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ProfessoPetrosFaloutsosCo-chair

Interactve entertainmen(lE) applicationsarerapidly gainingsigni cancefrom both
technicalandeconomicapointof views. FuturelE applicationswill featureon-the-y
contentcreationwith large numberof interactingobjects,intelligentagentsandhigh-
de nition rendering.Applicationdesignersnustprovide at least30 graphicalframes
persecondo provide theillusion of visual continuity. While IE's real-timeconstraint
necessitateatremendousimountof performancealmostnoacademiattentionin the
architecturecommunity hasbeendirectedat quantifying the needsof this emeging

workload.

In this dissertationwe focus on the acceleratiorof one core componenbf this
emeqging workload, namely real-time physicssimulation or physicsbasedanima-
tion (PBA). Ourholisticapproacho acceleratiorspansdenchmarlcreation workload
characterizatiorarchitecturabhccelerationalgorithmicaccelerationandarchitectural

exploitationof algorithmicproperties.

To representhis emeging workload,we developedPhysicsBencha setof bench-

XVii



marksto capturethe compleity and scaleof PBA in IE applications. Using the
PhysicsBenclsuite, we characterizedhe workload to identify its key differentiat-
ing factors. Basedon the characterizationywe proposeParallAX, an architectureto
sustaininteractve frame ratesfor real-time physics. The ParallAX architectureis
a heterogeneouship-multiprocessothat featuresaggressie coarse-graircoresand
area-etient ne-grain cores. Scalingthe numberof active coresper chip increases
theload on the lowest-level cache.To alleviate cachethrashingwe proposethe Per
formanceDriven Adaptive Sharing(PDAS) cachedesign.PDAS is a scalable multi-
portedNUCA that dynamicallyallocatesits distributed cacheresourceghroughan

intelligent, realizableon-line partitioningstrateyy.

In additionto parallelism the humanperceptiorerrortolerancecanalsobelever
agedfor performancen PBA. Usingprior studiesof simplerscenessa startingpoint,
we extrapolatea methodologyfor evaluatingthe tolerableerror of complex scenes.
Leveragingthe ndings from thesestudieswe proposearchitecturatechniqueso ex-
ploit algorithmicpropertiesof PBA, namelyperceptuakrrortoleranceandthe notion

of object-pairs.

To summarizethis dissertations an in-depthstudy on the acceleratiorof real-
time physicssimulation. Givenphysics'similarity to othersoftwarecomponentsour
proposedmnethodologiesand techniquescan be appliedto mary areaswithin the IE

space.
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CHAPTER 1

Intr oduction and Moti vation

1.1 The Emerging Workload of Interactive Entertainment

Interactve entertainmen{lE) hasgrown to a substantiaindustry Accordingto the
EntertainmenSoftware Association[CS)], |IE software generate$10.3billion in di-
rectsalesperyearand$7.8billion in complementarproducts.Video gamesarethe
predominanform of interactve entertainmentandhave drivenmassdemandor high-
performanceomputing.Gamingsustainghe economyof scalefor CPUandGPUde-
velopmentwhich nancesresearctanddevelopmentjmpactingthe entirecomputing
industry Sixty-ninepercentof the headsof Americanhouseholdplay gamesandthe

currentaveragegameplayerageis 33 [ESA].

Beyondpureentertainmentnteractve gamingis beingleveragedor usein educa-
tion, training,health,andpublic policy [Ini]. Oneinterestingexampleis the America's
Army game,createdby the United StatesArmy for civilians to experiencelife asa
soldier[Arm]. Othercreatve usesinclude medicalscreening,tness promotion,and
hazmatraining. Recently gamingsoftwareresearcthasbeenintegratedinto the cur-
riculum of variousprestigiouauniversities.Interactve entertainmenis evolving into a

powerful mediumfor futuregenerationgo experiencd ESA].

Despitethe social,economicandtechnicalimportanceof gamingsoftware,there
hasbeenvery little academieffort to quantifygames behaior andneeds.Thelatest

generatiorof game-consoleSory PlayStation3 [CNE], Microsoft Xbox 360[360],



and Nintendo Revolution [Rev]) shows a broad spectrumof designsaimed at the
sameworkload. Differing designchoicesinclude the programmingmodel, number
of threadstype of chip-multiprocessgiorderof execution,andcomplexity of branch
prediction. Surprisingly all threedrasticallydifferentprocessodesignsverecreated

by the samecompalry.

1.2 Software Components of Interactive Entertainment Applica-

tions

Fromatechnicalperspectie, future gameswill be computationallyintensive applica-
tionsthatinvolve variouscomputatiortasks[K el]: arti cial intelligence physicssim-
ulation, motion synthesisscenedatabasejuery networking, graphics,audio, video,
I/0, OS,tactilefeedbackandgeneraburposegameenginecode.Theinterdependen-
ciesof thesecomponentsreillustratedin Figurel.1basedninformationfrom [Kel].
In orderto provide smoothgame-play gaminghardwareis requiredto completeall
tasksundertheir respectie real-timeconstraintsThe diversecomputationatasksthat
couldcomposduturegameswill challengduturesystemarchitectdo achieretheper
formanceconstraintof thesegames.As demandshange the algorithmsemployed
in gamesarecontinuouslybeingre ned, furtherincreasingcomputatiordemandsnto

theforeseeabléuture.

Real-timephysicssimulationandarti cial intelligenceareconsideredhetop two
areador dramaticallyenhancingiserexperienceof future lE applications Both com-
ponentenableon-linecontentcreationby dynamicallygeneratinggame-playcontent.
This characteristioffers both substantiabdwantagesas well asdisadwantages.Dy-
namiccontentallows for open-endedniqueuserexperiencesvhile reducingproduc-

tion costsin the form of programmerstatically codingpossiblescenarios However,
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Figurel.1l: SoftwareComponent®f Interactve EntertainmenApplications.




it resultsin signi cant increaseof hardware performanceequirementswell asveri-

cation compleity.

While the laws which governphysicalbehaior arewell understoocindmodeled,
gamingarti cial intelligence(Al) coversa wide rangeof tasksandis currently an
active areaof researchor the Al community[LLOO, YFRO§. Thecollision detection
componenbdf physicssimulationis alsoa maincomponentor Al taskssuchaslocal
steering[Ope]. Therefore we focuson the software componenbf real-timephysics

simulation.

Theresearclgoalof this dissertations to determinehow to bestmeetthecompute
demandf real-timephysicssimulationfor future gamingworkloads. With proper
benchmarkingand characterizationywe proposeand evaluatenovel architecturaland

algorithmicacceleratiortechniques.

1.3 Contributions

e Real-Time PhysicsBenchmarkingPhysicsBench.0and2.0

e PhysicswWorkloadCharacterization

e ParallAX: Architecturefor PhysicsAcceleration

¢ Performance-Dvien Adaptive SharingCache

e Evaluationof PerceptuaError Tolerancor Complex Scenarios
e PrecisionReductionn FPU Designfor CMPs

e FastEstimationwith Error Control

e FuzzyValuePrediction

e Object-Rir Filter



1.4 Overview

This dissertatioris organizedasfollows. Chapter2 presentdackgroundnformation
on real-time physicssimulation. Prior work on both software physicsenginesand
hardwareacceleratorarediscussedn Chapter3, andtheworkloadcharacterizations
in Chapter4. Chapter5 presentsarchitecturalcontributionsfor acceleratingphysics
simulation. Theseinclude both ParallAX, a heterogeneou€MP architectureto ac-
celeratephysicssimulation,andPDAS, a performance-dvien adaptve sharingcache.
Chapter6 detailspurealgorithmiccontributionsin the eld of real-timephysicssim-
ulations.In Chapter7, contributionsin hybrid techniquesvhich leveragealgorithmic
propertiedor architecturabcceleratiorarepresentedFinally, the conclusionandfu-

turedirectionsarepresentedn Chapter8.



CHAPTER 2

Background

Beforediscussinghedetailsof ourwork, we describehekey backgroundnformation

onreal-timephysicssimulation.

In the early daysof the interactive entertainmenindustry virtual charactersvere
heavily simpli ed, crudepolygonalmodels.The scenariosn which they participated
werealsosimple,requiringthemto performsmall setsof simpleactions. Therecent
adwancesin graphicshardware and software techniqueshave resultedin nearcine-
matic quality imagesfor entertainmenapplicationssuchas Assassirs Creed Heav-

enly Swod, Motor Storm Gears of War, World of Warcraft andCrysis

The unprecedentebivels of visual quality andcompleity in turn requirehigh -
delity animation.To achieve high delity animation,moderninteractve entertainment
applicationshave startedto incorporatenew techniquesnto their motion synthesis

enginesAmongthem,physics-basedimulationis oneof themostpromisingoptions.

2.1 Kinematics vs Physics

The currentstate-of-the-arin motion synthesidor interactve entertainmenapplica-
tionsis predominantlybasedon kinematictechniques.The motion of all objectsand
charactersn a virtual world is derived procedurallyor from a corvex setof parame-
terizedrecordedmotions. Suchtechniquesffer absolutecontrol over the motion of

the animatedobjectsandarefairly ef cient to compute.However, the morecomple



thevirtual charactersrethe largerthe setsof recordedmnotionswill be. For the most
comple virtual charactersi is impracticalto recordthe entiresetof possiblemotions

thattheir realcounterpartgando.

Physics-basedimulationis an alternatve approacho the motion synthesigrob-
lem. It computeghe motion of virtual objectsby numericallysimulatingthe laws of
physics. Thus, it supportsunpredictablenon-prescribednteractionbetweenobjects
in the mostgeneralpossibleway. Physics-basedimulationprovides physicalreal-
ism and automatedmotion calculation,but hasgreatercomputationatost, dif culty

in objectcontrol,andpotentiallyunstableesults.

Realism The laws of physicsoffer the mostgeneralconstraintover the motion.
Not only do they guaranteeealisticmotion,but they alsoavoid repetition.Any varia-
tion in theinitial conditions(i.e. contactpoints)will producea differentmotion. In a
sensethe setof possibleactionsis aslarge asthe domainof theinitial conditions,and

notrestrictedto a smallsetof recordednmotions.

Automation Oncethe equation®f motionareprovidedfor eachobjectin avirtual

world, motioncanbe computedautomaticallybasedntheappliedforcesandtorques.

Control: The laws of physicsspecify how objectsmove underthe in uence of
appliedforcesandtorques.However, they do not specifywhattheforcesandtorques
shouldbein orderto achiese a desiredaction. Thatis a separatgroblemwhich can
be very comple for dynamicallybalancedcharactersuchas virtual humans. This

problemis out of the scopeof ourwork.

Stability: The numericalmethodsthat simulationusesto solve the equationsof
motion canbecomeunstableundercertaincircumstancesHowever, therearea lot of
methodghathave beendevelopedto dealwith this problem. Of particularinterestto
entertainmenapplicationsare methodsthattradeoff accurag for stability. Thisis a

key issuethatwe exploit lateron.



2.2 Types of Physical Simulation

Simulationin IE applicationscan be cateyorizedbasedon the objectsandthe type
of phenomendhat we are mostinterestedn simulating. They typically fall in the

following 5 categories:

1. Rigid Body idealizationof a solid body of nite sizein which deformationis

neglectedBar97]

2. Cloth:  cloth mesh simulated as point massesconnectedvia distance
constraint§CK02, BW9§g|

3. Explosion suspendegarticleexplosions|FOAQ3]

4. Fluid: smoothegarticlehydrodynamicsmasdistributedaroundapoint[FLO4,
MTPO4

5. Hair: geometrianodelof hairsusingvector elds [CJY02]

This dissertatiorfocuseson Rigid Body, Cloth, andExplosion

2.3 High Level Characteristics of the Simulation Load

All typesof simulationhave certaincharacteristicghatareuniqueto thedomainof IE

applicationsEf ciency is crucialin interactve entertainmenteachframeof animation
mustbe computedat a minimum rate of approximately30 framesper second.For a
frameto be computedall the necessargomponent®f the applicationmustcomplete

within afractionof this framerate.

Stabilityis alsocritical to creatinga realisticervironment. The simulationshould

not numericallyexplodeunderary circumstanced-owever, while it is importantthat



actionshave a visually believable outcomeanddo not violate ary constraintglaced
on the objectsof the simulation(i.e. bonesbending,walking throughwalls), interac-
tive entertainmenapplicationsgenerallyhave looserrequirement®n accurag than
mostscienti ¢ applicationsRecentesearchn animationfHRP04b,RP034 hasactu-
ally studiedandquanti ed errorsthatarevisually imperceptible For instance)ength
changesbelonv 2.7% cannotbe perceved by an averageobserer[HRPO4b]while
changeof over 20% are allwaysvisible. The acceptabldoundson errorsincrease

with sceneclutterandhigh-speednotions[HRP0O4h

The physicsload of interactve entertainmenapplicationshascertainuniqguefea-
tures. First, it seemdo be distributed For mostsceneghat depictrealistic events,

therearemary thingshappeningimultaneousiyut independentlypf eachother

This distributednatureof the physicsload canbe exploitedto reducethe complex-
ity of theunderlyingsolversandallowsfor parallelexecution.Secondthephysicdoad
seemdo bespaise Numericalsolversanddynamicformulationscanexploit sparsity
to improve computationaéf ciency. Third, sincetheapplicationsareinteractve there
is usuallya humanviewer/userinvolved. Therefore the applicationinherentlytoler-

ateserrorsthatthe humanusercannotperceve.

In summarythe physicsloadspeci cally asit appliesto interactve entertainment
applicationsseemsto be distributed sparse and error-tolerant At the sametime,
suchapplicationsrequireefciency, and stability for which they cantradeoff accu-
racy. Basedon theseconsiderationswe usethe OpenDynamicEngine[Eng] asa

representatie physics-basedimulatorfor interactve entertainmenapplications.



2.4 Open Dynamics Engine Algorithmic Load

The OpenDynamicsEnginefollows a constraint-basedpproactor modelingarticu-
lated gures, similarto [Bar97]. ODE is designedvith ef ciency ratherthanaccurag
in mind andit is particularlytunedto the characteristicef constrainedigid body dy-
namicssimulation. A typical applicationthat usesODE hasthe following high level

algorithmicstructure:

1. Createadynamicsworld.

2. Createbodiesin thedynamicsworld.

3. Setthestate(positionandvelocities)of all bodies.

4. Createthejoints (constraints}hatconnectodies.

5. Createa collisionworld andcollision geometryobjects.
6. While (time < timemay)

(a) Apply forcesto thebodiesasnecessary

(b) Call collisiondetection.

(c) Createacontacfoint for every collisionpoint,andputit in thecontactoint group.
(d) Take aforwardsimulationstep.

(e) Remoreall jointsin the contactoint group.

(f) Advancethetime: time = time+ Dt

7. End.

The computationaload of a simulationis de ned by two maincomponentsCol-
lision Detection (b), andtheforward dynamicsstep (d). Finergranularitydistinction

betweercomputatiorphasesvill be exploredlater.
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Collision Detection Collision detection(CD) usesgeometricalpproacheso iden-
tify bodiesthatarein contactandgenerateppropriatecontactpoints. A spacein CD
containsgeometricobjectsthatrepresenthe outline of rigid bodies[Eng]. Spacesre
usedto accelerateollision detectionby allowing the removal of certainobjectpairs

thatwould resultin uselesgests.

Collisiondetectiordependsigni cantly onthegeometrigoropertiesof theobjects
involved. ODE supportscontactbetweerstandardshapesuchasboxes,spheresand
cylinders,andalsoarbitrarytrianglemeshes.The contactresolutionmoduleof ODE
supportshoth instantaneousollisions and restingcontactwith friction. High speed
collisionscanberesoled even at coarsetime steps.In suchcasesthe collision may
producepenetratingcon gurations. However, a nice featureof ODE is thatthe pen-
etrationwill be eliminatedafter a shortnumberof steps. Suchfeaturesmake ODE

especiallysuitablefor interactve applications.

Forward Dynamics Step Thesimulatortakesa forward stepin time by computing
theconstrainforcesthatmaintainthe structureof the objectsandthatsatisfythe colli-
sionconstraintproducedy collision detection.Thisis oneof themostexpensve part
of the simulatorandrequiresthe solutionof a Linear Complementaryroblen(LCP).
ODE offerstwo waysof solvingthe LCP systenfor the constrainforces:anaccurate
and expensve one basedon a big-matrix approach(the so called normal step, and
a lessaccurateapproachcalled quick stepthat iteratively solvesa numberof much
smallerLCP problems.Their respectie complexities areO(m3) andO(m x i), where
m is the total numberof constraintsandi is the numberof iterations,typically 20.
For ary sceneof averagecompleity the iterative (quick-step)approachfar outper
forms the big-matrix approach.IE applications'tolerancefor lower accurag is one
maincharacteristithatwe canleveragefor performanceBy usingthe quidk step we

enablemassve parallelizationfor the constraintsolver asdescribedn the ne-grain
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parallelismsection.

ODE'sintegratortrade-ofs accuray for ef ciency andallows relatively hightime
stepsgvenin situationswith multiple high speedollisions. Thekey parametehereis
the integrationtime stepwhich, for a x ed-stepntegrator relatesdirectly to the time

stepof the simulationDt. Typical valuesrangefrom 0.01to 0.03.

In the physicsintegrationcomputationthe concepbf anislandis analogouso the
spacen theabovediscussioron CD. Theislandconcepis de ned asagroupof bodies
thatcannot be pulled apart[Eng], which meanghat therearejoints interconnecting
thesebodies.Eachislandof bodiesis computedndependentlyfrom otherislandsby

thephysicsengine.

Thecomputatiordemands affectedsigni cantly by thenumberandthecomple-
ity of islandsduringonesimulationstep.Thecompleity of anislandcanbequanti ed
by thenumberof objectsalongwith thenumberandcompleity of theinterconnecting
joints. The compleity of ajoint is characterizedby the degreesof freedom(DoF) it

removesaslistedin thefollowing table:

Joint Ball | Hinge | Slider | Contact| Universal | Fixed

DoF Remaoved 3 5(4) 5 1 4 6

The formation of anisland hasdifferenttemporalbehaiors. Somepersistfor a
longtime while othersconstantlychangebetweereachintegrationstep. This behaior

contributesto thevariancein computatiordemanddy theengine.
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CHAPTER 3

Prior Work

Thereis little work directly relatedto interactve entertainmenglE) in thearchitecture
community In this chaptey prior work on IE benchmarkinghardware acceleration,
andperceptuaérrortolerances presentedThroughouthedissertationdiscussiorof

contributionswill includeadditionalrelatedwork speci ¢ to eachcontrikution.

3.1 Benchmarking

At the startof the projectdetailedin this dissertationno benchmarkdor real-time
physicssimulationexisted. Sincethen, AGEIA Technologiegoined Futuremarks
3DMark BenchmarkDevelopmentProgranto includetwo complex game-lilke scenar
iosin 3DMark06[3DM]. While thesebenchmarksupporimulti-threadandmulti-core

architecturesthelack of sourcecodehampersn deptharchitecturaktudies.

[MWGO04] comparedhe performancecounterstatisticsof a single secondexecu-
tion betweentwo rst persomnshootemgamego musicandvideoplaybackapplications.
This work shaws the differencebetweengamingand multimediaapplicationsdueto
games contentcreationtasksandpointsto chip multiprocessor§CMP) [ONH964 as

apromisingapproacho providing performance.

PhysicsEngines Physicsenginesare software librariesthat enablerigid body dy-

namicssimulation. [SR0G compareghreephysicsengines,namelyODE, Newton,
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andNovodex. Differentenginesmaysupportdifferenttypesof physicssimulationand

solveralgorithms.Below is thelist of prominentenginescurrentlyon the market:

1. Commercial:AGEIA [agealandHavok [Hava]
2. Open-sourceODE[Eng]

3. Free,close-sourceNewton [New] andTokamak|TokK]

Both AGEIA [ageaJandHavok [Havb] provide their own proprietarySDKs. Open
DynamicsEngine (ODE) [Eng] is the most popularopen-sourcalternative. It has
beenusedin commerciakettingsandprovidesAPls andnumericatechniquesimilar

in natureto proprietaryengines ODE is the basisof our physicsengine.

3.2 Hardware Physics Accelerators

The MDGRAPE-3 chip by RIKEN [Tai04] and the PhysX chip by AGEIA [aged
are currentlythe only dedicatedphysicssimulationacceleratodesigns.While MD-
GRAPE tamgets computationalphysics, PhysX targets real-time physicsfor games.
Both designsareplacedon acceleratoboardswhich connecto the hostCPUthrough
asystembus. PhysX's architecturabdesignis not public,andMD-GRAPE's designis
speci ¢ to computingforcesfor moleculardynamicsandastrophysicaN-body simu-

lationswith limited programmability

Two othercloselyrelatedbodiesof prior work arevectorprocessingHP96] and

streamcomputatior[LMT04, KRDO3].

Vector Processing Themassve parallelismavailablein real-timephysicshintsat
the use of vector processorslike VIRAM [KPP97, Tarantula [EAEOQZ], and
CODE [KP03]. VIRAM[KPO02] hasachiezed an order of magnitudeperformance
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improvementon certainmultimediabenchmarks.However, corventionalvectorar
chitecturesare constrainedKP03] by limitationslik e the compleity of a centralized
register le, thedif culty toimplementpreciseexceptionsandthe requiremenbf an
expensve on-chipmemorysystem.Most importantly the physicsworkloadrequires
tremendouspeeduphatnecessitatemassve parallelexecution.While CODEis scal-
ableby increasingclustersandlanes,the datashaws a plateauat eight clusterswith

eightlanes,andthe cache-les€ ODE cannot satisfyour measureghysicsworkload.

Stream Computation. StreamarchitecturegSAs) aim to enableASIC-like per
formanceef ciency while being programmablewith a high-level language. Stream
programsexpresscomputatiorasa signal o w graphwith streamf records o wing
betweercomputatiorkernels.While a broadrangeof designgpopulatethis spacethe

high-level characteristicef SAsaredescribedn [LMTO04].

The StreamVirtual Machine(SVM) architecturenodellogically consistof three
executionenginesandthreestoragestructures.The executionenginesncludea con-
trol processarkernelprocessqrandDMA. The storagestructuresarelocal registers,
localmemory andglobalmemory The SVM mitigatestheengineeringompleity of
developingnew streamlanguage®r architecturedy enablinga 2-level compilation
approach Relateddesignsn this spaceincludeIBM' s Cell, GPUs,andthe Xbox360

system.

IBM' s Cell [Hof05] consistsof onegeneraburpose?averPCcore(PPE)andeight
applicationspeci ¢ streamingengineSPE)-all connectedby aring of on-chipinter-
connect(EIB). Althoughthe Cell's programmingmodelis describedascellularcom-
puting,the designcanbeincludedin the broadspaceof streamingcomputation.The
PPEis a64-bit, 2-way SMT, in-orderexecutionPaverPCdesignwith 32KB L1 caches
anda512KB L2 cache.The SPEsareRISC coreseachwith 128 128-bit SIMD reg-

isters,customizedSIMD instructionsand256KB local privatememory SPEsarenot
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ISA compatiblewith corventionalPonverPCcores.Heterogeneou€ MP designssuch
asthe Cell areableto tametthe besttaskspeci ¢ performanceausingdifferentcores.
The PPEtamgetscontrolintensive taskssuchasthe OS andthe SPEstarget compute
intensve tasks.However, accordingto our exploration,boththe PPEandSPEdesigns
arenotoptimalfor physicscomputation Serialcomponentsperformanceon the PPE
will take asigni cant amountof eachframestime,andthe SPES comple&ity prevents
the placemenbf the requirednumberof coresto achieze 30 FPS.This maybeare-

sult of the factthatthe Cell is designedo executeall component®f a game,notjust

physicssimulation.

The GraphicsProcessindJnit (GPU) [PF05]is anotherdesignpoint within the
streamingarchitecturespace GPUsarespecializechardwarecoresdesignedo accel-
eraterenderinganddisplay While Havok's FX allows effect physicssimulationon
GPUs,GPUsaredesignedo maximizethroughputirom the graphicscardto the dis-
play — datathatenterghe pipelineandtheresultsof intermediatecomputationgannot
be easilyaccessedby the CPU. Furthermorethe host CPU is connectedo the GPU
via a systembus. This communicationateng is problematicfor physicssimulation
working in a continuousfeedbackioop. This may be onereasonwhy Havok's FX
only enablesffect physicsandnot game-playphysics.This limitation is alleviatedin
the Xbox360system[ABO06], which combinesa 3-coreCMP andGPU shadersThis
systemallows the GPU to readfrom the FSB ratherthanmain memoryandL2 data

compressiomeducegsherequiredbandwidth.

3.3 Perceptual Error Tolerance

This sectionreviews therelevantliteraturein the areaof perceptuakrrortolerance.

16



3.3.1 Perceptual Believability

[OHMO04] is a 2004 stateof the art survey reporton the eld of perceptuabhdaptve
techniqueproposedn thegraphicscommunity Therearesix maincateyoriesof such
techniquesinteractve graphicsjmage delity , animation virtual environmentsyisu-
alizationandnon-photorealisticendering.This dissertatiorfocuseson the animation
cateyory. Giventhe comprehensie coverageof this prior survey paper we will only
presenfrior work mostrelatedto our work andpoint the readerto [OHMO04] for ad-

ditional information.

[BHW96] is creditedwith the introductionof the plausiblesimulationconcept,
and[CFO(Q built uponthisideato developa schemdor samplingplausiblesolutions.
[ODGO03]is arecentpaperuponwhichwe basemostof our perceptuametrics.For the
metricsexaminedin this papertheauthorsxperimentallyarrive atthresholdgor high
probability of userbelievability. Then,a probability functionis developedto capture
the effectsof differentmetrics. This paperonly usessimplescenariosvith 2 objects

colliding for clinical trials.

[HRPO044 is astudyonthevisualtoleranceof lengtheningor shorteningdf human
limbs dueto constrainerrorsproducedy physicssimulation.We derive thethreshold

for constrainterrorfrom this paper

[RPO3h is a study on the visual toleranceof ballistic motion for characterani-
mation. Errorsin horizonalvelocity werefound to be more detectableghanvertical

velocity, andaddedaccelerationsvereeasierto detectthanaddeddeceleration.

In general,prior work hasfocusedon simple scenariodn isolation (involving 2
colliding objects,a humanjumping, humanarm/footmovement.etc). Isolatedspecial
casesllow usto seethe effect of instantaneouphenomenasuchascollisions,over

time. In addition, they allow apriori knowledgeof the correctmotion which senes

17



asthe baselinefor exacterror comparisons.Complex casesdo not offer that luxury.
Ontheotherhand,in complex casessuchasmultiple simultaneougollisions,errors

becomdlif cult to detectand,mayin factcancelout.

3.3.2 Simulation believability

Chapter4 of [SR0G compareshree physicsengines,namely ODE, Newton, and
Novodex, by conductingperformancetestson friction, gyroscopicforces, bounce,
constraintsaccurayg, scalability stability, and enegy conseration. All testsshov
signi cant differencesbetweenthe three engines,and the enginechoice will pro-
ducedifferentsimulationresultswith the sameinitial conditions. Evenwithout ary
errorinjection, thereis no single correct simulationfor real-timephysicssimulation

in gamesasthealgorithmsareoptimizedfor speedatherthanaccurag.
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CHAPTER 4

Workload Characterization

This chaptercovers our initial characterizatiorof the real-time physicssimulation

workload.

4.1 PhysicsBench 1.0

In orderto suggestarchitecturaimprovementsto enablefuture applications'use of
real-timephysicssimulation,the workload characterizatiorof real-time physicsen-
gine kernelis required. Due to the lack of prior work, this involvesthe creationof a
representate suite of benchmarkshat coversa wide rangeof commonsituationsin
interactve entertainmendpplications We have createdwo versionsof PhysicsBench.
This sectioncoversthe detailsandreasoningn creatingPhysicsBench..0. Our rst
passon PhysicsBencliakesa bottom-upapproachandfocuseson parametershat af-
fect the computationload. The latestversion,PhysicsBencl2.0, is describedn the

next chapter

High Level Considerations PhysicsBencltoversa wide rangeof typical IE situa-
tionsthatinvolve objectinteraction.Our scenariosnclude ghting humanspbjectto
humancollisions,objectto objectcollisions,exploding structuresandfairly complex
battle scenes.Our benchmarksre designedo testthe scalability of the simulation

bothin termsof the objectsthatinteractwith eachothersimultaneouslyfor example
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stacking,andin independengroups for examplealarge battlescene.

Thebenchmarksepresenscene®f realisticcompleity (interactionsput notnec-
essarilyrealisticmotions. Thevisualrepresentationf the objectsin asceneshaw the
geometriesusedfor collisionsnotthe onesusedfor visualdisplay We areonly inter-

estedn thesimulationload, notthe graphicdoad.

While thebenchmark$elow cover awide rangeof representatie scenariosmore
comple situationscanbe constructedby mixing multiple benchmarksas showvn be-
low. Becauseof the distributed natureof the physicsload asit appliesto interactve
entertainmenapplicationsthe combinedcomputationaload canberoughly extrapo-

latedfrom theresultsof theindividual scenarios.

[ Phy.sics ] [ Collision .Detection ]

# of Is-Iands ] [Island C:)mplexity] [ Temporal-Behavior ] [ Acct]racy ] [ # of S-paces ] [Space C;mplexity] [Inter-Spa::e Comm]

Figure4.1: Parameterg&\ffecting ComputatiorLoad.

Computation Load As describedreviously, the physicssimulationengineis com-
posedof two majordependentomponentscollision detectionandforward dynamics
step Collision detectiondeterminesll contactpointsandcreategoints to modelthe
impulseforcesgenerated.Then, the bodiesalongwith thesecontactjoints arecom-
putedto determinethe new positions.Within eachcomponenttherearea numberof
factorsthat affect the computationload. The high-level chart4.1 captureghe most

signi cant parameters.

Benchmarks The benchmarksnvolve virtual humanscars,tanks,walls and pro-

jectiles. Thevirtual humansareof anthropomorphicimensionsandmassproperties.

20



Eachcharacterconsistsof 16 segments(bones)connectedvith idealizedjoints that
allow movementsimilar to their real world counterpart.The car consistsof a single
rigid body andfour wheelsthat canrotatearoundtheir main axis. Four slider joints
modelthe suspensiomt the wheels. The walls aremodeledwith blocksof light con-
crete. The projectilesare single bodieswith spherical,cylindrical or box geometry
In all benchmarksthe simulatoris con guredto resole collisionsandrestingcontact

with friction. Table4.1 summarizeshe quantitatve differencebetweerbenchmarks.

Benchmark Numberof Islands Numberof Spaces
(Max, Min, Avg, Dev)
2 Cars 2,2,2,0 1
10Cars 10,10,10,0 1
CarCrashSk 3,1,2,0.65 1
CarCrashwall 105,99,101,1.4 1,3
Environment 337,196,245,46 1,10
CarCrashSkx100 300,100,220,64 100
Battlel 120,2,93,18 3
Fight 10,7,8,1.1 1,10
Battlell 156,113,134,18 1,15

Table4.1: Parameteré\ffecting ComputatiorLoad.

Thebenchmarksreasfollows:

2-Cars:Two carsdriving - two cars,eachwith 3 wheelsthataresteeredo run

in parallelthencollide. Oneof the carsgoesover awoodenramp.

e 10-Cars:Tencarsdriving - to geta senseof how the load changeswith scale,

we extendthetwo-carscenariao tencars.

e CrashSk: Carcrashingontwo people- a carwith four wheelscrashingnto two

16-bonevirtual humans.

e CrashVé: Extreme-spee@arcrashingonwall, tankshootingprojectiles- ahigh

speedcar (velocity 200Mph)crashinginto a wall, while a tank shootsvarying
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Figure4.2: Benchmark®-Cars,100CrSk Fight,andBattle2from top to bottom.Imagesn rasterorder



shapeprojectilesowardsthewall. Thewall consistof alargenumberof blocks.

e Environ: Comple environmentscenewith wall, tank,car, monsteyandprojec-
tiles Similar to previous benchmark.Addition of tank ring projectilesanda

centipedemonster

e 100CrSk:Carcrashingon two peoplereplicatedl00times- replicatethe previ-

ousscenarial00times.

e Battle: Battle scend - Onegroupof 10 humanoidsattacled by tank. 2 groups

of 4 and6 humanoidsrashingnto eachother

e Fight: FightingScene2 groupsof 5 humanoids two groupsof ve humanoids

thatcomein contactin pairsandeventuallyform a numberof piles.

e Battle2:Battlescendl - arelative comple battlescene A tankis behindthefar
wall shootingprojectilesin differentdirections.A carcrasheson theright wall
while two groupsof ve peopleare ghting inside the compound. The walls

eventuallygetdestroyedandfall onthepeople.

Thesescenariosancapturecomples interactions. The computationaload of 2-
Cars, for example,relatesto a wide rangeof two objectsinteractionghatarisein in-
teractve entertainmenépplications.Theseincluderacinggamesairplaneshatcrash
in midair, rocket andplanecollision, tank-to-tankcollision andevensimpleshipscol-
liding. Fight capturegshe computationatompleity of awide rangeof humangroup
actvities thatinvolve progressie interactionsuchasaction, sportsgamesand urban

simulationscenes.
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4.2 Characterization

We have describedhe uniquecharacteristicef real-timephysicssimulation. To fur-
ther supportour claims,we compareand contrastPhysicsBencho graphics,embed-
ded, and scienti ¢ applicationsat the algorithmlevel. Then, we presenta detailed
characterizatiof PhysicsBenclandconsidermossibletechniquego acceleratger

formance.The AlphalSA wasusedfor the datapresentedh this section.

Comparison Against Other Workloads A graphicsworkloadincludesthe compu-
tationsneededo drawv a singleframeafterall motionparametertave beencomputed
andappliedto the associatedjraphicsprimitives(objectgeometries) For interactve
entertainmenapplicationsall geometricprimitivesare approximatedvith polygonal
meshesand most often meshesof quadrilateralsor triangles. To producethe nal
image,all polygonsgo througha setof well de ned stageghatinclude: geometric
transformationslighting calculationsclipping, projections,and nally rasterization.
Most of thesestagegperformcalculationsbasedon a polygon's vertices.Eachvertex
is de ned by four oating pointnumbersAll of thesestagedreateachpolygoninde-
pendentlyof the others.For realisticscenestherearethousand®f polygonsinvolved.
Thereforethe typical graphicdoadis highly parallelandpipelined. Moderngraphics
cardshave multiple hardware pipelinescapableof treatingmassve numbersof poly-
gons. Certainresearchgroupshave managedo usegraphicshardwareto accelerate
speci ¢ physics-basetbrmulationssuchascomputationaluid dynamics.The grid-
basednatureof suchapproacheganbe supportedalbeitin awkward ways, by the
graphicshardware.However, thistype of adaptations notappropriatdor constrained

rigid bodyformulations.

The SPECCPU2000FP suiteseemsimilarin thatit makesuseof similar numer

ical methods,but the constraintsmposedby interactve entertainmentpplications
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alongwith the speci ¢ load characteristicsnake it a differentproblem. For exam-
ple, the relaxed accurag requiremenitallows multiple levels of approximationsand
optimizations suchashighererrorthresholdsrestrictedsize matrices constraintvio-
lation, highertime-stepsinter-penetrationsapproximatdterative techniquetc. The

differencesrere ected by our measurements.

Embeddedapplicationsuiteslike MiBench[GREO1]arealsoquite differentfrom
PhysicsBenchOne major differenceis the relatively smallamountof oating point

instructionsseenin typical embeddedpplications.

PhysicsBenchCharacterization In orderto accuratelycharacterizé®hysicsBench,
we presentsomesystemindependentlata,alongwith performancedatafrom some
speci ¢ systems.In particular we evaluatestate-of-the-ariobile console desktop,

andsener processors.

Table4.2 presentshearchitecturaparameter$or theseclasses.

‘ OLoads O Stores HBranches O Integer Calculation B Floating Point Calc ‘
100%

80% -

60% -

40% -

20% +

0%

Figure4.3: InstructionMix for PhysicsBench.

Platform-Independent Characteristics Figure4.3 providestheinstructionmix for
PhysicsBenchDespitethe diverseinput setsgivento the physicsengine the instruc-
tion mix remaindairly uniformacrosfenchmarksThis uniformity stronglycontrasts

with thediversityseenn typical generapurposescienti ¢, andembeddedenchmark
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suites. On average,PhysicsBenchs composedf 34% oating point calculations,
25%integercalculations6% branches5% storesand30%loads.Therelatively large
amountof bothintegerand oating point calculationsshovs afundamentatlifference
betweerPhysicsBenclandtheintegerheary SPECINT andMiBench,aswell asthe
oating pointheary SPECFP.

Instructionmix alsodepend®nthealgorithmused.For simpletests,ODE's quick
stepalgorithm [Eng] executesmore oating calculationsand loadsthanthe normal
step. However, the the normal stepexecutesmore oating calculationsin complex
runs. The two algorithmsare more ef cient at differentlevels of compleity. The
moreaccuratenormalstepalgorithmis fasterfor simpleislandswhile the quick step

algorithmis fasterfor complex islands.

Theharmonicmeanfor instructionperbranch(IPB) acrossall PhysicsBenclests
is 16. Similar to theinstructionmix, theaveragebehaior accuratelyrepresentall but
afew outliers.Fight Normalshavs 27 IPB while 2 Cars Normaland10 Cars Normal
shav 11 IPB. Ontheotherhand, SPECCPU2000FP shovs anaverage PB of 21 with

mary outliersrangingfrom 7.7to 341.

On average PhysicsBencls testshave 400KB of text and370KB of data.In con-
trast, SPECFPhasonaverager40MB of dataand980KB of Inst. Themorethanorder
of magnitudedifferencebetweerthedataseggmentsizessuggests signi cant memory
behaior differencebetweenthesetwo workloads. This will be corroboratedy our

performancelatacomparison.

Furthermorewe obsenre a drasticdifferencebetweenthe maximumstacksizes
of thesetwo workloadsduring run-time. The averagemaximumstacksizefor SPEC
FPtestsis 23KB with a maximumof 75KB, but the averagemaximumstacksizefor
PhysicsBenchs 1.1MB with a maximumof 2.9MB. This large stackis dueto the

dynamicallyallocateckemporarystructurego hold large matrices.
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The combinationof a smalldatasizealongwith alarge maximumstacksizesug-
geststhat PhysicsBencls performancewill heavily dependonthelLl caches perfor
mance while memorylatengy effectsmay be minimal. In contrast, SPECFP's large
datasizeswith a smallmaximumstacksizesuggestshe exactoppositebehaior. This

obsenationwill alsobecorroboratedy our performancelata.

In orderto focus our attentionon the bottleneck,we capturethe percentageof
totalinstructionscontributedby collision detectiorvs physicssimulation.Onaverage,
collision makes up 7% of all executedinstructions,rangingbetween2% and 20%.
Despitethis, we will later demonstrateéhat acceleratingcollision detectioncanalso

yield substantiabains.

Platform DependentCharacterization Figure4.4 presentgesultsfor the four ar
chitecturesn table4.2on PhysicBench.We considethreemetrics:IPC, FrameRate,
andthe % of framesthatwere computedwithin 10% of 30 frame/seaonstraint.The
rst two metricsareaveragesover all framesexecuted- they give someindicationof

how closewe aregettingon averageto meetingthe frameconstraint.

The latter metric givesan indicationof whetheror not all frameswere computed
in time — ideally, we would like this metric to be as closeto 100% as possibleto
provide stability andrealism.For thisinitial study we allocate10% of eachl/30thofa
secondto provide a frameto physicssimulation. While this time allocationmay be
too consenative, the datapresentedanbe extrapolatedfor larger allocationof each
1/30thof a second.

From this rst setof data,we clearly seewhy currentinteractve entertainment
applicationgarelyuserealisticphysicssimulationto dynamicallygenerateontent.In
this suite of physics-onlytests,eventhe powerful Desktopand Serverprocessorgan

only satisfythe demandof the threesimplestscenarios Surprisingly the muchlower
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performancen-orderConsoleprocessors ableto satisfya similar numberof frames.
Dueto its low clock frequeng, Mobile is shavn to beadequatenly for the basictest
of 2-car

From thesehigh-level obsenations, we can concludethe following: real-time
physicssimulationis extremelydif cult to satisfydueto boththe amountof compu-
tationrequiredandthereal-timeconstraint.Furthermorethereis alarge performance

requiremengapbetweerthe simplescenario@ndthetypical in-gamescenarios.
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Figure4.5: Performancef anidealarchitectureon PhysicsBench.

In orderto nd the mostusefuldirectionsof attackingthe large performancegap
shown above, we scaleprocessoparameterso nd themostcritical bottlenecksDue
to theorderof magnitudegperformancemprovementrequired we startthis studywith

anidealizedprocessarthe Ultimate corefrom Table4.2.

Figure4.5shonvstheperformancdor Ultimateandwhenindividual parameterare
scaleddown to morerealisticconditions.Theprimaryy-axis(bars)shavs IPC andthe

secondary-axis (diamonds)shons the % of framesthatwerecomputedwithin 10%

of our 30 frame/seconstraint.

We exploredscalingdown eachparametenf Ultimate independently The sufx
afterthe“-” indicatesthe oneparametebeingscaled(FU = functionallateng, BP =
branchmispredictionpenalty andL1 = datacachesize). We have scaledotherparam-
etersalso,but only the parametersvith the greatestinterestandimpactarepresented.
On average thedescendingrderof % performancealegradationis misspenalty(BP)
at44%, L1 at 32%, andFU (functionalunit lateng) at 27%. First, the large effect
of amorerealisticbranchmispredictionpenaltyshavs the large amountof instruction
level parallelismbeingexploited by Ultimate's large instructionwindow andsupport-

ing structuresSecondthel1 is scaledo equalthatof the Desktop The performance
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degradationsupportsour prior obsenation that the physicsenginegeneratesiumer
oustemporaryaluesduring computatiorwhich necessitatea fastandlarge memory
hierarchy Finally, the effectsof FU indicatesthat we have dependenthainsof long

lateng operationn thecritical path.

Although this extremelyideal con guration is getting closerto the goal, not all
applicationsare being satis ed. With the major bottlenecksidenti ed, we explore

techniqueso move uscloserto real-timephysicsbehaior.
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Figure4.6: Performancef four modernarchitecture®n SPECFP

As apointof comparisonywe alsoshov performancelatafrom the SPECFP sulite.
Figure4.6presentdPCresultsfor thefour architecturesn Table4.2on SPECFR. The
mostapparentehaior in this graphis the drasticperformancedifferencebetween
Serverandall otherdesigns.This correspondsvith thefactthatscienti ¢ workloadis
oneof the majortargetworkloadfor sener processodesigns.The muchlarger % of

FP operationdor this workloadcontritutesto this differenceamongthe four designs.

To nd the mostcritical designparametersye scaleresourcesasin the above
PhysicsBencitudy Figure4.7 present$PC resultsfor the UltimaterunningSPECFP
to compareagainstPhysicsBenchAgain, eachparameteof Ultimateis scaledoneat
atime. In additionto FR, BR, andL1, we alsopresentheresultwhenscalingmemory

lateng to 267 cycles.Onaveragethedescendingrderof % performancelegradation

30



OUltimate OUltimate-FU O Ultimate-BP @ Ultimate-L1 H Ultimate-MEM

Figure4.7: Performancef anidealarchitectureon SPECFP

is memorylateny (MEM) at 25% , branchmispredictpenalty(BP) at 22%, and FU
(functionalunit lateng) at 15%. Comparedo PhysicsBenchthe memorybehaior
is drasticallydifferentin thatmemorylateny dominatesarny L1 cachebehaior. This
con rms our earlierworkloadcharacterizationMemory lateng scalingfor Physics-

Benchresultsin < 1% IPC degradation.
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Mobile GameConsole| Desktop Sener Ultimate
Frequeng 222MHz | 3GHz 3GHz 2GHz 5GHz
Fetch, 1,1,1 2,2,2 4,8,4 8,8,8 32,32,32
Decode,
Issue
FetchQSize 4,1 16,1 32,2 32,1 128,2
FetchQSpeed
Issue In-order | In-order Out-of-order| Out-of-order Out-of-order
Issuewindow 8 16 32 64 512
Branch Taken 4K Bimod, 8K Gshare | 8K Gshare, 16K Gshare,
Predictor 4K 4-way 4K 4-way 4K 4-way 32K 4-way
BTB BTB BTB BTB
BranchMiss 3 19 19 17 2
Penalty
InstL1 Cache 8K 4way | 32K 4-way 8K 4-way 64K DirectMap | 512K 4 way
Lateng 2cycle 4 cycle 2cycle 2cycle lcycle
DataL1l Cache || 8K4way | 32K 4-way 16K 4-way | 32K 2-way 512K 4 way
Lateny 2cycle 4 cycle 4 cycle 4 cycle 1cycle
InstWindow, 32,8 64,32 128,64 256,64 2048,1024
Load/Store
L2 Cache None 512K 8-way 1M 8-way 2M 8-way 64M 16-way
16cycle 27cycle 24.cycle 12cycle
FunctionalUnits
(int ALU, Mult) 1,1 3,1 6,1 6,1 32,32
(FR, FP Mult) 1,1 2,1 2,1 4,4 32,32
(Memport) 1 1 2 3 32
Mem Lateng 20 258 269 184 50

Table 4.2: Parameterdor our architecturalcon gurations. All architecturesusea

commoniSA.
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4.3 Parallelization

In this sectionwe explore architecturalcandidatego satisfy the frame constraintof

PhysicsBench..0.

Space . _Space .
Collision Detection 0
o Generate Islands )
Generate Islands o

4
Per Island
Physics Simulatn

Loop on # Isands

[Parallel Physics Simulatbn Flow]
[Normal Flow]

Space
Sub_Space_0 Sub_Space_1 Sub_Space_2
[_Cglliﬁ.ian Detection ]

(_Generate Islands ]
0 S

[Parallel Collision Detection + Simulation]

Figure4.8: Normal, Parallel Simulation,andParallel Collision DetectionFlows.

Parallel Threads As demonstratethy Figure4.8,the core physicssimulationloop
canbe simpli ed into 3 dependentogical steps:collision detection,islandcreation,
andperislandphysicssimulation.Collisiondetectionnds all objectpairsthatinteract
with one another Then,islandsare formed by interconnectedbijects. Finally, the
enginecomputeshenew positionsfor all objectsattheislandgranularity Thephysics

simulationfor all of theislandsis doneserially.

Parallel Physics Simulation From the earlier instructionmix study we seethat
physicssimulation (PS) code contritutesthe bulk of instructionsexecuted. On av-
erage,PS contributesto 92% of the executiontime acrossthe suite using the four

processorpresentectarlier Thereforewe rst explore the limits of parallelphysics
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simulationby creatingone threadfor every island. This parallelizationprocessn-
volvesfarmingoff thethreadgo eitherlogical or physicalprocessorsTheinitial data
communicatiorrequiremenis dictatedby the numberof bodiesandjoints for each
islandspavnedaway from the original thread.Becausevery islandis independentf
otherislands,only the nal positiondataof objectsneeddo be communicatedackto

acentralthreadat theendof eachsimulationstep.

To evaluatethe potentialof this optimization,we rst capturethe upperbound
performanceby simulationsthat assumean unlimited supply of homogeneousores
and ignoresoverheadfrom sourcessuch as threadcreation,threadmigration, data
migration, and setupcodes. The datapresentedn Figure 4.9 containsboth frame
rateand% framessatis ed. Becausdests2-Carsand10-Carsareeasilysatis ed, we

remove thesefrom future datagraphsanddiscussions$o consere space.
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Figure4.9: AlphaISA Performancef ParallelPhysicsSimulation.[FrameRateuses

log scale]

For framessatis ed,we seethatMobileis now ableto satisfy100%o0f 10-Carsand
Servelis now satisfyingl00%of FightQ.Framerateimprovements consistenicross
the suitewith a max of 516% andan averageof 118%. However, the magnitudeof
speedugrom parallelphysicssimulationvariesbetweerdifferenttests. Theteststhat

shavedtheleastamouniof improvementareCrashVaQandEnvironQ.CrashVaQand
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EnvironQ containa large comple island simulatinga brick wall. This wall's bricks
applycontactforceson oneanotherandthis cannotbe parallelizedunlesshesebricks
are pushedaway from one another In scenarioxontainingone extremely comple

island,theframerateis dictatedby the processingf this islandevenwith paralleliza-

tion.

At the algorithmlevel, the QuickStepfunction usedfor thesetestsalreadyesti-
mategheresultby processingachobjectindependentipf others.QuickStepusesan
iterative approachwhereduringeachiteration(a) eachbodyin anlslandis essentially
consideredc freebodyin spaceandsolvedindependentlyf theothers(b) aconstraint
relaxationstepprogressiely enforceghe constraintdy somesmallamount.Thecon-
straintsatishctionincreasesvith the numberof iterations. Fine-grainparallelization

of the LCP solverwill bediscussedhn the next chapter

Eventhoughour idealizedcoarse-grairparallel physicssimulationis very effec-
tive,we arestill somedistanceaway from satisfyingthedemand®f thesebenchmarks,
especiallyfor the extremecaseslescribed As aresultof parallelphysicssimulation,
the% of cyclestakenup by collision detectiorbecomesnuchmoresigni cant at20%
on average,and a maximumof 55%. Therefore,we considerperformingcollision

detectionin parallel.

Parallel Collision Detection+ PhysicsSimulation Figure4.8shavsourimplemen-
tation of parallelcollision detectionthrougha hierarchyof collision spaces.Groups
of frequentlyinteractingobjectsare insertedinto the samesubspaceand only the
subspacearedirectly insertedinto theroot space Note the bidirectionalarrons, rep-
resentingwo-way communicatiorbetweercollision threadsjnterconnectingheroot
spacewith subspacesDuring collision detection,the root threadhandlesary colli-

sionsacrosssubspacewhile eachsubspacéandlescollisionswithin its domain.
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Figure4.10: AlphalSA Performancef Parallel Collision Detection+ PhysicsSimu-

lation. [FrameRateusedog scale]

Take the 100CrSktestfor example— we cancreatel00 subspace® containeach
trio of a carandtwo humanoids.Becauseof eachtrio's physicallocation, no inter-
actionbetweersubspacebappengluringits execution. This allows usto completely
parallelizeit into a fraction of the original task with minimal overheadon the root

spacehread.

Framerate and % framessatis ed are presentedn Figure 4.10. In contrastto
parallelphysicssimulation,the resultsshov both signi cant improvementsaswell as
degradationsThemostapparenthanges that100CrSkand100CrSkCQbothnow have
morethan80% satistictionfor Console Desktop and Serverprocessorsin addition,

both FightQandBattleQcannow be 100%satis ed by DesktopandServer

Even without taking certainoverheadsnto account,parallel collision detection
degradesthe performanceof EnvironQ, Fight, and Battle. All threetestshave fast
changingislandmakeupalongwith collisionsacrosshelogical spacesreated.This
indicatesa needfor utilizing high-level context informationto selectvely enablepar

allel collision detection.

With both optimizationsenabled,a comparisonof Figure 4.10 and Figure 4.5
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shaws that Desktopand Servercan achiese levels of userexperiencesimilar to that

of theunrealisticUltimate design.

ResourceRequirementfor Parallelization To boundtheresourceequiremenhec-
essanyto achiezetheimprovementgresente@dbove, we referbackto Table4.1which

shavsthedistribution of islandcountandspacecountacrosghebenchmarks.

For parallel physicssimulation, the maximumisland countfor eachbenchmark
indicatesthe numberof coreswe needto achiese theimprovementshownn earlier As
shown in Table4.1, the maximumislandcountin the suiteis 337. However, we may
needfar fewer coresto achieve the performanceshovn dueto simpleislandswhich
canbe serially processedan one core. We presentthe resourcerequirementsising
optimalloadbalancingor the Servemprocessom Table4.3. Thedatashavsthatmost
benchmarksvith high island countscanactually be satis ed with lessthan5 Server
cores.Theoutlier, L00CarSkgcanalsobesatis edwith afew cores put we parallelized
it into 100worldsto show the opportunityfor effective massve parallelizationgiven

non-interactingrirtual spaces.

Name 2 10 | CrashSk| Environ | CrashVa 100 Battle | Fight | Battle2

Cars | Cars CarSk
N/Q | N/Q N/Q N/Q N/Q | N/Q
Number| 3,2 | 9,9 3,3 4 3 100,100 | 14,19 | 3,4 3
of
Cores

Table4.3: Resourcdrequirementor Full ParallelizationusingServerCores.
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4.3.1 Realx86 ProcessorEvaluation

In this section,we explore the performancenf PhysicsBenclon a real x86 processar
For this real processostudy we useda 2.4GHzlIntel P4 Xeon CPU with 512KB L2

cachewith supportfor SSE/2instructions.This studyis similarto sectior4.3.

Real ProcessorMethodology PhysicsBench.O includestestsusing both the big-
matrix andtheiterative solvers.In this section we focuson enablingreal-timephysics
simulationby acceleratinghe iterative solvers(QuickStep) the fasterof the two ap-

proaches.

The PhysicsBenclsuiteconsistsof two setsof sourcecode. The rst setcontains
graphicscodeto allow for visual correctnessnspection,andthe secondsetcontains
only userinputandphysicssimulationcodefor performancevaluation.We compiled
binariesfor the x86 ISA using gcc version3.4.5 at optimizationlevel -O2 (recom-
mendedoy ODE), usingsingleprecision oating pointandthefollowing ags: -ffast-
math,-mmmx, -msse2,-msse,-mfpmath=ssend -march=pentium4.Theseoptions

enablefull SSEsupportto exploit SIMD parallelism.

All benchmarkarewarmedup for 3 framesto executepastsetupcodeaswell as
warm up processoresourcesandthenwe execute5 frames. We have designedhe
benchmarksothatsigni cant actity is capturedwithin theseb frames(i.e. theactual

collision of a carandskeleton,thecrumblingof awall, etc).

We modelauniprocessoasthebaselingor our study—thepredominanexecution
hardware for currentgamingplatformsand the architecturalttarget of most current
physicsenginesincluding ODE.

As describedn theintroductionand[Wu05], the physicsengineis interdependent
on othersoftwarecomponent®f the application. TheseincludeAl, game-playlogic,

audio,lO, andgraphicsrendering.We allocate10% of each1/30thof a secondrame
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for computingphysicssimulation.While thisis a conserative estimatepehaiors for

alargertime allocationcanbe extrapolatedrom the presentedesults.
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Figure4.11:InstructionsPerFramefor PhysicsBench.

Log Scale inst/Frame

We considertwo performanceametrics: FrameRate(framesper second)andthe
% of framesthat were computedwithin 10% of our 30 frames/seconstraint. The
rst metric is the harmonicmeanover all framesexecuted,giving someindication
of how closewe aregettingon averageto meetingthe frame constraint. The second
metricgivesanindicationof whetheror notall frameswerecomputedn time. Ideally,
we would lik e this metricto be ascloseto 100%aspossibleto provide stability and

realism.

We baseour performanceanetricson framesratherthaninstructions asframesare
amorenatural t for interactve entertainment particularly sincethe performance
goalis measuredh framespersecond We shav the numberof instructionsperframe

for eachindividual benchmarkn Figure4.11.

PhysicsBenchResults Figure4.12presentgesultsfor actualrunsof PhysicsBench
on the architecturein section4.3.1. It is clearwhy currentinteractve entertainment
applicationgarelyuserealisticphysicssimulationto dynamicallygenerateontent.In
this suite of physics-onlytests,our testprocessocanonly satisfythe demandof the

simplescenarioglescribedy 2-Cars,10-CarsandCrashSk.

We presentthe resourcerequirementaising optimal load balancingin Table4.4.

Thedatashavs thatmostbenchmarksvith highislandcountscanactuallybe satis ed
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Figure4.12:x86 ISA PhysicsBenclrerformance.

with lessthan5 cores. The outlier, 100CarSkcanalsobe satis ed with a few cores,
but we parallelizedit into 100 worlds to showv the opportunityfor effective massve

parallelizationgivennon-interactingrirtual spaces.

Benchmark 2-Cars | 10-Cars| CrashSk| Environ | Crash\
Numberof Cores 2 9 3 4 3

Benchmark 100CrSk| Battle Fight Battle2
Numberof Cores 100 19 4 3

Table4.4: ResourcdRequirementor Full Parallelizationfor realx86 Processor

4.3.2 Fine Grain Parallelism

After exploiting coarsegrainparallelismfor islandsandspaceshbenchmarksvith large
islandsstill cannot be satis ed. Given that quicksteps algorithm computesforces
from differentconstraintandependently ne grain parallelismoffers additionalper

formance.To quantifytheavailable ne-grain parallelismwe graphedhedependeng
chainof dynamicinstructiongor the mostfrequentlyexecutedoopin ODE insidethe
LCP solwer. Thisis doneby trackingeachinstructionsdependencie® thelastlogical
registerproducerinsidethe PTLsimsimulator This datarevealedmassve parallelism

for the mostcompute-intenske islands. Computationfor eachdegreeof freedomre-
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moved canbe solved independently Similarly, all pair-wise collision detectionscan
be computedn parallel. The numberof pairsis prunedby hierarchicalcollision ge-

ometries put theworstcaseis NxN, whereN = thenumberof objects.

Benchmark Degreesof Freedom Numberof Bodies

< 10| 11..30| 31..120| > 120 || < 10| 11..30| 31..120| > 120

CrashSk 0% | 27% | 69% 4% 27% | 63% | 10% 0%
CrashWa 36% | 51% | 0% 13% 87% | 0% 0% 29%

Ernvironment|| 72% | 12% | 3% 12% || 83% | 1% 10% 9%
100CarSk 0% | 31% | 62% 7% 31% | 51% | 18% 0%
Battle 73% | 14% | 13% 0% 95% | 21% | 6% 0%
Fight 0% | 0% 75% 25% || 0% | 75% | 25% 0%
Battle2 26% | 2% 45% 28% || 27% | 45% | 22% 7%

Average 30% | 20% | 38% 13% || 50% | 37% | 13% 6%
Benchmark Numberof Joints

< 10| 11..30| 31..120| > 120

CrashSk 28% | 65% | 6% 0%
CrashWa 71% | 0% 0% 11%
Environment || 84% | 3% 3% 13%
100CarSk 31% | 50% 19% 0%
Battle 69% | 29% | 2% 1%
Fight 0% 58% | 42% 1%
Battle2 31% | 40% | 22% 25%
Average 45% | 35% 13% 7%

Table4.5: Distribution of factorsaffecting ne-grain parallelism.

Table 4.3.2shaws the distribution of factorsthatre ect eachislands' processing
demandnamelydegreesof freedom(DOF) removed, numberof bodies,andnumber
of joints. The datais groupedin four clustersandwe shav the percentagef islands

thathasavaluewithin therangespeci ed by thegroups.DOF rangesn thethousands
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for theworstcaseislands.

Per-Island Execution Time Breakdovn Using Amdhal's law to estimatethe re-
quiredspeedupon parallelsectionswe breakdevn the mostdemandingsland's ex-
ecutiontime into serialandparallelportions. Using a real Intel Pentium4 processor
with ideal parallelization,t takes233 Million cycles. The executiontime breakdevn

for the 1stcapturedramefor battle2shavs thefollowing:

e 196M cyclesfor steppingfunction with 160M cyclesinside constraintsolver

loopLCP.
e 19M cyclesfor Collision detection.
e 4M cyclesfor settingup matrix beforecalling steppingfunction.

e Therestof theexecutiontakes 14M cycles.

Parallelizablesectiongotal 219M cycles,andserialsectiondotal 14M cycles. As-
sumingaclockrateof 5GHzandaframerateof 300,we needtio completeall execution
in roughly16.6Million cycles.This necessitateaspeedumf roughly84X onthepar
allel sections.Thedesignexplorationto enablethis level of parallelismis describedn

Sectionb.2.
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CHAPTER 5

Ar chitectural Acceleration

This chapterdetailsour major architecturalcontributions: PhysicsBencl2.0, Paral-
IAX, andPDAS.

5.1 PhysicsBench 2.0

PhysicsBencl2.0 is a comprehensie setof benchmarkghat capturethe complex-
ity andscaleof physicssimulationthat might appeaiin future game-scenariosOur
benchmarksuite canbe leveragedoy: (1) computerarchitects/researchets explore
real-timephysicshardwareandsoftwaredesignsand(2) applicationdesignergo de-

terminegamingplatformperformancdounds.

Our second-pasat physicsbenchmarldesignwasguidedby the approactshavn
in Table 5.1, and basedon the set of requiredfeaturesdemonstratedn Table 5.2.

Table5.3 explainsthe benchmarksvhile Table5.4 providessomestatisticaldata.

Gamephysicsdatascalinghasroughlytracked Moore's Law alonganexponential
path asdevelopersload as much physicsonto a gameas the minimum-specsystem
could handle. This trendcanbe illustratedby the physicscompleity of threepopu-
lar games:(a) Unreal Tournamen®003, (b) Unreal Tournamen®004,and(c) Gears
of War 2006. From discussionwith industryinsiders,the estimatechumberof rigid
objectsin thesegamesare75,100,and200respectrely. Thatmeanghatthe number

of rigid bodiesincreasedy 33%betweer2003and2004andby 100%betweer2004
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and2006.

PhysicsBenchi.0 benchmarkgYFROG6] arelimited to small scalerigid-body in-
teractions.PhysicsBencl2.0 hasdramaticallyincreasedhe typesof simulationsand
numberof interactingobjects.Basednpersonatommunicationsvith AGEIA, future
gamesn development(like Cell FactorRevolution, Auto Assault,and Stoked Rider)
targetingthe PhysXcarduse1000-10,000sf rigid body objects,10,000s0f particles,
and 1000sof verticesfor deformablemeshegcloth). In contrast physicstargetinga
dual-coredesktopprocessotopsout at 500 rigid bodies,1000sof particles,andno

deformablemeshes.
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High-Level Thesetypesof actionssetthefocusfor thebenchmarksThey include
PhysicalActions | continuouscontact periodiccontacthigh velocity impulseexplosions,

anddeformations.

Themostpopulargamegenresvhich useor have the potentialto use
physicsincluderacing,sportsaction, rst-personshooterreal-time
Representate | stratgy, andmassie multi-playerrole-playing.For eachbenchmark,

GameGenre | we pick agenrewhichwe believe bestillustratesa givenhigh-level
physicalaction. Screen-shotef upcomingnext generatiorgames
wereusedasreference TheseincludeMotor Storm,Battle eld 2,
Cell Factor GTA: SanAndreasAssassirs Creed World Soccer

Winning Eleven,andWorld of Warcraft.

Parameterization All benchmark$iave a setof parametershatscaleits computational
andScaling load. For collision detectiontheseparametergncludenumber
distribution andshapeof objects.For forward steppingthese
parametercludecompleity andnumberof bothislandsandobjects.
For cloth simulationthe parametericludethe numberof vertices

representingachcloth object,the numberof cloth objects,andtheir

location.

Table 5.1: Our benchmarksover a wide rangeof parameterizedgituationswithin

differentgamegenres.
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Constrained

Rigid Bodies

Simulationof articulatedobjectsconnectedvith idealjoints. Virtual
humansconsistof 16 segmentsof anthropomorphicimensionsCarshave

abody rotatingwheels,anda suspensiosystemof sliderjoints.

Terrains Unevensurfacesdescribedy height elds or trimeshes.

Breakable Jointsarebroken by accumulatiorof force or a singlestrongforce

Joints exceedinga predeterminethreshold Bridges,cars,androbotscontain
breakablgoints.

Prefractured | Eachbreakableobjectcontainsa setamountof debristhatcanbreak

Objects apartfrom the object. The objectandgeomrepresentingachpieceof
debrisis createdat startuptime andenabledncethe objectbreaks.

Explosions | Eachobjectis markedwith anexplosive ag. If anexplosive object
malkescontactwith arny otherobject,the explosive objectis replaced
by a sphereaepresentinghe blastradius. The blastradiusandduration
arepredeterminedThe spherds disabledafterduration. Time bombsand
cannonballsirreused.

Static Immobile objectsthatmoving objectscancomein contactwith. They do

Obstacles not participatein forward steppingsincethey do not move but they do
participaten collision detection.

Cloth Soft-bodymodelingusingconstrainedrerticesthatapproximatea

Simulation | continuoussurface.Large cloth objectsuse625verticesto simulate

draperyor netting. Smallones typically attachedo virtual humans,

use25 vertices.

Table5.2: Featuresoundin Our Benchmarks.

46




Benchmark

Avg Inst/Frame

Description

Periodic

Contact

34 million

Role-playinggamegenrescenariowith groupsof humanoidengagingn
hand-to-handombat:30 humanoidwith 3 groupsof 5, 3 groupsof 3,
and3 groupsof 2 whereall memberf eachgroupareengagedn

combatwith oneanother

Ragdoll
Effects

36 million

First-persorshooter(FPS)genrescenariovith 30 humanoidgalling due

dueto impactfrom projectiles.

Continuous

Contact

47 million

Racinggenrescenariowith carsdriving onterrainandbetweerpbstacles:
arally racewith 30 carsdriving over terrainformedby height elds

andtrimeshes.

Breakable

256million

FPSgenrescenarionith cannonshootingandbombsexploding. Three
areasareeachenclosedy threewalls. Two bridgesarein eacharea30
humansarescatteredn groupsof 10. Thewall bricksfractureinto
piecesdueto explosionsfrom the cannonballsSix vehiclesramthewalls

andexplodeuponcontact.

Deformable

409 million

Sportsor actiongenrescenariavith 30 uniformedplayersand?2 large
cloth objectseachin contactwith oneplayer Eachuniformis asmall

cloth objectattachedn a player

Explosions

547 million

Real-timestratgy scenariovith anarmy ghting in anurbanervironment:
10areasareenclosednthreesidesby walls. 50 vehiclesroamthe areawith
10 cannonsshootingexploding projectiles.Thereareno breakablgoints or

prefracturedbjects.

Highspeed

518million

Action scenariawith carscrashingnto walls andhigh-speedocketsdestrging
buildings: thereare 10 buildingsand20 moving cars.10 cannonshoot
high-speedrojectilesatthe buildings. Thereareno explosions— justthe

compleity of detectinghigh-speedmpacts.

Mix

829million

A combinatiorof all thefeaturesandentitiesusedin theprevious 7 benchmarks.
Thereare3 buildings, 6 bridges,30 humanoidsand6 vehiclesin thearea.The
humanoidsaredrapedn cloth, andthebuildings' openingsarecoveredby large cloths.
Height eld terrain,breakablgoints, prefracturedbjects andexploding projectiles

areall used.

Table5.3: Our PhysicsBenchmarkindSuite.
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Benchmark| Object| Islands| Cloths Static | Dynamic | Prefractured| Static
Pairs [vertices] | Objs Objs Objs | Joints

Per 2,633 9|0 0 480 0| 480
Rag 2,064 30| 0 0 480 0| 480
Con 3,182 3710 1,700 650 0| 120
Bre 11,715 97| 0 0 1,608 5,652| 564
Def 7,871 89 | 32[2000] | 480 480 0| 480
Exp 21,986 58| 0 0 3,459 0| 200
Hig 21,041 12| 0 0 3,309 0 80
Mix 16,367 28 | 33[2625] 0 1,608 5,652| 564

Table5.4: BenchmarkSpecs.
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5.2 ParrallAX: An Architecture for Real-Time Physics

Interactve entertainmentIE) applicationsdemandhigh performancdrom all archi-
tecturalcomponents.In the future, this demandwill increaseeven further These
applicationswill be composedf a diversesetof computationallydemandingasks.
Onecritical taskis modelinghow objectsand charactersnove andinteractin a vir-
tual ervironment. Most currentlE applicationsamake useof recordedmotionclips to
synthesizethe motion of virtual objects(kinematics),but astheseobjectsandtheir
interactionsscaleup in complity, recordinghasbecomeampractical. Physics-based
simulationhasemegedasan attractve alternatve to kinematics providing high lev-
elsof physicalrealismthroughmotioncalculation.Futureapplicationdargetingatrue

immersve experiencewill demandadhis asa cornerston®f their design.

Thebene tsof physics-basedimulationcomewith a considerablyhighercompu-
tationalcost. To maintaina uid visual experienceE applicationgypically provide
atleasta 30 framespersecondFPS)displayrate (33msperframe). This is thetotal
time allotted to all gamecomponentsincluding physics-basedimulation,graphics
display Al, andgameenginecode.Corventionalcorescannotmeetthe computational
demand®f theseapplications.For example,in Section5.2.3we shav arealisticex-

amplewherea single-coredesktopprocessoachiezesonly 2.3 FPS.

Thedif culty in meetingthe performancelemand®f physics-basedimulationis
somevhat mitigatedby the high degreeof parallelismavailablein theseapplications.
Our resultsshawv that on average91% of a physicsworkload can be broken down
into parallel subtaskf varying granularity Although only 9% of the workload is
serialized,on a singledesktopcorethis portion cantake up to 125%of the available
frametime. This arguesfor an architecturghat hassufcient performanceo tackle
the serialtasks,but alsohasthe e xibility to fully exploit parallelregions. Thereare

existing designsthat combinesomenumberof large coarse-granularityCG) cores
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with a larger numberof ne-granularity (FG) cores,including GPUsconnectedo a
hostCPUthrougha systembus[PF05],the Cell's SPES pairedwith its PPE[H0f05],
and a corventional core pairedwith multiple vector units [KP03]. However, these
designdack e xibility in how theircorescanbeutilized, makingit dif cult for themto
efciently meetthedemand®f real-timephysics.Thiswork proposes more e xible
designthatis optimizedto meetthesedemandsbasedon a designspaceexploration
thatincludeshenumberandtypeof coresrequired theamountof cachestaterequired,

andtheinterconnectequiredbetweerthesecomponents.

This sectionpresentshefollowing contributions:

¢ |dentifying thatcurrentmulti-corearchitecturesvill notbeableto sustaininter-
active framerateseven whenthe benchmarksuiteis aggressiely parallelized.
Operatingsystem,cachecontention,and control logic areaoverheadall con-

tributeto this conclusion.

e An architecturewith both CG and FG coresthatis ableto sustaininteractve
frame ratesfor physicsworkloadsthroughefcient areautilization. The key

elementsf thisefciency are:

— Intelligent, application-awae L2 manayement- In section5.2.3.1we ex-
aminetheL2 requirements$or physicssimulationandproposea partition-

ing stratgyy thatreducegsherequiredL2 spaceby morethanhalf.

— Dynamiccoupling/allocationof FG coresto CG cores— In section5.2.4.1
we proposean arbitrationpolicy that balancegshe maximalutilization of
available FG core resourcesand the exploitation of locality amongFG

coresworking onthe sameCG task.

— Relaxedcommunicatioriatencyof FG and CG cores- In sectionss.2.4.2

and5.2.5.2we explore designalternatvesto interconnecting=-G andCG
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cores.Thetightcouplingof FGandCG corescanrestrictwherethesecores
areplaced(i.e. on/off chip) andhow effectively we candynamicallylever-
ageFG cores.To loosenthis coupling,we considetheamountof buffering
spaceandapplicationparallelismrequiredto overlapcommunicatiorfor a

variety of interconnectiorstratejies.

A bulk of the prior work hasbeendescribedn section3.2.

Therestof this sectionis organizedasfollows. Section5.2.1describegshe modi-
ed physicsengineandtheassociatedomputationaload. In section5.1we proposea
setof future-thinkingbenchmarkshatrepresenta wide rangeof physicalactionsand
entertainmenscenarios.Section5.2.2 detailsthe experimentalsetup. Section5.2.3
exploresthe performanceof this suite on cornventional architecturesand threading
methodologies.In section5.2.4 we outline the proposedphysicsarchitecture,and

in sectionb.2.5we exploreits designspacewe concludein section5.2.6.
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5.2.1 PhysicsSimulation and Workload

In this section,we discussphysicssimulationand identify its main computational

phases.

5.2.1.1 Our PhysicsEngine

Our physicsengineis a hearily modi ed implementationof the publicly available
OpenDynamicsEngine(ODE) version0.7 [Eng]. ODE follows a constraint-basedp-
proachfor modelingarticulatedgures, similarto [Bar97, MHHOG6], andit is designed
for ef ciency ratherthanaccurag. Ourimplementatiorsupportamorecomplex phys-
ical functions,including cloth simulation, prefracturedobjects,and explosions. We
have parallelizedit using POSIX threadsand a work-queuemodel with persistent
worker threads.POSIX Threadsminimize threadoverheadwhile persistenthreads

eliminatethreadcreationanddestructiorcosts.

The following is the high-level algorithmic ow of ODE, augmentedwith our

changegshawvn in italics).

1. Createandsetupa dynamicsworld.
2. While (time < timeeng)

(a) Apply forcesto the objectsasnecessarye.g. gravity).
(b) Calculateall pairsof objectsthatarein contact.
(c) Foreachpair of objectsin contactdo thefollowing:

i. Computehecontacipointsandcreatgheassociatedontaciconstraintgjoints).

ii. If an explosive object makes contact with another object, create a sphere
representing blast radius.
iii. If a body makes contact with a cloth’s bounding volume, insert body on

cloth’s contact list.

52



iv. If a prefractured object is in contact with a blast volume (sphere) break object
into debris.

(d) Formgroups(islands)of objectsinterconnectesith joints,i.e. nd theconnected
components.

(e) Forward simulationstep: For eachislandcomputethe appliedloadsandthe nev
positions/elocities of eachobject.

(f) Checkall breakablgoints: if joint's appliedload hasexceeded threshold break
thejoint.

(g) Process all cloth objects by taking a forward simulation step.

(h) Advancethetime: time = time + Dt

3. End.

At the heart(forward simulationstep) of the simulationloop lies the constraint
solverwhichis typically implementedvith aniterative relaxationmethod.The simu-
lator providestwo key parametershatcanbe usedto tradeoff accurag for ef ciency,
thetime-stepDt andthe numberof iterationsn thatthe constraintsolver performsper
time-step. The time-stepde nes the amountof simulatedtime that separatesucces-
sive executionsof the simulationloop andthereforede nes how mary timestheloop
will executepersimulatedsecond.Thenumberof solveriterationscontrolshow mary

relaxationstepsthe solver takesin a singlesimulationstep.

For our benchmarksthe time-stepis 0.01 secondsand 3 stepsare executedper
frameto ensurestability andpreventfastobjectsfrom passinghroughotherobjects.

We alsouse20 solveriterationsasrecommendety [Eng].

5.2.1.2 Computational Phasesf The PhysicsWorkload

The stepsin the above algorithmform a data- ow of computationaphaseshown in

Figure5.1. Simulationssuchascloth and uid arespecialization®f this. However,
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becauseloth simulationpresentsa conceptuallyand numericallydifferentload than
rigid-body simulationwe consideredt asa separatghasein our study Below we
describethe 5 computationalphasesn more detail. In this paper we will usethe

termsphaseandtaskinterchangeably

World State New World State
Collision Detection
(Vertex Positions)

| Broad-phase |—>| Narrow-phase I-.->| Island Creation |—>| Island Processing |—>| Cloth |

(Object-Pairs) (Contacts Points) (Islands) (Object Positions)

Figure5.1: PhysicsEngineFlow. All phasesreserializedwith respecto eachother

but unshadedstagesanexploit parallelismwithin thestage.

Broad-phase This is the rst stepof Collision Detection(CD). Using approxi-
mateboundingvolumesi,it ef ciently culls away pairsof objectsthatcannotpossibly
collide. While Broadphasealoesnot have to be serialized the mostusefulalgorithms
arethosethat updatea spatialrepresentationf the dynamicobjectsin a scene.And
updatingthesespatialstructureqhashtables,kd-trees,sweep-and-prunaxes)is not

easilymappedo parallelarchitectures.

Narr ow-phase Thisis the secondstepof CD that determineghe contactpoints
betweereachpair of colliding objects.Eachpair's computationaloaddepend®nthe
geometricpropertiesof the objectsinvolved. The overall performancas affectedby
broad-phases'ability to minimize the numberof pairsconsideredn this phase.This
phaseexhibits massve ne-grain (FG) parallelismsinceobject-pairsareindependent
of eachother ODE originally usesa single joint-groupwhereall contactjoints are
stored,enforcingan arti cial dependeng acrossall object-pairs. We addeda data
structurefor eachthreadto storecreatedcontactsallowing all object-pairgo be pro-
cessedhn parallel.Basednthenumberof workerthreadsyve partitiontheobject-pairs

into equalsets.
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Island Creation. After generatingthe contactjoints linking interactingobjects
togetherthe engineserially stepsthroughthelist of all objectsto createislands(con-
nectedcomponentsdf interactingobjects. This phaseis serializingin the sensethat
it mustbe completedbeforethe next phasecanbegin. Thefull topologyof the con-
tactsisn't known until the last pair is examinedby the algorithm,andonly thencan
the constraintsolversbegin. Practicaltechniquegor parallelislandgeneratiorarenot

commonlyavailable.

Island Processing For eachisland,giventhe appliedforcesandtorquesthe en-
gine computegheresultingaccelerationandintegrateshemto computethe new po-
sition and velocity of eachobject. This phaseexhibits both coarse-grai(CG) and

ne-grain (FG) parallelism.Eachislandis independentandthe constraintsolver for
eachislandcontaingandependeniterationsof work. We parallelizedheengineatboth
granularity Only islandswith morethan25 degrees-of-freedomemovedareinserted

into thework-queue- smallerislandsexecuteon the mainthread.

Cloth Simulation. We haveimplementedlothlargelybasednJalobsensposition-
basedapproach[Jak01]An extensionof this approactthathandlesnoregenerakon-
straintshasbeenproposedoy AGEIA[MHHO6]. A cloth objectis representedising
atriangularmeshwhereeachedgerepresents lengthconstraint. The constraintsare
solvedusinganiterative constraintelaxationsolverandthe meshis simulatedorward
in time usinga Verletintegrator Collision detectionis basedon a combinationof ray
castingand axis-alignedboundingvolume hierarchies.Collision resolutionis based
on a vertex projectionscheme.This phasealsoexhibits both CG andFG parallelism.
Eachcloth objectis independentand the integrator containsindependentasksfor
eachvertex in thecloth object.We parallelizedheengineatboththe objectandvertex

levels.

As we will demonstraten the restof this paper physicssimulationdiffers from
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cornventionalworkloads(i.e. SPECandmultimedia)in thefollowing ways:

e Concreteperformanceayoals- areal-timeconstraintof atleast30 FPS.

¢ Discretephase®f theapplication- with very differentlevelsof parallelismand

architecturakequirements.

e Tightly coupledapplicationphases thesephasesareserialwith respecto one

anotherandfeatureafeedbackoopnotpresentn applicationsuchasrendering.
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5.2.2 Experimental Setup

We useda Simics-basedMCE] full-system execution-drven simulator Both the
cacheand processotiming simulatorsare from the GEMS tool-set[MSB]. All L2

cachesarebasedn 1MB 4-way banks,andTable5.5 shavsthe con guration param-
etersusedfor the coarse-grairoresin our simulations.Fine-graincoresaredescribed

in sectionb5.2.5.

Processor 4-wide,14-stages Functional: 4int, 2 fp, 2 ld/st

Pipeline Units

Window/:  96,32entries Branch: 17KB YAGS + 64-entryRAS
Scheduler Predictor

Block: 64 bytes L11/D: 32KB, 4-way, 2-cycle

Size Caches

L2 Cache/: 15-g/cle On-chip: Point-to-point

Banks Network 2-cycle perhop

Main : 340cycles Clock: 2GHz

Memory Frequeng

Table5.5: Coarse-grairCoreDesign.

PhysicsBencR.0benchmarkareexecutedor 3 framesof physicssimulationdue
to verylong simulationtimes— theaveragenumberof instructionsn aframeis shavn
in table5.3. Somebenchmarksequiremorethan4 daysto completea singleframe
when simulatinga 4-coredesign. The simulation proceedswith 0.01 secondtime
steps. The benchmarksare setupso that mostof the actvity happenin the rst 10
frames.The frames5-7 areexecuted andthe worst-casdramein termsof execution
time is chosen.All benchmarksarewarmedup for one physicssimulationstepprior
to executionof the selectedrames. The performancdargetis 30 frames-petsecond
(FPS).
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The coressimulatedwithin Simicsare SFARC ISA processorsunningSolaris10
in singleusermode.All benchmarlbinariesexecutedfor performancesimulationare
compiledwith gcc 4.1.1for the SFARC ISA usingthe following optimization ags
to enableO2 optimizations,SFARC's SIMD instructions, 32-bit pointers,and the
POSIX threadslibrary: [-mcpu=v9-mtune=ultrasparc3mvis -m32 -pthreads-02].
The SFARC binariesusedfor performancesimulationdo not include ary graphical
display code. For visual veri cation, the benchmarkswith visual display codeare
compiledfor thex86 ISA andexecutedon realx86 machinesAll instrumentatiorior
separatingomputatiorphasesisesSimics' MAGIC instruction,whichis not counted

whencalculatingexecutiontime.

5.2.2.1 InterconnectModels

For theon-chip2D meshinterconnectwe usedhedatain Tablel from [SEWO06]for 90
nmtechnology Theperhopdelayis 1 cycle,andtherouterpipelineis 5 cycles(2GHz
clock). This network uses64-bit its, andfour virtual channelscan simultaneously
senddata. We assumehe paclet headelto be 8-bit long, so eachpaclet's payloadis
56-bit.

For the off-chip con gurations, we assumethe use of either Hypertransport
(HTX) [HTX] or PCI Express(PCle) [PCI] to connectthe discretechips. On the

ne-grain chip, thesame2D meshdescribedabore connectsll coresto thel/O.
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5.2.3 Performance Demandsof Real-Time PhysicsWorkload

This sectionexaminesthe performancedemandsf physicssimulationby evaluating
single-corgerformancetheperphasevorking set,andthelimits of coarse-graifiCG)

parallelism.

Figure5.2(a)shavsthetotal executiontime of oneframefor single-threadetdench-
marksrunningon a 2GHz single-coredesktop-clasprocessowith a 1IMB L2 cache.
Thedistribution of executiontimesshovs good compleity scalingrangingfrom Pe-
riodic to Mix. Only two benchmarksPeriodic andRagdoll canbe completedwithin a
frame'sworth of time andthe mostcomplicatecdbenchmarkVlix requiresoveranorder
of magnitudeperformancamprovementto reach30 FPS.Executiontime is broken

down into contributionsby the phaseslescribedn section5.2.1.

While Broadphaseand Island Creation (the dif cult to parallelizephases i.e.
serialphasesjnake up only anaverage9% of total executiontime, they canstill take
up to 125%o0f oneframe's worth of time (i.e. 1/30thof asecond).This dataforcesus
to optimizeboththe serialand parallelcomponent®f this workload. Theinstruction
mix in gure 5.7(b) shaws that serialphasesand Narrowphaseare integer dominant
with large amountof brancheavhile parallelphasedsland Processingand Cloth are

FPdominant.

To determinethe hardwarerequiremento satisfyfuture physicsapplicationswe
rst considetheworking setfor boththeserialandparallelportions.Thenwe explore

the performancempactof exploiting CG thread-l@el parallelism(TLP).

5.2.3.1 Working SetAnalysis: Serial and Parallel Phases

After evaluatingdifferentcoredesignsandL2 con gurations,we foundthe L2 cache

designto be the dominantfactor affecting the serial phaseperformance.Figure 5.2
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(b) shaws executiontime for the serialphasessthe L2 cacheis scaledfrom 1MB to
32MB by incrementingthe numberof 4-way 1MB banks. The banksare con gured
with a point-to-pointnetwork and usea 2-level directory basedMOESI cohereng

protocol[MSB].

Most missesaredeterminedo be capacitymissedy using1024-way 1MB banks.
A minimum of 4MB of L2 cacheis requiredto completethe serial phaseswithin a
frame's worth of time, andmaximumperformanceequiresa fully-associatve 16 MB
or a more realistic32MB L2. Thesesizesseemrelatively large whenwe consider
the numberof objectsin thesesimulations.A majority of L2 missesoccurinsidethe
parallelphasespointing to the possibility thatthe parallelphasedataevicts the serial
phasedatabetweensimulationsteps. To illustrate this, we examineeachphases L2
effective working setsizeby saving the cachestateat the endof a phaseandloading
this cachestateat the beginning of the next stepfor the samephase.Figures5.3 (a)
and5.4 (a) shawv thatthe performancdor both serialstageglateausat 4MB, andthe

performancaes within 7% of a16MB L2 usedby all stagen Figure5.2(b).

Figures5.3(b),5.4(b),and5.5(a)shawv theisolatedL2 scalingperformancelata
for Narrowphaselsland Processingand Cloth respectiely. Both Island Processing
andCloth arerelatively insensitve to L2 cachescaling.For Narrowphasethe bench-
marksExplosionsandHighspeedshav roughly 2X improvementwhenscalingthe L2
from 1MB to 16MB. This behaior canbe attributedto the large numberof object-
pairsshovn in Table5.4. The increasecamountof datarequiredfor Explosionsand

Highspeedesultsin their highersensitvity to L2 cachesize.

With dedicatedcachespacedor eachcomputatiorphasethelL2 cacherequirement
hasbeensigni cantly reduced.The serialstagesnow eachrequire4MB of L2 cache
space BecausdBroadphasaisesshapedata(geom)for collision detectionandlisland

Creationusesobjectandjoint datato creataslands thereis little datasharingoetween
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thesetwo phases.The memoryrequiredper objectandgeomis 412Band116Bre-
spectvely. Thememoryrequiredperjoint variesbetweerl48Bto 392Bdependingn
thetype. To obtainthe performanceshovn on Figures5.3(a)and5.4(a),we allocate

8MB of L2 with 4MB dedicatedo eachserialphase.

Whenexecutingthe parallelphasesn single-threadnode,1MB of additionalL2
spaceis sufcient to obtainthe bulk of the performance.This 1IMB canbe shared
betweerall threephasesincetherewill be sharingbetweerBroadphasendNarrow-
phaseandbetweerisland Creationandisland Processing The cachespacededicated

to the serialphaseshouldbe readabléout not modi able duringparallelphases.

However, the cacherequiremenfor parallelphaseschangeswith the numberof
simultaneoushactive threads.To betterunderstandhis, we vary the numberof pro-
cessorcoresthatareavailableto exploit coarsegrain parallelismalongwith the total
L2 space. While Cloth continuesto be insensitve to L2 cachesize, both Narrow-
phaseandlsland Processingeeaninterestingshift in L2 sensitvity. At two threads,
thesephasesmprove performancewith the samededicated_2 cachebecausef the
increasedl LP. However, at four threads thrashingbetweenthreadsgrows consider
ably anddrivesdemandor L2 spacehigher For IslandProcessing1MB of dedicated
L2 cachedegradesperformancewhen scalingfrom 1 to 4 cores. The memoryre-
guiremeniperislanddepend®nthe numberof joints, bodies anddegrees-of-freedom
removed. To satisfythisdemandyve allocateanadditional4MB of L2 cachespaceor

the parallelphasesn therestof our experiments.

5.2.3.2 Exploiting Coarse-Grain Thread-Level Parallelism

Figure5.5(b) shavsthe performanceaswe scaleupthenumberof coresperprocessar
With every additionalcore,we addanadditionalworkerthread.TheL2 cachespacds

allocatedat a phasegranularityaccordingo the obsenationsmadeearlier: (12MB to-
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tal — organizednto three4MB partitions[STW92,RAJ00b,YR].onefor Broadphase
onefor Island Creation andone for the parallel sections). Phaseidenti cation for

physicssimulationis trivial asshavn by the sequentialo w of Figure5.1. Depending
on the computationphasedifferent partsof the sharedL2 are usedfor writing data.
Futurework will examineL2 cachesizereductionby prefetching,perthreadcache

managemengndDMA transfers.

Thel2 is composeaf 1MB 4-way cachebanks andthe partitioninggranularityis
donepercacheway [CJDO00]. Becauseserialstagesaremoresensitie to loadlatengy,
the 4MB cachepartitionsdesignatedor the serial stagesare allocatednearthe CG
coreusedfor serialexecution.To attainminimal L2 lateng for eachserialphasethe

mainthreadwill executeBroadphasen oneCG coreandlsland Creationon another

Figure5.5 (b) clearly shavs thatthe performancemprovementstartsto plateauat
4 cores.Onaverage scalingfrom oneto two coresimprovesperformancdy 53%and
scalingfrom two to four coresimprovesperformanceby 29%. Figure5.6 (a) shavs
the executiontime breakdaevn for a four core processomwith 12MB total L2 cache
space.The performancenasimproved by roughly 3X, but we still needan additional
5X improvementto satisfy all benchmarks.Performancestartsto degradeat eight
cores(not shawvn). This degradationis surprising,but canbe attributedto two main
causesanincreasedvorking setin the L2 cacheandoperatingsystemoverhead For
all parallelphasesadditionalthreadsconsumemore cachespaceby simultaneously
accessinglatathathadnot neededo co-exist in the cache.Thelarge increasean L2

missesds showvn in Figure5.6 (b).

Scalingfrom four to eightthreadsresultsin a 5X increasan L2 misses.Kernel
memoryaccessemside Island Processingand Cloth make up mostof the increase.
The pmapcommandn Solaris10 showns thateachworker threadusesapproximately

850KB of memoryduring two and four threadedexecution. At eight threads,each
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worker threads memoryusaggumpsto aroundSMB. This operatingsystemeffectis

beinginvestigatedurtherasfuturework.

Assumingthatthis behaior canbealleviatedby a custom-tunedperatingsystem
and programmerde ned memory mapping/managementG scaling may continue
pastfour threads. However, even underideal conditions(removal of OS overhead
andcachecontentionunlimited numberof cores,andideal load balancing),CG par
allelismwill not be sufcient to achiere interactve frame-ratesFigure5.7(a)shovs
thatMix andDeformablerequiremorethanaframe'sworth of time justfor IslandPro-
cessingandCloth. WhenconsideringserialphasesExplosionsandHighspeedarely

achieve 30 FPS.

Therearetwo fundamentalimitationsto CG scaling: (1) cornventionalthreading
overheadsynchronizatiormandincreaseavorking set)and(2) apoordata-pathogic to
controllogic ratio. Dueto cornventionalthreadingoverheadjslandprocessings par
allelizedat the perislandlevel andcloth simulationis parallelizedat the cloth level.
CG performancescalingis thusboundedy thelargestislandandcloth. Furthermore,
the arearatio of controllogic vs data-patHogic increasesvith corecomplexity. The
useof complex coresfor physicsacceleratiorwill not be scalableas|E applications
evolve with morefeaturesandcompleity. Giventhetremendousmountof computa-
tion bandwidthrequired,t will beshowvn in section5.2.5thattheuseof complex cores

resultsin prohibitively large die areas.
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5.2.4 ParallAX Architecture

Figure5.8 demonstratesvo potentialimplementation®f our proposedarchitecture,
ParallAX. In bothimplementationsye have asetof coarse-giain (CG) coreshandling
taskslik e serialphasecomputation paralleltaskdistribution, memoryallocation,and
thecomponentsf the parallelphasesvhich do not have largeamountf parallelism.
A larger pool of ne-grain (FG) coreshandlethe massvely parallelcomponentf
thecomputation.The key contritutionshereare (1) the e xible arbitrationpolicy that
providesarea-etient utilization of availablecoreresourcegsection5.2.4.1),(2) the
L2 partitioningstratgy thathasalreadybeenaddresseth section5.2.3.1,and(3) an
explorationof interconnecsensitvity (sectionss.2.4.2and5.2.5.2). Thetwo models
of Figure5.8differ in whetherthey treatthe CG coresasauxiliary processingngines
or asthe main computationatorefor a given system- this will be exploredfurther
in thethird componendf our key contributions. In the restof this sectionwe provide
moredetailson our architectureandthen performa designspaceexplorationin the

next section.

Both setsof cores(CG andFG) areconnectedy 2D meshesTheinterconnection
betweerthesewo setscanbeon-chipor off-chip. TheCG corescommunicatéhrough
theshared_2-cachewith banksconnectediia a2D mesh.TheFG coresareconnected

viatheon-corerouters.

In termsof real-timephysicssimulationtasks,CG coreshandleBroadphasexe-
cution, providing a setof object-pairgo feedinto Narrowphaseexecution. Narrow-
phasehasconsiderablgparallelism,andthe CG coresstartto procesdndividual sets
of object-pairqd CG parallelism).Object-pairsarethenbe farmedout to the FG cores

by the CG cores— CG coresmove bothinstructionsanddatainto the FG cores.

FG parallelismrefersto breakingcomputatiordown into:
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Figureb.8: ParallAX - ParallelPhysicsAccelerator

e perobject-pairfor narrovphasecollision detection
e perdegree-of-freedomemovedfor LCP solver of islandprocessing

e pervertex in cloth simulation

Thesegranularitywere selectedo extractloosely coupleddataparallelism. Our ap-
proachis to designa scalablesystenmby usingalargenumberof area-etient process-
ing elementsThe selectedyranularitystrike a goodbalancebetweerthe lowestlevel
of parallelism(ILP) vs. completelydecoupledrarallelism(TLP). We referthereader

backto Table5.4 andFigure5.11for informationon thenumberof suchFG tasks.

FG coresuselocal instructionand datamemoriesnsteadof cachessincethein-
structionsanddatarequiredfor eachtaskareeasilydeterminedEachFG coreiterates
throughall the tasksassignedo it, andno communications requiredbetweenthese
FG coresasthereareno datadependenciebetweenterations. All FG coresexecute

thesamekernelat onetime dueto the dependengbetweerphase®of physicscompu-
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tation. Thisarguesfor onepool of shared=Gresource$or all kernelsnsteadof unique
coresdedicatedo eachkernel. Althoughthis obsenationis similar to uni ed shader
design[MGRO05], physicscomputations inherentlydifferentfrom graphicswherelit-

tle pipelining of the phaseglescribedn section5.2.1canoccut Thereis additional
overheadnvolvedin pushingthedatato the FG coresandretrieving thedatabackafter

computatiorcompletes.

5.2.4.1 Mapping Fine-Grain to Coarse-Grain Cores

Thereareanumberof designdecisiongo bemadein thisarchitectureThe rst is how
CG coresshouldmapto FG cores. Onealternatve would be to staticallymapsome
setof FG coresto a singleCG core,simplifying taskschedulingut possiblyunder
utilizing ourpoolof FG coresin casesvhereonelargetaskdominateshe computation
— thelimiting scenaridfor CG parallelism. Instead,we allow arny CG coreto assign
tasksto any FG core. However, therearetwo concernshere: (1) arbitrationfor FG
coresamongthe CG coresand(2) maximizingFG corelocality. This locality exists
becausd-G tasksthat comprisethe samecoarseilevel taskusesomecommondata.
Therefore,whenthereis balanceddemandfor FG coresamongthe CG cores,we
wouldlik eto evenly distribute FG coresamongthe CG coresto maximizethis locality

andreducedatacommunication.

We proposea hierarchicalarbitrationpolicy to scheduletasksto FG cores. We
logically divide the FG coresevenly amongthe CG cores. Eachof thesesetsof FG
coresis controlledby anarbiter The arbiterassigngasksto FG coresfrom CG cores
in a priority ordering— a differentCG corehaspriority on eacharbiter This ensures
evensharingof FG coreswhenwe have anevenload acrosshe CG cores.If thetop-
priority CG corefor thatarbiterno longerhasary tasksto mapto FG cores,or there

areidle FG coresfor thatarbiter thearbitercheckghenext CG coreonits priority list
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(whereeacharbiterhasa uniquepriority order). This ensureshatoneCG corewith a

largerloadis ableto utilize all FG cores.

We planto studyin detailtheload balancingdynamicwork allocation,tasksteal-

ing (providedby languagedik e Cilk), etc.in follow up studies.

5.2.4.2 Communication Latency BetweenCoarse-Grainand Fine-Grain Cores

Anotherdesignissuewe exploreis buffering tasksat the FG coresto hide communi-
cationlatengy betweenCG andFG cores.Themoretasksthataresentto eachFG core
atonce,themorepotentialcommunicationateny we canhide,andthelooserwe can
make thecouplingbetweerCG andFG cores.However, thisrequireghatwe have suf-
cient bufferingspaceandsufcient applicationparallelismto overlapcommunication
andcomputation.Loosercouplingof coresallows the useof lessexpensve intercon-
nectandthe more e xible placemenif cores(i.e. off-chip). And loosercoupling

facilitatesthe e xible mappingof FG coresto CG cores.

Our goalis to completelyoverlapall communicatiodateng with computatiorex-
ceptfor theinitial and nal setof communicationgrom CG to FG cores(the startup
costof buffering communicatiorand postprocesgetrieval of results). With the in-
satiableperformancaelemandsf IE, the primary goal of a physicsarchitectures to
maximizeperformancdor a givenarea.Oneway to maximizeperformancaes to en-
surethe coresare maximally utilized — they shouldnever beidle waiting for datato
be sentto them. By overlappingcommunicatiorandcomputationwe canavoid idle
cyclesfor thecores,andaswe will shaw, the datarequiredto buffer tasksatthe cores

doesnot have alargeimpacton overall area.

Our CGcoresandL2 cachebanksconnectvia a2D meshandwe assuméhesame
for FG cores. The 2D meshcombinessimplicity, areaeffective design,and power

efciency. Its lateny andpower consumptiorareslightly worsethana 2D torus, but
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its designsimplicity shouldtranslateo lessdesigneffort.

Given the large resourcedemandof FG coresand prior work's use of off-chip
acceleration(i.e. both AGEIA's PhysX and GPU-basedhysicsacceleration)one
naturalquestionto askis whetherfuture physicsacceleratorsanbe locatedoff-chip,
toleratinginter-chip communicatiordelays.To addresghis, we examinetwo existing
off-chip interconnecprotocolsto performCG coreto FG corecommunication:PCI

ExpresgPCle)andHypertranspor{HTX).

PCle, a systeminterconnectwith a maximumhalf-duplex bandwidthof 4 GB/s,
is usedby both GPUsand PhysX.HTX, a co-processomterconnectwith a maxi-
mum half-duplex bandwidthof 20.8 GB/s, is usedby AMD to connectCPUsand
co-processorsAdditional local buffering is usedto overlapdatacommunicatiorand
computationanddatadistribution from the 1/0O portsof the physicschip to the indi-

vidual FG coresis donevia a 2-D meshtopology

5.2.4.3 Programming Model

The orchestratiorof the FG coresneednot requirelSA modi cations. The memory
locationsof instructionsanddatastructureneedto beremappednto thelocal memory
spaceof the FG cores,and FG kernelfunctionsneedto beinlined. All of this can

leverageexisting compilersby addinga new back-endcustomizedor the FG cores.

Additional codeto do datapacking(beforesendingdatafrom FG to CG cores)
and datascattering(beforesendingdatafrom CG to FG cores)is also be required.
The hand-shakindgetweenCG and FG coresfor datatransferss similar to network
protocolsusingcontrolanddatapaclets. Thecontrol pacletincludestaskid (unique),
data-seid (uniqueper taskid), datasize, iteration count,andkernelid. Eachdata

paclet's headeincludestaskid anddata-setd.
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The control paclet, in conjunctionwith the previously describedarbiters,setsup
the o w of datapacletsto FG cores. Oncethe a full setof datais recevedon a FG
core,the kernelid chooseghe kernelto execute(kernelcodealreadyresidesin FG
cores). The iteration countindicatesthe numberof iterationsto execute(the code
assumesll FG tasksstartfrom iteration0 andthe datahasbeenpacled accordingly).
Thetaskid uniquelyidenti es the CG threadwhich submittedthe FG requestandthe
datasetid uniquelyidenti es eachFG core. This informationis tracked on the CG
coreto identify theresultsreturnedbackfrom FG cores.EachCG corehasa network
interfacemoduleto send,receve, and buffer thesepaclets. EacharbitertracksFG

coreactiity by examiningdatapaclet headers.
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5.2.5 Architectural DesignExploration

In this sectionwe explorethe designspacedor ParallAX, includingdifferenttypesof
ne-grain (FG) coresandinterconnecstratgiesfor FG andcoarse-graiffCG) cores.
For eachdesignpoint,wewill determinehow mary FG coresarerequiredo satisfyour
workloadandhow muchlocalbufferingis requiredateachcoreto hidecommunication
lateng. First, we characterizéhe FG component®f parallelphase®f PhysicsBench

2.0,includingmemoryrequirements.
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Figure5.9: (a) Coarse-graiivs Fine-grainExecutionTime. — (b) InstructionMix of

Fine-grainKernels.

5.2.5.1 Characterizing PhysicsBench2.0 Fine-Grain Computation

Figure5.9 (a) shaws the breakdavn of Mix's executiontime into serial, CG parallel,
andFG parallelcomponentsThe rst setof two barsshavsthedatafor onecorewith
9MB of L2, andthe 2nd setof threebarsshaws the datafor four coreswith 12MB
of L2 asdescribecearlier The serialcomponentsexecutiontime (not shavn) does
not changesigni cantly with increasechumberof coresor amountof L2. The CG
sections'executiontime decreasetinearly aswe scalefrom oneto four cores,andthe

FG sections'time decreasedy slightly over 50%.

Looking atthe four coredata,the sumof serialandCG componentgor Mix takes
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up 68% of oneframe's time. This leaves32% of oneframe's worth of time for com-

pletingall of the FG computation.

PhysicsBench2.0 Kernel Characterization Figure 5.9 (b) shaws the instruction
mix for the FG kernelsin NarrowphaseIsland Processingand Cloth. NOPshave
been Itered out of theinstructionmix. For all three,integeroperationsandmemory
readsarethetop two instructiontypes. The main differencebetweenthesekernelsis
the percentof instructionsdedicatedo control- ow (branchand oating point (FP)

compardnstructionsys data- ow (FPaddsandmultiplies).

Narrowphasecontains8% branchinstructionsand few FP addsand multiplies.
This contrastgreatlywith bothlsland Processingandcloth, wheretheseinstructions
make up 32% and28% of thetotal respectiely. Cloth differsfrom Island Processing
with more branchesandits useof integer multiplies, FP divides,and FP square-root

instructions.

Memory Required for Instruction and Data Storage Next, we addressiow much
instructionmemorywould berequiredby a FG core. Basedon theiterationswe sam-
pled, thetotal numberof uniquestaticinstructionsin eachkernelis 277 for Narrow-
phase 177 for Island Processingand 221 for Cloth. With 32-bit instructions,the
largestkernelcanbe storedwith 1.1KB of localmemory With 64-bitinstructionsthe
largestkernelcanbe storedwith 2.2KB of local memory To allow ary FG coreto
beutilized in ary parallelphasewe allocateenoughmemoryto storethe codefor all
threekernels. This requires2.7KB for 32-bit instructions(1.1KB for Narrowphase
0.7KB for Island Processingand0.9KB for Cloth.)

For datamemory we statisticallysampledhetotal uniquedatareadfrom memory

in eachkernelfor 100iterations—we foundthisto be 1,668Bfor NarrowPhase604B
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for Island Processingand376Bfor Cloth. Thetotalamountof uniquedatawritten to
memoryin eachkernelfor 100 iterationsis 100B for Narrowphase 128B for Island
Processingand308Bfor Cloth. Therequireddatastorageateachcoredepend®nthe

buffering neededo hide communicatiorateng.

Basedon this instructionand datamemoryreuseexploration, the nal FG core

designcontainsatotal of 8KB local memory

5.2.5.2 Fine-grain Core Designand Requirements

In orderto completethe FG computationswvithin the time left, we would like to use
asmary coresasrequiredto exploit the level of parallelismneeded.In additionto
evaluatingthe performancef a desktopcoreon thesekernelswe examinemorearea-
efcient, simplercoresmodeledafter next generationconsoleand GPU shaderde-
signs.An unrealisticallylarge coredesignis alsousedasa limit studyontheavailable
instructionlevel parallelism.Table5.6 summarizeshesedesigns As discussegbrevi-

ously, the memorybehaior of the FG coresis extremelyregular CG coreswill send
all datarequiredto the FG cores— i.e. memoryrequestsat the FG coreswill always

hit in thesingle-g/cle 8KB local memory All coresrunat2GHz.
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Figure5.10: (a) IPC of DifferentFine-grainCore Types.— (b) Numberof Fine-grain
CoresRequiredper Typeto Achieve 30 FPS.
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Desktop | Designbasedon Intel CoreDuo corewith 32-entrylnstructionWindow,
96-entryReordeiBuffer, 17KB YAGS branchpredictor 4-wide 14-g/cle

pipeline.

Console | DesignbasednIBM Cell's corewith 8-entrylnstructionWindow,
32-entryReordeBuffer, 17KB YAGSbranchpredictor 2-wide 12-¢/cle

pipeline.

GPUShader| Designbasedn GPUshadersvith 1-entrylnstructionWindow,
32-entryReordeBuffer, LKB YAGSbranchpredictor 1-wide8-cycle

pipeline.

Limit Study | Unrealisticcorewith 128-entryinstructionWindow, 512-entryReorder

Buffer, 64KB YAGS branchpredictor 128-widel4-gscle pipeline.

Table5.6: Our Fine-GrainCoreDesigns.

Figure5.10(a) shawvs the performancemeasuredn IPC, on thethreekernels.ls-
land andCloth have burstyamountsof ILP, ascon rmed by their sourcecodeandthe
drasticdecreaseén IPC from the desktop-clas$o the console-classores. The limit
study coreresultsshav an IPC of over 4 for Islandand 1.5 for Cloth. Basedon the
sourcecode thesetwo kernelscouldpotentiallybene t from SIMD instructions.Nar-
rowphasealegradeswith moreresourceslueto mispredictedranchinstructions.deal

branchprediction(resultsnot shovn) resultedn a 30%improvementin performance.

Number of Finegrain CoresRequired UsingtheaveragePC datafrom
Figure5.10(a)alongwith thetotalnumberof instructionan FG computationywe shav
thenumberof coresrequiredfor eachdesignto reach30 FPSfor the mostdemanding
benchmarkMix. This calculationassumed00%utilization of FG coresduring each
of the parallelsectionswhich we addressn the next section.We alsoassumehatwe

cansendenoughtasksto the FG coresto effectively hide any communicatiordatengy,
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exceptthe startupandpost-processommunicatiorcostsbetweenCGto FG cores.

The rst four setsof datain Figure5.10(b)shav the requirementf a given % of
the total frametime is available for FG computation. Our four-core CG simulation

results(Figure5.9(a))left 32% of theframe'stime (the nal setof bars).

The simulatediime constraintusingthe 2D meshon-chipinterconnectequires30
desktop-class43 console-classor 150 shaderclasscoresto achiere 30 FPS.With
the HTX off-chip interconnectthe numberof shaderclasscoresincreasedo 151.
With the PCleinterconnectthe numberof shaderclasscoresincreasego 153. The
desktop-clasandconsole-classorerequirementsemainthe samefor both off-chip
interconnectsFor all interconnections2KB of local storageis enoughto buffer the
minimumamountof datato hidecommunicatiorateng for all casesHowever, these
interconnectlternatvesdiffer in the amountof parallelismrequiredto hide commu-

nicationlateng.

AreaEstimation: By usingpublisheddie areasandphotosof singlecoresfrom Intel
CoreDuo 2 [ST], IBM Cell [Hof05], andNvidia G80[Som], we derive areaestimates
for eachcoretype using90nmtechnology Therequiredinterconnecareais derived
from Tablelll of [SEWO06]. The areaestimatedor 30 desktop43 console,and150
shadercoresare1388mm?, 926 mn?, and591 mm? respectiely. This arguesfor the
simplestcoresasthemostarea-etient alternatve andpointsto a severeneedof area

optimization,whichwill be onemainthrustof our futurework.

Currentgeneratiorarchitecturesertainlylack the computationatesource$o meet
the demandsf real-timephysics. But simply scalingexisting designsthat statically
map FG coresto CG coresto matchthe performancedemandwill requireconsider
ably morearea. For example,staticallymappingGPU shadersnly to particularCG

coreswill require34%morearea(dueto morerequiredcores)hananarchitecturehat
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canmore e xibly andefciently leveragecoreresources.

Available Parallelism to Hide Inter connectLatency Sofar, we have optimistically
assumedhattheparallelphase®f ourworkloadcouldachiere 100%utilization of the
ne grain cores. To verify this, we gatherthe amountof available FG tasksin each
phaseassumindgour CG threads.As describecearlief thelimit of CG parallelismis
determinedby the size of large islands. Table 5.7 showvs the amountof parallel FG
tasksrequiredto hidecommunicatiordateng for differentcoretypesandinterconnect

technologies.

(Narravphase,
IslandProcessing
Cloth) On-chip HTX PCle
Desktop (30,240,60) | (30,540,120) | (60,3000,1650)
Console (43,215,86) | (43,473,172) | (129,2236,2408)

Shader (150,600,300) | (151,1510,755) | (308,7700,9394)

Table5.7: Numberof Fine-GrainTasksRequiredo Hide Communication.
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Figure5.11: AverageNumberof AvailableFine-grainParallel Tasks.

With four threadsFigure5.11shows all benchmarkgontainenoughparallel FG
tasksto hide on-chipinterconnectateny to the numberof FG coresindicatedon
Figure5.10(b) exceptlsland Processingor Continuousand Deformable and Cloth

for Deformable Both benchmarkgontainno largeislandswith morethan25 parallel
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FGtasks.Figure5.6 (a) haddemonstratethat Continuousalreadyexecutesat 30 FPS
without the useof arny FG cores.For Deformable Island Processingloesnot take up
a signi cant componenbf one frame's time. Both Continuousand Deformablecan

achievze 30 FPSwithoutarny FG parallelizationof Island Processing

Whenan off-chip interconnects used,t becomedlif cult to hidecommunication
lateng for Island ProcessingandCloth. By Itering islandsandcloth with lessthan
50 FGtasksHTX' s latengy canbe hidden.This reducegshe amountof work executed
onFG coresby anaverage2% for Island Processingand29%for Cloth. For PCle,it is
notpossibleto hidecommunicatiodateng for cloth simulationrunningontheconsole
or shadercores.For Island Processingit becomesecessaryo Iter outislandswith
lessthan 1710 FG tasksin orderto hide communicationateng. This reducesthe

amountof work thatcanbe executedon FG coresby anaverage59%.

For the con gurations where communicationlateng is fully hidden,only each
phases startupandpost-processostsat eachsimulationstepareaddedto the execu-
tion time. Whenthecommunicatioateng is exposedthisrequiresmoreFG coresto
satisfyour performancdound,which canincreasereaby 18%for on-chipFG shader
coresand36% for off-chip (HTX) FG shadercores.Onealternatve to this would be
to shardocal memoriesamongmultiple FG coresto leveragedatalocality andreduce

therequiredcommunication- anexplorationwe leave for futurework.

Although cloth is shawvn to have the leastamountof FG parallelismfor the next
generatiorof gamesthe numberof verticesusedto modeleachcloth will likely scale

up whencreatingrealisticcloth movementfurtherinto the future.

5.2.5.3 Implementation Alter natives

As describedn section3, our designis within the spaceof streamingcomputation.

Model 1 in Figure5.8showns how thedesignmapsontothe SVM architecturamodel.
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CG coresmapto thecontrolprocessqrandFG coresmapto thekernelprocessarThe
hostmemorymapsto theglobalmemory andlocal storagenapsto localmemory The
DMA engine however, is now partof the control processarDueto real-timephysics
simulation’s extensive useof dynamicmemoryallocation the datarequiredfor kernel
computatioris dynamicallyallocatedandthensetup for computation All preparation
happen®nthe CG coresrst, thendatais sentto thelocal storageof FG cores.DMA

functionalitycanbeimplementedn the CG cores.

We evaluatedon-chip and off-chip interconnectbetweenthe CG and FG cores.
The communicatiorlateny betweenCG andFG computationcannotbe hiddenwith
the PCleoff-chip interconnectThis conclusionpointsto thetightnessof physicssim-
ulation's feedbackloop betweenthe two granularityof computation. However, by
placingthe entirephysicspipeline,both CG andFG resourcespntothe samediscrete
chip, off-chip physicsacceleratorsuchasMD-GRAPE andPhysXwith PCIEs fea-
sible. Model 2 in Figure 5.8 shavs sucha design. By moving all physicshardware
onto a discrete,dedicatedacceleratqrpin-outsare increasedo allow for dedicated
physicsmemory Dedicatedphysicsmemorymay enableoptimizationsto reducethe
dynamicmemorymanagemerandOS overheadslescribedn section5.2.3. Thecon-
trol processocanpreloadstaticallyallocateddataonto physicsmemory andonly the
positionandorientation(60B) of eachobject,position(12B) of eachparticle,andpo-
sition (12B) of meshverticesarecommunicatedt the beginningandendof a frame.
This small x ed overheads easilytoleratedwhenusing PCle (0.00006secondgor

1,0000bjects,10,000particles,and5,000meshvertices).

Whenusing a GPU for physicsaccelerationthe GPU is only effective for FG
tasks. Themodel,asshavn on Figure5 of [LMTO04], tiesa generalpurposeCPU to
the GPUusinganoff-chip interconnectThe serialandCG computatioraredoneon a

CPUwhich may not be optimizedfor this workload,andthe off-chip lateng from the
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CPUto the GPU will be exposedmary timeswithin a frame (similar to our off-chip
evaluation)exceptwhenhandlingmassveislandsor cloths(with 7700to 9400parallel

FGtasks).

While rst-generationphysicsacceleratorsnay only needto sendobjectposition
andorientationbackto themainprocessocore(s) futuredemandsvill bemoresignif-
icant. Truly immersvereality mayonly bepossiblevhentheresultsof physics-guided
motionarecommunicatedo othercomponentsf IE applicationsFor example,anob-

jectthatbreaksmayhave a soundattachedo it or mayalertanAl character
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5.2.6 Summary

We have proposedParallAX, anarchitecturehatfeaturesaggressie coarse-grailcores
with sufcient, partitioned,cachespaceo handleboththeserialandcoarse-graimpar
allel componentof physicssimulation— combinedwith a setof ne-grain coresto
exploit themassve ne-grain parallelismavailablefor certaincomponentsf thecom-
putation. Fine-graincoresshouldbe e xibly mappedto coarse-graircores,and all
coresshouldeitherbelocatedon the samesilicon die or packagean separatehipsin
a multi-componeninoduleto successfullyoverlapcommunicatiorand computation.
With its high performanceand programmability ParallAX can be utilized for other
workloadswith massve ne-grain parallelismwhile enjoying the unigueeconomyof

scaleaffordedby interactve entertainment.
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5.3 Performance-Driven Adaptive Sharing Cache

5.3.1 Intr oduction and Moti vation

Chip Multi-Processor{CMPs) [ONH96 make ef cient useof a growing transis-
tor budgetby placing multiple processorcoreson die to exploit threadlevel paral-
lelism. High performanceembeddegbrocessor differentapplicationdomainssuch
as Sun's Niagara[P ], IBM's Xenon [Sto], and Broadcoms BCM1480 [Bro], and
IBM's Cell [Hof05] have lead CMP developmentwith increasingnumberof cores
on-die. However, the CMP architectures fundamentallypin limited with respecto

the optimalnumberof on-diecoresasshavn by Huh etal [HBKO1].

This limitation exposegheimpactof the lowestlevel on-chipcacheon perthread
aswell astotalthroughput.Therearetwo mainissuedo resole. The rst is satisfying
theaggrgatedemandor cachebandwidthandcachecapacity The seconds dealing

with interthreadinterference.

Cachethrashingdueto inter-threadinterferencecanresultin simultaneouslhactive
threadgegradingeachother's performanceCorventionalcacheémplementationgan
not adequatelycopewith this interferenceas shavn by Hily and Seznean [HS98].
To complicatethings,cacherequirementhangesiynamicallywith phasetransitions,
contet switches power saving featuresandassignment$o asymmetriccores. This
non-deterministiside-efect of resourcesharingis especiallyproblematicfor embed-

dedapplicationgequiringcertainquality-of-service.

Oneapproacho mitigatingtheimpactof limited off-chip bandwidthis to scalethe
sizeof a physicallyshared_2 to meetthe demand®f anincreasinghumberof cores
onadie. While alarge shared_2 provides e xible useof storage)ateny andpower
consumptionwvorsens particularlywith aggressie porting or bankingin the faceof

poorwire scaling[AHKOO].
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At the other extreme, private cachescan provide more bandwidthand reduced
lateng at the costof lower utilization. Although prior work [Mic04] enablessharing
of privateresourcesthis schemas only applicablewith oneactvethreadontheentire
chip.

A compromisebetweerthetwo previousorganizationspon-uniformaccessache
(NUCA) [KBKO02] is oneapproacho scalinglarge cachesHowever, upstreanmigra-
tions have beenshavn to be essentiato prior NUCA's performance.With multiple
threadscompetingfor spacemigrationsput a greatdealof pressureon internalcache

bandwidthaswell asincreasingcachepower consumption.

In thiswork, ourgoalis to provide data-streamuality of servicefor all active cores
on a CMP. This translateso maximizing overall throughputwhile guaranteeindair
progresdo threadscompetingfor sharedresourcespnamelylL2 spacel.2 bandwidth,
and memorybandwidth. Applicationswith lower degreesof parallelismand larger

memoryfootprintsshouldnot be undulyimpactedby the partitioningscheme.

To this end, we physically distribute sharedcacheresourcesuchthat different
cacheclustersare directly connectedo differentcores,similar to physically private
caches.This organizationscalescachebandwidthwith increasingnumberof cores,

andthesmallerindependentacheclustergrovidelow accessatenciesandlow power.

Ontop of this design,we explore a dynamicadaptve allocationschemeo handle
varying applicationloads and suddenchangesn threadcomposition. Cachefoot-
printsvary bothwithin anapplicationandacrosdifferentapplications Our approach
pinpointseachthreads minimum allocationfor acceptablgerformanceandthe ad-
ditional spacerequiredfor signi cant improvementat a phasegranularity This data

allows precisemanagemenf all cacheresourcdo achiese our goal.

All prior work in cachepartitioningfor CMPshave assumed physicallyshared

cache.Miss-ratehasbeenthe dominantparametefor tuning,andinternalmigrations
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have not beentakeninto account.t is the performancef a givenapplication,andnot

therelative cachemissratethatshouldguideany policy consideringairness.

Thiswork makesthefollowing contrikbutions:

DistributedNUCA L2 designfor CMPs.

Realizable,on-line stratgy for distributed cachepartitioning basedon actual

performance.

Boundspercoredegradationwhile optimizingthroughputfor CMPs.

Handlesdynamicperformancehangingevents.

Comparisorto prior work in termsof performancecachemigrations,andmiss

rate.

Theremaindeof the sectionis organizedasfollows. We rst review relatedwork
in thisarea.Ourarchitectures describedthenthe simulationmethodologyandresults

arepresentedFinally, we conclude.
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5.3.2 RelatedWork

In this Sectionwe considerprior work on CMPs,NUCA cachesandcachepartition-

ing relatedto ourresearch.

To increaseransistorutilization and reduceinter-core communication CMP ar-
chitecturessuchasthe HYDRA project[ONH96b], IBM's Xenon[Sto], and Broad-
com's BCM1480[Bro] communicateghrougha shared.2 cache.Piranha|BGMOQO]
andSun's Niagara[P | areexamplesof thelogically sharedphysicallyinterleaved L2
cache Cyclops|CCCO03 is asoftware-controlleddistributedL2 cacheargetingarray-
basedcomputation.With memoryspaceconstrainedo embeddedRAMSs, Cyclops
encodes the cache location of logical address in unused address bits.
Liu etal. [LSKO04] partitiontheL2 cacheby corelD insteadof memoryaddressThese
partitionsarephysicalbanksof the sharedcache.The sequentialookupsof local and
remotepartitionsincreaseboth hit andmisslatencies All of thesedesigndiffer from

theindependenthardware-controlleccacheclustersof PDAS.

Pursuinghighercacheutilization, Michaudproposegxecutionmigrationto effec-
tively shareprivateL2 cachena CMP [Mic04]. Theproposednethods activewhen
thereis only 1 active thread. With PDAS, we enableall active threadsto utilize ary

availableresource$®y connectingheprivateL2 caches.

Mostrecently BeckmanrandWoodexaminedheapplicabilityof TLC in the CMP
ervironment[BWO04]. Similar to our distributedL2 design,[BW04] shavs a NUCA
designfor the 8-coreCMP in the study This paperconcludeswith a hybrid approach
combiningprefetching,TLC, andmigrationto toleratewire lateng for CMP caches.
This work examinedparallel workloadssharingdata betweenthreads. The multi-
programmedworkload we examine posesmore pressureon the memory hierarchy

In addition,bothinterthreadinterferenceandinternalmigrationsarenot addressed.
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To mitigate wire delayimpacton accesgime [Boh95], DNUCA [KBKO02] pio-
neereda non-uniformL2 cachearchitectureto provide varying accesdatenciesfor
differentpartsof a singlelarge cache.NuRAPID [CPV03 improved uponDNUCA
by signi cantly reducingthenumberof migrations[CPV03]shavsdrasticpower sav-
ingsandinternalnetwork simpli cation asaresultof migrationreduction.PDAS con-

tributescomparablenigrationreductionfor multi-threadedscenarios.

While DNUCA andNuRAPID focusonly on the performanceandpower running
a singleapplication,we tarmget an architectureghat optimizesperformanceand power

for bothsingleandmulti-threadedscenarios.

Cachepartitioning has beenusedto mitigate inter-threadinterference. Recent
work [SDR02,SRD04]usesmaiginal gain calculations gxpectedreductionin miss-
rate, to allocatecachespace. Ranganathaet al. [RAJOOa] proposerecon gurable
caches that can be divided and allocated to different processor actvities.
Liu etal. [LSKO04] describea cachepartitioningschemeargeting off-chip accesse-
ductionfor parallelbenchmarks.No control of the partition schemewas presented.
Eachrepartitionrequiresa systemcall to the OS. Upstreanmigrationsareenabledas
with DNUCA andNuRAPID designs.Kim et al.[KCS04] partitioneda corventional
sharedcachefor CMPsusingdifferentfairnessametricsbasedon cachemissbehaior.
Thebestdynamicalgorithmrequiresa staticpro le of eachthreads entireexecution.
Existingcachepartitioningwork only useshecachemissbehaior to guideallocation.

Aswill bediscussedmissratedoesnotalwayscorrelatevell with actualperformance.

Our one-past.2 miss-ratemeasuringnechanisms relatedto prior work on one-
passcachesimulationsuchas[SA95] or [LNMO04]. The simulationmethodologyin
[SA95] is emulatedin hardware by [SDR0J to estimatemultiple maiginal gainsin
missrate. PDAS differsfrom previous work by usingaccuratepn-line measured.2

missrates.
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Our clusterlevel associatre partitioningis similarto [Alb99] and[CJDO00]. While
[AIb99] disablesertainwaysto save powerand[CJDO0Q partitionsthewaysto prevent

inter-threadcollisions,PDAS partitionsthe cacheto achieve both.
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5.3.3 Distributed L2 Cache

Thelowest-lezel cachan aCMP architectureshouldprovide e xible storagdor threads
with differentmemoryrequirementshigh bandwidthto supportrequestf simulta-

neouslyactive coresandlow lateng for high performance.

A simpleapproachthe private cachearchitectureassociatea separaté_2 cache
with eachcore.Eachcoreonly checksts local cachefor hitsandsnoopsthercaches
for shareddata. PrivateL2 cachesrovide dedicatedoortsfor eachcorewith low la-
teng/ andlow power, but they lack the e xibility of sharedcacheresourcesHowever,
privatecachesarefair in thatevery coregetsthe sameamountof cachespace We will

usethe privatecacheasour baselingn this work.

A single large corventionalcachecan be dynamically sharedamongcores, but
canexhibit long accesdateny whenmulti-porting or bankingto provide bandwidth.
NUCA designsrovide a gradientof accesdatenciesasedn physicallocality to ad-
dressthis problem. On cachehits, cachelines aremigratedto lower lateng portions
of the cacheto provide fasterhits on linesthatexhibit goodlocality. If multiple cores
shareacommoninterfaceto aNUCA cacheijt will bedif cult to scalethecacheband-
width. With competingthreadsthe lower lateng portionswill experiencesigni cant

thrashing.

5.3.3.1 PDAS

To addressoth cachebandwidthandresourcenterferencein multi-threadedwork-
loads,we proposehe Performance-DriverAdaptiveSharing(PDAS) cachearchitec-
ture. PDAS consistsof an intelligent dynamicpartition controllerand a distributed
clusterof cachesasshavnin Figure5.12. We will discusphysicaldesigndetails rst,

thenconsiderthe partitioningstratey.
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Figure5.12: TheProposedPDAS CMP MemoryHierarchyandHigh Level Floorplan.

EachcorehasanL2 cachephysicallyassociatedvith it. Unlike the privatecache,
ary corecanaccesary of theL2 cachesassociatedvith othercores.Fromthepointof
view of eachcore,the distributedcachegorm a non-uniformcachehierarchy Access
lateny dependson the distancebetweenthe requestingcoreanddestinationcache—
Figure5.12showvsthatL2_0'saccessateng from core0 differsfrom thatfrom core2

dueto the physicallayout.

EachPDAS cacheclusteris hardware-controlledand fully independentwvith its
own tag array The closestcacheto eachcoreis assignedo the coreasits primary
cache.By forcing coresto accesgheir primary cachesrst, eachprocessorcoresees
the fastestaccesgime for the mostrecentlyuseddata. In addition, interferencebe-

tweennewly loadeddatafrom all active threadds completelyremoved.

PDAS leverage<CMP's e xibility in physicalplacemento closelyconnectthese
L2 caches. Eachcacheclustercommunicatego its nearestwo neighborsthrough
the interconnected.2 controllers. This forms a bidirectionalring acrossall cache

resources.
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5.3.3.2 PDAS Access

Sincedatacouldresidein ary cachecluster all distributedtagarraysmustbe checled
beforedetermininga real L2 miss. This operationeffectively implementshe snoop-
ing mechanisnacrosscorventionalprivatecachesWhile this work focuseson multi-
programmedworkloads,the underlyingarchitecturecan be utilized for cooperatre
multi-threading. Shareddatamay not be duplicatedwith PDAS, andinter-threadin-

terferencas removed.

Eachrequests initially forwardedto the two nearesneighborsof the originating
core. Thesecoresin turn forwardit to their neighboralongthe samedirection. The
originatingcorelocationis usedto tagtherequestandthistagpersistswith therequest
asit traversesthe network to allow searchtermination. We effectively implementa

serialtag-dataaccesghatis commonlyusedwith large cachedor enepy ef ciency.

Remoterequestgo a particularcacheareservicedwith the samepriority aslocal
taglookups.If thereis a hit in the cachefor aremotecore,datais sentbackthrough

theinterconnecbetweerl2 controllers.

Eachmemoryreferencegeneratesequestso both neighborsassoonasit misses
in the L1. This remoterequestis forwardedto the farthestneighborin parallelwith
tag accessesThe initial memoryreferencecreatesan entry in the memoryinterface
(MI) with 2 bit-vectors.Eachbit-vectorhaslengthn, wheren is the numberof PDAS
cacheclusters. Bit-vector 1 indicatesthe hit/miss status,and bit-vector O indicates
valid results.If any taglookuphits, it invalidategheentryin theMI. If arny taglookup
missesit setsits correspondindpit for boththehit/missandthevalid bit-vectors.Only

valid Ml entrieswith all bits setin bothbit-vectorsareissuedo memory

Invalidationsfrom the memorybus are alsoroutedto all tag arraysin the same

manner
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If acoreis constrainedo its primarycache PDAS allow its primary cachemisses
to beissuedassoonaspossible . Thetagchecksstill occurfor cohereny. If ahit occurs
afterthe memoryrequesthasbeensent,the requeswill be droppeduponreturnand
datais forwardedasary otherrequestsThis optimizationis importantfor applications

thataresensitve to memorylateng, but do nothave alarge L2 cachefootprint.

5.3.3.3 CacheLine Migration

Fromtheperspectie of asinglethread thecachdine migrationpolicy would keepthe
mostrecentlyusedblocksphysicallyclose. Cachelines that move amongclustersto
maintainLRU orderingaresaidto migratebetweercachesClustersphysicallycloser
to the executingcoreareconsideredupstieamin the migrationorderwhencompared
to clusterghatarefurtheraway from thecore(i.e. downsteamcaches)Oneapproach
to handlingmigrationis to force evicted lines from a given clusterdownstream(i.e.
physicallyaway from a givencore). We will assumehis simplegreedydownstream
stratgy in this work, asit providesthe bestsingle threadperformanceamongthe

stratgjieswe explored.

Previously describednechanismsvere chosenfor a simple,fastimplementation
of this distributedcache.In depthanalysison the communicatiorstratey is beyond

the scopeof thiswork.
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5.3.4 Limiting Data Migration Among Clusters

Given the physicaldistributed cachedesign,interthreadthrashingeffects still need
to beaddressetb boundpercoreperformancealegradation.While memoryintensve
applicationcanstare otherthreadsrom keepingstatein theL2 cache contentiorand

migrationcongestheinterconnecthatallows cachdinesto migrate.

To ensurefairnessamongthreadswe aim to guarantee@ minimal level of perfor
manceto eachthread. While we tune basedon known applicationcharacteristicsa
naturallower boundfor evaluationis the privatecache.This approachs the simplest
fair sharepolicy — all threadshave the sameamountof spacewith the samerelative

lateng.

Assumingequalpriority, we would like to maximizethe throughputachiezed by
our CMP architectureafter ensuringthe percore minimums. Not every application
needsall of its primary cacheto achieze the minimum performance.The remaining
spaceafter ensuringpercore performanceshouldbe allocatedto increasehe overall

throughput.

Eachapplicationhas someminimum working set[DS02] that is requiredfor a
certainperformancdevel during a given applicationphase.lt is not alwayspossible
to satisfyall applications'working setsfor their currentphaseandthegoalis to make

intelligentallocations.

5.3.4.1 CachePartitioning

We will explore cachepartitioning[STW92] as one possibleapproachto this. Our
cachepartitioningapproacmeedso accomplishthe following: 1) Guarantee min-
imum level of performanceperthread. 2) Maximize achiezablethroughputby intel-

ligent allocation. 3) Minimize migrationsper memoryaccess.4) Operateat phase
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ratherthanapplicationgranularityto bettertunethe resourceso applicationdemand.
Thisis avery dif cult setof constraintdo solve statically— Sherwodetal. [SSC03
demonstratethat cachebehaior canvary signi cantly acrossapplicationphases5)
Handlearbitrarythreadsunningtogetherat ary particularphase 6) Ef ciently adapt
to dynamiceventssuchasnew threadsphasechangesetc. without undueimpact. 7)
Low compleity. To reduceinter-corecommunicationwe would like the schemeo
dynamicallypartition cacheresourcesith little interactionand coordinatedarbitra-

tion.

In thiswork, we assumen 8-way 1MB cacheat eachclusterwith away selection
mechanismsimilar to the onefoundin [CIJD00]and[Alb99]. We partitionthe cache
into 256KB chunks— allowing eachpair of waysto be assigned.Other cacheand

partitionsizesarefeasiblein future studies.

We furtherassumehat cachepartitioningis doneevery 100 million cyclesby our
globalarbitrationunit. Thepartitioningis basednthedemandf eachactivethreadn
the CMP. Conseratively, we allocatel0,0000f thesecycles(0.01%)to thearbitration
unit to performary intelligent decisionsandrecon gurethe caches.The remaining
99.99%o0f the 100 million cycle interval is usedto gatherstatisticsfor our arbitration

unit.

As shavnin [SPHO03, applicationphasegor the SPEC2Ksuiteareontheorderof
10'sof billions of instructionswhich takesatleast2.5billion cycleswith anideal IPC
of 4. By partitioningat the muchshortergranularityof 100 million cycles,we avoid

frequentmeasurements/recon gurations.

5.3.4.2 Partitioning Algorithm

We rst describeour generalizedpartitioning algorithm that optimizesfor perfor

mance. We will later describetwo differentapproacheso approximatethis perfor
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mance.

At a high level, the partitioning processcan be describedby four steps. First,
eachcoreexecuteswith differentamountof privatespaceto nd the minimumspace
requiredfor acceptabl@erformanceSecondgachcoremeasuregs missratesusing
differentsizesof the cache.Third, all coresarbitrateusingthe dataobtainedin steps
oneandtwo. Finally, all coresareallocatedcachespace All threads'minimumcache
resource$or acceptablperformanceareallocatedrst. Then,theremainingresources
aregivento threadswhich canreachtheir minimumrequiremenfor improvementin

agreedyfashion.

With our granularityof 256KB anda total cachespaceof 4MB, therewill be 16
differentcachepartitioningsthatarepossiblefor eachthread.Eachcorewill indepen-

dentlydetermine ve valuesfrom thesel6 possiblepartitions:

GuaranteedPartition The minimum cachepartitioning requiredto achieve within
Gthresh% of the performanceof a 1MB 8-way setassociatie cache. This is
the performanceof the private cachethat we would like to guarantedo every

application.

Minimum Extra Partition Theminimumcachepartitioningbeyond 1MB wherethe
performancemprovesbeyondIthresh%. Thisis theadditionalcachespacewe
needto provide measurablémprovementto the application. If no suchparti-

tioning exists, thisis setto the Guaranteedartition.

Maximum Extra Partition The maximumcachepartition that continuesto provide
atleastan Athresh% cumulative performancemprovementover the Minimum
Extra Partition. This is the mostcachespaceout of the entire 4MB that we
would allocatethis threadto obtainwithin Athresh% of thebene t of theentire

4MB cache Within thearchitecturabpacestudiedhere,ary furtherspacewould
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notimpactperformancelf no suchpartitioningexists, this is setto the max of

GuaranteedPartition andMinimum Extra Partition.

ExpectedMin Gain Theexpectedperformancemprovementof the Minimum Extra

Partition over the GuaranteedPartition.

ExpectedMax Gain TheexpectedperformancemprovementoftheMaximumExtra

Partition over the Minimum ExtraPartition.

All thresholdqGthresh Jthresh,and Athresh)canbetunedby the designetbased
on acceptablalegradationand perceved signi cant improvement. For example,one
canincreaseGthreshto increasehe potentialfor free spaceusedto increaseoverall
throughput.In this study we setall thresholdgo 3% for all simulations. This value

wasselectedo co-optimizefairnessandthroughput.

If the Maximum ExtraPartition is the sameasthe GuaranteedPartition, the appli-
cationdoesnot bene t with more cachestate(at leastup to the available4MB) and
shouldnot receve ary additionalcachespace.If the Minimum Extra Partition is not
the sameasthe Maximum Extra Partition, thenthereis likely somebene t to giving

spacebetweerthe Minimum Extra Partition andMaximum Extra Partition.

These vevaluesfrom eachthreadareall thatwill be sentto theglobalarbitration
unit, which canresidein the Memory Interface. The unit will alwaysprovide atleast
the threads GuaranteedPartition. This approachprovidesfairnessby boundingper
coredegradation.Theremainingallocationwill be madeto maximizethe throughput
of theprocessarThis allocationproblemis actuallyNP-Completeandcanbereduced
to the knapsackoroblem[CLR92]. We adoptthe following heuristicto approximate
the solution. The speci c cache-vay allocationsare donewith physicallocality in

mind basedon corelD (notshawn).

Variables:
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Total Space= numberof availabledistributedL2 cachepartitions.
Allocated Space]i]= eachthread’'s numberof allocatedpartitions.
Under Consideration[ipndUnder ConsiderationCost[i] arepossible
allocationmovesfor eachthread— bene t andspaceequired.
GuaranteedPartition[i], Minimum_Extra_Partition[i],
Maximum_Extra Partition[i], ExpectedMin_Gain[i],

andExpectedMax_Gainl[i] areasdescribedabore.

Total Space= 16; # 16 differentchunksof spaceo allocate

# Firstallocatethe guaranteegartitions

for (i=0; i< num.threadsj++) {
Total Space= GuaranteedPartition[i];
Allocated Space[i]+= GuaranteedPartition[i];
Under Consideration[iF ExpectedMin_Gain[i];

Under ConsiderationCost[i] = Minimum_Extra Partition[i];

# Allocateremainingspaceo threadwith highestpotentialgain
while (1) {
Findthreadi with greateshonzeroUnder.Consideration[i]
andUnder ConsiderationCost[i] < Total_ Space;
if nosuchi exists,break;
Total. Space-= Under.ConsiderationCost][i];

Allocated Space]i]+= Under.ConsiderationCost][i];
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if (Allocated Space[i]== Maximum.Extra Partition[i]) {
Under Consideration[i]=0;
} else{
Under Consideration[i]=Expectetlax_Gainl[i];
if (Maximum_Extra Partitioning[i]-
Minimum_Extra Partitioning[i] >
Total_Space)
Under ConsiderationCost[i]=Total_Space;
else
Under.ConsiderationCost[i]=
Maximum_Extra Partitioning[i]-

Minimum_Extra Partitioning[i];

Our partitionstrateyy differsfrom all otherpartitionwork in thatit is optimizedfor
a distributed cache,basedon performancamprovement,minimizesmigrations,and
adaptsto dynamicperformancechangingevents. By reducingmigrations,PDAS's
partition stratgyy naturally aimsfor the bestperformance/pwer con guration. Fur

thermore PDAS's allocationcopeswith thedistributednatureof our LRU state.

5.3.4.3 Miss Rate

Our rst dynamicpartitioningapproachusesmissrateasthe metricto guidetheallo-
cationof cachespace- missratewill bethe solemetricof performanceo guideour

algorithm.
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To dynamicallycapturethe potentialmissrateat differentpartitions,we make use
of anadditional4MB L2 tagarrayat eachcore,which we will referto asthe scratch
padarray. The scratchpadarrayhasno correspondinglatacomponentandis only
usedfor estimatingthe reductionin missratethroughthe LRU stack.All L2 requests
from the coreusethe additionalscratchpadarrayaswell asthedistributedL2 cache,
updatingthe arraybasedon the addressequeststream.Coresonly accesgheir own
scratchpad array — the statecontainedthereincan be differentfrom whatis in the
distributedL2 cache.Therearesixteencountersassociatedavith the 4AMB 32-way tag
array onecounterfor eachpossiblepartition. Eachcountertracksthe hits thatwould
have beenseerby a givenpartitioningstrategy. For example the LMB 8-way partition
counterwould track the hits to the rst 8 waysof the 4AMB 32-way tag array The
1.25MB 10-way partition counterwould track the hits to the rst 10 waysof the tag

array We canprovide the expectedmissratefrom usingary partition.

CACTI 3.0[SJ01]indicateghatthe structureaddsapproximatelyl0%overheado
theoverallcachearea.This overheadncreasessthe numberof cores/clusterscales,
but doesnotimpactthe accesdime to eachcache.The useof partialtagswith half of
the addresdits reduceghe areaimpactto 5% of the overall cachearea— similar to
Nurapid's pointeroverhead.To scalethe numberof cacheclusters this structurecan
besharedetweemultiple coresthattake turnsto explore. Anotheralternatve would

be approximatingwith prior mamginal gainswork.

5.3.4.4 WeightedMiss Rate

Our secondapproachs a realisticheuristicthatfactorsIPC impactinto the rst miss

rateapproach.

Prior work [SDR0Z hassuggestethatmeasuringhe L2 missrateis sufcient to

determinewhetheror not sharingfurther cacheresourcesvould be bene cial. How-
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ever, this approachalonecanmisssomeopportunitiesor performanceor power sav-
ings.

In [SDRO02],thecachepartitionschemes guidedby agreedypolicy usingmamginal
gain. Marginal gain givesan indicationof the missratereductionfor eachline allo-
catedto a giventhread.Fromour simulations severalbenchmarkgoseproblemsfor
missratebasedmethods.For examplegccimprovesIPC by 17%with a missratere-
ductionof only 3%. Programdik e lucasretainthe samelPC evenasthe missrateis
reducedby 18%. Finally, benchmarksdik e mcfrequirea minimum amountof cache
spacebeforeimproving eithermissrateor IPC. L2 missrate basedmethodscannot
capturethisrangeof behaior, whenmissrateandperformancerenotstronglycorre-

lated.

This problembecomesnoreevidentwith heterogeneousoresona CMP. As each
corecanhave differentresourceso toleratememorylateng, the impactof missrate
on a givencorecanberadically different. Pover andthermalthrottling doneat a per

coregranularitywill alsoaffecttheimpactof missrateon performance.

Ratherthanexploring the entirespaceof possiblepartitions(aswould berequired
for anoraclelPC approach)we measurehe IPC differencebetweertwo pointsin the
partitioning spaceand usethatto weightthe completeexplorationof missratefrom

section5.3.4.3.

Eachthreadwill have two performanceegistersto trackIPC. If theseregistersare
clearedthethreadwill rst berestrictedo 256KB of theprimarycachgtheremainder
of thecachecanstill beavailableto otherthreadsandthe IPCfor thatcachepartition-
ing interval will berecordedn the rst performanceegisters.In the next partitioning
interval, the threadwill berestrictedto 1MB of the primary cacheandthis intenal's

IPC will berecordedn thesecondoerformanceegisters.

[SSCO03 obsene that applicationphasesare predictableand exhibit excellentlo-
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cality. Althoughthiswork usedthe SPEC2Ksuite,someembeddedapplicationswill
shav even moreregularity in behaior. We proposethe useof phasedetectionand
trackinghardwarefrom [SSCO03 to determinevhenwe areenteringa differentphase.
We will have asmallhardwarestructureo trackperformanceegistervaluesfor differ-
entphaseslf athreadentersa new phasethatit hasnot seenbefore,its performance
registersare clearedand exploration will begin for the next two partitioning inter-
vals. If athreadentersa previously seerphaseandtheperformanceegistervaluesare

storedwe will simply restorethesevaluesinto the performanceegisters.

Thesetwo performanceegistersareusedto determinghelPC improvementfrom
256KB to 1MB. This value,alongwith the changan missratefrom 256KB to 1MB,
allows usto form aratio of IPC improvementperL2 missratereduction.If the tran-
sition from 256KB to 1MB seedessthana 3% improvementin IPC, a default ratio
of 3/24is used. This approactpromotedairnessor applicationswvhich seeno bene-
t until a certaincachesizeis provided (e.g. mcf). The default ratio impliesthatwe
expecta 3% performanceagainif the missratecanbereducedoy 24%,a conserative
policy thatavoids overzealousharing.The 3% and24% valueschoserfor this study

couldbetunedto the speci ¢ applicationtargetmix of agivenprocessar

It is possiblethatthe 256KB to 1MB transitionis not representatie of the perfor
mancejump beyond 1MB. In thesecasesthe performanceegistersare adjustedto
re ect the correctpotentialgain seenthroughthe actualpartitioning. This re nement
may take a few partitioningintervalsto completelysettle,but the feedbackoop pro-
videsbettercorrelationwith actualperformancegain. This allows the above default

ratio to be optimisticwithout wastingresources.

This ratio estimateghe effect of L2 missratereductionon IPC for eachphaseof
eachthread. To estimatethe potential IPC of a given partitioning, we multiply the

measured.2 missratereductionby this ratio. This hasbeenshavn by our datato
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accuratelypredictsigni cant improvementwith athresholdof 3%.

The obsered performancegain may differ from the expectedperformancegain
for anumberof reasonsincluding a performancedrop from power/thermakhrottling
(i.e. turning off a performancesnhancingstructure)or anincorrectphasedetection.
For phasemis-detectionsye would clearthetwo performanceegisters.This triggers
anexplorationif the phases new, or it will just restorethe cachedoerformanceeg-
ister valuesfor a known phase.If the phasewascorrectlydetectecandthe expected
performancavasnot achievzed (e.g. dueto power throttling), we would clearthe two
performanceegistersandthecachegerformanceegistervaluesfor thecurrentphase,

effectively forcing our architecturdo exploreasif the phasevasnot seerbefore.
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5.3.5 Example
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Figureb.13: Cachecontentof Nurapid.

To betterillustratethe problemswe areattacking we presenthefollowing exam-
ple of runningapsi, bzip2 mcf andparsertogetheron both PDAS andNurapid. Our
full simulationmethodologyis presentedn Section5.3.6. For their currentphaseof
execution,thebenchmarksvant768KB, 256KB, 3.25MB, and512KB respectiely to
attaincloseto maximalperformancdi.e. if they hadall 4MB of L2 cache).Clearly,
thereis no way to satisfy all of thesegiventhe total amountof cacheavailable. In
this case all applicationsdout mcfaregiventheir fair share andmcfis relegatedto the
remainingspace- and effectively preventedfrom disruptingthe performanceof the

otherapplications.

Figuresb.13and5.14showv thecachecontentovertime (in 10 million cycleincre-
ments)for NurapidandPDAs respectiely. In this example,apsigoesthrougha phase
transition,and will go from wanting 768KB of L2 cacheto wanting 256KB of L2
cache.Thefour L2 cachesrelabeled‘Cluster0” through“Cluster3” andcorrespond

to the coresrunningapsi bzip2 mcf andparserin thatordet

The mostapparentdifferencedetweenthe two cachecontentgraphsarethe sta-
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Figureb5.14: Cachecontentof PDAS.

bility, location,andamountof eachthreads data.With Nurapid,we seethatapsi mcf
andparser spreaddataacrosddifferentregionsof the cache.For all applicationswe
seeconstantuctuationsin eachclusterasthreadsontendor spacewith differentL2

missfrequencies.

Notetheexplorationthatapsiperformsto determinehow muchcachespaceo use
in the secondphase We assumedhatthisis the rst time this phasehasbeenseenby
apsi- andthereforeat time interval 8 apsi beginsits explorationby rst usingonly
256KB of spacein its local L2 cluster This providesan opportunityfor mcfto grab
morecachespacen ClusterO duringthatintenval. In the next interval, apsiexplores
usingthefull 1MB of its local cluster After thesetwo explorationintervals,andusing
the missrate datagatheredwith its replicated4MB tag array apsi concludegshat it
only needs256KB of spacefor this phase. Note that the other applicationsdid not
needto participatein this exploration,but only sawv theimpactfrom the globalarbiter

grantingor takingaway spaceduringapsi's exploration.

Figure 5.15 presentsveightedIPC for both PDAS and Nurapidasthey proceed
throughthe 16 time intervals. For PDAS, all applicationsperform betterthan97%
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Figure5.15: PercorelPC weightedby ST IPC with 1MB cache.

of their singlethreadlPCsto meetour goal of boundingpercore degradation. This
behaior is consistentn all of our simulations but spaceconstraintpreventsus from
shaving suchdetailsin theresultssection.This ability to boundpercoredegradation
is feasiblefor CMPs sharingthe L2 cache,but may be more complicatedfor SMT

processorshatshareexecutionaswell ascacheresources.

The rst clusterof four barsis theinitial con gurationof PDAS. Theseconctlus-
teris thesamecon gurationatthetime of the phasechangan apsi In this caseapsi
simply hasmorespacethanit needs.The next two clustersdetail the IPC duringthe
two intervalsof exploration.Notetheimprovementseerby mcfin the rst exploration
interval. The next clusterdetailsthe eventualredistrikution of cachestateafter explo-
ration. Thelasttwo clustersdetailthe IPC seenby Nurapidbeforeandafterthe phase

change.

Both apsiandbzip2obtainlessspacewith NurapidthanPDAS. While bzip2per
forms similarly, apsi suffers a degradationwith Nurapiddueto a lack of spaceand
poor dataplacemenin Clusterl (which is remoterelative to apsis core placement.

With Nurapid, parser obtainsmore cachespaceoverall thanthe PDAS allocationbut
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performsworse. Becausgyarserdoesnot needmorethan512KB of spacethe extra
spaceaffordedby Nurapiddoesnotimprove performance- however, it doesseeanim-

provementin missrate,which demonstratethe needto temperpartitioningdecisions

with actuallPC estimation.
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5.3.6 Methodology

Chip Level Parameters
CMP 4 cores
PDAS-MR |Guarantee [Min Max Emin Emax
Private L2s 4X 1MB, 8-way, 64B blocks, 20 cycle hit, LRU art 8 0 124 1| 23 | 26
1 port, seqeuntial access facerec |4 12 |22 3 | 15
Shared L2 4MB, 32-way, 64B blocks, 51 cycle hit, LRU ace 4 26 126 3 0
4 ports, sequential access lucas 6 6 16 0 0
Nurapid L2 4MB, 32-way, 64B blocks, LRU, 4 ports, 4 1MB d-groups mgrid 6 6 |6 0 0
sequential access, Hit latencies 34, 40, 40, 46 parser 5 12 (22 7 7
Ideal L2 4MB, 32-way, 64B blocks, 20 cycle hit, LRU Sixtrack 2 12 |16 1 1
4 ports, sequential access
PDAS L2 4X 1MB, 8-way, 64B blocks, LRU, 1 port
sequential access, Hit latencies 20, 26, 26, 32
Core Level Parameters
RUU 512 entries
LSQ 256 entries PDAS-IPC |Guarantee [Min Max Emin Emax
Inst Queue 32 entries art 6 10 |24 9 9
Width 8-wide facerec 4 14 |24 3 8
Branch predictor | 16K-entry gshare, 2K-entry 4-way BTB, 64-entry RAS gee 4 24 130 3 3
Functional Units | 2 INT ALU, 1 INT Mult, 1 Mem, 1 FP ALU, 1 FP Mult lucas 2 2 |2 0 0
L1 i-cache 16K, 4-way, 32B blocks, 1 cycle hit, LRU, 1 port mgrid 2 2 |2 0 0
L1 d-cache 16K, 4-way, 32B blocks, 1 cycle hit, LRU, 1 port parser 6 12 |22 3 7
Memory latency | 150 cycles + 2 cycles per 32 Bytes, 1 shared port sixtrack 4 2 ]2 0 0
Mispredict penalty | 15 cycles
Technology 0.10um
Cycle Time 0.25ns

Figure5.16: ProcessoandPDAS Parameters.

Table 5.16 shaws the core level andthe chip level parametergor the simulated
chip-multiprocessorWe modelfour processocoreson a chip with 4MB of total L2

cacheémplementedn 0.10umtechnologywith atargetcycletime of 0.25ns.

Table5.16 showvs the ve valuesobtainedthroughour partitioning algorithmfor
sevenof thebenchmarksve examined.Thetoprighttableshavsvaluesor PDAS with
missrate(MR) guiding performanceindthe lower right tableshowvs valuesfor PDAS
with IPC guiding performance.The numbersfor GuaranteeMin, andMax indicate
the numberof cacheways. The numberdor Emin andEmaxshaow the percentag®f

expectedmprovement.

Eachout-of-ordermprocessocoreis 6-widewith 16KB 4-way instructionanddata

caches. We shav the parameterf differentL2 con gurations that we compare
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against. All cachelatenciesare basedon CACTI 3.0 [SJO1]andall L2 cachesare
serialaccesqtag rst, thendata)andnon-banled. All (exceptPDAS) are optimisti-
cally modeledwith 4 dedicategortswhile usingsingle-poriatencies Dedicatedgorts
is only realisticfor privateL2 cachesandPDAS, but we simulatefour dedicategorts
for all con gurationsfor a rigorouscomparison.Shared NuRapid,and FastShared

see23 cyclesof L2 taglateng. PrivateandPDAS see8 cyclesof L2 taglateng.

We considetthe following L2 cacheorganizations:

Private: The privatecacheof section5.3.3. Each1MB 8-way L2 is assignedo one
core.Contentionfrom snoopingacrosghe privatecachess notmodelledwhich

producesa slighly optimisticbaseline.

Shared: A realistic,corventionaldMB 32-way cachesharedy all cores.Thelonger
hit lateng of this cachere ects the 4X increasein size and associatiity. (4

dedicatedorts,single-portlatency).

Nurapid: Optimal con guration of the non-uniformaccesd.2 cacheas presented
in [CPV03. Nurapidwaschosermover DNUCA [KBKO02] for its improved per
formanceandreducedmigrations. We extendedNurapid suchthat missedref-
erencesre placedinto its primary dataarray the closestD-groupto the core.
Overall, Nurapid containsone sharedtag array with 4 portsand4 1-port D-
groups(single-portlateny used). For array accesdatencies,we usethe tag
accesdateny of a 4MB 32-way setassociatre cacheandthe dataaccesda-
teng/ of a1MB 8-way setassociatie cache For eachcore,theprimaryD-group
requires34 cycles. The one-hoplateny betweeneachD-groupis 3 cycles,the
sameas PDAS, andwe assumanigrationlateng to be the sumof accessand

one-hopdelays.

FastShared: Thismodelsanunrealisticcorventional4MB 32-way cache We setthe
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hit latengy andtag lateng to be the sameasPrivate, 20 and7 cyclesrespec-
tively — effectively providing thelow accessateng of Privatewith thedynamic

resourcesharingof Shaed

PDAS: Our proposeccachearchitectureon afully distributedL2 cache.PDAS con-
tainsfour independeniMB 8-way setassociatie cacheclustersconnectedy
requestandreply FIFOs. Eachclusteris designatedsthe primary L2 cluster
for its nearesprocessocore. The hit lateny depend®n thelocationof hit and
request. For eachcore, the primary clusterrequires20 cycles. The 2 nearby
neighborgequire26 cycles,andthefarthestakes32 cycles. The one-way com-
municationdelaybetweemeighboringclustersis 3 cycles. On a migration,we
accuratelynodelthelatenciesf readingthe evictedline andsendingt through
thenetwork. We do notallow migratedinesto serviceany memoryrequestintil
placedinto thedestinatiorcluster We alsomodelcontentiorfor eachlL.2 cluster
betweerrequestgrom local andremotesources.Thelongeraccesgime of Nu-
rapid ascomparedvith PDASis dueto the 4MB tagaccessandthe difference
would be largerif usingmulti-porting latenciesor Nurapid. Thetwo versions,
PDAS-MR andPDAS-IPC, arecontrolledby usingL2 missratesor estimated
IPC gainrespectiely.

For PDAS, we fully modelthe contentiorfrom remoterequeststeachcacheclus-
ter. Thedirectionof downstreammigrationfor PDAS on the bidirectionalring topol-
ogy is currentlybasedon a per cycle toggling counter For Nurapid,we modelit in

onedirectiononly asin [CPVO03.

Thesimulatorusedin this studywasderivedfrom the SimpleScalar/Alph&.0tool
set[BA97], a suiteof functionalandtiming simulationtoolsfor the Alpha AXP ISA.
The timing simulatorexecutesonly userlevel instructions. Simulationis execution-

driven, including executiondown ary speculatire path until the detectionof a fault,
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TLB miss,or branchmis-prediction.

We have madeextensive modi cations to SimpleScalgrallowing it to supporta
CMP designwith non-cooperatie executionthreads— eachapplicationonly usesa
singlethreadcontet, andall threadshave their own virtual memoryspace.We have
modi ed the memoryhierarchyto supportNurapidandPDAS cachesandto support

multiple threads.

We usedthe SPEC200Guitefor evaluationdueto the generalapplicability of our
work to differentcomputingdomainsspanningembeddeddesktop,andsener appli-
cations. Futurework will utilize the nev benchmarksve are creatingfor interactve

entertainmenapplications.

We catgyorizedthebenchmarkto 2 sets.Thecateyorizationis basednwhether
theapplicationseegmeasurabl@erformancemprovement(3%) with morethan1MB

of L2 cache.

The group of 9 applicationswhich seeimprovement,High, includesammp,art,
facerecgalgel,gcc, mcf, parseytwolf, andvpr. The other15 benchmarksvhich see
insufcient improvementmakesup the Low group. Multi-threadedtestswere gener
atedequallyfor all permutationsof the workloads. 12 2-Threadtestsinclude4 tests
with 2 High benchmarks4 testswith 1 High and1 Low, and4 testswith 2 Low. 12
3-Threadestsinclude3 testswith 3 High benchmarks3 testswith 2 High and1 Low,
3 testswith 1 High and2 Low, and 3 testswith 3 Low. 10 4-Threadtestsinclude 2

testsfor eachpermutation.

Perthreadperformancemetricsaremeasuredor executionup to a maximumper
threadinstructioncountof 100million. All completedhreadscontinueexecutionpast
this pointwhile otherthreadsexecute.This preventsfreeingof resourcesvhencertain

threadscompleteearlierthanothers.

The programswere compiledon a DEC Alpha AXP-21164processousingthe
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DEC C andC++compilersunderOSF/1V4.0 operatingsysterusingfull compilerop-
timization(-O4 -ifo ). We modelthetop executionphasessdescribedn [SSCO03.

All benchmarksveresimulatedusingtherefinputs.

We executeeachphasewith no cachewarm-upandassumehatthe cacherequire-
mentexplorationshave alreadybeendonefor the givenapplicationphase We usethe

samethresholdghroughoutall simulations.
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5.3.7 Results

In thissectionwe analyzethesimulationresultsfor differentcachecon gurationswith
one,two, three,andfour threadworkloads. The con guration labelsaredescribedn
section5.3.6. All IPC andmigrationresultsfor multi-threadrunsare orderedby the
grouppermutationglescribedn section5.3.6. Migrationsonly applyto Nurapidand

PDAS.

For MT tests,the coreassignmenof applicationsfollows from left to right. For
example,ammp-fcerec-art-parses atestwith ammpon core0, faceremn corel, art

oncore2, andparseroncore3.

Becaus®urgoalsfor PDAS includeperthreadfairnessandmaximumtotalthrough-
put, we wantto measurgheperformancempactto all threads Similarto theweighted
IPC usedin [STO0O], the IPC datafor MT runsare obtainedby weightingper thread
IPCsby thatthreads performanceisingthe private1IMB cache.

WeightedSpeedujin intervalt: WS(t) = afcges 1 privgtpg_fg'gﬁdread

5.3.7.1 SingleThreadResults

Figure5.17shawns representatie samplef the High andLow groupsof applications.
The rst veapplicationsseebene t with > 1MB of L2, andthesecond ve applica-
tionsdo not. This distinctionis clearwhencomparingthe performancef Privateand

FastSharedBoth have thesameéatenciesvhile FastSharechas4MB of cachespace.

Low applicationgequirelow accesdateng. All ve Low applicationssuffer per
formanceloss when comparingPrivate with Sharedor Nurapid. High applications
requirerelatively more L2 space. However, the performancegap betweenShared,

Nurapid,andFastSharedndicatessensitvity to lateng aswell.
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Figure5.17: Single ThreadIPC and Migration per Access. We shav the harmonic

meanacrossll benchmarks.

PDAS achieresthe bestof bothlatengy andcapacity shavn by only 1% degrada-
tion versusthe Fast Sharedacrossall 24 applications.On average,PDAS improves

uponPrivateby 26%, Sharedoy 27%,andNurapidby 13%.

Whencomparingthe non-uniformaccessachesf NurapidandPDAS, it is im-
portantto comparethe migrationsrequiredfor the achieved performance.The mag-
nitude of migrationsre ect the internal bandwidthand power requirements. Each
downstreammigrationrequiresa readandwrite of a cacheline, and eachupstream

migrationrequireswo readsandtwo writes.

Evenwith a singlethread,PDAS is ableto reducemigrationson averageby 82%.
This reductiontranslatedo an 82% reductionin dataarray accessaaswell astrafc
on the internalinterconnect.Nurapidclaimsa 77% L2 cacheenegy reductionfrom
a 61% migration reductionwhen comparedio DNUCA. However, our architecture
doesrequireextra tag structuredor miss-ratemeasurementg-uturework will more

accuratelyassesshis power trade-of.
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The migration reductioncomesfrom four sources. First, all demandmiss data
is broughtinto the primary cachearrayfor eachcore (alsodonefor Nurapid). Sec-
ond, PDAS doesnot enableupstreammigration. This featureaccountsfor the sig-
ni cant performanceboostfor DNUCA and NURAPID (approximatelyl0% for our
NuRAPID implementation)t the costof substantiamigrations. Eachupstreammi-
grationrequirestwo readsandtwo writes. The third sourceof migrationreduction
is even migrationdistribution in differentdirections. Due to the circular connection
network, we candistributemigrationsin 2 directions.In our currentdesign directions
arethe samefor all coresandthe directionschangeavery clock cycle. Finally, appli-
cationsthatareclassi edasLowbecaus¢hey needmorethan4MB of cachespaceare
effectively sequestereth a singlecacheandtheir evictionsarenot migratedall around

thedistributedcaches.

With respecto migrationsin PDAS, the LRU statis distortedasmigratedinesbe-
comethemostrecentlyusedine for thenew corelocation. This distortionof the LRU
historyis furthercompoundedby thefactthatPDAS distributesmigrationsin different
directions,ascomparedvith thesinglestaticdirectionof DNUCA andNURAPID.

5.3.7.2 Two ThreadResults

Figure5.18 shavs the WeightedSpeedupasdescribedn the beginning of this sec-
tion, of differentcachecon gurations. On average PDAS-IPCimprovesover Private
by 26%, Sharedy 39%,Nurapidby 30%,FastSharedy 20%andPDAS-MR by 1%.
For ammp-artand art-twolf, the Fast SharedcacheoutperformsPDAS. Fast Shared
is ableto further reducethe missrate for ammpor twolf in this casebecausef the
granularityof our partitioning stratggy. For ammpandart, PDAS is ableto reduce
art's miss-ratefrom 49%to 1% by allowing it to useremotespace At the sametime,

the migration/accessatio is reducedto essentiallyzero from Nurapid's 0.6 migra-
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Figure5.18: 2-ThreadWeightedSpeedumndMigration per Access.

tions/access.

Similarto the ST IPC results testswith all Lowbenchmarkshav thesameperfor
mancefor Private,FastSharedandPDAS while SharedcandNurapidseesdegradation.

This samebehaior is obsenedin resultswith morethreads.

On average,PDAS-IPC reducesmigrationsper accessby 95% as comparecto
Nurapid. While the percentreductionstayscloseto 95% for 3T and 4T tests,the
numberof cacheaccesseseducedncreasesiramaticallyasmorecoreshecomeactive.
While PDAS-MR and PDAS-IPC shaw similar performancenumbers PDAS-IPC is
ableto reducemigrationsby 27% on average.Sincethe migrationcomparisonstay
relatively constantwith 3T and4T workloads,we will not shav any moremigration

detailsfrom this point.

Table 5.8 shavs the L2 missratefor someof the programmixeswe considered,
alongwith datafor private4MB cachegqi.e. eachcorehasits own 4MB cache).For

facere-vpr, PDAS shaws the bene t of its intelligent allocationscheme. The miss
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Program Private Shared PDAS-IPC Private4MB
Mix TO T1 TO T1 TO T1 TO T1
facerec-vpr 035| 035 0.28 | 0.22 || 0.17 | 0.37 || 0.17 | 0.13
gcc-lucas 0.05 | 0.33 || 0.05| 0.33 || 0.03 | 0.51 || 0.02 | 0.33
parsermgrid || 0.16 | 0.20 || 0.18 | 0.20 || 0.05 | 0.37 || 0.05 | 0.20

Table5.8: Selected?-ThreadL2 Miss Rates.

rate of vpr is maginally increasedo enablea much higher reductionin facerecs

missrate.Vpr gainsvery little performancevith increasectachespacewhile facerec

seessubstantiataw IPC gains.Thisis all donewhile guaranteeingpr's performance

doesnot degradebeyond the performancehresholdwe introducedin section5.3.4.

This partitioning cannotbe obtainedby prior work that eitherbalanceghe effect of

sharingon missratesor maginal gain. This furtherexplainshow PDAS-IPCis ableto

outperformPDAS-MR for faceec-vpr Similarbehaior canbeobsenedfor gcc-lucas

andparsermgrid.

5.3.7.3 Threeand Four ThreadResults
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Figure5.19: 3-ThreadWeightedSpeedup.

With threeactive threadsPDAS-IPCimprovesperformancever Privateby 17%,

Sharedby 23%, Nurapidby 14%, FastSharedoy 1%, andPDAS-MR by 14%. With

all four coresactive, PDAS-IPC improvesperformanceover Private by 25%, Shared

by 44%, Nurapidby 35%, FastSharedoy 24%,andPDAS-MR by 13%.
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Program Private Shared PDAS-IPC Private4MB
Mix TO T1 T2 TO T1 T2 TO T1 T2 TO T1 T2
art-sixtrack-mgrid || 0.49 | 0.13 | 0.20 || 0.07 | 0.14 | 0.20 || 0.00 | 0.14 | 0.37 || 0.00 | 0.06 | 0.20
facerec-vpparser || 0.35 | 0.35 | 0.16 || 0.31 | 0.27 | 0.18 || 0.20 | 0.37 | 0.18 || 0.17 | 0.13 | 0.05
gcc-lucas-parser || 0.05 | 0.33 | 0.16 || 0.05 | 0.33 | 0.19 || 0.05 | 0.51 | 0.06 || 0.02 | 0.33 | 0.05

Table5.9: SelectedB-ThreadL2 Miss Rates.
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Figure5.20: 4-ThreadWeightedSpeedup.

Migrations per accessat both scenariodook similar to the datashown for two

active threads.

With threeor four active threadsPrivateclearly outperformgshe SharedandNu-
RAPID cachesasbotharehinderedby threadinterferenceaswell asincreasedccess
latencies Sincewe areweightingrelative to Private,the weightedspeedugor Private
is equalto the numberof active threadq1 for ST, 2 for 2 threads3 for 3 threadsand
4 for 4 threads).

With theincreasedoadof threeor four threadsPDAS needamoreaccuratenfor-
mationto effectively allocatespaceso thatthereis enoughfree spacefor throughput
improvementwhile boundingperthreaddegradation. This is the mainreasorfor the
increasedlifferencebetweenPDAS-MR and PDAS-IPC. Oneexampleis mcf-crafty-
sixtrack. PDAS-MR seeamissratereductionfor sixtradk beyond 256KB andevenup
to 1.5MB, but this never resultsin a performanceamprovementfor this benchmark.

Also, themiss-ratedatapredictsmcfwill improve with lessspacehanwhatis actually
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required(i.e. too smallof a Minimum Extra Partition). The combinationof inaccu-
raciesresultsin PDAS-MR's inferior partition decision.Similar behaior is obsened

for 4-threadcases.

Table5.9 illustratessomemissratetrade-ofs discoveredby PDAS-IPC. For art-
sixtrack-mgrid, PDAS takes spacefrom sixtrack and mgrid to satisfy art's demand.
Sixtradk and mgrid achieve their guaranteeanin performancewhile allowing art to

boostthe overallthroughput.

Overall, PDAS remaingheperformancdeademwhile minimizingtherequirements
on internalbandwidthand cachepower usagethroughmigrationreduction. In addi-
tion, PDAS effectively boundsperthreadlPC degradationto Gthreshasdescribedn

section5.3.4.
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5.3.8 Summary

Multi-core architecturegontinueto thrive in computerarchitectureresearchasindi-
catedby the multitudeof both academi@andindustryprojects.More active coresper

chipincreasesheloadonthelowest-level cache.

PDAS is a scalablemulti-portedNUCA thatdynamicallyallocatests distributed
cacheresourceghroughan intelligent, realizableon-line partitioning strategy. We
achieve improvedpartitionsby takingactualperformancento accountatherthanjust
the missrate. PDAS guarantees minimum performanceéboundfor eachcorewhile
pursuinghigh throughput.For a lesscontendedwo threadworkload,we areableto
achieve a 20% performancemprovementover a comparablysizedsharedcachewith
idealizedlateng. For more contendedvorkloadsof threeandfour threads,our per
formancedriven partitioningenablesPDAS to maintainperformanceadvantageover
eithera privateor idealisticshared.2. Miss rateguidedpartitioningresultsin perfor
mancecloserto that of privateL2s. Performancedriven paritioning further reduces
migrationsas comparedo missrate guidedpartitioning. We seea 27% drop in mi-
grationsfor two threadedvorkloadswhencomparingour approachwith andwithout

consideratiorfor IPC.

This cachearchitectureenablegurtherscalingof thread-leel parallelismin future
designs. Futuredirectionswill includea comprehensie power study and an explo-

rationof bothSMT andcooperatre multi-threadedvorkloads.
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CHAPTER 6

Algorithmic Acceleration

This chapterdescribe®ur algorithmiccontributionsin real-timephysicssimulation.

6.1 Perceptual Error Tolerance

6.1.1 Intr oduction

Physics-basednimation(PBA) is becomingone of the mostimportantelementsof
interactve entertainmentpplications,suchas computergames,largely becauseof
the automationand realismthat it offers. However, the bene ts of PBA comeat a
considerableomputationatost. Furthermorethis costgrows prohibitively with the
numberand compleity of objectsand interactionsin the virtual world, making it

extremelychallengingto satisfysuchcomplex worldsin real-time.

Fortunatelythereis atremendousmountof parallelismin thephysicalsimulation
of complex scenesExploiting this parallelismto improve the performanceof PBA is
anactive areaof researchbothin termsof softwaretechniquesndhardwareaccelera-
tors. Commerciakolutions suchasPhysX[aged, GPUs[Havb], andtheCell [Hof05],

have just startedto addresshis problem.

But while parallelismcanhelpPBA achieve areal-timeframerate,thereis another
avenueto helpimprove PBA performancevhich alsohasthe potentialto reducethe

hardwarerequiredto exploit parallelism:perceptualerror tolerance Thereis afunda-
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Figure6.1: Snapshot®f two simulationrunswith the sameinitial conditions. The simulationresultsshovn on top is the
baselineandthe bottomrow is simulationcomputedwith 7-bit mantissaoating-point computationin Narrowphaseand

LCP. Theresultsaredifferentbut botharevisually correct.



mentaldifferencebetweeraccuracyandbelievability in interactve entertainmentthe
resultsof PBA donotneedto beabsolutelyaccuratebut do needto appearcorrect(i.e
believable)to humanusers.The perceptuabcuity of humanviewershasbeenstudied
extensiely both in graphicsand psychology[OHM04 ODO01]]. It hasbeendemon-
stratedthat thereis a surprisinglylarge degreeof error tolerancein our perceptual

ability. Thistolerancds independentf aviewer's understandingf physics[Pro].

This perceptuakrrortolerancecanbe exploited by a wide spectrunof techniques
rangingfrom high-level software techniquesdown to low-level hardware optimiza-
tions. At the application-leel, level of detail (LOD) simulation [RP03a,CH97,
MDCO06] canbe usedto handledistantobjectswith simplermodels. At the physics
enginelibrary level, oneoptionis to useapproximatealgorithmsoptimizedfor speed
ratherthanaccurag [SR06]. At thecompilerlevel, dependencieamongparalleltasks
could be broken to reducesynchronizatioroverhead. At the hardware designlevel,
oating-point precisionreductioncanbe leveragedo reducearea,reduceenegy, or

improve performancdor physicsaccelerators.

In this chapter we addresghe challengingproblemof leveragingperceptuakr
ror tolerancedo improve the performanceof real-timephysicssimulation. The main
challengeis the needto establisha methodologyusinga setof error metricsthatcan
measurehe visual performancenf a complex simulation. Prior perceptuathresholds
do notscaleto complex scenesThis chapteraddressethis challengeandinvestigates

speci ¢ hardwaresolutions.

Thecontritutionsarethreefold:

e Methodologyto evaluatephysicalsimulationerrorsin complex dynamicscenes.

¢ Identi cation of the maximumerrorthat canbe injectedinto eachphaseof the

low-level numericalPBA computation.
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e Explorationof precisionreductionandtime-steptuningto exploit errortolerance

to improve PBA performance.
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6.1.2 Background

In this section,we presenta brief overview of physicssimulation,identify its main
computationaphasesand catayorize possibleerrors. A review of the latestresults
in perceptuakrror metricsandtheir relationto physicalsimulationwasdescribedn

Section3.3.

6.1.2.1 Computational Phasef a typical PhysicsEngine

Physicssimulationrequiresthe numericalsolutionof a discreteapproximationof the
differentialequation®f motionof all objectan ascene Articulationsbetweerobjects,
andcontactcon gurationsaremostoftensolvedwith constrainbasedapproachesuch
as[Bar97, MHHO6, Havb]. Timeis discretizedwvith a x edor adaptvetime-step.The
time-steps oneof themostimportantparametersf thesimulationandlargely de nes
theaccurag of thesimulation.For interactve applicationghetime stepneeddo bein
therangeof 0.01to 0.03simulatedsecond®r higher Theerrorsandthestabilityissues
associatedavith thetime-stepareorthogonako ourwork. As faraswe areconcerned,
thetime-steps ahigh-level parametethatshouldbe controlledby the developerof an
application.Ourwork aimsto identify low-level trade-ofs thatarepartof a hardware
solutionandassucharetransparento an applicationdeveloper As we demonstrate
later, the errorsthat our approachintroducesin the simulationresultsare no greater

thatthoseintroducedby the discretizatioralone.

Physicssimulation can be describedby the data- ow of computationalphases
shavn in Figure 6.2. Cloth and uid simulationare specialcasesof this pipeline.

Below we describehe four computationaphasesn moredetail.

Broad-phase This is the rst stepof Collision Detection(CD). Using approxi-

mateboundingvolumesi,it ef ciently culls away pairsof objectsthatcannotpossibly
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World State New World State

| Broad-phase |—>| Narrow-phase I—,—|>| Island Creation |4>| Island Processing | :

(Object-Pairs) (Contacts Points)i (Islands) (Object Positions)é

Collision Detection (CD) Island Processing (IP)

Figure6.2: PhysicsEngineFlow. All phasesreserializedwith respecto eachother

but unshadedstagesanexploit parallelismwithin thestage.

collide. While Broadphasealoesnot have to be serialized the mostusefulalgorithms
arethosethat updatea spatialrepresentationf the dynamicobjectsin a scene.And
updatingthesespatialstructureghashtables,kd-trees,sweep-and-prunaxes)is not

easilymappedo parallelarchitectures.

Narrow-phase Thisis the secondstepof CD thatdetermineghe contactpoints
betweereachpair of colliding objects.Eachpair's computationaloaddepend®nthe
geometricpropertiesof the objectsinvolved. The overall performancas affectedby
broad-phass'ability to minimize the numberof pairsconsideredn this phase.This
phaseexhibits massve ne-grain (FG) parallelismsinceobject-pairsareindependent

of eachother

Island Creation After generatinghe contactjoints linking interactingobjectsto-
gether the engineserially stepsthroughthe list of all objectsto createislands(con-
nectedcomponentspf interactingobjects. This phases serializingin the sensehat
it mustbe completedbeforethe next phasecanbegin. The full topologyof the con-
tactsisn't known until the last pair is examinedby the algorithm,andonly thencan
the constraintsolversbegin. This phasecontainsno oating-point operationssoit is

excludedfrom this study

Island Processing For eachisland,giventhe appliedforcesandtorquesthe en-

ginecomputegheresultingaccelerationandintegratesshemto computethe new po-
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sition and velocity of eachobject. This phaseexhibits both coarse-grai{CG) and
ne-grain (FG) parallelism. Eachislandis independentandthe constraintsolver for
eachislandcontainsindependeniterationsof work. We further split this component

into two phases:

¢ Island Processingvhichincludesconstraintsetupandintegration(CG)

e LCP whichincludesthesolvingof constraintequationgFG)

6.1.2.2 Simulation Accuracy and Stability

The discreteapproximatiorof the equationsof motionintroduceerrorsin the results
of ary non-trivial physics-basedimulation. For the purposesf entertainmentp-
plications, we can distinguishbetweenthree kinds of errorsin order of increasing

importance:

e Imperceptible Theseareerrorsthat cannotbe perceved by an averagehuman

obsenrer.
e \isible but bounded Thereareerrorsthatarevisible but remainbounded.

e Catastophic Theseerrorsmake the simulationunstablewhich resultsin nu-
mericalexplosion. In this case the simulationoftenreaches statefrom which

it cannotrecover gracefully

To differentiatebetweencateyoriesof errors,we employ the conserative thresh-
olds presentedn prior work [ODGO03, HRPO4a]for simple scenarios. All errors
with magnitudesmallerthanthesethresholdsare consideredmperceptible. All er-
rorsexceedinghesethresholdsvithout simulationblow-up areconsideredisible but

boundedAll errorsthatleadto simulationblow-up areconsideredatastrophic.
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N
(o))
Figure6.3: Snapshot®f two simulationrunswith the sameinitial conditionsanddifferentconstraintordering. Theresults

aredifferentbut botharevisually correct.



An interestingexamplethatdemonstratesnperceptiblesimulationerrorsis shavn
in Figure6.3. In this examplefour spheresanda chainof squareobjectsareinitially
suspendedh the air. Thetwo spheresat the sideshave horizontalvelocitiestowards
the objectnext to them. With the sameinitial conditionstwo differentsimulationruns
shavn in the gure resultin visibly different nal con gurations.However, bothruns
appearmhysically correct. This behaior is dueto the constrint reordering that the
iterative constraintsolver employs to reducebias [Engl. Constraintreorderingis a
well studiedtechniquethat improvesthe stability of the numericalconstraintsolver
andit is employed by commercialproductssuchas[aged. For our purposeghough,
it providesan objective way to establishwhatphysicalerrorsareacceptablevhenwe

developtheerrormetricsin Section6.1.4.

The rst two cateyoriesare the basisfor perceptually-basedpproachesuchas
ours. Speci cally, we investigatenow we canleveragethe perceptuakrrortolerance

of humanobsenrerswithout introducingcatastrophi@rrorsin thesimulation.
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6.1.3 Methodology

Onemajorchallengen exploring thetrade-of betweeraccurag andperformancen
PBA is comingup with a setof metricsthatwill evaluatebelievability. Furthermore,
sincesomeof thesemetricsarerelative (i.e. theresultantvelocity of anobjectinvolved
in a particular collision), there must be a reasonablestandardfor comparingthese
metrics. In this section,we detail the setof numericalmetricswe have assembledo
gaugebelievability, alongwith atechniqueto fairly compareworlds which may have

substantiallydiverged.

6.1.3.1 Experimental Setup

To representn-gamescenarioswe constructone complex test-casavhich includes
stacking,highly articulatedobjects,and highspeedbjectsshavn in Figure6.1. The
sceneis composedf a building enclosedon all four sidesby brick walls with one
opening. The wall sectionsframing the openingis unstable. Ten humanswith an-
thropomorphiadimensionmass,andjoints are stationedwithin the enclosecarea. A
cannonshootshighspeed 88 m/s) cannonballsat the building, andtwo carscollide
into opposingwalls. Assumingtime startsat O sec,onecannonbalis shotevery 0.04
secondsuntil 0.4 seconds.The carsareacceleratedo roughly 100 miles/hr (44 m/s)
attime 0.12to crashinto the walls. No forcesareinjectedafter0.4 secondsBecause
we wantto measurghe maximumandaverageerrors,we target the time periodwith

themostinteraction(the rst 55 frames).

Benchmarkgrom the PhysicsBencR.0 suite[YFPO7] asdescribedn 5.1arealso

usedfor thereducedprecisionevaluation.

Our physicsengineis a modi ed implementatiorof the publicly available Open

Dynamicsengine(ODE) version0.7[Eng]. ODE follows aconstraint-basedpproach
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for modelingarticulated gures, similar to [Bar97, aged, andit is designedor ef-
cieng ratherthanaccurag. Like mostcommercialsolutionsit usesan iterative con-
straintsolver. Our experimentsusea conserative time-stepof 0.01 secondsand 20

solveriterationsasrecommendedly the ODE userbase.

6.1.3.2 Error Sampling Methodology

To evaluatethe numericalerror toleranceof physicssimulation,we will inject errors
at a perinstructiongranularity We only inject errorsinto oating point (FP) add,
subtractandmultiply instructions asthesemalke up themajority of FP operationgor

this workload.

Our errorinjectiontechniquewill be fairly general,andshouldbe representatie
of arangeof possiblescenariosvhereerror couldoccur At a high level, we will be
changingthe outputof FP computationdy somevaryingamount. This couldre ect
changedrom animpreciseALU, analgorithmthatcutscorners,or a poorly synchro-
nizedsetof ODE threads.The goalis to shav how believablethe simulationis for a

particularmagnitudeof allowederror.

To achieve this generality we randomlydeterminethe amountof errorinjectedat
eachinstruction,but vary the absolutemagnitudeof allowed error for differentruns.
This allowed error boundis expressedas a maximum percentagehangefrom the
correctvalue,in eitherthe positive or negative direction. For example,anerrorbound
of 1% would meanthatthe correctvalue of an FP computationcould changeby ary

amountin therangefrom -1%to 1%.

A randompercentagelessthan the preselectednax and min, is appliedto the
resultto computethe absoluteinjectederror By using randomerror injection, we
avoid biasingof injectederrors. For eachcon guration, we averagethe resultsfrom

100differentsimulationgeachwith a differentrandomseed}o ensurehatour results
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converge. We have veri ed that100simulationsareenoughto corverge by comparing
resultswith only 50 simulations— theseresultsareidentical. We evaluatethe error
toleranceof the entireapplicationandeachphasandividually.

6.1.3.3 Error Metrics

Baseline Error Synched
Injected

. @ ................. A
v v v

Figure6.4: SimulationWorlds. CD = Collision Detection.IP = IslandProcessingE
= Errorinjected.TheBaselineworld simulateswithout ary errors. The Error-Injected
world simulationhaserror injected. The Synchedworld copiesthe stateof objects
from ErrorInjectedaftercollision detection.Thencontinueghe physicsloop with no

errorinjection.

Now thatwe have a way of injecting error, we wantto be ableto determinewhen
the behaior of a simulationwith erroris still believablethroughnumericalanalysis.
Many of themetricswe will proposearerelative valuesandthereforene needto have
reasonableomparisorpointsfor thesemetrics.However, it is notsufcient to simply
compareasimulationthathaserrorinjectedinto it with asimulationwithoutary error.
Small, but perceptuallytolerabledifferencecanresultin large behaioral differences

asshown in Figure6.3.
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To addresghis, we make useof threesimulationworlds asshown in Figure6.4:
Baseline Error-Injected and Syndied All worlds are createdwith the sameinitial
state andthesamesetof injectedforces(cannorball shootingor carsspeedingip) are
appliedto all worlds. Error-injectedrefersto the errorinjectedworld, whererandom
errorswithin the preselectedangeareinjectedfor every FP+/-/* instruction.Baseline
refersto the deterministicsimulationwith no error injection. Finally, we have the
Syndedworld — a world wherethe stateof every objectand contactis copiedfrom
the errorinjectedworld after eachsimulationsteps collision detection. The island
processingcomputationof Synted containsno error injection — so it is using the

collisionsdetectedy Error-Injectedbut is performingcorrectislandprocessing.

We usethefollowing sevzennumericalmetrics:

e Enepgy Differencedifferencen totalenegy betweerbaselineanderror-injected

worlds— dueto enegy conseration,theseshouldmatch.

e Penetratioepth:distancdrom theobject's surfaceto thecontactpointcreated

by collision detection.

e ConstraintViolation: distancebetweerobjectpositionandwhereobjectis sup-

posedo bebasedn staticallyde nedjoints (car's suspensiolr humanlimbs).

e LinearVelocity Magnitude:differencen linearvelocity magnitud€or thesame

objectbetweererror-injectedandsyndedworlds.

e Angular Velocity Magnitude: differencein angularvelocity magnitudefor the

sameobjectbetweererror-injectedandsyndhedworlds.

e LinearVelocity Angle: anglebetweerinearvelocity vectorsof the sameobject

insideerror-injectedandsyndedworlds.
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e GapDistance:distancebetweenwo objectsthatarefoundto be colliding, but

arenotactuallytouching.

We canmeasurgap,penetrationandconstrainerrorsdirectlyin theerror-injected
world, but we still use baselinehereto normalizethesemetrics. If penetrationis
equallylarge in the baselineworld and error-injectedworld, then our injectederror

hasnot madethingsworse— perhapgshetime-steps too small.

The above error metricscaptureboth globally consered quantities,suchastotal
enegy, andinstantaneouperobjectquantitiessuchaspositionsandvelocities. The
metricsdo notincludemomentunbecausenostsimulatorsfor computergamedrade
off momentunconserationfor stability. Furthermorethe approximatecollision res-

olution modelsoftendo not consere momentumneither
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6.1.4 Numerical Err or Tolerance

In this section,we will explorethe useof our errormetricsin a complex gamescene
with alarge numberof objects.We will inject errorinto this scenefor differentODE
phasesandmeasureheresponsdrom thesemetricsto determinehow far we cango

whentradingaccurag for performance.

Beforedelvinginto the details,we brie y articulatethe potentialoutcomeof error
injectionin differentODE phasesBecauseBroadphases a rst-pass Iter on poten-
tially colliding object-pairsjt canonly createfunctional errorsby omitting actually
colliding pairs. SinceNarrowphasewill not seethe omitted pairs,the omissionscan
leadto missedcollisions,increasegenetration(if collisionis detectedater),and,in
the worst case tunneling(collision never detected).On the otherhand,poor Broad-
phase ltering candegradeperformanceby sendingNarrowphasemnore object-pairs
to process.Errorsin Narrowphasemay leadto missedcollisionsor differentcontact
points. Theresultsaresimilarto omissionby Broadphasgbut canalsoincludeerrors
in the angularcomponenbf linear velocity dueto errorsin contactpoints. Because
Island processingsetsup the constraintequationgo be solved, errorsherecandras-
tically alter the motion of objects,causingmovementwithout appliedforce. Errors
insidethe LCP solverwill altertheappliedforcedueto collisions. Therefore there-
sulting momentumof two colliding objectsmay be severelyincreasedr dampened.
Sincethe LCP algorithmis designedto self-correctalgorithmic errorsby iterating

multiple times,LCP will mostlikely be moreerrortolerantthanisland Processing

While our studyfocusesonrigid body simulation,we qualitatvely aguethatper
ceptualerror tolerancecanbe exploited similarly in particle, uid, andcloth simula-
tion. Rigid body simulationin somesensehastighterrequirementgor accurag than
othertypesof real-timephysicalsimulation. Unexpectedbehaiors (interpenetration,

unexpectedincreasesn velocity, etc) are moreoften visually apparenbecauseigid
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bodiesare often usedto model larger objects,which usually affect gameplay. In
contrast,errorsin a particle simulationare morelikely to be toleratedby the viewer
becausehe artifactsthemselesaresmallerphenomenaWe conjecturethat uid and
cloth simulation(particularlythosethatareparticle-basedarelik ely to exhibit similar
numericaltolerance asthe visual representationgsuchasthe uid surfaceor cloth
mesh)representa down samplingof the underlyingphysicalmodel. Thatis, mary
particlescanrepresena volumeof uid, but fewer actuallyrepresenthe surface.We

leave theempiricalevaluationfor futurework.

6.1.4.1 Numerical Err or Analysis

For this initial error analysis,we ran a seriesof experimentswherewe injectedan
increasingdegreeof errorinto differentphaseof ODE. Figure 6.5 demonstratethe
maximalerror thatresultsfrom errorinjection on our seven perceptuametrics. Fol-
lowing the error injection methodologyof section5.2.1, we progressiely increased
the maximumpossibleerror in orderof-magnitudestepsfrom 0.0001%to 100% of
the correctvalue,labelingthis rangel.E-6to 1.E+00alongthe x-axis. We show re-
sultsfor injectingerrorinto eachof thefour ODE phaseslone,andthenanAll result

wheninjectingerrorinto all phase®f ODE.

The serialphasesBroadphasendlsland Processingexhibit the the highestand
lowest per phaseerror tolerancerespectrely. Only Broadphasedoesnot resultin
simulationblow-up asincreasinglylarge errorsareinjected. Island Processings the
mostsensitve individual phaseto error. The highly parallelphasesf Narrowphase
andLCP show similaraveragesensitvity to error. We will make useof theseperphase

sensitvity differencesvhentradingaccurayg for performance.

As shawvn by thegraphsin Figure6.5, mostof the metricsarestronglycorrelated.

Most metricsshowv a distinct at portion and a knee wherethe differencestartsto
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increaseaapidly. As theseerrorspile up, the enepgy in the systemgrows asthereare
highervelocities,deepelpenetrationsandmoreconstraintviolations. The exceptions
are gapdistanceandlinear velocity angle. Gap distanceremainsconsistentlysmall.
Onereasorfor thisis the Itering thatis donein collision detection.For agaperrorto
occur broadphasgould needto allow two objectswhich arenotactuallycolliding to
getto narravphaseandnarrovphasewnvould needto mistalenly nd thattheseobjects
were actuallynot in contactwith oneanother A penetratiorerroris mucheasierto
generate- only oneof thetwo phasesieeddo incorrectlydetectthattwo objectsare

not colliding.

The angleof linear velocity doesnot correlatewith othermetricseither—in fact,
the measurecerror actuallydecreasewith moreerror The problemwith this metric
is that colliding objectswith evenvery smallvelocitiescanhave drasticallydifferent
anglesof de ection dependingon the error injectedin ary one of the four phases.
Fromthedeterminatiorof contactpointsto the eventualsolutionof resultantvelocity,
errorsin angleof de ection cantruly propagate. However, we obsene that these
maximalerrorsin the angleof linear velocity areextremelyrareandmainly occurin
the bricks composingour wall thatare seeingextremelysmallamountsof jitter. This
errortypically lastsonly asingleframeandis notreadilyvisible.

While thesemaximal error valuesareinteresting,asshovn in gure 6.6, the av-
erageerrorin our numericalmetricsandthe standarddeviation of errorsareboth ex-
tremelysmall. This showns thatmostobjectsin the simulationarebehaing similarly
to the baseline.Only the percentagehangan magnitudeof linearvelocity hasa sig-
ni cant averageerror. Thisis becausenagnitudechangeon extremelysmallvelocities

canresultsin signi cant percentagehange.
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6.1.4.2 AcceptableError Threshold

Now that we have examinedthe responseof PBA to injectederror using our error
metrics,the questionstill remainsasto how mucherror we canactuallytolerateand
keepthe simulationbelievable. Consider gure 6.5 wherewe shov the maximum
value of eachmetric for a given level of error. Insteadof using x ed thresholdgo
evaluatesimulation delity and nd the largestamountof tolerableerror, we argue
for nding thekneein the curve wheresimulationdifferencesstartto divergetowards
instability. The averageerroris extremelylow, gure 6.6, with the majority of errors
resultingin imperceptibledifferencesn behaior. Of theremainingerrors,mary are
simply transienterrorslasting for a frame or two. We are mostconcernedvith the
visible, persistenbutliersthatcaneventuallyresultin catastrophi@rrors.For mary of
themaximalerrorcurves,thereis aclearpointwherethe slopeof the curve drastically
increases- thesearepointsof catastrophi@rrorsthatarenottolerableby the system,

ascon rmed by avisualinspectionof theresults.

Error Tolerance| Broadphase Narrovphase| Island LCP | All
Processing
(100Samples) | [1%)] [1%] [0.01%] [1%] | [0.1%]

Table6.1: Max Error Toleratedfor EachComputatiorPhase.

Table6.1 summarizeshe maximum% errortoleratedoy eachcomputatiorphase
(usingl00samples)basedn nding theearliestkneewherethe simulationblows up
over all error metric curves. It is interestingthat All is moreerror tolerantthanonly
injecting errorsin Island Processing The reasonfor this behaior is thatinjecting
errorsinto more operationswith All is similar to taking more samplesof a random

variable.More sampledeadto a corverging meanwhichin our cases zero.

To further supportthe choicemadein Table 6.1, we considerfour approaches:

con rming our thresholdsvisually, comparingour errorsto a very simple scenario
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with clearerrorthreshold4ODGO03], comparingthe magnitudeof our obserederror

to constraintreorderingandexaminingthe effect of thetime-stepon this error.

ThresholdEvaluation 1  First we visually investigatethe differencesn our thresh-
olds. Theinitial passof our visual inspectioninvolved watchingeacherrorinjected
scenen real-timeto seehow believablethe behaior looked,includingthe presencef
jitter, unrealisticde ections,etc. This highly subjectve testcon rmed our thresholds,
andonly experimentswith error ratesabove our thresholdshad clearvisual errors—
bricks moving on their own, human gures ying apart,andotherchaoticdevelop-

ments.

Secondwe speci cally agged errorsthatexceededhethresholdsrom [ODGO03].
By usingtheir thresholdswe could Iter outerrorsthatwerecertainlyimperceptible.
Objectsthatwerenot agged weremadetranslucentandobjectsthathadbeen agged
ashaving an errorwere coloredaccordingto the type of error We analyzeahis be-
havior by slowly walking frameby framethroughthe simulation. The errorswe saw
for errorinjectionator below thethresholdf table6.1weretransient-typically last-
ing only a singleframe— andwe would not have beenableto distinguishthemwere
it not for the coloring of objectsandour pausingat eachframeto inspectthe object

positions.t

Threshold Evaluation 2 We recreatedhe experimentusedin [ODGO03 (but with
ODE) to generatethe thresholdsfor perceptualmetrics. This scenarioplacestwo
sphereson a 2-D plane: oneis stationaryand the other hasan initial velocity that
resultsin a collision with the stationarysphere.No gravity is used,andthe spheres
areplacedtwo metersabove the groundplane.Whenevaluatingthis simplescenario,

the thresholdsshown in the rightmostcolumn of table 6.2, extrapolatedfrom prior

lOnesuchexperimentis shavn in the accompayiing video.
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work [ODGO03 HRPO4a],aresufcient. They areconserative enoughto ag catas-

trophicerrorssuchastunneling,large penetrationandmovementwithout collision.

However, whenapplyingthis methodto a complicatedgame-like scenariothese
thresholddbecomefar too conserative. Eventhe authorsof [ODGO03] point out that
thresholddor simplescenariognay not generalizé¢o morecomplex animations.In a
chaoticenvironmentwith mary collisions, it hasbeenshavn that humanperceptual
acuitywill becomeavenworse- particularlyin areasof the simulationthatarenotthe

currentfocal point.

But sincethesemetricswork for this simpleexample,we will usethe errorrates
from table 6.1 to inject error into this simple example. Using the thresholdsfrom
[ODGO03],wewereunableto nd ary errorsthatexceededhesethresholds-theerror
ratesthat we experimentallyfound in the previous sectionshav no perceptibleerror

for this simpleexample.

ThresholdEvaluation 3 Interestingly whenwe enablereorderingof constraintsn
ODE, mostof our perceptuametricswill exceedthethresholdgrom [ODGO03],com-
paredto arun withoutreordering.Thereis no particularorderingwhich will generate
anabsolutelycorrectsimulationwhenusinganiterative solver suchasODE's quick-
step. Changesn the orderin which constraintsare solved canresultin simulation
differences.The orderingpresenin the deterministic baselinesimulationis arbitrar
ily determinedoy the orderin which objectswere createdduring initialization. The
sameexact setof initial conditionswith a differentinitialization orderwill resultin

constrainteorderingrelative to the original baseline.

Therefore to understandhis inherentvariancein the ODE engine we have again
coloredobjectswith errorsandanalyzedeachframeof our simulation. The variance

seerwhenenabling/disablingeorderingresultsin errorsthatareeitherimperceptible
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or transient.Basedon this analysiswe will usethemagnitudeof differencegenerated
by reorderingasa comparisorpointfor the errorswe have experimentallyfoundtoler-
ablein table6.1. Ourgoalis to leveragea similar level of varianceaswhatis obsened

for randomreorderingwvhenmeasuringheimpactof errorin PBA.

Table6.2 shavs the maximumerrorsin our perceptuametricswhenenablingre-
orderingversusa baselinesimulationof a complex scenewithout arny reordering.As
a further referencepoint, we alsoinclude the perceptuathresholdsrom the simple
simulationdescribedn [ODGO03. For the simple simulation,someof our metrics
werenotused,andwe marktheseasnotavailable(NA). For baselinesimulation,only
absolutemetrics(i.e. thosethatrequireno comparisorpointlik e gapandpenetration)
areshavn, andrelative metricsthatwould ordinarily becomparedagainsthe baseline

itself (i.e. linearvelocity) arealsomarked NA.

PerceptuaMetrics RandomReordering| Baseline| SimpleThreshold
Enegy (% change) -1% NA NA
Penetratior{meters) 0.25 0.29 NA
Constrainterror (ratio) | 0.05 0.05 0.03/0.2
LinearVel (ratio) 5.27 NA -0.4/+0.5
Angular Vel (radians/sec)| 4.48 NA -20/+60
LinearVel Angle (radians)| 1.72 NA -0.87/+1.05
Gap(meters) 0.01 0.01 0.001

Table6.2: PerceptuaMetric Datafor RandomReorderingBaselineandSimpleSim-

ulations.

The rst thing to noticefrom theseresultsis thatthe magnitudeof maximalerror
for acomple« scengreorderingandbaselinecanbe muchmorethanthe simplesce-
nario. The seconahing to noticeis thatdespitesomelarge variancesn velocity and

angleof de ection, enepy is still relatively unafected.Thisindicateshattheseerrors
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arenot catastrophicanddo not causethe simulationto blow up. It is alsointeresting
to noticethe magnitudeof penetratiorerrors. Penetratiorcanbe controlledby using
a smallertime step,but by observingthe amountof penetratiorfrom a baselineat a

giventime step,we canensurehatit doesnot getany worsefrom introducederror.

Thesheemagnitudeof theerrorsfrom reorderingelative to thevery conserative
thresholdgrom prior work [ODG03 demonstratethatthesethresholdsarenot useful
asameansof guidingthetrade-of betweeraccurag andperformancen large,com-
plex simulations Furthermorethesimilarity in magnitudeof theerrorswe foundto be

tolerableandthe errorsfrom reorderingestablistcredibility for theresultsin table6.1.

ThresholdEvaluation 4 Somemetrics,suchaspenetratiorandgap,aredependent
on the time-stepof the simulation— if objectsare moving rapidly enoughand the
time-stepis too large, large penetrationgan occur even without injecting ary error.
To demonstratéhe impactof the time-stepon our error metrics,we reducethe time
stepto 0.001. The maximumpenetratiorand gap at this time-stepwheninjecting a
maximumO.1%errorinto all phase®f PBA reduceto 0.007metersand0.005meters
respectrely. The samemetricsfor a run without ary errorinjection reduceto 0.000
metersand0.009metersrespectiely. Both metricsseea comparablgeductionwhen
shrinkingthe time-step which demonstratethatthe larger magnitudepenetratiorer-

rorsin gure 6.5areafunctionof thetime-stepandnottheerrorinjected.
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Figure6.5: PerceptuaMetrics Datafor Error-Injection. X-axis shavs the maximum
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Penetration Broadphase Narrowphase Island Processing [LCPsolver ALL

Max Error Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev
0.0001% 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.0010% 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.0100% 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.1000% 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

1.0000% 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 inf inf
10.0000% 0.00 0.01 0.00 0.02 inf inf inf inf inf inf
100.0000% 0.00 0.02 inf inf inf inf inf inf inf inf
Constraint Broadphase Narrowphase Island Processing |LCPsolver ALL
Max Error Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev
0.0001% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
0.0010% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%

0.0100%! 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
0.1000%! 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%

1.0000% 0% 0% 0% 0% 1% 3% 0% 0% inf inf
10.0000% 0% 0% inf inf inf inf inf inf inf inf
100.0000% 0% 0% inf inf inf inf inf inf inf inf
Linear Vel Broadphase Narrowphase Island Processing [LCPsolver ALL
Max Error Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev _|Avg Stddev
0.0001% 0% 0% 3% 34% 0% 8% 0% 9% 1% 18%
0.0010% 0% 0% 10% 79% 1% 14% 0% 10% 3% 38%

0.0100% 0% 0% 3% 34% 7% 36% 1% 1% 4% 25%
0.1000%! 0% 0% 2% 20% 91%  245% 1% 9% 1% 49%
1.0000%; 0% 0% 3% 26%| 826% 2427% 1% 13% 10% 185%

10.0000% 0% 0% 12% 53%| 5335% 42312% 7% 49% inf inf

100.0000% 0% 0%. inf inf inf inf inf inf inf inf
Angular Vel Broadphase Narrowphase Island Processing |LCPsolver ALL

Max Error Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev

0.0001% 0.00 0.00 0.00 0.09 0.00 0.09 0.00 0.04 0.00 0.09
0.0010%! 0.00 0.00 0.00 0.09 0.00 0.07 0.00 0.11 0.00 0.09
0.0100%! 0.00 0.00 0.00 0.09 0.00 0.11 0.00 0.09 0.00 0.10
0.1000% 0.00 0.00 0.00 0.12 0.00 0.11 0.00 0.06 0.01 0.12

1.0000% 0.00 0.00 0.01 0.18 0.04 0.23 0.00 0.08 inf inf
10.0000% 0.00 0.00 inf inf inf inf inf inf inf inf
100.0000% 0.00 0.00 inf inf inf inf inf inf inf inf
Linear Vel Angle |Broadphase Narrowphase Island Processing |LCPsolver ALL
Max Error Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev

0.0001%! 0.00 0.00 0.01 0.07 0.00 0.04 0.00 0.05 0.01 0.06
0.0010%! 0.00 0.00 0.01 0.07 0.00 0.05 0.00 0.05 0.01 0.07
0.0100%! 0.00 0.00 0.01 0.08 0.01 0.06 0.01 0.06 0.01 0.08
0.1000% 0.00 0.00 0.01 0.10 0.01 0.05 0.01 0.06 0.02 0.09
1.0000% 0.00 0.00 0.02 0.11 0.03 0.04 0.01 0.07 0.03 0.09
10.0000% 0.00 0.00 0.02 0.10 0.03 0.07 0.03 0.10 0.04 0.09
100.0000% 0.00 0.00 0.01 0.06 0.04 0.05 0.04 0.05 0.03 0.06

Gap Broadphase Narrowphase Island Processing [LCPsolver ALL

Max Error Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev |Avg Stddev
0.0001%| 0.000 0.000[ 0.000 0.000] 0.000 0.000( 0.000 0.000] 0.000 0.000
0.0010%| 0.000 0.000[ 0.000 0.000] 0.000 0.000({ 0.000 0.000| 0.000 0.000
0.0100%| 0.000 0.000f 0.000 0.000{ 0.000 0.000f 0.000 0.000{ 0.000 0.000
0.1000%| 0.000 0.000[ 0.000 0.000| 0.000 0.000({ 0.000 0.000| 0.000 0.000
1.0000%| 0.000 0.000f 0.000 0.000f 0.000 0.000f 0.000 0.000f 0.000 0.000
10.0000%| 0.000 0.000[ 0.000 0.000] 0.000 0.000( 0.000 0.000{ 0.000 0.000
100.0000%| 0.000  0.000] 0.000 0.000 inf inf 0.000  0.000) 0.000 0.000

Figure6.6: AverageandStandardDeviation of Error-Injection.
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6.1.5 PrecisionReduction

Now thatwe canevaluateour perceptuaimetricsfor complex scenariosye apply our

ndings to the hardware-optimizatiortechniqueof precisionreduction.

6.1.5.1 Prior work

i |EEE Single-Precision Floating Point
| § eeeeeeee mmMmMmmMmMmMmMmMmMMmMmMmmmmmmmmmmmmmm

| Nvidia half format (Cg16)
i S eeeee mmmmmmmmmm

Reduced-Precision Floating Point [7 mantissa bits]
| S eeeeeeee  mmmmmmm

Figure6.7: Floating-pointRepresentatiokormats(s = sign, e = exponent,andm =

mantissa).

The lEEE 754 standardGol91] de nesthesingleprecision oating-point format
asshavnin gure 6.7. The rst bit is thesignbit, the next eightbits arethe exponent
bits, andthe next 23 bits arethe mantissgfraction) bits. Thereis animplicit 1 atthe
beginning of the mantissasologically thereare 24 mantissabits. Whenreducinga X
numberof mantissaits, we remove theleast-signi cantX bits. Therewill neverbea
casewhereall informationis lost sincethereis alwaysanimplicit 1.

For graphics processing, Nvidia has proposed the 16-bit “half” format
(Cgl16) [MGAO03] asshawn in Figure 6.7. Thereis one sign bit, and both the ex-
ponentand mantissabits are reduced. The Cgl6 format hasbeenusedfor several
embeddedapplicationgd EBLO5, LEOOS EELO04 outsideof graphics. Reducingthe

exponentbits reduceshe rangeof representablealues. While this is tolerablefor
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mediaapplicationsphysicssimulationis highly sensitve andquickly explodesbased

onour simulations.

Ourmethodologyor precisiorreductionfollowstwo prior paper§SEP93FCRO03.
Both prior work emulatevariable-precisioroating pointarithmeticby usingnew C++

classes.

Prior work [GSTO06] hasalso comparedhe useof doubleprecisionsolverswith
native, emulatedandmixed-precisiordoubleprecisionsupport.They concludethata
mixed precisionapproactgainsperformancey saszing areawhile maintainingaccu-
ragy. Our work further pusheghe boundaryof this areaby reducingprecisionbelow

thatof IEEE single-precisiorton gured ata perphasegranularity

6.1.5.2 Methodology

We apply precisionreduction rst to both input values,thento the resultof operat-
ing on theseprecision-reducedhputs. This allows for more accuratemodelingthan
[SEP93]andis comparabldo [FCR0J. Two roundingmodesare supportedround
to nearestand truncation). We usefunction calls insteadof overloadingarithmetic
operationswith a new class. This enabledusto separatelyunethe precisionof code
seggments(suchas computation-phasahsteadof the entireapplication. As the data
will shaw, thereis asigni cant differencebetweerthetwo granularity We supporthe
mostfrequentlyexecutedFP operationdor physicsprocessingvhich have dedicated
hardwaresupport:+, -, and*. Denormalhandlingis unchangedso denormalvalues

arenotimpactedby precisionreduction.

Our precisionreductionanalysiswill focuson mantissabit reductionbecausere-
liminary analysisof exponentbit reductionsshavs high sensitvity (no tolerancefor

evenasinglebit of reduction).
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6.1.5.3 Per PhasePrecisionAnalysis

Thefollowing sectionanalyzeghe precisionreductiontoleranceof eachphaseaswell
asNarrowphaser LCP. Thereasorfor examiningthis combinationof phasesnstead
of all phaseds becauseof their highly parallelnature,describedn section6.1.2.2.
The goal of precisionreductionis to reducethe die areaof FPUs— andthe ne-grain
parallelismin thesetwo phasesvould be exploited by small, relatively simple cores
with FPUsin physicsacceleratorsuchasPhysXorin GPUs. TheFPUsin suchsimple

coreswould occupy aconsiderableamountof overall corearea.

BroadphaseandIsland Processingdo not have vastamountsof ne-grain paral-
lelism, andwould thereforeneeda smallernumberof morecomplex coresto ensure
high performance.Thereforeit is unlikely thatthe FPU would occupy a sufciently
large fraction of the complex coreto malke precisionreductionworthwhile. However,

we still presentesultsherefor all four phasedor completeness.

Basedon the error toleranceshavn in Table 6.1, we can numerically estimate
the minimum numberof mantissabits for eachphase.Whenusingthe IEEE single-
precisionformatwith animplicit 1, the maximumnumericalerrorfrom usingan X-bit
mantissawith roundingis 2 **1 andwith truncationis 2 X. Roundingallows for

both positive andnegative errorswhile truncationonly allows negative errors.

Sincebase2 numbersdo not neatlymapto the baselO valuesshavnin Table6.1,
we presenta rangeof possibleminimum mantissabits in table 6.3 for roundingand
truncation.Now thatwe have anestimateon how far we cantake precisionreduction,

we evaluatethe actualsimulationresultsto con rm our estimation.

Figure 6.8 shaws the actualsimulationerror generatedrom precisionreduction

with rounding. This datacorrespondso the numericalanalysisof 2 X* 1),

Following the samemethodologywe usedin the section6.1.4,we summarizehe
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MantissaBits | Broadphase Narrovphase| Island LCP
Derived Processing

[round,truncate]| [5-6, 6-7] [5-6, 6-7] [12-13,13-14] | [5-6, 6-7]

Table6.3: Numerically-denvedMin MantissaPrecisionToleratedfor EachComputa-

tion Phase.

Error from Precision Reduction (All)

——MAX -- 3 --Avg Std Dev Min
1.0% f
0.8% /
0.6% f
0.4% /
0.2% /
0.0% A=+ w"nr"m"w"m"m’i’m
[222120191817161514131211109 8 7 6 5 4 3' 2 1
.

% error

-0.2%

-0.4% +
-0.6% +

0.8% =

-1.0%

# Mantissa Bits

Figure 6.8: Percentagé&rror Injectedfrom PrecisionReduction. X-axis shows the

numberof mantissaits used.

perphasaninimumprecisionrequiredin Table6.4 basedndatain Figure6.9. When
comparingTable6.4 andTable 6.3, we seethatthe actualsimulationis moretolerant
thanthe stricternumerically-denred thresholds.This givesfurther con dencein our

numericalerrortolerancehresholds.

We alsostudiedthe effects of truncationinsteadof roundingwhenreducingpre-
cision (datanot shavn dueto spaceconstraints). Truncationfurther optimizesarea
by removing the adderusedfor rounding. The metricspoint to a minimum of 7 bits
for the mantissavhenexecutingboth Narrowphaseand LCP with reducedorecision.

The perceptuabelievability of 7-bit mantissasimulationis supportedy the factthat
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the averageandstandardieviation arewell below the very conserative thresholdsof

[ODG03,HRP044

MantissaBits | Broadphase Narravphase| Island LCP | Narrov +
Simulated Processing LCP
[round,truncate] | [3, 4] [4,7] [7, 8] [4,6] | [5,7]

Table6.4: Simulation-baseilin MantissaPrecisionToleratedfor EachComputation

Phase.

While the exact precisionreductiontolerancemay vary acrossdifferent physics
enginesthis studyshavsthe potentialfor leveragingprecisionreductionfor hardware

optimizations.

To obtainthe exacttolerancefor interactve entertainmenapplicationsusingthe
ODE engine,we apply the samemethodologyto benchmarksn PhysicsBencl2.0.
The resultsfor ne-grain phasesf LCP and Cloth with roundingare shavn in Ta-

ble6.5.

Benchmark| LCP | Cloth

Breakable | [5]

Continuous| [4]

Deformable| [3] [13]

Everything | [10] | [14]

Explosions | [11]

Highspeed | [4]

Periodic | [13]

Ragdoll | [7]

Table6.5: Min MantissaPrecisionToleratedfor PhysicsBencl2.0.

Theprecisionrequirementor Clothis basednenepgy andstretch.Clothenepgy is
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computedrom the particles'velocity andheight(assumingnassof 1). The stretchis

thedifferencebetweertheinitial distancevstheactualdistancebetweerntwo particles.
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Figure6.9: PerceptuaMetricsDatafor PrecisionReduction X-axisshavsthenumber
of mantissaits used.Note: Extremelylargenumbersandin nity arecorvertedto the

maxvalueof eachY-axisscalefor bettervisualization.
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6.1.6 Simulation Time-Step

As describedn Chapter2, the simulationtime-steplargely de nes the accurag of
simulation. In this section,we apply a similar methodologyto study the effects of
scalingthe time-step.We restrictthe datashown hereto % enegy differenceasit has
beenshavn to bethe mainindicationof simulationstability. Becaus¢ime advancesn
differentgranularityfor thesesimulationsuserinputneedgo beinjectedatacommon
granularitywhereall simulationsseetheinputsat the exactsametime. The % enepgy
differencealsoneeddo be computedatacommonintenal for all time-stepsBecause
of thisrestriction,we show resultsfor time-stepwf 0.001,0.002,0.003,0.004,0.005,
0.01,0.015,0.02,0.03,and0.06. Thecommoninterval usedis 0.06 second.

Time Step Scaling Energy Effect

‘+ Baseline 0.01 sec ‘
100% r
80% /
60%

40% -

20% -

% Energy Difference

0%

0L00
SL00
0200
0€00
0900

1000
2000
€000
¥00°0
S00°0 |

-20% -
Time Step Size (sec)

Figure6.10: Effect on Enegy with Time-StepScaling.

As shavn onFigure6.10,themaximumtime-step(out of thetime-stepsimulated)
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for the scenariodescribedn Section6.1.3is 0.03 second.Although the appropriate
time-stepmay dependon detailsof the exactscenariothis methodologycanbelever-

ageto tunethis physicsengineparametefor optimalperformance.
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6.1.7 Summary

We have addressedhe challengingproblemof identifying the maximumerrortoler
anceof physicalsimulationasit appliesto interactve entertainmenéapplications.We
have proposeda setof numericalmetricsto gaugethe believability of a simulation,
explored the maximalamountof generalizederror injection for a complec physical
scenario.examinedthe minimum requiredprecisionandidenti ed the maximumal-

lowabletime-stepfor physicssimulation.
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6.2 Fast Estimation with Error Control

QuickStepusesaniterative approachwhereduring eachiteration(a) eachbodyin an
Islandis essentiallyconsidereda free body in spaceandsolvedindependenthof the
others(b) a constraintrelaxationstepprogressiely enforceghe constraintdy some
small amount. The constraintsatisiction increaseswith the numberof iterations.
Accordingto the ODE manual 20 iterationsis consideredhe minimumfor consistent
robustsimulation.As we will show laterin this sectiontheerrorratefor low iteration

countscanbequitesevere.

Theiterative natureof QuickStepmpliesthatasolutioncanbeobtainedattheiter-
ationgranularity by takingtheresultof the lastcompletedteration. However, simply
reducingthe QuickStepterationcountcandrasticallyincreasesimulationerrorswhich
canaccumulatend“blow up” calculations.Visually acceptablerrorsaredependent
on the situationand are of muchlarger magnitudethanwhat the physicsenginecan

tolerate.

To addressheneedfor fastresultturnaroundandtheimportanceof avoiding large
errorsthat candrasticallyimpactthe quality of the solution,we considerdecoupling
thesetwo componentsWhile dependensoftware componentsequirephysicssimu-
lation to provide a solutionwithin somefraction of a frame's time, thereis no reason
why physicssimulationcannotcontinueto run after returninga solutionon a separate
thread/core ConsiderunningQuickStepfor only a singleiterationto provide results
to thegraphicsengine— andthenfor theremaindeiof the 1/30thof a secondwe con-
tinuethe physicssimulationloop for thesametime-step.Theeventualre ned solution
from this error correctionthreadis fed backasinput to the next frameof the physics

loop.

This techniqueshortengphysicssimulations critical pathby alteringthe control
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o w to generate fastsolutionfor the graphicscore. At the sametime, all errorsfed
backinto the physicsengineare 100% eliminated,as comparedo running the full
20 iterations,by the endof eachframe. Thus,errorsare never allowedto propagate
beyond a frame's worth of time. We call this approachfast estimationwith error
control (FEEC)sincethe physicssimulationis allowedto continuein parallelwith the
restof the interactve entertainmengépplicationandeffectively limit the error rate of

doingfasterlower iterationsimulation.

This is an effective approachn leveragingcontetsin a CMP ervironment:some
subsebf corescancontinueto re ne aphysicssolutionwhile othercoreshandleother
gameenginecomponentsln casesvhereothercomponentgsuchasAl) mightrequire
feedbackirom the physicsengine,solutionscanbe provided on demanddepending

onthetime constraintof the differentgameenginecomponents.

We numericallyveri ed that the errorsusing FEEC are imperceptible. As will
be shawvn in our results,over the entirecourseof the simulationthey arenumerically

eguialentto usinga 19 iterationQuickStepwithout FEEC.

After one iteration, the ©)
physics simulation
solution is forwarded to  (3) | 1/30™
dependent components. (1) >of a

¢ | second
The solution from
Frame 1 the 20" iterationis__—" - _
sent to the next N
frame of physics 0,
simulation. (3) 1/30th
(2) (ofa

The solution from one * [ second
iteration is sent to
Frame 2 dependent components. /

Figure6.11: FastEstimationwith Error Control (FEEC).

The parallel resultsin section4.3.1 demonstratedhat while mary benchmarks

cannotachiere 300 fps, all but onewere ableto achieve 30 fps. Therefore,for our
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FEEC study we will assumehat all threadscan achieve 30 fps with a 20 iteration
QuickStepput only sendtheresultsof the rst iterationto thegraphicshardware.The
full 20iterationrunwill be passedo the startof the next physicssimulation.For this
techniquewewill reporterrorsbasedntheresultof the rst iteration(i.e. whatwould
be seenby the graphicshardware). The FEECapproachs illustratedin Figure6.11.
Eachcircle represent®neiterationof QuickStep.This gure shavs FEECwhenthe
physicsengines stepsizds 0.033secondslf the stepsizas smallerthanoneframe’s

time, thenmultiple threadsof executionarerequiredto enableFEEC.

Theperformancenderrordataof FEECarepresentedn Section7.2.1.
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CHAPTER 7

Ar chitectural Exploitation of Algorithmic Properties

This chapterdiscusse®ur architecturalcontritutionsin exploiting real-timephysics

simulations algorithmicproperties.

7.1 Leveraging Precision Reduction in FPU Design for CMPs

In section6.1.5we shov how physicssimulation can toleratesigni cant precision
reduction. In this sectionwe proposethreeapproacheshat exploit this result: area

reduction trivialization andandmemoization

7.1.1 CoreAreaReduction

For commercialphysicsacceleratorsuchas PhysX and GPUs, simple coresmake
up the bulk of the die area. In 90nm procesgechnology a simple processorcore's
area(assuminga 3mn? core) would have the following breakdevn: 30% memory
area(0:9mn?), 50% logic and ops (1:5mn¥), 10% register le (0:3mn?), and10%
overhead0:3mm).

Basedon the datapresentedn section6.1.5,the minimum precisionrequiredto
satisfyall phasef all benchmarkss 14 bits. Onesimpleapproacho leveragethis

reducedorecisionrequirements to designreducedprecisionFPUs.

Reducingthe mantissarom 24 (23 + implicit 1) bitsto 15 (14 + implicit 1) bits
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Figure7.1: FP Adder/Multiplier Areawith VaryingMantissawidth.

reducesghe logic costfrom 1:5mn? to about0:9mn?. The precision-reducedoreis
20% smallerthanthe IEEE single-precisiorcore. This estimateis basedon results
from a high-level synthesigool tunedfor generatingarea-etient oating pointdata-
paths.Figure7.1.1shows a linear relationshipbetweenareacostand mantissawidth

for boththe oating-point adderandmultiplier.

This 20%reductionin coreareacanbe leveragedo increaseghe numberof cores
in the samesilicon area,reducethe overall silicon arearequiredfor the cores,add
performance-enhancingduced-precisiosIMD hardwareto eachcore, reduceen-
ergy by turningoff logic to handleunnecessarbits, or increasecoreclock frequeng,

justto namea few options.

Insteadof usingonly reducedprecisionFPUs,a hybrid chip designcan support
both low-precisionFP (at a higher throughput)and single-precisiorP (at a lower
throughput). This is anotherway to exploit perceptuatolerancewhile allowing the
developerto choosebetweerhigh-throughputindhigh-accurag. Futureexplorations

canaddresshis approach.
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7.1.2 Improve Floating-Point Trivialization and Memoization

Anothermethodto leveragereducedprecisionis to improve the ef ciency of trivial-

izationandmemoization.

7.1.2.1 Prior Work

Trivial Operations The rst explorationof trivial computationis doneby [Ric92,
Ric93]. The SPEC92 andPerfectClub and benchmarksvere usedandthe studies
focusedon a setof 8 trivial computationf multiplication (by 0, 1, and-1), division
(X/Y with X =0,Y,-Y, and squarerootsof 0 and1. More recentwork by [YLO2]
expandsherangeof trivializedoperationgo 26 typesandcateyorizetheseasbypass-
ableor simpli able. For SPEC95/2000,andMediaBenchhenchmarisuites,13%and
6% of total dynamicinstructionsaretrivial. In addition,this papersuggestshatthe
amountof trivial computationgrenothighly dependenon input valuesby comparing
simulationresultsusingtwo input sets.Thelatestwork by [ABO5] studiesthe enegy

ef ciency bene tsof bypassindrivial operations.

Memoization A closelyrelatedtechniqueto bypassingrivial operationds memo-
izationor valuereuse [SS97 CF98,HL99, MGT99, ACV05]. Memoizationusesan
on-chiptablethatdynamicallycachegshe opcode jnput operandsandresultof previ-

ously executedinstructions. For eachinstruction,the opcodeandinput operandsare
chocledfor amatchin thetable.If thereis amatch,thecachedesultis reusednstead
of executingthe instruction. [ACVO05] leveragesnediaapplications error tolerance
to remove the lower signi cant bits of oating point mantissagor the input operand

match.Full precisionresultsarestill stored.
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7.1.2.2 ReducedPrecisionOptimizations

Priorwork hasexaminedthepotentialfor improving performanceindreducingenegy
by exploiting trivial operationsand memoization.By couplingthesetwo techniques
with precisionreductionwe cantreatasigni cantly largerpercentagef oating point
operationsastrivializableor memoizable.The minimum mantissgrecisionsusedin

this studyarebasedn Table6.5.

Fromthecharacterizatiom [YFPOQ7], FPaddandmultiply make up betweer35%
to 40% of total dynamicinstructionsfor ne-grain phasesf Island Processingand

Cloth. In this sectionwe will focuson FP add,subtractandmultiply operations.

FP Operation| Representation Trivial
Add X+Y X=0,Y=0
Subtract | X-Y Y=0
Multiply | X *Y X=0, Y=0, X=1, Y=1

Table7.1: CorventionalTrivial Cases.

FPOperation| Representation Trivial

Add X+Y X=0, Y=0
Exponentifferencegreaterthan

numberof mantissaits

Subtract | X-Y X=0, Y=0
Exponendifferencegreaterthan

numberof mantissaits

Multiply X*Y X=0orl,Y=0o0rl

Mantissaof X orY equalsall zeroes

Table7.2: ReducedPrecisionTrivial Cases.
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ReducedPrecision Trivial Operations Corventionaltrivialization logic for these
operationgnvolve zero, one, or negative one detectionof operandsasshavn in Ta-
ble 7.1. By examiningthe detailsof oating point computationwe have expanded
thetrivializablecasedo thelist shovn in Table7.2. Therightmostcolumnrefersto

trivializableoperations.

Thetwo novel casesve proposearethefollowing:

e For addsand subtracts,if the magnitudeof exponentdifferencebetweenthe
operanddgs greaterthanthe numberof valid mantissabits thenthe operation

becomes bypassf thelargeroperand.

e Formultiplies,if themantissaits of oneoperandareall zeroeghenthemantissa
logic canbetrivializedto bypassinghe otheroperand.The exponentandsign
logic still needdo be executed.This is a generalcaseof multiplicationby 1 or
-1.

Basedon simulationsof PhysicsBencl2.0 with object-disablingandroundingfor
200 simulationsteps we have compiledthe percentagef trivial operationswith full
precisionversusreducedprecisionin Table7.3for ne-grain phasewith large num-

bersof FPoperationsL.CP, Cloth2 andCloth3

Precisionreductionincreaseghe effectivenessof trivialization by 62% for adds
and41% for multiplies on average.This translatego an additional15% and 13% of

total FP addsandFP multipliesbeingtrivializableon average.
Why are there somany tri vial computations? To understandhe reasongor such

high percentagesf trivial operationsyve examinetheimplementatiordetailsof each

phase.
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In LCP, the corecomputationnvolvesmultiplicationsof 6-elemenimatricessuch
asconstrainforce,jacobianmatrix, andinversegjacobian.For eachmatrix, 3 elements
refer to linear componentf eachaxis with valuesfrom the normal vector at the
contactpoint. Theother3 elementseferto angularcomponentsf eachaxiscomputed
asthecross-productf the contactnormalwith thevectorde ned by the contactpoint

andthe rst objects pointof reference.

In Cloth2, mostof the computationrevolvesaroundsatisfyingthe distancecon-
straintbetweemeighboringparticles.This involvestakingthedifferencebetweertwo
particle's position,computingthe distanceand nding theratio betweernthe distance
dueto collisionvsthedesireddistanceo maintainthe cloth shape Then,eachparticle

is movedby 50% of the difference.

In Cloth3 mostof thecomputatiorrevolvesaroundtheintersectiortestbetweera
clothparticleandatrianglemeshrepresentingpartof arigid body. Thiscode nds the
amountof penetratiorby theparticleinto therigid bodyandmovesthe particleby 0.1
meteroutsideof the body. The computationinvolvesdot productof point with plane
normal, multiplication of new depthwith plane normal, and subtractionof current

positionwith deltarequiredto move particleoutsideobject.

ReducedPrecisionMemoization Fuzzymemoizatiorproposedn [ACV0Y] is closely
relatedto reducedprecisionmemoization. The key differenceis that our approach
storesanduseseducedrecisionresultsatherthanfull precisiorresultsasin [ACV05].
This optimizationfurtherimprovesareaef ciency andis shavn by our simulationsto

producetolerableerrors.

The memoizationmethodfor evaluationis to matchon both operands'mantissa
values,andwe focusthis study on the ef ciency of a sharedmemoizationtable for

frequent,long lateny FP multiply operations. The table we usedcontains256 en-
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tries with 16-way associatiity, andit is indexed by the XOR of the mostsigni cant
bits in the mantissasSmallertableswere evaluatedandfoundto be very ineffective.

Trivializableoperationsare Itered from accessinghe memoizatiortable.

Oursimulationresultsusingfull andreducedrecisiondor multipliesareshovnin
Table7.4. Resultsfor addition/subtractiois shavn in Table7.5,andTable7.6 shavs

theresultsfor sharingonetableacrossll threeinstructiontypes.

For multiplies, precisionreductionincreaseshe effectivenessof memoizationby
725% on average. This translatego an additional16% of total FP multiplies being
memoizedon average.The effectivenesf memoizationon additionandsubtraction
operationgs lesssigni cant. Whensharingonetableamongall typesof operations,
the overall hit rate is reduceddueto contentionbetweenmultiply and add/subop-
erations. Comparedo the dataon SPECbenchmarkgrom prior work [CF03, the
physicsworkload haslower value locality. Signi cant hit-rate on the memoization

tablerequireshe useof precisionreduction.

Whenprecisionreductionis appliedto the combinationof trivializationandmem-
oization,only 54%of FPaddsand35%of FPmultiplieson averagerequiresexecution
on a FPU. Using datafrom prior work [YFPO7], we seethat for LCP and Cloth on
average20% of totalinstructionsareFP addsand17%areFP multiplies. Multiplying
thesepercentagemgethershonsthatlessthan17%of total instructioncountrequires
the FPU.Ignoring routing andarbitrationoverheadthis dataindicatesthe possibility

of sharingonereal FPUamong5 coreswhile keepingutilization under100%.

Dynamic PrecisionTuning From the datapresentedn Table 6.5, we seethatthe
minimum requiredprecisionvariessigni cantly betweenscenariosand acrosscom-
putationphases.In orderto optimizethe bene t of precisionreduction,we propose

adynamicprecisiontuning mechanisnwherebythe applicationindicatesto the hard-
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warethe minimumrequiredprecision.

Basedontheresultsshovn in Section6.1,we seemostof the perceptuatolerance
metricscorrelatewith enegy. By usingthe law of enegy conseration, the appli-
cationcancomputethe enegy differencebetweersuccessie simulationstepswhile
accountingfor forcesinjectedby userinput, to determinewhetherthe simulationis

diverging towardsinstability.

163



Benchmark| 23-bit% Reducedt
Add [LCP, CL2,CL3] | Add[LCP, CL2,CL3]
Mult [LCP, CL2, CL3] | Mult [LCP, CL2, CL3]
Bre [36] [56]
[34] [51]
Con [49] [71]
[43] [62]
Def [32,11,18] [61,32,31]
[31,35,39] [64,47,51]
Eve [35, 19, 27] [43,32,33]
[33, 39, 33] [38, 45, 39]
Exp [28] [38]
[25] [29]
Hig [27] [54]
[23] [49]
Per [32] [34]
[32] [34]
Rag [34] [47]
[33] [46]

Table7.3: PercenfTrivialized FP Operationdor Full andReducedPrecision.
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Benchmark| 23-bit% Reduced%
[LCP, CL2,CL3] | [LCP,CL2, CL3] test
Bre [2] [33]
Con [1] [38]
Def [2,2,4] [35,8, 19]
Eve [3, 2, 5] [6,7,15]
Exp [7] [10]
Hig [8] (51]
Per [O] [O]
Rag [0] [4]

Table7.4: PercenMemoizedFP Multiply for Full andReducedPrecision.

Benchmark| 23-bit% Reducedo
[LCP, CL2,CL3] | [LCP,CL2, CL3] test

Bre [0] [2]

Con [0] [8]

Def [0, 0, 6] [7,0,15]

Eve [0, 0, 6] [1,0,15]

Exp [0] [1]

Hig [O] [11]

Per [O] [O]

Rag [0] [0]

Table7.5: PercenMemoizedFP Add/Subfor Full andReducedPrecision.
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Benchmark| 23-bit% Reducedo
[LCP,CL2,CL3] | [LCP,CL2,CL3] test
add/sub,mult add/sub,mult

Bre [0/1] [1/9]

Con | [0/0] [6/36]
Def | [0/1,0/2,6/2] | [4/25,0/8,14/10]
Eve |[0/0,0/3,5/3] | [1/2,0/8,10/10]

Exp [0/7] [1/9]
Hig [0/8] [8/48]
Per [0/0] [0/0]
Rag [0/0] [0/1]

Table7.6: PercenMemoizedFP Mix edfor Full andReducedPrecision.

166



7.2 Fuzzy Computation

7.2.1 ValuePrediction

Prior work hasdemonstratethe effectivenesof usinglastvaluepredictionat reduc-
ing instructionlateny [LWS96]. Lastvaluepredictionis a speculatre techniquethat
breakstrue datadependencieby usingthe last value producedby a given instruc-
tion asa predictionfor the input to its dependeninstructions. The value prediction
is veri ed whentheinstructionactuallycompletesandthe dependeninstructionsare
re-executedf amispredictiorhasoccurred.Con dencemechanism§CRT99] canef-
fectively limit the impactof mispredictions.Recentwork on shovs somebene t for
oating pointvaluepredictiongdN 05 usingmulti-threadedxecution.Fuzzyinstruc-
tion reusgACVO05] hasbeenfurtherproposedo reducepower usageby oating point

units. Thislattertechniquds non-speculatie,andcannotbreakdatadependencies.

Exactvaluepredictioncanbreaktrue datadependenciesgndit will not have ary
impactonthe numberof errorsin the physicssimulation.However, we cantradesome
accurag to improvetheinstructionpredictionrate. We propose-uzzyvalueprediction
(FVP), where oating point value predictionis allowedto err within a certainbound
withoutresultingin amispredictiorandsubsequentecorery. Themainmotivationfor
fuzzy value predictionis that real-timephysicssimulationfor gamingworkloadsal-
readyintroducessmallerrorsby usingsingle-precisionoating point, large stepsizes,
andapproximatiormethodsn solving the equations.We assumehatan errorin the
10 © rangeis tolerablein our case. The quantitiesinvolved in the simulationare
macroscopi@ndfollow the metricsystem.An error, for example,in positionof 10 ©
metersis of microscopicscaleand visually negligible. This optimizationis unique
to graphicsrelatedworkloads,sinceotherapplicationgypically requireprecisestate,

especiallyfor oating pointcalculations.
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Figure7.3: Error for FEECrelative to a 20-iterationQuickStep.

7.2.1.1 Methodology

Althoughwe usedthe samebinariesassectior4.3.1in our simulationswe usedPTL-
sim [Youl], a cycle accuratesimulatorsupportingthe full x86 instructionset,to allow
architecturamodi cation andto avoid thesystem-lgel nondeterminisnthatcanoccur
in real systemmodeling(i.e. variability in systemload, OS interaction,etc). PTLsim
alsomodelsthe translationof x86 instructionsinto micro-ops,similar to the transla-
tion in currentx86 CPUs. We modi ed PTLsimto supportvalue prediction. We use
the x86 instructionPC concatenatedith a micro-opID to index the valueprediction
table. The micro-opID is a simple 4-bit counter sincePTLsim generatesip to 16

micro-opsper x86 macro-instruction.This ID uniquelyidenti es micro-opsthatare
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Frequeng

3GHZ

Issue

8-way out-of-order

Issuewindow size

4 16-entryClusters

BranchPredictor 64K Gshare
4K 4-way BTB

InstructionL1 Cache 32KB 4-way
Lateny 2 cycles

DatalL1 Cache 16KB 4-way
Lateny 2 cycles

Inst Window 192entries

Load/StoreQueuesize || 144entries

L2 Cache 256KB 8-way
Lateny 7 cycles

L3 Cache 2MB 16-way
Lateng 16 cycles

FunctionalUnits 2,2,2,2

(Int, Int, Mem port, FP)

Mem Lateng 160cycles
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generatedrom the samex86 instruction. The ID (startingat 0) is assignedn orderto

eachmicro-op.

From the datain gure 4.4, we seethat the computationaldemandof complex
PhysicsBencltestsis above the performanceof a contemporarydesign. To evaluate
FEECandFVP, we choosea moreaggressie processodesign,with botha high fre-
gueny andwider resourcesTable7.7 presentshe simulationparametersisedin this

section.

To bettercharacterizeéhe errorin geometricpositionor constraintviolations,we
classifyerrorsinto oneof ve categoriesaccordingto the magnitudeof theerror. For
position,the cateyoriesare: belov 1 cm, betweenl-10cm, betweenl0-100cmmore
than100cm, andin nity or NaN. For orientationthe catejoriesarebasedn percent-
agesof 2xPI: belov 5%, betweerb-25%, betweer25-50%,above 50%, andin nity
or NaN. The last catgyory for both measureshaws casesvherethe error hasblown
up. Notethatin all casesevery constraintandevery objectpositionwill mapto oneof
thesecateories,evenif thereis anexactmatch(i.e. the positionerroris 0 cm). This
ensureghatwe arealwayscomparingthe samenumberof possibleerrorsfor a given

benchmark.

7.2.1.2 Results

Figure7.2shavstheframerate(primaryaxis,bars)and% framessatis ed(secondary
axis,diamonds¥or QuickStepwith 20iterations(20Iter),QuickStepwith 19iterations
(191ter),FastEstimationwith Error Control(FEEC),FuzzyValuePrediction(fuzzyto
10 ® meters)(FVP6), Exact Value Prediction(EVP), and FEEC with FVP6 (F+F).
FEEChasa dramaticeffect on Environ, Battle, andFight - all threeapplicationsare
ableto completelysatisfytheirframeconstraintsCrashVé andBattleprove especially

dif cult to satisfy Onaverage FEECdramaticallyimprovesperformancever 20Iter
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by 220% with minimal error asdescribedelow. By tradingsomeaccurag for per
formance FEEClowerstherequiredspeedugor parallelsectionsof Battle2from the

84Xto 30X.

Consideringthe hardware overheadof value prediction,this approactseemdess
attractvethanFEECwhenthereareplentyof corecontexts availableto continueto run
physicssimulation.FVP6is ableto seemoreframessatis ed for Fight, but is unable
to helpotherapplications Moreover, FVP6 degradeghe performancef FEECwhen
thesetechniguesreappliedtogetherIn therestof this sectionwe focusontheerrors

generatedby FEEC.

DespiteFEEC's performanceadwantage this samebene t could be obtainedby
usingonly asingleiterationwith Quickstep.Thereforewe needto compareheerrors

seenby FEECto a singleiterationwith Quickstep.

Figure7.3 shavs the error breakdavn for the FEECapproach Resultsareshovn
in agrid of four gures: the rst row of two gures representgeometricerror, andthe
secondrow representgonstrainterror The rst columnrepresentpositionandthe
secondcolumnrepresent®rientation. In each gure, threearchitecturesre shown:
QuickStepwith 19 iterations,QuickStepwith 1 iteration,and FEEC.The gures are
orientedsuchthatthebenchmarksindarchitectureéine up vertically— sothegeomet-

ric andconstrainfpositionerrorsfor CrashVé for Iter19arevertically aligned.

Theseresultsclearly demonstrat¢hat FEECis ableto achiese errorscomparable
to Iter19, sometimegloing betterand sometimesioingworse. In all casesthereare
few caseswherethe computationblows up for eitherlterl9 or FEEC— unlike Iterl
which hasa substantiahumberof the highestclassof errors.Dueto the severeerrors
introducedwith Iterl, its performancalatais meaningles thatimagedatacreated

is notusable.
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7.3 Object-Pair Information

We have shovn thatreal-timephysic'shighdemandor performancés somevhatmiti-
gatedby thefactthatphysics-basesimulationhastremendousmountof parallelism.
Chip multiprocessorONH964 andothermulti-threadedrocessodesignshave the
potentialto exploit this, but certainpartsof physicssimulationaremoreamenablgo

parallelizationthanothers.

In this section,we analyzebroad-phasandnarrav-phasecollision detection.We
proposeand evaluatetwo techniquedo leverageobjectlocality: object-pairbased
branchpredictionandobject-pairtable. The object-pairtabletargetsbroad-phaseol-
lision algorithmswhich requirea completeupdatebetweensimulationstepssuchas
spacialhashing.We considerthe hardware costof sucha schemeandthe impactof

misprediction.

This studymakesuseof 3 benchmark$érom PhysicsBencli.0: CrashVéll, Battle,
andBattle2. Thebehaior of differententity typesaffect collision detectioncomputa-
tion in differentways. Bricks thatmake up walls producestackingbehaior. Humans
representighly articulatedobjects. Projectilesare small, fastmoving objects,and

carsarefastmoving large objects.

7.3.1 Application-Level Correlation and Locality

Intuitively, thelow-level behaior of physicssimulationcodeshouldhave a greatdeal
of locality andcorrelationwith higherlevel applicationconstructs.Motion at a sim-
ulation stepby stepbasisshouldbe smoothandcollisionsbetweerparticularobjects
canpersistacrossmary steps— unlessthey arefrom objectsmoving extremelyfast.
Behavioral locality in the form of temporalcoherencehasbeenshawvn by prior col-

lision detectionwork [LC91, KHM98, LC98, ELO1]. Temporalcoherencealescribes
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the factthatin dynamicernvironments,objectsdo not move large distancedetween

consecutre stepsof physicssimulation,exceptfor objectswith high velocities.

However, suchcollision locality is dif cult to extract by cornventional program
counterbasednethodecaus®f thediversityof objectsusingthe samesetof engine
code.If the notionof higherlevel applicationconstructscanbe communicateaiown

to thearchitecturalevel, new formsof locality andcorrelationcanbe exploited.

To betterdemonstrat¢his notion of locality andcorrelationwith high-level appli-
cation constructswe focus on the collision detectionpart of the physicssimulation

loop, andshov how the notion of object-pairscanbe leveraged

7.3.1.1 Collision Detection

Collision Detectionis awell studiedproblemandanexcellentcollectionof theoryand
availablesoftwarecanbefoundat[GAM]. Thebruteforceapproachio CD wouldbeto
compareeachobjectwith all of theotherobjectswhichresultsin O(NxN) compl«ity,
whereN is thetotal numberof objects. The mostcommonapproacho speedup CD

is to usea two-stepalgorithm[Hub95 composeaf broad-phaseindnarrow-phase

7.3.1.2 Broad-PhaseCD

Broad-phaseefersto the rst stepof CD which ef ciently culls away pairs of ob-
jectsthat cannotpossiblycollide. This stepusesa fastapproximatiorntestto quickly
prune pairs from the total NxN pairs. Most broad-phasenethodsuse hierarchical
boundingvolumes. The objectis enclosednsidea sufciently large volume of sim-
pler shape.This volumeis usedinsteadof the object’s true shapeby broad-phaséor
fast,but approximatecollision detection.Thepairswhich passbroad-phasarepassed

to narrov-phase.
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7.3.1.3 Narrow-PhaseCD

Narrov-phaseCD determineshe exactintersectiorpointsbetweertwo objects.Each
pair's computationaload dependsigni cantly on the geometricpropertiesof the ob-
jectsinvolved,andtheoverall performancas affectedby theability of broad-phaséo

minimizetherequirednumberof comparisons.

A recentstudy [LCF05] examinesthe trade-of of broad-phas@ccurag vs total
computationtime for differentbroad-phasenethods. The resultsshowv that broad-
phaseneedsto be very fast, even at the expenseof generatinga larger numberof
collision pairs becauseof the dependenciebetweennot only broad-phase€CD and

narrov-phaseCD, but alsobetweenCD asawholeandthe forward dynamicsstep.

7.3.1.4 Correlation and Locality Exploration

In asensethebranchesn bothbroad-phasandnarrav-phaseCD areconditionedon
whetheror not the two objectsunderconsideratiorcollide. Broad-phas€D attempts
to Iter out pairsof objectsthat are easilyidenti ed asnot beingableto collide to-
gether Narrov-phaseCD takesthis Itered setof objectpairsanddeterminesvhether

or notthey actuallycollide andwherethe collision occurs.

At theapplicationlevel, therearesomefactorsthatcanbecorrelatedo helpbranch
predictionin CD. For example,objectsthatcollide tendto collide for several physics
simulationsteps,unlessthey aremoving extremelyfast. High level objectsmay also
have repeatedcollision patterns. One simple example would be a humanwalking
whereone foot staysin contactwith the groundfor sometime until the otherfoot
lands,andthe whole procesgepeats.Due to the dynamicnatureof objectsandthe

e xibility inherentin a physicsengine,it is dif cult to capturethislocality entirelyin

software.
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Figure7.4: Narrovphasebranchpredictionrate correlationwith the programcounter

(PC),branchhistory, andhigh-level objects.
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To explorethisfurther, we demonstratbow predictabléhemainconditionalbranches

of narrav-phaseCD arewhencorrelatedwith the PC of the branch,branchhistory,
andthe two objectsbeing compared. Figure 7.4 presentdatafor the threebench-
marksfrom PhysicsBench..0 (CrashVéll, Battle, and Battle2). The y-axisin each
graphrepresentghe branchpredictionaccurag during the execution of the frame
(only countingthe predictionsof correctpathinstructions).Eachframein the execu-
tion of the benchmarkis tracked along the x-axis. We evaluate ve architecturesa
simpleNot Takenpredictor(alwaysguesdranchnot taken),a simple Takenpredictor
(always guessbranchtaken), a gshare[McF93] predictor(PC + History) (16KB), a
Perceptromranchpredictor[JL02] (16KB), andanobject-paimpredictor(16KB). This
latterpredictorcorrelatesvith thebaseaddres®f thetwo objectsunderconsideration.

Theobject-basegredictorclearly outperformsarny otheroptionby a magin.

7.3.2 Branch Prediction for CD

Basedonthebranchcorrelationwith object-pairaddressewe saw in section7.3.1,we
proposeanapproacto leveragethisinformationat thearchitecturdevel andimprove

controlspeculatiorfor collision detection.

7.3.2.1 Object-Pair BasedBranch Prediction

There hasbeenan enormousamountof prior work on branchdirection prediction.
And while scheme$ave addressedorrelatingwith globalbehaior [YP93], reducing
aliasing[McF93, EM98], improving correlation[JL02], or evenfocusingon speci ¢
branchtypes[CHP97], all of thesetechniquegely on information presentn the ar
chitectureto helpmake anaccurateprediction. The majority of approachearebased
on somecombinationof the programcounter(PC) andeitherlocal or global branch

history. All of theseapproacheareorthogonato ourgoal,whichis to improve corre-
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lation andlocality usingapplication-leel informationin the architecture.

We considerindexing a patternhistory table (PHT) - a table of two-bit counters
indicatinga predictionof taken/nottaken- usingthebaseaddres®f thecurrentobject-
pair underconsideration.In collision detection,objectsare comparedn pairs,and
thereforevewill augmenthearchitecturevith two registersto holdthebaseaddresses
in memoryof thetwo objectsunderconsideratiorat any pointin time. Theseregisters
will not be visible to the compiler andtechniquego setthemwill be discussedn

section7.3.2.

While object-paiinformationcorrelatesvell with certaincontroldecisionsit does
not work for others. We mustalso considerhow to avoid usingobject-pairinforma-
tion in caseswvhereit is not helpful. Oneapproachs to leverageexisting con dence
techniquego selectvely usethe object-pairregisteronly in caseswvhereit is useful.
Considemsimplepatternhistorytable(PHT)indexedvia PCandtheobject-pairregis-
ter. Thiscanbeusedin concertwith acorventionalPC-basedPHT. An additionalPHT
canbe usedto selectwhich PHT to usefor a givenprediction,just asin the bi-mode

predictor[LCP97].

7.3.2.2 Loading the Object Registers

While high-level applicationinformation can dramaticallyimprove low-level archi-
tecturalcorrelationandlocality for physicssimulation,the questionremainshow to

communicatehis informationfrom the applicationto the architecture.

The most straightforvard techniqueconceptually would be to augmentthe ISA
with new instructionsthat propagatehigh-level information. The useof specialized
moveinstructionsfor example would allow thecompileror applicationwriter to place

valuesinto the objectregistersor clearthe objectregisters.
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Anotherapproachmight beto leveragethe e xibility of ISA-speci c addresgen-
erationinstructionsfor this purpose. For example,the x86 ISA featuresthe load
effective address (LEA) instruction. LEA is usedto seta registerwith the
valueof anaddresgomputation.Thisaddresgomputatiorcantake theform of ary of
the addressingnodessupportedoy x86. For exampleLEA edx, [esi+4*ebx]
would place4 bytesof dataataddres&£SI+4*EBX into EDX We canusethisinstruc-
tion to setthe objectregisterswith the effective addresscalculatedby LEA. We can
changethe architecturaimplementatiorof LEA sothatin additionto writing to the
registerspeci ed by theinstructionitself, it will alsoimplicitly write to oneof thetwo
objectregisters.Thesyntaxof theeffective addressomputatiorwill determinewhich
of the two will actuallybe written. Note thatwe are not makingthe objectregisters
visible to the compilerwith this approach- the LEA instructionfrom the perspectie

of theISA neednotchangewe aresimply enhancingt in the microarchitecture.

By usinganexisting instruction,we avoid addingopcodedo the ISA, but we may
needto restricttheuseof LEA. ThiscaneitherbeacompleterestrictionwhereLEA is
only usedfor the purposeof settingthe objectregisters,or a partial restrictionwhere

certainaddressingnodesarededicatedor the purposeof settingthe objectregisters.

7.3.3 IncreasingParallelism for CD with the Object Table

High-level applicationinformationcanalsobeleveragedy addingapplication-speci ¢
structuresthat acceleratecertaincomponentf execution. For example, a texture
cachgHG97] is anapplication-speci cstructurethathelpsGPUsachieve higherper

formance. Another exampleis network processorsyhich use content-addressable
memoriedor fastsearche§Ageb]. In this section,we proposeanapplication-speci ¢

structureto addparallelismto collision detection.

To shaw the performanceotentialof decouplingcollision detectionby the useof
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Figure7.5: Battle ExecutionTime Breakdavn for Collision Detection
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Figure7.6: Battle2ExecutionTime Breakdavn for Collision Detection

object-pair Iter , we measuredhe contribtution of bothbroad-phasandnarrav-phase
on collision detections executiontime. Figures7.5,7.6,and7.7 shav the execution
time breakdavn for collisiondetectiorona 2.8 GHz Pentiumd. It is interestingo note
thevariationin the proportionalamountof time spentin broad-phase&ersusnarrowv-
phasefor thesedifferentbenchmarksCollision detectionfor CrashVill is dominated
by theruntimeof narrav-phaseCD, Battleis dominatedy broad-phas€D, andBat-

tle2 is somavhatevenly distributed. Oneway to reducethe overall runtimeof CD is
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Figure7.7: CrashW ExecutionTime Breakdavn for Collision Detection
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to overlapbroad-phasandnarrav-phaseasmuchaspossible.This would allow usto
optimally getatotal CD runtimethatis the maximumlateng of thetwo components.
Sincebroad-phasés effectively atechniqueto Iter thework doneby narrav-phase,
it shouldalsobe possibleto dynamicallybalancehe amountof work doneby eachof

these In therestof thissectionwe will exploreatechniqueo providethisparallelism.

Collision Detection (CD) Physics Simulation Step i-1
’Broad-Phase Stage 1} ® Spatial Partition Data Structure
’Broad-Phase Stage 2} * Filtered Object-Pairs
| Narrow-Phase | o Actual Collisions

\ 4
’ Forward Step { @ New Position + Orientation

Physics Simulation Step i

CcD ¥
’Broad-Phase Stage 1‘

’Broad-Phase Stage 2‘

| Narrow-Phase |

v

] Forward Step \

Figure7.8: Collision Detections Rolein the PhysicsSimulationFlow

Figure7.8shavstheintertaskdependenciefor existing collision detectionmeth-
ods. Both narrav-phaseCD andbroad-phas€D mustwait on the forward dynamics
from the previous step. The forward dynamicsof onesteprelieson the narrav-phase
CD of that samestep— andit cannotform islands(clustersof colliding objects)and
begin theactualphysicssimulationuntil the narrov-phaseCD hascompletedall object
pairs. Narrov-phaseCD dependsn the outputof broad-phas€D. Note thatthis is

shawvn for anarbitrarystepin the calculationof a singleframe— therewould alsobe
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Object-Pair Physics Simulation Step i
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Collision Detection|, 7N Ny W ® Check Pairs from
, ’ : : Last Frame’s
Broad-Phase Stage 1 , Narrow-Phase Primary Broad-Ph
L oa ase
Broad-Phase Stage 2}—>{*"¢2t P4 Narrow-Phase Secondary| e Check Additional
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‘ Frame’s Broad-
Phase
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Figure7.9: Collision DetectionFlow with DecoupledBroad-PhasandNarrov-Phase

informationstreamingrom stepi — 2 to stepi — 1 in the samemannerthatstepi — 1

streamgo stepi.

While differentobject-pairccanperformboundingbox Itering andnarrov-phase
CD in parallel,broad-phasstagel (the updateof spatialpartitioningdatastructures)
is serialwith respecto all othercomponentsThis serialtaskwill represenénincreas-
ingly largeramountof the total executiontime asthe numberof objectsin the virtual
world andthe numberof processorcoreson-dieincreasegor future CMPs. This ob-
senationis con rmed by Luqueet al [LCFO05] — they concludethatbroad-phas€D
mustbedoneasef ciently aspossiblefor goodoverall physicsperformancegvenif it

meansltering fewer objectpairs.

In section7.3.1, we obsened that thereis considerabldocality in CD. One ap-
proachto creatingmore parallelismin CD would be to usetheresultof broad-phase
CD from onestepto feedthe narrav-phaseCD of the next step. Thiswould allow the
broad-phasend narrav-phasecomponent®f CD to be donein parallel. However,

therearetwo problemswith this approachFirst, it is certainlypossiblethatthe result
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of broad-phas€D from a previousstepbeforedoesnotincludeall pairsfrom thecur-
rentresultof broad-phas€D. Narronv-phaseCD only usespairsfrom broad-phaseso
thisis clearlyacorrectnessssuewherewe may missacollision. Therefore we would
like to add a correctionmechanisnthat putsany extra pairs detectedn the current
steps broad-phasé&€D throughnarrov-phaseCD. We will refer to theseextra pairs

thatmustbe doneseriallyasserial narrow-phasecomparisons

Secondtheremaybe pairsthatwerein the previoussteps broad-phaseesultthat
arenotin the currentsteps broad-phaseesult. Becausanarrav-phasewill verify ary
pairsfrom broad-phasehisis notacorrectnesgroblem— but if too mary extra pairs
are added,we may losethe bene t from parallelization. We will referto pairsthat
arein the former steps broad-phas€D resultbut not in the currentsteps resultas

unnecessarparrow-phasecomparisons

Theoverall o w of this new approactto CD is shavnin gure 7.9. We areeffec-
tively decouplingbroad-phas@andnarronv-phaseCD asmuchaspossibleto improve
parallelism. We split narrav-phaseCD into two components:a primary stagethat
handleghe speculatre setof objectpairsfrom the prior steps broad-phas€D anda
secondarystagethathandlesany serialnarrav-phasecomparisonsNote that stepi's
primary stageof narrov-phaseCD is usingstepi — 1's broad-phaseesult. We usea
simple object-pairbuffer to queuepairsfrom onestepto the other— we will discuss
thesizeof thisstructurealittle laterin this section.Stepi's secondargtageof narrov-
phaseCD is usingstepi's broad-phas€D asinput. This broad-phas€D resultcan
potentiallyhave pairsthatwerealreadygivento the primarystageof narrov-phaseCD
—we will call theseredundantharrow-phasecomparisons Redundantomparisons
arenot functionally incorrect,but can potentially negateary performancegain. The
critical componenbf this new approacho CD is how to ef ciently Iter theseredun-

dantnarrav-phasecomparisonst the outputof broad-phas€D. In the diagram,we
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referto thisgenerallyasanobject-pair Iter , butin thenext sectionwe will investigate

aparticulardesignof this Iter .

Note againthat this is shavn for an arbitrary stepin the calculationof a single
frame— therewould alsobe informationstreamingrrom stepi — 2 to stepi — 1 in the
samemannerthatstepi — 1 streamdo stepi. The object-pair Iter would have been

lled from thebroad-phasealculationof stepi — 2. Theinitial stepin aframewould

leverageinformationfrom the laststepof the previousframe.

Figure7.10shavstheincreasen bothunnecessargarrov-phasecomparisonsind
serialnarrav-phasecomparisongor our threebenchmarksThey-axisshavs the per
centincreasean objectpairsrelative to thetotal numberof pairsthatwould have been
passedlirectly from broad-phasén thenormalCD ow (gure 7.8). For all frames

simulatedthis never grows above 4% on average.

To modelthe increasen redundanharrov-phasecomparisonsywe mustconsider
the actualimplementatiorof the object-pair Iter . We could usea software-based-
ter here,but the costof storingall of the objectpairsto memorycouldinterferewith
the locality of otherdatablocks. We insteadproposea hardware structurethat can
efciently lter redundantomparisons.Thesestructuresare mappedinto a special
sectionof memorysothatapplicationsoftwarecanaccesshemdirectly usingcorven-

tional datatransferinstructions.
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Figure7.10: Unnecessarilarrov-PhaseComparisonendNew Object-Riirs
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7.3.3.1 Object-Pair Filter

The object-pair Iter needsto determinefor a given pair of objects,whetheror not
theseobjectshave alreadybeencommunicatedo the narrov-phaseCD. And sogiven

two objectaddresseghe Iter givesayesor no.

Dueto the serialnatureof broad-phas€D, it will be unlikely thatmorethanone
coreon a future CMP will be handlingthis componenbof CD (unlessthe application
containgelatively disjointspaces)Thereforewe will likely only needasingleobject-
pair Iter for the resultsof broad-phaseHowever, this structureis challengingsince
it needgo containa potentiallylarge numberof objects— this may make the useof a

CAM structureexpensve.
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1K 2K 4K 1K 2K 4K :
# Cache Entries # Cache Entries # Cache Entries
Crashvall Battle1 Battle2

Theobject Iter we evaluateis a cache-lile structure(it hasa numberof setsand
anassociatrity), but hasafew differencegrom a corventionalcache First,onamiss,
we do notindex a secondevel structure— whenan objectpair missesn the lter, it
is sentto narrov-phaseCD. Secondwe never evict anything from the Iter until the
endof thecurrentphysicsstep.If werunoutof roomin the Iter , we simply disregard
the objectpairsthatdonot t in the lter. In theworstcase theseobjectpairswill be
processedtvice by narrav-phaseCD. In orderto ensurecorrectnesshesoftwaremust
preventduplicatedobjectpairsfrom creatingmultiple contactsat the samepositions.

Each lter entryonly storesthe two 32-bitaddressesif it is in the Iter, it doesnot
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needto be sentto narrav-phaseCD. If it is notin the lter, it waseithernot sentto

narrav-phaseCD or couldnot t in the Iter, andwill be sentto narrov-phaseCD.

To reducethrashingin the lter, we usetwo lters together Each lter employsa
differenthash,but both Iters have the samenumberof entries. For a pair of object
Iters with n setstheprimary lter takeslognbits from eachobjectaddresandxor's
theseto form the index into the Iter. The secondarylter takes'c”%' bits from each
objectaddressndconcatenatethemto form alogn bit index. Whenthe broad-phase
CD outputis written to the object Iter , we rst usethe primary Iter until the setwe
arewriting to has lled. We donotevict pairsfrom aset,but insteadusethesecondary
Iter to nd analternatve locationto placethe pair. If the correspondingetin the
secondarylter is not full, we write the objectpair to the secondarylter. This helps
to betterdistributethe setsthatheavily thrash.Onanaccesdo the Iter (whenbroad-
phaseCD is determiningwhatto sendto the narrav-phaseCD within its own step),

both Iters arechecledin parallel-eachusingits own hashfunction.

At the endof the step,all Iter entriesareinvalidated,andthe lters arere lled

usingtheobjectbuffer.

Figure7.3.3.1shawvs the performancef our cachewhenvaryingthetotal number

of object-pairgt canhold andthe associatiity of thecache.

7.3.3.2 Further Reductionin Size

A naive implementationof this Iter would store pairs of 32-bit addresse$or each
entry. To reducethe storagerequirementwe can utilize a dictionary table to map
32-bit addresseto a much smallerobjectnumber Now, the dictionarytable stores
all uniqueobjects'32-bit addressesyith theindex of the entry asthe implicit object
number The object-pair Iter thenjust storesa pair of objectnumbersbut requires

translationfrom the 32-bitaddresse® objectnumberdn orderto accesshe lter.
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7.3.3.3 Object-Pair Buffer

The object-pairbuffer needsto be ableto hold incomingobject-pairdor the primary
narrav-phaseCD from thebroad-phas€D of thepreviousstep(see gure 7.9). There
aretwo waysto do thisin a CMP environment: 1) the buffer is distributedamongthe
coresresponsiblegor narrav-phaseCD or 2) the buffer is centralizedat the corere-
sponsibldor broad-phas€D. As mentionedor theobject-pairlter , it is unlikely that
morethanonecorewill bedoingbroad-phas€D. In eitherapproachthe worst-case
numberof object-pairan the exampleswe looked at was1700. This would requirea
total buffer capacityof 14KB. However, thisis a simple FIFO buffer sinceit doesnot

requireCAM logic.
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CHAPTER 8

Conclusionand Futur e Dir ections

Interactve entertainmenapplicationsarerapidly gainingsigni cancefrom bothtech-
nical andeconomicapoint of views. In this dissertationye presenta holistic explo-
rationto accelerat@necorecomponenbf this emeging workload,namelyreal-time
physicssimulationor physicsbasedanimation.Our contributionscanbe cateyorized
into benchmarlkcreation,workload characterizationarchitecturalaccelerationalgo-

rithmic accelerationandarchitecturakxploitation of algorithmicproperties.

To representhis emeging workload, we developedandre ned PhysicsBencha
setof benchmarkgo capturethe compleity and scaleof physicssimulationin in-
teractve entertainmenapplications.The benchmarldesignwasguidedby high-level
physicalactionsandrepresentatie scenario$rom differentgamegenres Benchmarks
areconstructedvith parametergor problem-sizescaling,andwe utilize alarge setof
featuresoften usedfound in theseapplications. PhysicsBencltan be leveragedby
both computerarchitectsand applicationdesignerdo explore hardware or software
optimizations.To supportthe studiesdescribeearlier we have generatedinariesfor

Alpha, MIPS, SFARC, andx86 ISAs.

UsingthePhysicsBenchBuite,we characterizedeal-timephysicssimulation(RTPS)
with simulatorgSimpleScalafBA97], Ptlsim[You], Simics/Gem¢$MCE, MSB], and
SESC[RFTO05) aswell asreal multi-core x86 machines.The suite hasbeenparal-
lelizedusingbothPOSIXthreadsandthe SESCAPI. After comparingo corventional
workloadssuchasSPECandMediaBenchye haveidenti ed RTPSS 5 key differenti-
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atingfactors.First, its real-timeconstrainrequiresconsistenthigh performanceThis
deemscertainpredictive techniquego be ineffective. Second gerrortoleranceallows
incorrectcomputatiorto still producevalid result. Thistoleranceappliesto bothdata-
o w andcontrol- ow operations.Third, signi cant executiontime is spenton serial,
threadparallel (coarse-grain)and dataparallel ( ne-grain) sections. This behaior
suggestsherequirementf optimizingall componentskFourth,thereis tight feedback
betweerdataparallel( ne-grain) andthreadparallel(coarse-grainfomponentsvhich
exposexommunicatiodateng. Finally, RTPShaseasilyidenti able, explicit compu-
tationphasesWhile someof thesefeaturesoverlapwith eitherSPECor MediaBench,

RTPScombineauniquetraitswith differentaspect®f establishedavorkloads.

Basedon the workload characterizatiorwe proposeParallAX, anarchitectureo
sustaininteractve frame ratesfor real-timephysics. The ParallAX architectures a
heterogeneouUSMP designthatfeaturesaggressie coarse-graifCG) coresandarea-
efcient ne-grain (FG) cores.TheCG coresaredesignedvith sufcient, partitioned,
cachespaceo handleboththe serialandcoarsegrain parallelcomponent®f physics
simulation.Thesetof FG coresexploit themassve ne-grain parallelismavailablefor
certaincomponent®f the computation.FG coresshouldbe e xibly mappedto CG
cores,andall coresshouldeitherbe locatedon the samesilicon die or packagedn
separatehipsin a multi-componenimoduleto successfullyoverlapcommunication
and computation.With its high performanceand programmability ParallAX canbe
utilized for otherworkloadswith massve ne-grain parallelismwhile enjoying the

uniqueeconomyof scaleaffordedby interactve entertainment.

As exempli ed by the simulationsfor ParallAX, more active coresper chip in-
creasesheloadon the lowest-level cache.To alleviate cachethrashingfrom parallel
threadsn workloadssuchasphysicssimulation,SPEC,or MediaBenchwe propose

the Performancériven Adaptive Sharing(PDAS) cachedesign.PDAS is ascalable,
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multi-portedNUCA thatdynamicallyallocatests distributedcacheresourceshrough
anintelligent, realizableon-line partitioningstrateyy. We achieze improved partitions
by taking actualperformancento accountratherthanjust the missrate. PDAS guar

anteesa minimum performancédoundfor eachcorewhile pursuinghigh throughput.

While perceptuakrrortoleranceof physicssimulationhasbeenstudied,no prior
work hasaddressedhe evaluationof complex scenesften usedin IE applications.
Usingpreviousperceptuakrrortolerancestudiesof simplerscenessa startingpoint,
we extrapolatefrom theseresultsa methodologyfor evaluationof complex scenes.
This work is the rst to bring togetherthe speculatre perceptuabktudiesof previous
yearsinto a practicalframewvork andevaluatetheir potentialusefulnesslit closesthe
loop betweenperceptualktudiesand practicalapplications. We concludethat total
enegy is the main metric to considerwhen evaluatingthe outputquality of physics
simulation. This study evaluatesthe maximumtolerableerror from three sources:

randomnumericalerrors,precisionreductionerrors,andtime-steptuningerrors.

Furthermore,we proposethe algorithmic optimization of Fast Estimationwith
Error Control (FEEC). FEEC executestwo simulationworlds. While the fast, esti-
mate simulationgeneratesntermediateresultsfor dependensoftware components,
the slow, precisesimulationfeedsaccurateresultsto both simulationworlds at the
end of eachstep. This mechanismallows for the useof intermediateresultswhile

correctingall errorsatthe endof eachstep.

Leveragingour ndings from theworkloadcharacterizatiomndthe perceptuaér-
ror tolerancestudy we proposearchitecturatechniquedo exploit algorithmicprop-
ertiesof the physicsworkload, namelyperceptuakerror toleranceand the notion of
object-pairs.For perceptuakrrortolerancewe evaluatethe effectsof reducedpreci-
sion oating-point computatioron coreareareductionaswell asimproving the effec-

tivenesof trivializationand memoization.With regardto object-pairswe proposea
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object-pairbranchpredictorandthe object-pairtable,anapplicationspeci c structure

to increasehe amountof parallelismfor collision detection.

To summarizethis dissertations an in-depthstudy on the acceleratiorof real-
time physicssimulation. We createdrepresentate benchmarkscharacterizeds be-
havior, proposecdan architectureproposeca methodologyto analyzeperceptuakrror
toleranceanddevelopeda setof architecturabndalgorithmictechniquegor acceler
ation. Givenphysics'overlapof constraint@andbehaiors with othersoftwarecompo-
nents the proposednethodologiesndtechniquesanbeappliedto othercomponents
of IE applications. For example,physics' spatial partitioningfor collision detection
pruningarealsorequiredfor real-timearti cial intelligence(Al) [Ope]andreal-time
ray-tracing(RT) [Wal04]. In addition,the data o w modelrepresentinghe physics

pipelineasshowvn in Figure5.1resembleshoseof Al andRT.

Therearemary directionsto extendthework presentedn this dissertationSome
immediateextensiongancludethe explorationof additionalsoftwarecomponentsuch
asAl or RT, evaluationof precisionreductionon FPUsharingamongcores gvaluation
of object-paircorrelatingbranchpredictor andfuzzy branchrecovery, wherebranch

mispredictionrecovery is avoidedfor selectedcontrol o w decisions.
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