consumption.
This is alsothe motivation behindour factoreddesign,where
the speculatie structuresarereducedo a bareminimumsize
to supportnearbylLP but they areduplicatedin larger sizes
outsideof the critical path for extracting distantILP. On a
follow-up paper[7], Kim and Smith discussthe microarchi-
tectureand ISA that implementsthis distributed processing
paradigmwhich utilizeshierarchicategister les andaglobal
register le to hold global state. In Section4, we detail the
prior work for eachindividual helperenginewhendiscussing
theimplementatiorof thathelperengine.

Sharingsomeprocessoresourceamongcoresin a CMP
settingwas rst proposedy DolbeauandSezned5]. Kumar
etal. [11] alsoexaminethisideaandpresenta morethorough
evaluationof sharing. Dolbeauand Sezned5] proposethe
CASH architectureas an intermediatedesignpoint between
CMP and SMT architectures.A typical CASH architecture
sharecachespranchpredictorsanddivision functionalunits
betweerdynamically-scheduledores.Kumaretal. [11] also
proposeresourcesharing betweenadjacentcoresof a chip
multiprocessoto reducedie areawith minimalimpacton per
formance. They investigatethe possiblesharingof oating-
pointunits,crossbaports,instructioncachesanddatacaches
andprovide detailedanalysisof areasavingsthateachkind of
sharingentails.Both[5] and[11] examinearound-robinbased
accessnodelwherearesources allocatedo a particularcore
everycycle. Kumaretal. alsoinvestigatea moresophisticated
schemdor caches After suffering a cachemiss,a corerelin-
guisheghecontrolof thecacheto the othercoreuntil themiss
is serviced.

Ourwork differsfrom theseiechniquesn two dimensions:
1) In additionto reactive (or demand-basedgsourcesharing
suchaswhensharingcacheswe alsoconsidersharingalways
active resourcesuchasprefetchersandvalue predictorsthat
run aheadof the executionstreamand, 2) We investigatean
intelligent approachto assigningresourcedo coresbasedon
utilization.

3 Methodology

The simulatorusedin this study was derived from the Sim-
pleScalar/Alpha3.0 tool set [4], a suite of functional and
timing simulationtools for the Alpha AXP ISA. The timing
simulatorexecutesonly userlevel instructions. Simulationis
execution-drven, including executiondown ary speculatre
pathuntil thedetectiorof afault, TLB miss,or branchmispre-
diction. Lateng valuesfor the cachesandregister les were
obtainedusingCACT] [16] for a 70nmprocesdechnologyat
4 GHz.



Core

HelperEngines

Inst Window 256entryROB

PhysicalRF 256 entryregister le

BBTB 128-entry4-way SA 1024-entryd-way SA

L1 Data 8KB 4-way SA, dualport 64KB 4-way SA, singleport
Cache 32Bblocksize,2 cycle lat 32B blockssize,4 cycle lat

L1 Instruction
Cache

4KB 4-way SA, singleport
32Bblocksize,2 cycle lat

64KB 4-way SA, singleport
32B blockssize,4 cycle lat

ValuePredictor none 2K-entrystride
8K-entryL2 marlov

2K-entrystride

AddressPredictor || none

4K-entry markov
StreamBuffer none 32-entryFA buffer
BranchMispred 15c¢ycles
CoreWidth 4-way issue 4-way decoded-way commit

Memoryand
L2 Cache

152cycle memorylat, 2MB, 4-way SA uni ed
cachewith a64B block sizeand20 cycle lat

Table1: Simulationparametes for a singlecore architectue. Theseparame-
ters remainthe samefor the multicore caseexceptfor the L2 cache which be-
comesan 4MB, 4-wayset-associativel-bankcahe shaedamongall cores.

We usedthe SPEC2000benchmarkset for our experi-
ments. Although the resultsare gatheredfor all the bench-
marks,we only show resultsfor a randomly selectedsubset
of 11 programsin the suite to consere spacein this paper
Detailsfor all benchmarkwill be availableasa technicalre-
port (citation removed for blind review process). The pro-
gramswerecompiledon a DEC Alpha AXP-21164processor
usingthe DEC C and C++ compilersunderOSF/1V4.0 op-
eratingsystemwith full compileroptimization(-O4 -ifo ).
We picked the 4 mostdominantphasesasdeterminecby the
hardwarephasedetectiortechniquedescribedn [15] andsim-
ulatedthesephasesasrepresentatie samplesf the program.
On averagethey accountedor approximately70% of the ex-
ecutiontime of eachbenchmark All benchmarksveresimu-
latedusingtherefinputs.

Table 1 presentghe simulationparameterdor 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 architecturewe
have extendedSimpleScalato includea cycle accurategxe-
cution driven model of chip multiprocessingCMP) [6]. All
the parametersisedin our multicoreexperimentsarethe same
asin Tablel for eachcore,exceptthatwe increasehe sizeof
the L2 cacheto an 4MB, 4-way set-associate cacheshared
amongall cores.

Perthreadperformancemetrics are measuredor execu-
tion up to a maximumperthreadinstructioncount. All com-
pletedthreadscontinueexecutionpastthis point while other
threadsexecute. This preventsfreeingof resourcesvhencer
tainthreadscompleteearlierthanothers.

We malke useof weightedspeedufd18] asa performance
measure. This metric ensureghat high IPC threadsare not
favored and that we are measuringreal increasesn the rate
of progressof all applicationsin the mix. Weightedspeedup
equalizesthe contrikution of eachthreadto the sum of total
work completedn theinterval by dividing the IPC of thatjob
in themix by theIPC of a singlethreadedun.

4 Tuning a SingleCore

While therearemary differentpapershatexplorethebestway
to take a singlearchitecturafeatureand modify it to strike a
balancebetweenlateny and capacity thereis a shortageof

work that examineswhat the rami cations are when mostof

the structuresarebuilt in this way. As our goalis to develop
techniquedo make goodchoicesbetweena variety of differ-

entrun-time processocon gurations,we needto begin with

a processomodelthat hasbeenhighly decoupled.Figure 1

illustratesthe architectureve explorein this study with mary

previously proposecdhelperenginesdecoupledrom the core
pipeline. In this sectionwe limit oursehesto singlecorede-
signs,andthenin Section5 we shov how to extendtheideas
developedhereto apply to caseswhere multiple coresmay
competefor resources.

4.1 Helper Engines

Becausethere is no existing simulation infrastructurewith

built-in decoupledhelper engines,we modi ed our CMP-
extendedversionof SimpleScalaf4] to include a variety of

proposediesigns.The helperengineswve include,whencom-
binedtogetherdecoupleall of the majorpiecesof themodern
processarandwe believe thatthey represent realisticvision
of the next generatiorof aggressie superscaladesigns.This
sectionincludesa descriptionof our targetprocessocoreand
thehelperengineghatassistt.

4.1.1 Data Cache

We considera small LO cachein our core,asin [8]. OurL1
datacachehelperengineextendsthe cachehierarchy provid-
ing larger capacitythanthe LO at afasterateng thanour L2.
While datacachesare perhapsthe mostwell studiedpart of
the processarwe will later shav the bene ts of controlling
the datacachecon gurationin conjunctionwith otherhelper
engines.

4.1.2 Instruction Fetch

Similar to the datacache,we make useof a smallerLO in-
structioncacheandanL1 instructioncachehelperengine.To
compensatéor thesmallercachesize,we useout-of-orderin-
structionfetch asdescribedn [21]. In this schemea place-
holderis usedin theinstructionfetchqueug(IFQ) to maintain
programorder- andthe executioncorestallsif the next entry
to be consumedrom the IFQ is still in ight. We modelthe
compleity this bringsto the IFQ by implementingthe equiv-
alentof anMSHR[9] for theinstructioncache.

4.1.3 Data Prefetch

We model a streambuffer architectureguided by a stride-
Itered markov predictor as proposedin [14]. The stream
buffers of the prefetchhelperengineare only accessedn LO

datacachemisses.We allow a single predictionanda single
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Figure 1: Thesinglecore architectue exploredin this study

prefetchper cycle, guidedby the addresgredictortrainedon
the LO missstream.

4.1.4 Value Prediction

Valuepredictionisoneapproacho breaktrue datadependen-
ciesandcreatemoreinstructionlevel parallelismin an appli-
cation. We usea hybrid value predictor[23] to predictload
instructionsonly. This structurecanbe accesseeéarly in the
pipelineaswe only needthe PC of theinstructionto make the
prediction.Our valuepredictorhelperengineis limited to two
predictionsper cycle. We malke useof an extra bit associated
with eachinstructionin the instructioncacheto dynamically
mark instructionsfor value prediction. In this study we only
markinstructionsthatareloads.

4.1.5 Branch AddressPrediction

Our architecturemakes use of a basic block target buffer
(BBTB) [24], abranchaddresgredictorthatpredictsanentire
basicblock eachcycle. The PC at the headof the basicblock
senesasanindex to the predictor which returnsa targetad-
dressafallthroughaddressabranchtype,andtwo perbranch
predictioncounters:oneto make perbranchdirectionpredic-
tions, and oneto arbitratebetweenthe perbranchprediction
andtheglobalbranchdirectionprediction.
Ourarchitecturenakesuseof asmall rst level BBTB and
asecondevel BBTB helperengine similarto [13]. Similarly
we decouplebranchpredictionfrom the instructioncacheus-
ing a fetch taget queue(FTQ) [13]. On a rst level BBTB
miss,the BBTB helperengineis probedandfetch stallsuntil
a responsas receved from the helperengine. If the helper
enginealsomisseswe guessa x edfetchblock sizeandcon-
tinuefetchinguntil amispredictionis detected.

4.2 Helper Engine Utilization

While thereare mary circuit level advantagego decoupling
large structuresrom the processocore, it alsomalkesit very
easyto tunethe processoito the speci ¢ needsof an applica-
tion. Eachof theseengineshasa well de ned interface,and
the processocantoleratea wide rangeof accesdatenciesto
ary oneof theseenginegfurtherexploredin Section5). Thus,

addingsupplementatontrolto eachof thesedevicesthatwill
allow themto maintainseparatgower statesdoesnot intro-
duceunreasonableostor performancealegradation.

As mightbeexpectedfor ary givenprogramsomehelpers
will bemorehelpfulthanothers.If theprogramis spendingll
of its time doing dataaccessest is morelikely to getbene t
from the datacacheandprefetcheithantheinstructioncache.
In anaive design,onemight leave all of the helperenginesn
an“on” stateat all times. Clearly, this will be wastefulif a
programgetsnobene t from asubsebf thehelperenginesin
fact, we have found that up to half of the helperenginescan
beturnedoff atary givenpointin time, with almostno perfor
manceimpact(2%). The problemis knowing which engines
to turn off.

Note thatthereis an overheadassociateavith power gat-
ing, andthe coarse-graimrganizatiorof theseauxiliary struc-
tures into helper enginesprovides a useful abstractionfor
power gating thesestructures. Moreover, phase-basedpti-
mizationhelpsto hide thelatengy associateavith power gat-
ing, sincethe granularity of our helperallocationsis much
largerthanthelateng of power gating.

Tofurtherillustratethis, we plottedthesetof critical helper
engineghatareneededo maintaintop performancdor each
programin Figure 2. Figure 2 showvs the minimal set of
helpersneededto achiere maximal performancefor the top
four phaseof 11 of the programswe have examined(shovn
in the rows). The columnsof the table representhe helper
engines,(d=datacache,p=prefetching,b=branchprediction,
i=instructioncacheandv=valueprediction).An X in agiven
squareindicatesfor that phase the correspondindhelperen-
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 power states.

All of thecon gurationsin Figure2 performwithin 5% of
the con guration shavn to have the absolutehighestperfor
mance(typically the con guration with all helperenginesac-
tive). Thelasttwo columnspresenthespeedup of thiscon g-
urationrelativeto bestandworstcon gurations(all helperson,
andall helpersoff). Thesecon gurationswerefound strictly
by a bruteforce searchof the designspace simulatingevery
possiblecon guration and taking the con guration with the
leastnumberof helperengines‘on” thatwasstill within 5%
of the casewith all helperenginegurnedon.

Obviously, trying eachof the  possiblecon gurationsis
not a viable designchoicefor a runtime system but thereare
severalimportantpointsthatcanbe drawn from this graph. It
is clearfrom Figure2 thatthereis no onegoodcon guration
that ts all applications.For mary programdifferentcon g-
urationsare even neededor differentphases.This meansa
new, intelligent,andadaptve managemergchemes goingto
beneeded.



d p b | v |SU/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 X -4% 7%
4 X -4% 8%
bzip2 1 X X 0% 23%
2 X -2% 8%
3 X X 0% 23%
4 X X -3% 10%
crafty 11X X X -4% 174%
2 I X X X -3% 138%
3 X X X -2% 192%
4 I X X X -4% 156%
eon 11X X X -2% 125%
2 I X X X -1% 110%
3 X X X -2% 107%
4 I X X X -1% 105%

4.3 Helper Con guration

Helper enginecon guration could be tackledin a variety of
differentways. While static approachesould usepro le or
compilerguidedheuristicsto nd onegoodcon guration for
theapplicationasawhole,thismayproveineffectivedueto the
time varying behaior of applications.A moreeffective static
approachmaybeto inject specialrecon gurationinstructions
that help tune the processoto speci ¢ phases.While these
techniquesare possible,in this paperwe chooseto focuson
hardwarebaseddynamictechniquessthey requireno a priori
knowledgeof the programandoperatdn acompletelyon-line
manner

To guideourdecisionaboutwhich con gurationto choose,
we needsomeinformation on how a programinteractswith
the processar This informationmustbe simpleand cheapto
obtain,andshouldbe highly indicative of thebene tsthe pro-
gramis reapingfrom accesgo eachhelperengine.In orderto
gatherthis information, we usesimple performancecounters
thattrackthe “help” thateachengineprovides. For example,
performancecounterscan track the numberof hits in cache
helperenginessuccessfupredictionsby predictorhelperen-
gines,andsoforth. Speci cally, our helperenginesaremodi-
ed to trackthefollowing events:

Data/Instruction Cache: the numberof times a cacheline
that missedin the LO data/instructiorcachehits in the
data/instructiortachehelperengine.

BBTB: thenumberof timesaPCthatmissedn theLO BBTB
hitsin theBBTB helperengine.

Data Prefetcher: the total number of hits in the stream
buffersandin the L2 cachethatwerebroughtin by the

d p b | 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 X -2% 15%
3 X -3% 407%
4 X -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%

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

prefetcherEachline in theL2 caches augmentedvith
a bit to indicatewhetherit wasbroughtin by a demand
missor aprefetch.Onthe rst useof aline markedasa
prefetchthebit is ipped.

Value Prediction: the numberof instructionsissuedusinga
predictedvalue.

These counter values are comparedto pre-determined
thresholdvaluesto decidewhetherthe helperengineshould
be turnedon or off. We performeda sensitvity analysisto
variousthresholdvaluesfor the SPEC2000benchmarksuite
with referencanputs. We shaw resultsfor a consenrative set
of thresholdsto curtail performancedegradation. More ag-
gressve thresholdscan be usedwhen power reductionis the
primaryobjective. Furthermoredynamicthresholdvaluescan
be calculatedby adjustingthe thresholdso maintaincertain
“on” and“off” stateperformancecounterstandarddeviation
values. However, this is beyond the scopeof this paper and
we leave this for futurework.

We malke useof phase-basethemoization[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,thehelperrepresentedly thatparticularlocationshould
beon. Otherwisethe helpercanbeturnedoff. The rst timea
phasés seenweturnall helperson andtracktheperformance
usingthe above counters. Eachcounteris comparedagainst
the thresholdfor keepingthe helperengineon, and the bit
vectorfor that particularphases updatedn our phase-based
memoizatiortable. The helperenginescanthenbe guidedby
a simplelast phasepredictor The samplingperiod neednot
be aslong asa phaseandcanbelimited to aninterval of one
million cycles.



O R, N WM

# of Acti ve Helpers

1
g 0.8
T 0.6
N
T 0.4
£o2
=z
0

applu  apsi art bzip

i

crafty eon gap mcf

galgel mesa parser

Figure 3: Comparisorof the con guration fromFigure 2 (light grey) andour
counterguidedcon guration (dark grey).

We alsomemoizethe obsened IPC for eachphaseduring
the samplingperiod, andif the IPC resultingfrom a particu-
lar con gurationis notwithin somethresholdPC seenduring
sampling(5% for this study), we clearthe bit vectorfor that
phaseandforce anothersamplingof the above counters.This
helpsrecoverfrom phasemisprediction®or eventsthatcanim-
pactperformancésuchaspower throttling).

4.4 Performanceof Counter-Guided Con guration

Figure 3 compareghe performanceof the con gurationfrom

Figure?2 (light grey) to our counterguidedcon guration. Per

formancehereis normalizedto an architecturerunning with

all helperengineson. On average we areableto comewithin

1.5%of thatperformancewith anaverageof only 2.6 helpers
turnedon. The con guration from Figure2 comeswithin 2%

of theperformancef all helperson, only using2.2 helperson

average.In somecaseswe useonemorehelperenginethan
neededdueto our choiceof conserative thresholdsMore of-

ten than not this is the datacachehelperengine,which can
provide load hits that are not performancecritical. One ap-
proachto ne tuningthis further would be to incorporatethe
notion of load criticality [20] or to try andcorrelatethis with

thenumberof L2 misses- applicationswith alargenumberof

L2 missesmay not seebene t from anincreasen L1 hits if

theL2 misseghatdominatethecritical pathof theapplication
arenotreduced.

Theseesultsdemonstratéheability of performanceoun-
tersto ne tunehelperengineutilization. This canallow an
architectureo reducepower wastedin helperengineshatdo
not provide usefulwork or aswe will seein the next section,
to coordinatesharingamongcoresusing a commonpool of
helperengines.

5 ManagementAcrossCores

As demonstrateth Section4, resourcedemandvariessignif-
icantly acrosddifferentapplicationsandeven acrosddifferent
phaseof the sameapplication. In the caseof a single core,
this fact can be exploited to reducepower by nding a con-
guration thatstill providesgoodperformancdut with abare
minimumof helperenginedeft in ahigh power state.Manag-
ing helperengineswhenmultiple coresareinvolved presents
atougherchallenge While the easiestipproactto supporting
multiple coreson a chip would be to give eachoneits own
setof helperengines previous work hasshavn that this in-
stills unnecessarareacomplexity without a signi cant per
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Figure 4: Impactof Latencyon Our HelperEngines

formancebene t [5, 11]. Thealternatve thatwe alsoexplore

in this paperis the useof a commonpool of helpers,shared
amongall the cores.Sharinghasa numberof bene tssuchas
reducingthe areaspentto implementredundanfunctionality
andthepotentialof optimizationthroughdynamicresourceal-

location. In this section,we presentechniquego effectively

managehelperenginesn amulticoreervironment.

5.1 DesignDecisions

Thereare a large numberof designdecisionsto be madein
examining helperenginesin a multicore setting: the number
of cores,the numberof eachtype of helperengine the topol-
ogy of theinterconnecbetweercoresandhelperenginesthe
physicallayout of coresandhelpers,andthe applicationmix
to executeonthecores.Thisis anenormouglesignspaceand
it is simply not manageabléo try all possiblecombinations.
To get a setof experimentswhich is tractable,we limit our
searchin this papemy consideringesultsfor two possiblema-
chineorganizationsfour coressharinga singlehelperengine
of eachtypeandfour coressharingtwo helperenginesf each
type. Additionally, we consideapplicationghatarenot coop-
eratve, but our work could certainlybe appliedto cooperatie
multithreading We assumehatall coresshareacommonsec-
ondlevel cache andthatany coremay connectto ary helper
engine.

One questionthat immediatelycomesto mind whenwe
proposehatarny coremayconnecto ary helperengineis that
it is goingto take a gooddeallongerto communicatewith a
helperengineon the other side of the chip thanwith onein
closephysicalproximity to the core. While this is true when
partitioningarbitraryprocessoresourceshelperengineshave
aninherentadvantagedueto their higherlateng tolerance.

To demonstrateéhat helperenginesare naturally lateng
tolerant,we presentigure4 which plotsthe performancem-
pactof lateny on our varioushelperenginesby varying the
accesdatengy from 1-25 cycles. For theseresults,we con-
sidera single corewith private helpers,and averagethe IPC
obsenedoverbenchmarkshatusethe helperfrom table2. As
seernfrom the gure, for mosthelpersthereis little impacton
performancef thesehelpersdrom smallerlatencies-themost
is seenby the branchtargetbuffer (BBTB) helper which suf-
fersan IPC degradationaround1% for eachadditionalcycle
of lateng. Prefetchingseesheleastimpact,lessthana0.01%
dropin IPCfor eachadditionalcycle of lateng. Theprefetcher
hidesthe latengy of memory andeven 25 cyclesis tolerable



whencomparedwith this lateng. Theremaininghelperssee
lessthan 0.5% degradationper cycle for eachadditional cy-
cles. As the lateny increasesbove 10 cycles, its impacton
the performancef the helperincreasesion-linearly

Ourarchitecturés alsonotimpactecby nonuniformaccess
lateny from differentcoresto a commonhelper The arbiter
that selectswhat requestfrom a core shouldbe servicedby
a helperwould be locatedcloseto the helperitself. There-
fore, if coreA seesatwo cycle lateng to a helperandcoreB
seesasinglecycle lateng to a helper andif coreA pipelines
its requestver two cycles,thenthe helperwill simply seea
streamof requestérom A andB withoutary notionof hetero-
geneoudateng. A will seeits predictionsa cycle laterthanB
will seeits predictions but aswe have demonstratedhis has
angyigibleimpacton performance.

Our multicore architectureandits oorplan areshawn in
Figure5. We useCACTI to estimatethe sizeanddimensions
of theL2 cacheandall of ourhelpers.Theareaof ourcorewas
calculatedusing the areaof EV6 andEV5 scaledto a 70nm
featuresize,similarto [10].

Our e xible sharingrequiresalink from eachcoreto each
helper This would double the numberof interconnections
comparedo aconjoinedarchitecturavhereeachhelperis stat-
ically sharedbetweertwo cores.We useda similar methodof
crossbarareaestimationas[11]. For our choiceof helpers
andtheirrespectre bandwidthrequirementsthe crossbaarea
occupiesl0% of the total areaof the processqgrwhich is 5%
morethanconjoinedcores.

The other hiddencostin sharinghelpersis the potential
increasen requestdor eachresourcemaking helperengine
bandwidtha seriousconcern.ldeally, eachcorewould haveits
own dedicatedport to eachhelperengine,but the costwould
be prohibitive. Instead,a helpercan make useof port arbi-
trationto satisfymultiple corerequests Onepossibility is al-
lowing coresto take turnsaccessing helper Anotherwould
involve moresophisticatedtontrol hardware that would arbi-
trate amongseveral requestsmuchlike whatis donewith a
uni ed secondevel cache.

In an architecturewhere coressharea commonpool of
helpersthehelperscaneitherbeexclusively assignedo acore
(i.e. partition the helpers),sharedamongseveral cores(i.e.
sharingcommonhelpers),or somecombinationof both (i.e.
someof the coressharinga commonhelper). Partitioningis
usefulwhenthebandwidthor internalstoragedemandgplaced
on a helperby a single core would precludebenignsharing
with othercores.In thatcasethemostfavorableoptionwould
be dedicatinga helperto a singlecore. Sharingcanbe useful
whenindividual coresdo not consumeall of the bandwidthor
storagespaceof agivenhelper

5.1.1 Always On vs. On Demand Sharing

Different helperenginesexhibit differenttoleranceso shar
ing. At a high level, helperscan be divided into thosethat
areaccessedn-demandndthosethatarealwaysactve. On-
demandhelpersincludethosethat are hierarchicalextensions
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DI2 DI2

b [ oo || ap | [BA
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DI2 DI2

Microcore Microcore

Figure 5: Our Multicore die oorplan, with 2 setof helpes in the middleof
theclusterandmicrocoresandL2 cachebanksdistributedaroundtheoutside

of corestructureslike the instructioncache,datacache,and
branchpredictor Thesehelpersareonly accesseavhentheir
correspondingcore structuremisses. Locality in the corre-
spondingcorestructureslters themajority of therequest®b-
viating frequentaccesseso thesehelpers. This meansthat
bandwidthto the helper may more easily be sharedamong
multiple cores.However, the amountof statecontainedn the
helpermay still be insufcient to allow effective sharingbe-
tweencores- but bandwidthis not usuallya limiting factor

Otherhelpersdo not have correspondingore structures,
and are thereforenot on-demand. The value predictionand
prefetchinghelpersare examplesof this classof helperen-
gines. Any load instructioncan be value predictedand ary
cachemiss can initiate a prefetchstream,but a helpermay
nothave enoughbandwidthto handlecompetingequestérom
multiple coresif therearelots of loadsor cachemissesHelper
stateis also a problem here, as sharing coreswould need
to contendwith one anotherfor value and addresspredictor
space.

5.1.2 Simplevs. Counter Guided Sharing

Onesimpleapproacho sharings to have conjoinedcorestake
turnsaccessing commonsetof helperengines.Takingturns
is aviable optionfor on-demandelperswherecontentiorfor
helperbandwidthis lesscommon. But helpersthat are not
on-demanctcansuffer from a turn-basedapproach.Consider
valuepredictionin atwo coresetting,whereeachcycle a new
setof load PCsarefetchedandcould potentiallybe valuepre-
dicted. Taking turnswould meanthat value predictionwould
only occurevery othercycle, potentially halving the number
of valuepredictedinstructions.Notethatthe issuehereis not
accesdateny (becauseénhelperenginesare lateng tolerant),
but the fact that we lose the opportunityto predictload in-
structions. This problemonly becomesvorsewhentrying to
shareamongmore thantwo cores. We further optimize the



turn-basedstratgy by allowing othercoresto access helper
engineon a givencore's turn if thatcoredoesnot requirethe
helpers bandwidth.This canhapperwhenacorehassuffered
apipeline ush orin thecaseof on-demandhelperghatsimply
do notseeary accesse® thehelper

Even thoughsomecoresmay make useof a helper the
helpermay not provide ary bene t, evenin the caseof on-
demandhelpers. Considera threadwhoseworking setdoes
not t in the datacachehelperengine— it will thrashin the
datacacheasit triesto containits working set, but will still
be plaguedby misseghatmustbe servicedby the L2 andwill
evict potentiallyusefulentriesfrom otherthreads Similarly, a
threadmaynot seeary bene t from valuepredictionandmay
simply be stealingavailablebandwidthfrom athreadthatdoes
seebenet.

We make useof the utilization countersdrom Section4 to
guidehelperenginesharing.Thesecountergprovidea ltering
mechanisnto avoid sharinga helperamongcoresthatseeno
bene t from thathelper Corescanthenrequesticcesgrom a
global helperarbiterto the helpersfrom which they expectto
seebenet.

While ltering uselessharings vital, we alsoneedto pro-
vide anintelligentapproacho choosewhatcoreswill sharea
commonhelperengine.In afour corescenariovhereall cores
(labeledA-D) wanta BBTB helperengine andthereareonly
two helpersavailable,performancenay substantiallyimprove
if A andB areallowedto shareinsteadof A andC. Or, it may
be bestfor A to have its own private helperandfor B-D to
sharetheremaininghelper

To arbitratesharingamongthe Itered setof helperen-
gines we make useof correlatingcounterghatcanguideshar
ing. A goodexampleof this is the prefetchinghelperengine.
If multiple coresarecontendingor a pool of prefetchhelper
enginesthreadsthat have a greatermagnitudeof prefetches
shouldbe given privateaccesgo a prefetcheiif oneis avail-
able. If therearenotenoughprefetcherdo granta privateen-
gineto threadswith alargenumberof prefetchesthreadswith
a comparablenumberof prefetcheshouldbe pairedtogether
This preventsthreadswith agreatemumberof prefetchegrom
starvingotherthread€rom gettingaccesgo streambuffers.

At eachcore, the correlatingcountersaretestedagainsta
numberof thresholdgo classify the demandfor a particular
helperinto a utilization class(i.e. light, medium,heary). The
utilization classis thenmemoizedn the phase-detectiohard-
wareto track the expectedutilization classof eachhelperat
eachphase.

The global helperarbiteris responsibl€or taking the re-
qguestdrom all coresfor helpergqthis hasalreadybeen Itered
ateachcoreby the performancecountersandphase-detection
mechanismsandtheactualutilization classfor eachhelperre-
guestedrom eachcore. The globalarbiterthentriesto match
requestof similar utilization classesogetherin the caseof
helperghatarenoton-demanandtriesto mix requestsn the
caseof helperghatareon-demand.
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Figure 6: Simplevs CounterGuidedSharingof the BBTBHelperEngine

5.2 Sharing Results

To better evaluatethe differencebetweenthe two types of

helperenginesandthe two typesof sharing,we moreclosely
examinethe BBTB helperengine(an on-demandelper)and
the prefetcherhelperengine(not on-demand).For each,we

examinesituationswherefour coreshave private versionsof

all otherhelperenginesbut eitherthe BBTB or the prefetcher
The four coresarethenforcedto shareeitheroneor two in-

stance®f eithertheBBTB or the prefetcherFor theresultsin

this section anarchitecturavherefour coresaresharingasin-

gleinstanceof a helperis denotedwith a-1h andanarchitec-
turewherefour coresaresharingtwo helperenginess denoted
with a -2h. We considerconjoinedsharing(conjoined and
counterguidedsharing(counte), aswell asthecasewhereall

coreshave their own privateenginegprivate). Four conjoined
corescanshareone helperin only oneway (all four sharing
the onehelper),but four corescanbe conjoinedto sharetwo

helpersin threeways: core A andB together core A andC

togetheyor coreA andD together To capturethe variationin

performancepossibledependingon how coresareconjoined,
we considethreebarsfor conjoinedcores:best-conjoinedthe
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
worst casesvary dramaticallyfrom helperto helperandfrom

applicationto application.

For eachhelperthat we explore, we constructan appli-
cationmix by selecting ve benchmarkghat bene ted from
the helperengineand ve benchmarkshat did not bene t
from the helperengine. We thenform ve applicationmixes
of four threadseachthat representll possiblecombinations:
all threadsneedthe helper threeout of four threadsneedthe
helper two outof four threadsieedthe helper only onethread
needghehelperandnothreadneedshehelper—in thatorder
For casesvhereonly oneor no applicationdemandsa helper
engine thereis obviously little impactfrom thesesharingap-
proaches- but theseresultsareshavn for completeness.

Our helpercon gurations are as presentedn Section3.
Thevaluepredictorhelperenginehasonly two ports,andcan
thereforeonly satisfy two requestsfor prediction per cycle.
Theprefetchercanonly prefetchonecacheine percycle.

Figure 6 illustrates the performanceof an on-demand
helper: the BBTB helperengine. For the single helperruns,
thereis not muchimprovementfrom counterguidedsharing

mesa.art.applu.galgel applu.galgel.bzip2.mcf
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Figure 7: SimplevsCounterGuidedSharingof the Prefetding HelperEngine

becausen-demandharingalreadyinherently lters requests
(counteased-helper).Intelligentsharingin this casewould
bebene cial if it caneliminateuselessaccessesd the helper
engine. On-demancdelpersnaturallywill not be accessedf
thereis nobene t. However, whensharingtwo helpersamong
four coresthereis adestructve relationshipbetweereon and
crafty whensharingacommonBBTB dueto aliasing.Our
counterguidedapproachs ableto determinethe bestcombi-
nation for benignsharing— even whenall four applications
wantto sharehe BBTB. Becaus@on andcrafty seemary
more helperengineBBTB hits than other applications they
shouldnot becombinedogethetto avoid contentiorfor space
in theBBTB. Thegapin performancdetweerhaving asingle
BBTB helperandhaving two BBTB helperss clearlygreater
whenmoreapplicationgdemandhe BBTB, demonstratinghe
impactthatcontentiorfor spacecanhave, evenfor on-demand
helpers.Thelasttwo mixesof benchmarksywhereonly oneor
no applicationneedsthe BBTB, do not seeary impactfrom
sharingapproaches.

Figure?7 illustratesthe performancef a helperthatis not
on-demandthe prefetchhelperengine.Counterguidedshar
ing is usefulfor the single helperrun whentherearetwo or
threebenchmarksompetingor bandwidththatdo notseeary
bene tfromthehelper Thebenchmarknix mesa-parser-
applu-equake issuchacasewheremesaandparser do
not bene t from prefetchingbut applu andequake do. By

Itering mesa andparser outvia our correlationcounters,
we are able to usea single helperengineto outperformthe
worstandaveragecasef conjoinedcoreswith two helpers.

With two helpers,thereis more disparity betweendiffer-
ent conjoinedcore runs. Applu and mcf issuefar more
prefetcheghanbzip2 andequake , andunlike the caseof
on-demancdhelpersiit is actuallybene cial hereto have ap-
plu and mcf sharethe samehelperengine. If we com-
bine either one of theseapplicationswith one that bene ts
from prefetchingbut doesnot have the samemagnitudeof
prefetcheglikebzip2 or equake ), theapplicationwith less
prefetchesvill not geta fair shareof streambuffer resources.
In the caseof mesa-parser-applu-equake , parser
contenddor prefetchbandwidth,despitenot seeinga bene t
from prefetching,andimpedesthe prefetchingof applu or
equake . Thecounterguidedapproachs ableto identify the
inability of parser to effectively useprefetching,and pre-
ventsthis degradation. For all runs, our counterguidedap-
proachis ableto performaswell or betterthanthe bestcon-
joinedcorecombination.
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Figure 8: Simplevs CounterGuidedSharingof All HelperEngines

Figure 8 presentsesultsfor sharingall helpersat once.
The rst applicationmix onthe gure enjoysalargeimprove-
mentfrom our counterguidedapproacHor 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 helpersn how they sharepurapproach
is ableto outperformary conjoinedcombination.Thisis also
evident from the third benchmarkmix, where value predic-
tion contentionhampersthe performanceof mcf andgap.
Onaverageour counterguidedapproacHor onesetof helpers
seedl3%improvemeniver abaselinenaively sharinghelpers
amongall cores.Sharingtwo setof helperspurapproactpro-
vides54% improvementwhile conjoining corescanseeben-
et rangingfrom 20% to 40% dependingon how coresare
conjoined.

5.2.1 Constructive Sharing

Aswedemonstrateih theprevioussectionsharingonehelper
amongfour cores candegradeperformanceigni cantly when
applicationsrunningon all coresneedthe helper However,
therearecasesvherecommoncodeor data(i.e. OLTP, paral-
lel processinginaybeexecutingin the CMP ervironment,and
sharingcanactuallybe constructie if threadsare allowed to
sharestatein a commonhelperengine. Our e xible helper
managemenallows constructve sharingof a helperamong
suchworkloads. We considerthe casewherethe sameappli-
cationis executingon all cores,but eachapplicationinstance
is executingdifferentinput setsor differentphase®f thesame
inputset.

Figure9 illustratesthe bene t of constructve sharingfor
the BBTB andinstructioncachehelpers.For crafty , eon
and mesa we simulatedfour differentphasesf eachappli-
cationrunning concurrentlyon four cores. For vortex we
usedfour differentinputs. All of theseapplicationuseboth
BBTB andinstructioncachehelpersintensiely. The rst bar
shaws resultswhenthereareprivatehelpersdedicatedo each
core,andthesecondarshavsresultswhenonly onehelperis
sharedconstructvely amongthefour cores.The speeduppre-
sentedss relative to one helpersharedamongfour cores,but
without any constructve sharingamongthreads.Our counter
mechanismis still usedin this case.Our resultsindicatethat
sharingthe instructioncachebetweenmultiple coresincursa
similar missrate asa dedicateccacheper corewith the same
capacity as reportedin [12]. In vortex , a constructvely
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Figure 9: Speedupf private helpes, and constructivelyshaed helpes rela-
tive to the performanceof sharinghelpes destructively

sharedinstruction cacheeven outperformsthe private cache
performancédy avoiding missego cacheblocksusedby mul-
tiple cores. The contentionwhen sharingthe BBTB among
applicationghat have high demandfor this helpercanbe ex-
tremely severewhennot sharedconstructvely. Crafty and
vortex seea4X speedupvhenusingdedicatedBTB helper
enginesnsteadf sharingasingleBBTB helper Thisis dueto
thereducedaccuray of branchpredictionwhenthreadghrash
for spacan thesharedredictor Thereis asigni cantincrease
in the numberof instructionsexecutedasa resultof this mis-
peculatiorwhich canfurtherpollute cachesandwasteenepy.
Sharingthe BBTB constructvely amongcoreseliminateshis
thrashingeffectfor all applicationsimulatedexceptcrafty
which still seessomeimpactfrom this. This applicationhas
more complex branchbehaior that caninhibit constructve
sharingacrosdifferentphases.

6 Summary

In this paperwe explore helperenginemanagemenpolicies,
bothfor a singlecoreandin a multicoreervironment. Cores
with decouplechelperenginesprovide an opportunityto dy-
namically tune processorresourceson an applicationphase
basis. With our counterguidedhelpermanagementye can
comewithin 2% of the bestperforminghelperenginecon g-
uration (typically the onewith all ve helperenginesactive),
but with anaverageof lessthanthreehelpersturnedon. This
counterguidedschemecanbe appliedto the multicore envi-
ronmentto more effectively sharea pool of commonhelper
enginesamonga numberof cores. Our approachto sharing
is intelligentand e xible enoughwhen usedwith four cores
sharingtwo setsof helpersto seean average54% weighted
speedumverabaselineaively sharingonly onesetof helpers.
Staticallysharechelperscanseebene t rangingfrom anaver-
ageof 20%to 40%dependingon how coresareshared.Con-
structive sharingcan provide even more bene t, effectively
providing performancecomparablgo private helperengines
whenrunningthe sameapplicationon all cores,evenfor dif-
ferentinputsandphases.
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