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ABSTRACT OF THE DISSERTATION

Ar chitectural and Algorithmic Accelerationof
Real-Time PhysicsSimulation in

Interacti veEntertainment

by

Thomas Yen-Hsi Yeh
Doctorof Philosophyin ComputerScience

Universityof California,LosAngeles,2007

ProfessorGlennReinman,Co-chair

ProfessorPetrosFaloutsos,Co-chair

Interactive entertainment(IE) applicationsarerapidly gainingsigni�cancefrom both

technicalandeconomicalpointof views. FutureIE applicationswill featureon-the-�y

contentcreationwith largenumberof interactingobjects,intelligentagents,andhigh-

de�nition rendering.Applicationdesignersmustprovide at least30 graphicalframes

persecondto provide theillusion of visualcontinuity. While IE's real-timeconstraint

necessitatesatremendousamountof performance,almostnoacademicattentionin the

architecturecommunityhasbeendirectedat quantifyingthe needsof this emerging

workload.

In this dissertation,we focuson the accelerationof onecorecomponentof this

emerging workload, namely real-time physicssimulation or physicsbasedanima-

tion (PBA). Ourholisticapproachto accelerationspansbenchmarkcreation,workload

characterization,architecturalacceleration,algorithmicacceleration,andarchitectural

exploitationof algorithmicproperties.

To representthisemergingworkload,wedevelopedPhysicsBench,asetof bench-

xvii



marks to capturethe complexity and scaleof PBA in IE applications. Using the

PhysicsBenchsuite, we characterizedthe workload to identify its key differentiat-

ing factors. Basedon the characterization,we proposeParallAX, an architectureto

sustaininteractive frame ratesfor real-timephysics. The ParallAX architectureis

a heterogeneouschip-multiprocessorthat featuresaggressive coarse-graincoresand

area-ef�cient �ne-grain cores.Scalingthe numberof active coresper chip increases

the loadon the lowest-level cache.To alleviatecachethrashing,we proposethePer-

formanceDrivenAdaptive Sharing(PDAS) cachedesign.PDAS is a scalable,multi-

portedNUCA that dynamicallyallocatesits distributedcacheresourcesthroughan

intelligent,realizableon-linepartitioningstrategy.

In additionto parallelism,thehumanperceptionerror tolerancecanalsobelever-

agedfor performancein PBA. Usingprior studiesof simplerscenesasastartingpoint,

we extrapolatea methodologyfor evaluatingthe tolerableerror of complex scenes.

Leveragingthe�ndings from thesestudies,weproposearchitecturaltechniquesto ex-

ploit algorithmicpropertiesof PBA, namelyperceptualerrortoleranceandthenotion

of object-pairs.

To summarize,this dissertationis an in-depthstudyon the accelerationof real-

time physicssimulation.Givenphysics'similarity to othersoftwarecomponents,our

proposedmethodologiesandtechniquescanbe appliedto many areaswithin the IE

space.
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CHAPTER 1

Intr oduction and Moti vation

1.1 The Emerging Workload of Interactive Entertainment

Interactive entertainment(IE) hasgrown to a substantialindustry. Accordingto the

EntertainmentSoftwareAssociation[CS], IE softwaregenerates$10.3billion in di-

rectsalesperyearand$7.8billion in complementaryproducts.Videogamesarethe

predominantform of interactiveentertainment,andhavedrivenmassdemandfor high-

performancecomputing.Gamingsustainstheeconomyof scalefor CPUandGPUde-

velopmentwhich �nancesresearchanddevelopment,impactingtheentirecomputing

industry. Sixty-ninepercentof theheadsof Americanhouseholdsplay gamesandthe

currentaveragegameplayerageis 33 [ESA].

Beyondpureentertainment,interactivegamingis beingleveragedfor usein educa-

tion, training,health,andpublicpolicy [Ini ]. Oneinterestingexampleis theAmerica's

Army game,createdby the United StatesArmy for civilians to experiencelife asa

soldier[Arm]. Othercreative usesincludemedicalscreening,�tness promotion,and

hazmattraining. Recently, gamingsoftwareresearchhasbeenintegratedinto thecur-

riculumof variousprestigiousuniversities.Interactiveentertainmentis evolving into a

powerful mediumfor futuregenerationsto experience[ESA].

Despitethesocial,economic,andtechnicalimportanceof gamingsoftware,there

hasbeenvery little academiceffort to quantifygame's behavior andneeds.Thelatest

generationof game-consoles(Sony PlayStation3 [CNE], Microsoft Xbox 360[360],

1



and NintendoRevolution [Rev]) shows a broad spectrumof designsaimed at the

sameworkload. Differing designchoicesinclude the programmingmodel, number

of threads,typeof chip-multiprocessor, orderof execution,andcomplexity of branch

prediction.Surprisingly, all threedrasticallydifferentprocessordesignswerecreated

by thesamecompany.

1.2 Software Components of Interactive Entertainment Applica-

tions

Froma technicalperspective, futuregameswill becomputationallyintensiveapplica-

tionsthatinvolvevariouscomputationtasks[Kel]: arti�cial intelligence,physicssim-

ulation, motion synthesis,scenedatabasequery, networking, graphics,audio,video,

I/O, OS,tactilefeedback,andgeneralpurposegameenginecode.Theinterdependen-

ciesof thesecomponentsareillustratedin Figure1.1basedoninformationfrom [Kel].

In orderto provide smoothgame-play, gaminghardware is requiredto completeall

tasksundertheir respectivereal-timeconstraints.Thediversecomputationaltasksthat

couldcomposefuturegameswill challengefuturesystemarchitectsto achievetheper-

formanceconstraintsof thesegames.As demandschange,the algorithmsemployed

in gamesarecontinuouslybeingre�ned, furtherincreasingcomputationdemandsinto

theforeseeablefuture.

Real-timephysicssimulationandarti�cial intelligenceareconsideredthetop two

areasfor dramaticallyenhancinguserexperienceof futureIE applications.Bothcom-

ponentsenableon-linecontentcreationby dynamicallygeneratinggame-playcontent.

This characteristicoffers both substantialadvantagesaswell asdisadvantages.Dy-

namiccontentallows for open-endeduniqueuserexperienceswhile reducingproduc-

tion costsin theform of programmersstaticallycodingpossiblescenarios.However,
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Figure1.1: SoftwareComponentsof InteractiveEntertainmentApplications.
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it resultsin signi�cant increaseof hardwareperformancerequirementaswell asveri-

�cation complexity.

While thelaws which governphysicalbehavior arewell understoodandmodeled,

gamingarti�cial intelligence(AI) covers a wide rangeof tasksand is currently an

activeareaof researchfor theAI community[LL00, YFR06]. Thecollision detection

componentof physicssimulationis alsoa maincomponentfor AI taskssuchaslocal

steering[Ope]. Therefore,we focuson thesoftwarecomponentof real-timephysics

simulation.

Theresearchgoalof thisdissertationis to determinehow to bestmeetthecompute

demandsof real-timephysicssimulationfor future gamingworkloads. With proper

benchmarkingandcharacterization,we proposeandevaluatenovel architecturaland

algorithmicaccelerationtechniques.

1.3 Contributions

• Real-TimePhysicsBenchmarking:PhysicsBench1.0and2.0

• PhysicsWorkloadCharacterization

• ParallAX: Architecturefor PhysicsAcceleration

• Performance-DrivenAdaptiveSharingCache

• Evaluationof PerceptualErrorTolerancefor Complex Scenarios

• PrecisionReductionin FPUDesignfor CMPs

• FastEstimationwith ErrorControl

• FuzzyValuePrediction

• Object-Pair Filter

4



1.4 Overview

This dissertationis organizedasfollows. Chapter2 presentsbackgroundinformation

on real-timephysicssimulation. Prior work on both software physicsenginesand

hardwareacceleratorsarediscussedin Chapter3, andtheworkloadcharacterizationis

in Chapter4. Chapter5 presentsarchitecturalcontributionsfor acceleratingphysics

simulation. Theseincludeboth ParallAX, a heterogeneousCMP architectureto ac-

celeratephysicssimulation,andPDAS, a performance-drivenadaptivesharingcache.

Chapter6 detailspurealgorithmiccontributionsin the �eld of real-timephysicssim-

ulations.In Chapter7, contributionsin hybrid techniqueswhich leveragealgorithmic

propertiesfor architecturalaccelerationarepresented.Finally, theconclusionandfu-

turedirectionsarepresentedin Chapter8.
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CHAPTER 2

Background

Beforediscussingthedetailsof ourwork,wedescribethekey backgroundinformation

on real-timephysicssimulation.

In theearlydaysof the interactive entertainmentindustry, virtual characterswere

heavily simpli�ed, crudepolygonalmodels.Thescenariosin which they participated

werealsosimple,requiringthemto performsmall setsof simpleactions.Therecent

advancesin graphicshardware and software techniqueshave resultedin nearcine-

maticquality imagesfor entertainmentapplicationssuchasAssassin's Creed, Heav-

enlySword, Motor Storm, Gears of War, World of Warcraft andCrysis.

Theunprecedentedlevelsof visualquality andcomplexity in turn requirehigh �-

delity animation.To achievehigh �delity animation,moderninteractiveentertainment

applicationshave startedto incorporatenew techniquesinto their motion synthesis

engines.Amongthem,physics-basedsimulationis oneof themostpromisingoptions.

2.1 Kinematics vs Physics

Thecurrentstate-of-the-artin motionsynthesisfor interactive entertainmentapplica-

tions is predominantlybasedon kinematictechniques.Themotionof all objectsand

charactersin a virtual world is derivedprocedurallyor from a convex setof parame-

terizedrecordedmotions. Suchtechniquesoffer absolutecontrol over the motion of

theanimatedobjectsandarefairly ef�cient to compute.However, themorecomplex
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thevirtual charactersarethelargerthesetsof recordedmotionswill be. For themost

complex virtual characters,it is impracticalto recordtheentiresetof possiblemotions

thattheir realcounterpartscando.

Physics-basedsimulationis analternative approachto themotionsynthesisprob-

lem. It computesthemotionof virtual objectsby numericallysimulatingthe laws of

physics.Thus,it supportsunpredictable,non-prescribedinteractionbetweenobjects

in the most generalpossibleway. Physics-basedsimulationprovidesphysicalreal-

ism andautomatedmotion calculation,but hasgreatercomputationalcost,dif�culty

in objectcontrol,andpotentiallyunstableresults.

Realism: The laws of physicsoffer the mostgeneralconstraintover the motion.

Not only do they guaranteerealisticmotion,but they alsoavoid repetition.Any varia-

tion in theinitial conditions(i.e. contactpoints)will producea differentmotion. In a

sense,thesetof possibleactionsis aslargeasthedomainof theinitial conditions,and

not restrictedto asmallsetof recordedmotions.

Automation: Oncetheequationsof motionareprovidedfor eachobjectin avirtual

world, motioncanbecomputedautomaticallybasedontheappliedforcesandtorques.

Control: The laws of physicsspecify how objectsmove underthe in�uence of

appliedforcesandtorques.However, they do not specifywhattheforcesandtorques

shouldbe in orderto achieve a desiredaction. That is a separateproblemwhich can

be very complex for dynamicallybalancedcharacterssuchasvirtual humans.This

problemis out of thescopeof ourwork.

Stability: The numericalmethodsthat simulationusesto solve the equationsof

motioncanbecomeunstableundercertaincircumstances.However, therearea lot of

methodsthathave beendevelopedto dealwith this problem.Of particularinterestto

entertainmentapplicationsaremethodsthat tradeoff accuracy for stability. This is a

key issuethatweexploit lateron.
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2.2 Types of Physical Simulation

Simulationin IE applicationscanbe categorizedbasedon the objectsand the type

of phenomenathat we are most interestedin simulating. They typically fall in the

following 5 categories:

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

neglected[Bar97]

2. Cloth: cloth mesh simulated as point massesconnected via distance

constraints[CK02, BW98]

3. Explosion: suspendedparticleexplosions[FOA03]

4. Fluid: smoothedparticlehydrodynamics,massdistributedaroundapoint[FL04,

MTP04]

5. Hair: geometricmodelof hairsusingvector�elds [CJY02]

Thisdissertationfocuseson RigidBody, Cloth, andExplosion.

2.3 High Level Characteristics of the Simulation Load

All typesof simulationhavecertaincharacteristicsthatareuniqueto thedomainof IE

applications.Ef�ciency is crucialin interactiveentertainment:eachframeof animation

mustbe computedat a minimum rateof approximately30 framespersecond.For a

frameto becomputedall thenecessarycomponentsof theapplicationmustcomplete

within a fractionof this framerate.

Stability is alsocritical to creatinga realisticenvironment.Thesimulationshould

not numericallyexplodeunderany circumstances.However, while it is importantthat
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actionshave a visually believableoutcomeanddo not violateany constraintsplaced

on theobjectsof thesimulation(i.e. bonesbending,walking throughwalls), interac-

tive entertainmentapplicationsgenerallyhave looserrequirementson accuracy than

mostscienti�c applications.Recentresearchin animation[HRP04b,RP03a] hasactu-

ally studiedandquanti�ed errorsthatarevisually imperceptible.For instance,length

changesbelow 2.7% cannotbe perceived by an averageobserver[HRP04b]while

changesof over 20% areallwaysvisible. The acceptableboundson errorsincrease

with sceneclutterandhigh-speedmotions[HRP04b].

Thephysicsloadof interactive entertainmentapplicationshascertainuniquefea-

tures. First, it seemsto be distributed. For mostscenesthat depict realisticevents,

therearemany thingshappeningsimultaneouslybut independentlyof eachother.

Thisdistributednatureof thephysicsloadcanbeexploitedto reducethecomplex-

ity of theunderlyingsolversandallowsfor parallelexecution.Second,thephysicsload

seemsto besparse. Numericalsolversanddynamicformulationscanexploit sparsity

to improvecomputationalef�ciency. Third, sincetheapplicationsareinteractivethere

is usuallya humanviewer/userinvolved. Therefore,theapplicationinherentlytoler-

ateserrorsthatthehumanusercannotperceive.

In summary, thephysicsloadspeci�cally asit appliesto interactiveentertainment

applicationsseemsto be distributed, sparse, and error-tolerant. At the sametime,

suchapplicationsrequireef�ciency, andstability for which they cantradeoff accu-

racy. Basedon theseconsiderations,we usethe OpenDynamicEngine[Eng] asa

representativephysics-basedsimulatorfor interactiveentertainmentapplications.
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2.4 Open Dynamics Engine Algorithmic Load

TheOpenDynamicsEnginefollowsa constraint-basedapproachfor modelingarticu-

lated�gures, similar to [Bar97]. ODEis designedwith ef�ciency ratherthanaccuracy

in mind andit is particularlytunedto thecharacteristicsof constrainedrigid bodydy-

namicssimulation. A typical applicationthatusesODE hasthe following high level

algorithmicstructure:

1. Createadynamicsworld.

2. Createbodiesin thedynamicsworld.

3. Setthestate(positionandvelocities)of all bodies.

4. Createthejoints (constraints)thatconnectbodies.

5. Createacollisionworld andcollisiongeometryobjects.

6. While (time < timemax)

(a) Apply forcesto thebodiesasnecessary.

(b) Call collisiondetection.

(c) Createacontactjoint for everycollisionpoint,andputit in thecontactjoint group.

(d) Take a forwardsimulationstep.

(e) Removeall joints in thecontactjoint group.

(f) Advancethetime: time = time + Dt

7. End.

Thecomputationalloadof a simulationis de�ned by two maincomponents:Col-

lision Detection, (b), andtheforward dynamicsstep, (d). Finergranularitydistinction

betweencomputationphaseswill beexploredlater.
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Collision Detection Collision detection(CD) usesgeometricalapproachesto iden-

tify bodiesthatarein contactandgenerateappropriatecontactpoints.A spacein CD

containsgeometricobjectsthatrepresenttheoutlineof rigid bodies[Eng]. Spacesare

usedto acceleratecollision detectionby allowing the removal of certainobjectpairs

thatwould resultin uselesstests.

Collisiondetectiondependssigni�cantly onthegeometricpropertiesof theobjects

involved.ODE supportscontactbetweenstandardshapessuchasboxes,spheres,and

cylinders,andalsoarbitrarytrianglemeshes.Thecontactresolutionmoduleof ODE

supportsboth instantaneouscollisionsandrestingcontactwith friction. High speed

collisionscanberesolvedevenat coarsetime steps.In suchcases,thecollision may

producepenetratingcon�gurations. However, a nice featureof ODE is that thepen-

etrationwill be eliminatedafter a shortnumberof steps. Suchfeaturesmake ODE

especiallysuitablefor interactiveapplications.

Forward DynamicsStep Thesimulatortakesa forwardstepin time by computing

theconstraintforcesthatmaintainthestructureof theobjectsandthatsatisfythecolli-

sionconstraintsproducedby collisiondetection.This is oneof themostexpensivepart

of thesimulatorandrequiresthesolutionof a Linear ComplementaryProblem(LCP).

ODEofferstwo waysof solvingtheLCPsystemfor theconstraintforces:anaccurate

andexpensive onebasedon a big-matrix approach(the so callednormal step), and

a lessaccurateapproachcalledquick stepthat iteratively solvesa numberof much

smallerLCP problems.Their respectivecomplexitiesareO(m3) andO(m× i), where

m is the total numberof constraintsand i is the numberof iterations,typically 20.

For any sceneof averagecomplexity the iterative (quick-step)approachfar outper-

forms the big-matrix approach.IE applications'tolerancefor lower accuracy is one

maincharacteristicthatwe canleveragefor performance.By usingthequick step, we

enablemassive parallelizationfor the constraintsolver asdescribedin the �ne-grain
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parallelismsection.

ODE's integratortrade-offs accuracy for ef�ciency andallowsrelatively high time

steps,evenin situationswith multiplehighspeedcollisions.Thekey parameterhereis

the integrationtime stepwhich, for a �x ed-stepintegrator, relatesdirectly to thetime

stepof thesimulationDt. Typical valuesrangefrom 0.01to 0.03.

In thephysicsintegrationcomputation,theconceptof anislandis analogousto the

spacein theabovediscussiononCD.Theislandconceptis de�nedasagroupof bodies

that cannot be pulled apart[Eng], which meansthat therearejoints interconnecting

thesebodies.Eachislandof bodiesis computedindependentlyfrom otherislandsby

thephysicsengine.

Thecomputationdemandis affectedsigni�cantly by thenumberandthecomplex-

ity of islandsduringonesimulationstep.Thecomplexity of anislandcanbequanti�ed

by thenumberof objectsalongwith thenumberandcomplexity of theinterconnecting

joints. Thecomplexity of a joint is characterizedby thedegreesof freedom(DoF) it

removesaslistedin thefollowing table:

Joint Ball Hinge Slider Contact Universal Fixed

DoF Removed 3 5 (4) 5 1 4 6

The formationof an islandhasdifferenttemporalbehaviors. Somepersistfor a

longtimewhile othersconstantlychangebetweeneachintegrationstep.Thisbehavior

contributesto thevariancein computationdemandsby theengine.
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CHAPTER 3

Prior Work

Thereis little work directly relatedto interactiveentertainment(IE) in thearchitecture

community. In this chapter, prior work on IE benchmarking,hardwareacceleration,

andperceptualerrortoleranceis presented.Throughoutthedissertation,discussionof

contributionswill includeadditionalrelatedwork speci�c to eachcontribution.

3.1 Benchmarking

At the startof the projectdetailedin this dissertation,no benchmarksfor real-time

physicssimulationexisted. Sincethen, AGEIA Technologiesjoined Futuremark's

3DMarkBenchmarkDevelopmentProgramto includetwo complex game-likescenar-

iosin 3DMark06[3DM]. While thesebenchmarkssupportmulti-threadandmulti-core

architectures,thelackof sourcecodehampersin deptharchitecturalstudies.

[MWG04] comparedtheperformancecounterstatisticsof a singlesecondexecu-

tion betweentwo �rst personshootergamesto musicandvideoplaybackapplications.

This work shows thedifferencebetweengamingandmultimediaapplicationsdueto

game'scontentcreationtasks,andpointsto chipmultiprocessors(CMP) [ONH96a] as

apromisingapproachto providing performance.

PhysicsEngines Physicsenginesaresoftware librariesthat enablerigid body dy-

namicssimulation. [SR06] comparesthreephysicsengines,namelyODE, Newton,
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andNovodex. Differentenginesmaysupportdifferenttypesof physicssimulationand

solveralgorithms.Below is thelist of prominentenginescurrentlyon themarket:

1. Commercial:AGEIA [agea]andHavok [Hava]

2. Open-source:ODE [Eng]

3. Free,close-source:Newton [New] andTokamak[Tok]

BothAGEIA [agea]andHavok [Havb] provide theirown proprietarySDKs.Open

DynamicsEngine(ODE) [Eng] is the most popularopen-sourcealternative. It has

beenusedin commercialsettings,andprovidesAPIsandnumericaltechniquessimilar

in natureto proprietaryengines.ODE is thebasisof ourphysicsengine.

3.2 Hardware Physics Accelerators

The MDGRAPE-3 chip by RIKEN [Tai04] and the PhysX chip by AGEIA [agea]

arecurrentlythe only dedicatedphysicssimulationacceleratordesigns.While MD-

GRAPE targetscomputationalphysics,PhysX targetsreal-timephysicsfor games.

Bothdesignsareplacedonacceleratorboardswhich connectto thehostCPUthrough

a systembus. PhysX's architecturaldesignis not public,andMD-GRAPE's designis

speci�c to computingforcesfor moleculardynamicsandastrophysicalN-bodysimu-

lationswith limited programmability.

Two othercloselyrelatedbodiesof prior work arevectorprocessing[HP96] and

streamcomputation[LMT04, KRD03].

Vector Processing. Themassiveparallelismavailablein real-timephysicshintsat

the use of vector processorslike VIRAM [KPP97], Tarantula [EAE02], and

CODE [KP03]. VIRAM[KP02] hasachieved an order of magnitudeperformance
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improvementon certainmultimediabenchmarks.However, conventionalvectorar-

chitecturesareconstrained[KP03] by limitations like thecomplexity of a centralized

register�le, thedif�culty to implementpreciseexceptions,andtherequirementof an

expensive on-chipmemorysystem.Most importantly, thephysicsworkloadrequires

tremendousspeedupthatnecessitatesmassiveparallelexecution.While CODEis scal-

ableby increasingclustersandlanes,the datashows a plateauat eight clusterswith

eightlanes,andthecache-lessCODEcannotsatisfyourmeasuredphysicsworkload.

Stream Computation. Streamarchitectures(SAs) aim to enableASIC-like per-

formanceef�ciency while beingprogrammablewith a high-level language.Stream

programsexpresscomputationasa signal�o w graphwith streamsof records�o wing

betweencomputationkernels.While abroadrangeof designspopulatethis space,the

high-level characteristicsof SAsaredescribedin [LMT04].

TheStreamVirtual Machine(SVM) architecturemodellogically consistsof three

executionenginesandthreestoragestructures.Theexecutionenginesincludea con-

trol processor, kernelprocessor, andDMA. Thestoragestructuresarelocal registers,

localmemory, andglobalmemory. TheSVM mitigatestheengineeringcomplexity of

developingnew streamlanguagesor architecturesby enablinga 2-level compilation

approach.Relateddesignsin this spaceincludeIBM' s Cell, GPUs,andtheXbox360

system.

IBM' sCell [Hof05] consistsof onegeneralpurposePowerPCcore(PPE)andeight

applicationspeci�c streamingengines(SPE)– all connectedby aring of on-chipinter-

connect(EIB). AlthoughtheCell's programmingmodelis describedascellularcom-

puting,thedesigncanbeincludedin thebroadspaceof streamingcomputation.The

PPEis a64-bit,2-waySMT, in-orderexecutionPowerPCdesignwith 32KB L1 caches

anda 512KB L2 cache.TheSPEsareRISCcoreseachwith 128128-bitSIMD reg-

isters,customizedSIMD instructions,and256KB local privatememory. SPEsarenot
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ISA compatiblewith conventionalPowerPCcores.HeterogeneousCMPdesignssuch

astheCell areableto target thebesttaskspeci�c performanceusingdifferentcores.

The PPEtargetscontrol intensive taskssuchasthe OS andtheSPEstarget compute

intensivetasks.However, accordingto ourexploration,boththePPEandSPEdesigns

arenot optimalfor physicscomputation.Serialcomponents'performanceon thePPE

will takeasigni�cant amountof eachframe's time,andtheSPE'scomplexity prevents

theplacementof the requirednumberof coresto achieve 30 FPS.This maybe a re-

sult of thefact that theCell is designedto executeall componentsof a game,not just

physicssimulation.

The GraphicsProcessingUnit (GPU) [PF05] is anotherdesignpoint within the

streamingarchitecturespace.GPUsarespecializedhardwarecoresdesignedto accel-

eraterenderinganddisplay. While Havok's FX allows effect physicssimulationon

GPUs,GPUsaredesignedto maximizethroughputfrom thegraphicscardto thedis-

play– datathatentersthepipelineandtheresultsof intermediatecomputationscannot

be easilyaccessedby the CPU.Furthermore,the hostCPU is connectedto the GPU

via a systembus. This communicationlatency is problematicfor physicssimulation

working in a continuousfeedbackloop. This may be one reasonwhy Havok's FX

only enableseffect physicsandnot game-playphysics.This limitation is alleviatedin

theXbox360system[AB06], which combinesa 3-coreCMP andGPUshaders.This

systemallows the GPU to readfrom the FSB ratherthanmain memoryandL2 data

compressionreducestherequiredbandwidth.

3.3 Perceptual Error Tolerance

Thissectionreviews therelevantliteraturein theareaof perceptualerrortolerance.
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3.3.1 PerceptualBelievability

[OHM04] is a 2004stateof the art survey reporton the �eld of perceptualadaptive

techniquesproposedin thegraphicscommunity. Therearesix maincategoriesof such

techniques:interactivegraphics,image�delity , animation,virtual environments,visu-

alizationandnon-photorealisticrendering.This dissertationfocuseson theanimation

category. Giventhecomprehensive coverageof this prior survey paper, we will only

presentprior work mostrelatedto our work andpoint thereaderto [OHM04] for ad-

ditional information.

[BHW96] is creditedwith the introductionof the plausiblesimulationconcept,

and[CF00] built uponthis ideato developa schemefor samplingplausiblesolutions.

[ODG03]is arecentpaperuponwhichwebasemostof ourperceptualmetrics.For the

metricsexaminedin thispaper, theauthorsexperimentallyarriveatthresholdsfor high

probabilityof userbelievability. Then,a probability function is developedto capture

theeffectsof differentmetrics. This paperonly usessimplescenarioswith 2 objects

colliding for clinical trials.

[HRP04a] is astudyon thevisualtoleranceof lengtheningor shorteningof human

limbsdueto constrainterrorsproducedby physicssimulation.Wederivethethreshold

for constrainterrorfrom thispaper.

[RP03b] is a studyon the visual toleranceof ballistic motion for characterani-

mation. Errors in horizonalvelocity werefound to be moredetectablethanvertical

velocity, andaddedaccelerationswereeasierto detectthanaddeddeceleration.

In general,prior work hasfocusedon simplescenariosin isolation(involving 2

colliding objects,ahumanjumping,humanarm/footmovement,etc). Isolatedspecial

casesallow us to seetheeffect of instantaneousphenomena,suchascollisions,over

time. In addition, they allow apriori knowledgeof the correctmotion which serves
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asthe baselinefor exacterror comparisons.Complex casesdo not offer that luxury.

On theotherhand,in complex cases,suchasmultiple simultaneouscollisions,errors

becomedif�cult to detectand,mayin factcancelout.

3.3.2 Simulation believability

Chapter4 of [SR06] comparesthreephysicsengines,namelyODE, Newton, and

Novodex, by conductingperformancetestson friction, gyroscopicforces,bounce,

constraints,accuracy, scalability, stability, andenergy conservation. All testsshow

signi�cant differencesbetweenthe three engines,and the enginechoice will pro-

ducedifferentsimulationresultswith the sameinitial conditions. Even without any

error-injection, thereis no singlecorrect simulationfor real-timephysicssimulation

in gamesasthealgorithmsareoptimizedfor speedratherthanaccuracy.
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CHAPTER 4

Workload Characterization

This chaptercovers our initial characterizationof the real-timephysicssimulation

workload.

4.1 PhysicsBench 1.0

In order to suggestarchitecturalimprovementsto enablefuture applications'useof

real-timephysicssimulation,the workloadcharacterizationof real-timephysicsen-

ginekernelis required.Due to the lack of prior work, this involvesthecreationof a

representative suiteof benchmarksthatcoversa wide rangeof commonsituationsin

interactiveentertainmentapplications.Wehavecreatedtwo versionsof PhysicsBench.

This sectioncoversthedetailsandreasoningin creatingPhysicsBench1.0. Our �rst

passon PhysicsBenchtakesa bottom-upapproachandfocuseson parametersthataf-

fect the computationload. The latestversion,PhysicsBench2.0, is describedin the

next chapter.

High Level Considerations PhysicsBenchcoversa wide rangeof typical IE situa-

tionsthat involveobjectinteraction.Our scenariosinclude�ghting humans,objectto

humancollisions,objectto objectcollisions,explodingstructures,andfairly complex

battlescenes.Our benchmarksaredesignedto test the scalabilityof the simulation

both in termsof theobjectsthat interactwith eachothersimultaneously, for example
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stacking,andin independentgroups,for examplea largebattlescene.

Thebenchmarksrepresentscenesof realisticcomplexity (interactions)but notnec-

essarilyrealisticmotions.Thevisualrepresentationof theobjectsin asceneshow the

geometriesusedfor collisionsnot theonesusedfor visualdisplay. We areonly inter-

estedin thesimulationload,not thegraphicsload.

While thebenchmarksbelow coverawide rangeof representativescenarios,more

complex situationscanbe constructedby mixing multiple benchmarksasshown be-

low. Becauseof thedistributednatureof the physicsload asit appliesto interactive

entertainmentapplications,thecombinedcomputationalloadcanberoughlyextrapo-

latedfrom theresultsof theindividualscenarios.

World

Physics Collision Detection

# of Islands Island Complexity Temporal Behavior Accuracy # of Spaces Space Complexity Inter-Space Comm

Objects

Joints

Joint Type

Space Type

GeomType

Figure4.1: ParametersAffectingComputationLoad.

Computation Load As describedpreviously, thephysicssimulationengineis com-

posedof two majordependentcomponents:collisiondetectionandforward dynamics

step. Collision detectiondeterminesall contactpointsandcreatesjoints to modelthe

impulseforcesgenerated.Then,the bodiesalongwith thesecontactjoints arecom-

putedto determinethenew positions.Within eachcomponent,therearea numberof

factorsthat affect the computationload. The high-level chart4.1 capturesthe most

signi�cant parameters.

Benchmarks The benchmarksinvolve virtual humans,cars,tanks,walls andpro-

jectiles.Thevirtual humansareof anthropomorphicdimensionsandmassproperties.
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Eachcharacterconsistsof 16 segments(bones)connectedwith idealizedjoints that

allow movementsimilar to their real world counterpart.The car consistsof a single

rigid bodyandfour wheelsthat canrotatearoundtheir main axis. Four slider joints

modelthesuspensionat thewheels.Thewalls aremodeledwith blocksof light con-

crete. The projectilesaresinglebodieswith spherical,cylindrical or box geometry.

In all benchmarks,thesimulatoris con�guredto resolvecollisionsandrestingcontact

with friction. Table4.1summarizesthequantitativedifferencesbetweenbenchmarks.

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

CarCrashSk x100 300,100,220,64 100

BattleI 120,2, 93,18 3

Fight 10,7, 8, 1.1 1,10

BattleII 156,113,134,18 1,15

Table4.1: ParametersAffectingComputationLoad.

Thebenchmarksareasfollows:

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

in parallelthencollide. Oneof thecarsgoesoverawoodenramp.

• 10-Cars:Ten carsdriving - to get a senseof how the load changeswith scale,

weextendthetwo-carscenarioto tencars.

• CrashSk:Carcrashingon two people- a carwith four wheelscrashinginto two

16-bonevirtual humans.

• CrashWa: Extreme-speedCarcrashingonwall, tankshootingprojectiles- ahigh

speedcar (velocity 200Mph)crashinginto a wall, while a tank shootsvarying
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Figure4.2: Benchmarks2-Cars,100CrSk,Fight,andBattle2from top to bottom.Imagesin rasterorder.
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shapeprojectilestowardsthewall. Thewall consistsof alargenumberof blocks.

• Environ: Complex environmentscenewith wall, tank,car, monster, andprojec-

tiles Similar to previous benchmark.Addition of tank �ring projectilesanda

centipedemonster.

• 100CrSk:Carcrashingon two peoplereplicated100times- replicatetheprevi-

ousscenario100times.

• Battle: BattlesceneI - Onegroupof 10 humanoidsattackedby tank. 2 groups

of 4 and6 humanoidscrashinginto eachother.

• Fight: FightingScene,2 groupsof 5 humanoids- two groupsof � vehumanoids

thatcomein contactin pairsandeventuallyform anumberof piles.

• Battle2:BattlesceneII - arelativecomplex battlescene.A tankis behindthefar

wall shootingprojectilesin differentdirections.A carcrasheson theright wall

while two groupsof � ve peopleare �ghting inside the compound.The walls

eventuallygetdestroyedandfall on thepeople.

Thesescenarioscancapturecomplex interactions.The computationalload of 2-

Cars, for example,relatesto a wide rangeof two objectsinteractionsthatarisein in-

teractive entertainmentapplications.Theseincluderacinggames,airplanesthatcrash

in midair, rocketandplanecollision, tank-to-tankcollisionandevensimpleshipscol-

liding. Fight capturesthecomputationalcomplexity of a wide rangeof humangroup

activities that involve progressive interactionsuchasaction,sportsgamesandurban

simulationscenes.
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4.2 Characterization

We have describedtheuniquecharacteristicsof real-timephysicssimulation.To fur-

thersupportour claims,we compareandcontrastPhysicsBenchto graphics,embed-

ded, andscienti�c applicationsat the algorithm level. Then, we presenta detailed

characterizationof PhysicsBenchandconsiderpossibletechniquesto accelerateper-

formance.TheAlpha ISA wasusedfor thedatapresentedin thissection.

ComparisonAgainst Other Workloads A graphicsworkloadincludesthecompu-

tationsneededto draw asingleframeafterall motionparametershavebeencomputed

andappliedto theassociatedgraphicsprimitives(objectgeometries).For interactive

entertainmentapplicationsall geometricprimitivesareapproximatedwith polygonal

meshesand most often meshesof quadrilateralsor triangles. To producethe �nal

image,all polygonsgo througha setof well de�ned stagesthat include: geometric

transformations,lighting calculations,clipping, projections,and�nally rasterization.

Most of thesestagesperformcalculationsbasedon a polygon's vertices.Eachvertex

is de�ned by four �oating point numbers.All of thesestagestreateachpolygoninde-

pendentlyof theothers.For realisticscenes,therearethousandsof polygonsinvolved.

Thereforethetypical graphicsloadis highly parallelandpipelined.Moderngraphics

cardshave multiple hardwarepipelinescapableof treatingmassive numbersof poly-

gons. Certainresearchgroupshave managedto usegraphicshardwareto accelerate

speci�c physics-basedformulationssuchascomputational�uid dynamics.Thegrid-

basednatureof suchapproachescanbe supported,albeit in awkward ways,by the

graphicshardware.However, this typeof adaptationis notappropriatefor constrained

rigid bodyformulations.

TheSPECCPU2000FPsuiteseemssimilar in thatit makesuseof similarnumer-

ical methods,but the constraintsimposedby interactive entertainmentapplications
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alongwith the speci�c load characteristicsmake it a differentproblem. For exam-

ple, the relaxed accuracy requirementallows multiple levels of approximationsand

optimizations,suchashighererrorthresholds,restrictedsizematrices,constraintvio-

lation,highertime-steps,inter-penetrations,approximateiterative techniquesetc.The

differencesarere�ectedby ourmeasurements.

Embeddedapplicationsuiteslike MiBench[GRE01]arealsoquitedifferentfrom

PhysicsBench.Onemajor differenceis the relatively small amountof �oating point

instructionsseenin typicalembeddedapplications.

PhysicsBenchCharacterization In orderto accuratelycharacterizePhysicsBench,

we presentsomesystemindependentdata,alongwith performancedatafrom some

speci�c systems.In particular, we evaluatestate-of-the-artmobile console,desktop,

andserverprocessors.

Table4.2presentsthearchitecturalparametersfor theseclasses.
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Figure4.3: InstructionMix for PhysicsBench.

Platform-IndependentCharacteristics Figure4.3providestheinstructionmix for

PhysicsBench.Despitethediverseinput setsgivento thephysicsengine,the instruc-

tion mix remainsfairly uniformacrossbenchmarks.Thisuniformity stronglycontrasts

with thediversityseenin typicalgeneralpurpose,scienti�c, andembeddedbenchmark
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suites. On average,PhysicsBenchis composedof 34% �oating point calculations,

25%integercalculations,6%branches,5%stores,and30%loads.Therelatively large

amountof bothintegerand�oating pointcalculationsshowsa fundamentaldifference

betweenPhysicsBenchandtheintegerheavy SPECINT andMiBench,aswell asthe

�oating pointheavy SPECFP.

Instructionmix alsodependsonthealgorithmused.For simpletests,ODE'squick

stepalgorithm[Eng] executesmore �oating calculationsand loadsthan the normal

step. However, the the normalstepexecutesmore �oating calculationsin complex

runs. The two algorithmsare moreef�cient at different levels of complexity. The

moreaccuratenormalstepalgorithmis fasterfor simpleislandswhile thequick step

algorithmis fasterfor complex islands.

Theharmonicmeanfor instructionperbranch(IPB) acrossall PhysicsBenchtests

is 16. Similar to theinstructionmix, theaveragebehavior accuratelyrepresentsall but

a few outliers.Fight Normalshows27 IPB while 2 CarsNormaland10 Cars Normal

show 11IPB.Ontheotherhand,SPECCPU2000FPshowsanaverageIPB of 21with

many outliersrangingfrom 7.7to 341.

On average,PhysicsBench's testshave400KB of text and370KB of data.In con-

trast,SPECFPhasonaverage740MBof dataand980KBof Inst. Themorethanorder

of magnitudedifferencebetweenthedatasegmentsizessuggestsasigni�cant memory

behavior differencebetweenthesetwo workloads. This will be corroboratedby our

performancedatacomparison.

Furthermore,we observe a drasticdifferencebetweenthe maximumstacksizes

of thesetwo workloadsduringrun-time. Theaveragemaximumstacksizefor SPEC

FPtestsis 23KB with a maximumof 75KB, but theaveragemaximumstacksizefor

PhysicsBenchis 1.1MB with a maximumof 2.9MB. This large stackis due to the

dynamicallyallocatedtemporarystructuresto hold largematrices.
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Thecombinationof a smalldatasizealongwith a largemaximumstacksizesug-

geststhatPhysicsBench's performancewill heavily dependon theL1 cache's perfor-

mance,while memorylatency effectsmaybeminimal. In contrast,SPECFP's large

datasizeswith asmallmaximumstacksizesuggeststheexactoppositebehavior. This

observationwill alsobecorroboratedby ourperformancedata.

In order to focus our attentionon the bottleneck,we capturethe percentageof

total instructionscontributedby collisiondetectionvsphysicssimulation.Onaverage,

collision makes up 7% of all executedinstructions,rangingbetween2% and20%.

Despitethis, we will later demonstratethat acceleratingcollision detectioncanalso

yield substantialgains.

Platform DependentCharacterization Figure4.4 presentsresultsfor the four ar-

chitecturesin table4.2onPhysicsBench.Weconsiderthreemetrics:IPC,FrameRate,

andthe% of framesthatwerecomputedwithin 10%of 30 frame/secconstraint.The

�rst two metricsareaveragesover all framesexecuted– they give someindicationof

how closewearegettingonaverageto meetingtheframeconstraint.

The lattermetricgivesan indicationof whetheror not all frameswerecomputed

in time – ideally, we would like this metric to be as closeto 100% as possibleto

providestabilityandrealism.For this initial study, weallocate10%of each1/30thofa

secondto provide a frameto physicssimulation. While this time allocationmay be

too conservative, thedatapresentedcanbe extrapolatedfor larger allocationof each

1/30thof a second.

From this �rst set of data,we clearly seewhy currentinteractive entertainment

applicationsrarelyuserealisticphysicssimulationto dynamicallygeneratecontent.In

this suiteof physics-onlytests,eventhepowerful DesktopandServerprocessorscan

only satisfythedemandof thethreesimplestscenarios.Surprisingly, themuchlower
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Figure4.4: Performanceof four modernarchitecturesonPhysicsBench.[Note: Frame

Rateuseslog scale]

performancein-orderConsoleprocessoris ableto satisfya similar numberof frames.

Dueto its low clock frequency, Mobile is shown to beadequateonly for thebasictest

of 2-car.

From thesehigh-level observations, we can concludethe following: real-time

physicssimulationis extremelydif�cult to satisfydueto both theamountof compu-

tationrequiredandthereal-timeconstraint.Furthermore,thereis a largeperformance

requirementgapbetweenthesimplescenariosandthetypical in-gamescenarios.
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Figure4.5: Performanceof anidealarchitectureon PhysicsBench.

In orderto �nd themostusefuldirectionsof attackingthe largeperformancegap

shown above,wescaleprocessorparametersto �nd themostcritical bottlenecks.Due

to theorderof magnitudeperformanceimprovementrequired,westartthis studywith

anidealizedprocessor, theUltimatecorefrom Table4.2.

Figure4.5showstheperformancefor Ultimateandwhenindividualparametersare

scaleddown to morerealisticconditions.Theprimaryy-axis(bars)showsIPCandthe

secondaryy-axis (diamonds)shows the% of framesthatwerecomputedwithin 10%

of our30 frame/secconstraint.

We exploredscalingdown eachparameterof Ultimate independently. The suf�x

after the“-” indicatestheoneparameterbeingscaled(FU = functionallatency, BP =

branchmispredictionpenalty, andL1 = datacachesize).Wehavescaledotherparam-

etersalso,but only theparameterswith thegreatestinterestandimpactarepresented.

On average,thedescendingorderof % performancedegradationis misspenalty(BP)

at 44% , L1 at 32%,andFU (functionalunit latency) at 27%. First, the large effect

of amorerealisticbranchmispredictionpenaltyshowsthelargeamountof instruction

level parallelismbeingexploitedby Ultimate's largeinstructionwindow andsupport-

ing structures.Second,theL1 is scaledto equalthatof theDesktop. Theperformance
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degradationsupportsour prior observation that the physicsenginegeneratesnumer-

oustemporaryvaluesduringcomputationwhich necessitatesa fastandlargememory

hierarchy. Finally, theeffectsof FU indicatesthatwe have dependentchainsof long

latency operationson thecritical path.

Although this extremely ideal con�guration is gettingcloserto the goal, not all

applicationsare being satis�ed. With the major bottlenecksidenti�ed, we explore

techniquesto moveuscloserto real-timephysicsbehavior.
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Figure4.6: Performanceof four modernarchitecturesonSPECFP.

As apointof comparison,wealsoshow performancedatafrom theSPECFPsuite.

Figure4.6presentsIPCresultsfor thefour architecturesin Table4.2onSPECFP. The

most apparentbehavior in this graphis the drasticperformancedifferencebetween

Serverandall otherdesigns.Thiscorrespondswith thefactthatscienti�c workloadis

oneof themajor targetworkloadfor server processordesigns.Themuchlarger% of

FPoperationsfor thisworkloadcontributesto thisdifferenceamongthefour designs.

To �nd the most critical designparameters,we scaleresourcesas in the above

PhysicsBenchstudy. Figure4.7presentsIPCresultsfor theUltimaterunningSPECFP

to compareagainstPhysicsBench.Again,eachparameterof Ultimateis scaledoneat

a time. In additionto FP, BP, andL1, we alsopresenttheresultwhenscalingmemory

latency to 267cycles.Onaverage,thedescendingorderof % performancedegradation
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Figure4.7: Performanceof anidealarchitectureon SPECFP.

is memorylatency (MEM) at 25%, branchmispredictpenalty(BP) at 22%,andFU

(functionalunit latency) at 15%. Comparedto PhysicsBench,the memorybehavior

is drasticallydifferentin thatmemorylatency dominatesany L1 cachebehavior. This

con�rms our earlierworkloadcharacterization.Memory latency scalingfor Physics-

Benchresultsin < 1% IPCdegradation.
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Mobile GameConsole Desktop Server Ultimate

Frequency 222MHz 3 GHz 3 GHz 2 GHz 5 GHz

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 4 way 32K 4-way 8K 4-way 64K DirectMap 512K4 way

Latency 2 cycle 4 cycle 2 cycle 2 cycle 1 cycle

DataL1 Cache 8K 4 way 32K 4-way 16K 4-way 32K 2-way 512K4 way

Latency 2 cycle 4 cycle 4 cycle 4 cycle 1 cycle

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 24cycle 12cycle

FunctionalUnits

(int ALU, Mult) 1, 1 3, 1 6, 1 6, 1 32,32

(FP, FPMult) 1, 1 2, 1 2, 1 4, 4 32,32

(Memport) 1 1 2 3 32

MemLatency 20 258 269 184 50

Table 4.2: Parametersfor our architecturalcon�gurations. All architecturesusea

commonISA.
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4.3 Parallelization

In this sectionwe explore architecturalcandidatesto satisfy the frameconstraintof

PhysicsBench1.0.
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Loop on # Islands

[Normal Flow]
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Figure4.8: Normal,ParallelSimulation,andParallelCollisionDetectionFlows.

Parallel Threads As demonstratedby Figure4.8, thecorephysicssimulationloop

canbe simpli�ed into 3 dependentlogical steps:collision detection,islandcreation,

andperislandphysicssimulation.Collisiondetection�nds all objectpairsthatinteract

with oneanother. Then, islandsare formedby interconnectedobjects. Finally, the

enginecomputesthenew positionsfor all objectsat theislandgranularity. Thephysics

simulationfor all of theislandsis doneserially.

Parallel Physics Simulation From the earlier instructionmix study, we seethat

physicssimulation(PS)codecontributesthe bulk of instructionsexecuted. On av-

erage,PS contributesto 92% of the executiontime acrossthe suite using the four

processorspresentedearlier. Thereforewe �rst explore the limits of parallelphysics
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simulationby creatingone threadfor every island. This parallelizationprocessin-

volvesfarmingoff thethreadsto eitherlogical or physicalprocessors.Theinitial data

communicationrequirementis dictatedby the numberof bodiesand joints for each

islandspawnedaway from theoriginal thread.Becauseevery islandis independentof

otherislands,only the�nal positiondataof objectsneedsto becommunicatedbackto

acentralthreadat theendof eachsimulationstep.

To evaluatethe potentialof this optimization,we �rst capturethe upperbound

performanceby simulationsthat assumean unlimited supplyof homogeneouscores

and ignoresoverheadfrom sourcessuchas threadcreation,threadmigration, data

migration, and setupcodes. The datapresentedin Figure 4.9 containsboth frame

rateand% framessatis�ed. Becausetests2-Carsand10-Carsareeasilysatis�ed,we

remove thesefrom futuredatagraphsanddiscussionsto conservespace.
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Figure4.9: Alpha ISA Performanceof ParallelPhysicsSimulation.[FrameRateuses

log scale]

For framessatis�ed,weseethatMobile is now ableto satisfy100%of 10-Carsand

Serveris now satisfying100%of FightQ.Framerateimprovementis consistentacross

the suitewith a max of 516%andan averageof 118%. However, the magnitudeof

speedupfrom parallelphysicssimulationvariesbetweendifferenttests.Theteststhat

showedtheleastamountof improvementareCrashWaQandEnvironQ.CrashWaQand
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EnvironQ containa large complex islandsimulatinga brick wall. This wall's bricks

applycontactforcesononeanother, andthiscannotbeparallelizedunlessthesebricks

arepushedaway from oneanother. In scenarioscontainingoneextremelycomplex

island,theframerateis dictatedby theprocessingof this islandevenwith paralleliza-

tion.

At the algorithm level, the QuickStepfunction usedfor thesetestsalreadyesti-

matestheresultby processingeachobjectindependentlyof others.QuickStepusesan

iterativeapproachwhereduringeachiteration(a)eachbodyin anIslandis essentially

consideredafreebodyin spaceandsolvedindependentlyof theothers(b) aconstraint

relaxationstepprogressively enforcestheconstraintsby somesmallamount.Thecon-

straintsatisfactionincreaseswith thenumberof iterations.Fine-grainparallelization

of theLCPsolverwill bediscussedin thenext chapter.

Even thoughour idealizedcoarse-grainparallelphysicssimulationis very effec-

tive,wearestill somedistanceawayfrom satisfyingthedemandsof thesebenchmarks,

especiallyfor theextremecasesdescribed.As a resultof parallelphysicssimulation,

the% of cyclestakenupby collisiondetectionbecomesmuchmoresigni�cant at20%

on average,and a maximumof 55%. Therefore,we considerperformingcollision

detectionin parallel.

Parallel Collision Detection+ PhysicsSimulation Figure4.8showsourimplemen-

tation of parallelcollision detectionthrougha hierarchyof collision spaces.Groups

of frequently interactingobjectsare insertedinto the samesubspace,and only the

subspacesaredirectly insertedinto theroot space.Notethebidirectionalarrows, rep-

resentingtwo-waycommunicationbetweencollision threads,interconnectingtheroot

spacewith subspaces.During collision detection,the root threadhandlesany colli-

sionsacrosssubspaceswhile eachsubspacehandlescollisionswithin its domain.
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Figure4.10: Alpha ISA Performanceof ParallelCollision Detection+ PhysicsSimu-

lation. [FrameRateuseslog scale]

Take the100CrSktestfor example– we cancreate100subspacesto containeach

trio of a car andtwo humanoids.Becauseof eachtrio's physicallocation,no inter-

actionbetweensubspaceshappensduringits execution.This allows usto completely

parallelizeit into a fraction of the original task with minimal overheadon the root

spacethread.

Framerate and % framessatis�ed are presentedin Figure 4.10. In contrastto

parallelphysicssimulation,theresultsshow bothsigni�cant improvementsaswell as

degradations.Themostapparentchangeis that100CrSkand100CrSkQbothnow have

morethan80%satisfactionfor Console, Desktop, andServerprocessors.In addition,

bothFightQandBattleQcannow be100%satis�edby DesktopandServer.

Even without taking certainoverheadsinto account,parallel collision detection

degradesthe performanceof EnvironQ, Fight, andBattle. All threetestshave fast

changingislandmakeupalongwith collisionsacrossthe logical spacescreated.This

indicatesa needfor utilizing high-level context informationto selectively enablepar-

allel collision detection.

With both optimizationsenabled,a comparisonof Figure 4.10 and Figure 4.5
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shows that DesktopandServercanachieve levels of userexperiencesimilar to that

of theunrealisticUltimatedesign.

ResourceRequirementfor Parallelization To boundtheresourcerequirementnec-

essaryto achievetheimprovementspresentedabove,wereferbackto Table4.1which

showsthedistributionof islandcountandspacecountacrossthebenchmarks.

For parallel physicssimulation,the maximumisland count for eachbenchmark

indicatesthenumberof coreswe needto achieve theimprovementsshown earlier. As

shown in Table4.1, themaximumislandcountin thesuiteis 337. However, we may

needfar fewer coresto achieve the performanceshown dueto simpleislandswhich

canbe serially processedon onecore. We presentthe resourcerequirementsusing

optimalloadbalancingfor theServerprocessorin Table4.3.Thedatashowsthatmost

benchmarkswith high islandcountscanactuallybe satis�ed with lessthan5 Server

cores.Theoutlier, 100CarSk,canalsobesatis�edwith afew cores,but weparallelized

it into 100worlds to show theopportunityfor effective massive parallelizationgiven

non-interactingvirtual spaces.

Name 2 10 CrashSk Environ CrashWa 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: ResourceRequirementfor Full ParallelizationusingServerCores.
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4.3.1 Realx86 ProcessorEvaluation

In this section,we exploretheperformanceof PhysicsBenchon a realx86 processor.

For this realprocessorstudy, we useda 2.4GHzIntel P4XeonCPUwith 512KB L2

cache,with supportfor SSE/2instructions.Thisstudyis similar to section4.3.

Real ProcessorMethodology PhysicsBench1.0 includestestsusingboth the big-

matrixandtheiterativesolvers.In thissection,wefocusonenablingreal-timephysics

simulationby acceleratingthe iterative solvers(QuickStep),the fasterof the two ap-

proaches.

ThePhysicsBenchsuiteconsistsof two setsof sourcecode.The�rst setcontains

graphicscodeto allow for visual correctnessinspection,andthe secondsetcontains

only userinputandphysicssimulationcodefor performanceevaluation.Wecompiled

binariesfor the x86 ISA using gcc version3.4.5 at optimizationlevel -O2 (recom-

mendedby ODE),usingsingleprecision�oating pointandthefollowing �ags: -ffast-

math,-mmmx, -msse2,-msse,-mfpmath=sseand-march=pentium4.Theseoptions

enablefull SSEsupportto exploit SIMD parallelism.

All benchmarksarewarmedup for 3 framesto executepastsetupcodeaswell as

warm up processorresources,andthenwe execute5 frames. We have designedthe

benchmarkssothatsigni�cant activity is capturedwithin these5 frames(i.e. theactual

collisionof acarandskeleton,thecrumblingof awall, etc).

Wemodelauniprocessorasthebaselinefor ourstudy– thepredominantexecution

hardware for currentgamingplatformsand the architecturaltarget of most current

physicsengines,includingODE.

As describedin theintroductionand[Wu05], thephysicsengineis interdependent

on othersoftwarecomponentsof theapplication.TheseincludeAI, game-playlogic,

audio,IO, andgraphicsrendering.We allocate10%of each1/30thof a secondframe
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for computingphysicssimulation.While this is aconservativeestimate,behaviors for

a largertimeallocationcanbeextrapolatedfrom thepresentedresults.
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Figure4.11:InstructionsPerFramefor PhysicsBench.

We considertwo performancemetrics: FrameRate(framesper second),andthe

% of framesthat were computedwithin 10% of our 30 frames/secconstraint. The

�rst metric is the harmonicmeanover all framesexecuted,giving someindication

of how closewe aregettingon averageto meetingthe frameconstraint.Thesecond

metricgivesanindicationof whetheror notall frameswerecomputedin time. Ideally,

we would like this metric to be ascloseto 100%aspossibleto provide stability and

realism.

Webaseourperformancemetricson framesratherthaninstructions,asframesare

a morenatural�t for interactive entertainment– particularlysincethe performance

goalis measuredin framespersecond.Weshow thenumberof instructionsperframe

for eachindividualbenchmarkin Figure4.11.

PhysicsBenchResults Figure4.12presentsresultsfor actualrunsof PhysicsBench

on the architecturein section4.3.1. It is clearwhy currentinteractive entertainment

applicationsrarelyuserealisticphysicssimulationto dynamicallygeneratecontent.In

this suiteof physics-onlytests,our testprocessorcanonly satisfythedemandsof the

simplescenariosdescribedby 2-Cars,10-Cars,andCrashSk.

We presentthe resourcerequirementsusingoptimal load balancingin Table4.4.

Thedatashowsthatmostbenchmarkswith high islandcountscanactuallybesatis�ed
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Figure4.12:x86 ISA PhysicsBenchPerformance.

with lessthan5 cores.Theoutlier, 100CarSk,canalsobesatis�ed with a few cores,

but we parallelizedit into 100 worlds to show the opportunityfor effective massive

parallelizationgivennon-interactingvirtual spaces.

Benchmark 2-Cars 10-Cars CrashSk Environ CrashWa

Numberof Cores 2 9 3 4 3

Benchmark 100CrSk Battle Fight Battle2

Numberof Cores 100 19 4 3

Table4.4: ResourceRequirementfor Full Parallelizationfor realx86Processor.

4.3.2 Fine Grain Parallelism

After exploiting coarsegrainparallelismfor islandsandspaces,benchmarkswith large

islandsstill can not be satis�ed. Given that quickstep's algorithm computesforces

from differentconstraintsindependently, �ne grain parallelismoffersadditionalper-

formance.To quantifytheavailable�ne-grain parallelism,wegraphedthedependency

chainof dynamicinstructionsfor themostfrequentlyexecutedloop in ODEinsidethe

LCPsolver. This is doneby trackingeachinstruction'sdependenciesto thelastlogical

registerproducerinsidethePTLsimsimulator. Thisdatarevealedmassiveparallelism

for themostcompute-intensive islands.Computationfor eachdegreeof freedomre-
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movedcanbe solved independently. Similarly, all pair-wise collision detectionscan

becomputedin parallel. Thenumberof pairsis prunedby hierarchicalcollision ge-

ometries,but 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%

Environment 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: Distributionof factorsaffecting�ne-grain parallelism.

Table4.3.2shows the distribution of factorsthat re�ect eachislands'processing

demand,namelydegreesof freedom(DOF) removed,numberof bodies,andnumber

of joints. Thedatais groupedin four clusters,andwe show thepercentageof islands

thathasavaluewithin therangespeci�edby thegroups.DOFrangesin thethousands

41



for theworstcaseislands.

Per-Island Execution Time Breakdown Using Amdhal's law to estimatethe re-

quiredspeedupon parallelsections,we breakdown the mostdemandingisland's ex-

ecutiontime into serialandparallelportions. Usinga real Intel Pentium4 processor

with idealparallelization,it takes233Million cycles. Theexecutiontime breakdown

for the1stcapturedframefor battle2shows thefollowing:

• 196M cycles for steppingfunction with 160M cycles inside constraintsolver

loopLCP.

• 19M cyclesfor Collision detection.

• 4M cyclesfor settingup matrixbeforecallingsteppingfunction.

• Therestof theexecutiontakes 14M cycles.

Parallelizablesectionstotal219Mcycles,andserialsectionstotal14M cycles.As-

sumingaclockrateof 5GHzandaframerateof 300,weneedtocompleteall execution

in roughly16.6Million cycles.Thisnecessitatesaspeedupof roughly84X onthepar-

allel sections.Thedesignexplorationto enablethis level of parallelismis describedin

Section5.2.
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CHAPTER 5

Ar chitectural Acceleration

This chapterdetailsour major architecturalcontributions: PhysicsBench2.0, Paral-

lAX, andPDAS.

5.1 PhysicsBench 2.0

PhysicsBench2.0 is a comprehensive set of benchmarksthat capturethe complex-

ity andscaleof physicssimulationthat might appearin future game-scenarios.Our

benchmarksuitecanbe leveragedby: (1) computerarchitects/researchersto explore

real-timephysicshardwareandsoftwaredesigns,and(2) applicationdesignersto de-

terminegamingplatformperformancebounds.

Our second-passat physicsbenchmarkdesignwasguidedby theapproachshown

in Table 5.1, and basedon the set of requiredfeaturesdemonstratedin Table 5.2.

Table5.3explainsthebenchmarkswhile Table5.4providessomestatisticaldata.

GamephysicsdatascalinghasroughlytrackedMoore'sLaw alonganexponential

pathasdevelopersload asmuchphysicsonto a gameas the minimum-specsystem

couldhandle.This trendcanbe illustratedby thephysicscomplexity of threepopu-

lar games:(a) UnrealTournament2003,(b) UnrealTournament2004,and(c) Gears

of War 2006. From discussionwith industryinsiders,the estimatednumberof rigid

objectsin thesegamesare75,100,and200respectively. Thatmeansthatthenumber

of rigid bodiesincreasedby 33%between2003and2004andby 100%between2004
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and2006.

PhysicsBench1.0 benchmarks[YFR06] arelimited to small scalerigid-body in-

teractions.PhysicsBench2.0 hasdramaticallyincreasedthe typesof simulationsand

numberof interactingobjects.Basedonpersonalcommunicationswith AGEIA, future

gamesin development(like Cell FactorRevolution, Auto Assault,andStokedRider)

targetingthePhysXcarduse1000-10,000sof rigid bodyobjects,10,000sof particles,

and1000sof verticesfor deformablemeshes(cloth). In contrast,physicstargetinga

dual-coredesktopprocessortopsout at 500 rigid bodies,1000sof particles,andno

deformablemeshes.
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High-Level Thesetypesof actionssetthefocusfor thebenchmarks.They include

PhysicalActions continuouscontact,periodiccontact,highvelocity impulseexplosions,

anddeformations.

Themostpopulargamegenreswhichuseor have thepotentialto use

physicsincluderacing,sports,action,�rst-personshooterreal-time

Representative strategy, andmassive multi-playerrole-playing.For eachbenchmark,

GameGenre wepick agenrewhichwebelieve bestillustratesagivenhigh-level

physicalaction.Screen-shotsof upcomingnext generationgames

wereusedasreference.TheseincludeMotor Storm,Battle�eld 2,

Cell Factor, GTA: SanAndreas,Assassin's Creed,World Soccer

WinningEleven,andWorld of Warcraft.

Parameterization All benchmarkshave asetof parametersthatscaleits computational

andScaling load.For collisiondetection,theseparametersincludenumber,

distribution andshapeof objects.For forwardstepping,these

parametersincludecomplexity andnumberof bothislandsandobjects.

For clothsimulation,theparametersincludethenumberof vertices

representingeachclothobject,thenumberof clothobjects,andtheir

location.

Table 5.1: Our benchmarkscover a wide rangeof parameterizedsituationswithin

differentgamegenres.
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Constrained Simulationof articulatedobjectsconnectedwith idealjoints. Virtual

Rigid Bodies humansconsistof 16 segmentsof anthropomorphicdimensions.Carshave

abody, rotatingwheels,andasuspensionsystemof sliderjoints.

Terrains Unevensurfacesdescribedby height�elds or trimeshes.

Breakable Jointsarebrokenby accumulationof forceor a singlestrongforce

Joints exceedingapredeterminedthreshold.Bridges,cars,androbotscontain

breakablejoints.

Prefractured Eachbreakableobjectcontainsasetamountof debristhatcanbreak

Objects apartfrom theobject.Theobjectandgeomrepresentingeachpieceof

debrisis createdat startuptimeandenabledoncetheobjectbreaks.

Explosions Eachobjectis markedwith anexplosive �ag. If anexplosive object

makescontactwith any otherobject,theexplosive objectis replaced

by asphererepresentingtheblastradius.Theblastradiusandduration

arepredetermined.Thesphereis disabledafterduration.Timebombsand

cannonballsareused.

Static Immobileobjectsthatmoving objectscancomein contactwith. They do

Obstacles notparticipatein forwardsteppingsincethey donotmovebut they do

participatein collisiondetection.

Cloth Soft-bodymodelingusingconstrainedverticesthatapproximatea

Simulation continuoussurface.Largeclothobjectsuse625verticesto simulate

draperyor netting.Smallones,typically attachedto virtual humans,

use25 vertices.

Table5.2: FeaturesFoundin OurBenchmarks.
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Benchmark Avg Inst/Frame Description

Periodic 34million Role-playinggamegenrescenariowith groupsof humanoidsengagingin

Contact hand-to-handcombat:30humanoidswith 3 groupsof 5, 3 groupsof 3,

and3 groupsof 2 whereall membersof eachgroupareengagedin

combatwith oneanother.

Ragdoll 36million First-personshooter(FPS)genrescenariowith 30humanoidsfalling due

Effects dueto impactfrom projectiles.

Continuous 47million Racinggenrescenariowith carsdriving on terrainandbetweenobstacles:

Contact a rally racewith 30carsdriving over terrainformedby height�elds

andtrimeshes.

Breakable 256million FPSgenrescenariowith cannonsshootingandbombsexploding.Three

areasareeachenclosedby threewalls. Two bridgesarein eacharea30

humansarescatteredin groupsof 10. Thewall bricksfractureinto

piecesdueto explosionsfrom thecannonballs.Six vehiclesramthewalls

andexplodeuponcontact.

Deformable 409million Sportsor actiongenrescenariowith 30uniformedplayersand2 large

cloth objectseachin contactwith oneplayer. Eachuniform is asmall

cloth objectattachedonaplayer.

Explosions 547million Real-timestrategy scenariowith anarmy�ghting in anurbanenvironment:

10areasareenclosedon threesidesby walls. 50vehiclesroamtheareawith

10cannonsshootingexplodingprojectiles.Therearenobreakablejointsor

prefracturedobjects.

Highspeed 518million Action scenariowith carscrashinginto walls andhigh-speedrocketsdestroying

buildings: thereare10buildingsand20moving cars.10cannonsshoot

high-speedprojectilesat thebuildings.Therearenoexplosions– just the

complexity of detectinghigh-speedimpacts.

Mix 829million A combinationof all thefeaturesandentitiesusedin theprevious7 benchmarks.

Thereare3 buildings,6 bridges,30humanoidsand6 vehiclesin thearea.The

humanoidsaredrapedin cloth,andthebuildings' openingsarecoveredby largecloths.

Height�eld terrain,breakablejoints,prefracturedobjects,andexplodingprojectiles

areall used.

Table5.3: OurPhysicsBenchmarkingSuite.
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Benchmark Object Islands Cloths Static Dynamic Prefractured Static

Pairs [vertices] Objs Objs Objs Joints

Per 2,633 99 0 0 480 0 480

Rag 2,064 30 0 0 480 0 480

Con 3,182 37 0 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.

48



5.2 ParrallAX: An Architecture for Real-Time Physics

Interactive entertainment(IE) applicationsdemandhigh performancefrom all archi-

tecturalcomponents.In the future, this demandwill increaseeven further. These

applicationswill be composedof a diversesetof computationallydemandingtasks.

Onecritical taskis modelinghow objectsandcharactersmove andinteractin a vir-

tual environment.Most currentIE applicationsmake useof recordedmotionclips to

synthesizethe motion of virtual objects(kinematics),but as theseobjectsand their

interactionsscaleup in complexity, recordinghasbecomeimpractical.Physics-based

simulationhasemergedasanattractive alternative to kinematics,providing high lev-

elsof physicalrealismthroughmotioncalculation.Futureapplicationstargetingatrue

immersiveexperiencewill demandthisasa cornerstoneof their design.

Thebene�tsof physics-basedsimulationcomewith aconsiderablyhighercompu-

tationalcost. To maintaina �uid visualexperience,IE applicationstypically provide

at leasta 30 framespersecond(FPS)displayrate(33msper frame). This is thetotal

time allotted to all gamecomponents,including physics-basedsimulation,graphics

display, AI, andgameenginecode.Conventionalcorescannotmeetthecomputational

demandsof theseapplications.For example,in Section5.2.3we show a realisticex-

amplewhereasingle-coredesktopprocessorachievesonly 2.3FPS.

Thedif�culty in meetingtheperformancedemandsof physics-basedsimulationis

somewhatmitigatedby thehigh degreeof parallelismavailablein theseapplications.

Our resultsshow that on average91% of a physicsworkload can be broken down

into parallel subtasksof varying granularity. Although only 9% of the workload is

serialized,on a singledesktopcorethis portioncantake up to 125%of theavailable

frametime. This arguesfor an architecturethat hassuf�cient performanceto tackle

theserialtasks,but alsohasthe �e xibility to fully exploit parallelregions. Thereare

existing designsthat combinesomenumberof large coarse-granularity(CG) cores
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with a larger numberof �ne-granularity (FG) cores,including GPUsconnectedto a

hostCPUthrougha systembus[PF05],theCell's SPE's pairedwith its PPE[Hof05],

and a conventionalcore pairedwith multiple vector units [KP03]. However, these

designslack�e xibility in how theircorescanbeutilized,makingit dif�cult for themto

ef�ciently meetthedemandsof real-timephysics.Thiswork proposesa more�e xible

designthat is optimizedto meetthesedemands,basedon a designspaceexploration

thatincludesthenumberandtypeof coresrequired,theamountof cachestaterequired,

andtheinterconnectrequiredbetweenthesecomponents.

Thissectionpresentsthefollowing contributions:

• Identifying thatcurrentmulti-corearchitectureswill notbeableto sustaininter-

active framerateseven whenthe benchmarksuiteis aggressively parallelized.

Operatingsystem,cachecontention,and control logic areaoverheadall con-

tributeto this conclusion.

• An architecturewith both CG andFG coresthat is able to sustaininteractive

frame ratesfor physicsworkloadsthroughef�cient areautilization. The key

elementsof thisef�ciency are:

– Intelligent,application-aware L2 management– In section5.2.3.1we ex-

aminetheL2 requirementsfor physicssimulationandproposea partition-

ing strategy thatreducestherequiredL2 spaceby morethanhalf.

– Dynamiccoupling/allocationof FG coresto CG cores– In section5.2.4.1

we proposean arbitrationpolicy that balancesthe maximalutilization of

available FG core resourcesand the exploitation of locality amongFG

coresworkingon thesameCG task.

– Relaxedcommunicationlatencyof FG andCG cores– In sections5.2.4.2

and5.2.5.2we exploredesignalternativesto interconnectingFG andCG
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cores.Thetight couplingof FGandCGcorescanrestrictwherethesecores

areplaced(i.e. on/off chip)andhow effectively wecandynamicallylever-

ageFGcores.To loosenthiscoupling,weconsidertheamountof buffering

spaceandapplicationparallelismrequiredto overlapcommunicationfor a

varietyof interconnectionstrategies.

A bulk of theprior work hasbeendescribedin section3.2.

Therestof this sectionis organizedasfollows. Section5.2.1describesthemodi-

�ed physicsengineandtheassociatedcomputationalload.In section5.1weproposea

setof future-thinkingbenchmarksthatrepresenta wide rangeof physicalactionsand

entertainmentscenarios.Section5.2.2detailsthe experimentalsetup. Section5.2.3

explores the performanceof this suite on conventionalarchitecturesand threading

methodologies.In section5.2.4 we outline the proposedphysicsarchitecture,and

in section5.2.5weexploreits designspace.weconcludein 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 heavily modi�ed implementationof the publicly available

OpenDynamicsEngine(ODE)version0.7[Eng]. ODEfollowsaconstraint-basedap-

proachfor modelingarticulated�gures, similar to [Bar97, MHH06], andit is designed

for ef�ciency ratherthanaccuracy. Our implementationsupportsmorecomplex phys-

ical functions,including cloth simulation,prefracturedobjects,andexplosions. We

have parallelizedit using POSIX threadsand a work-queuemodel with persistent

worker threads.POSIX Threadsminimize threadoverhead,while persistentthreads

eliminatethreadcreationanddestructioncosts.

The following is the high-level algorithmic �o w of ODE, augmentedwith our

changes(shown in italics).

1. Createandsetupa dynamicsworld.

2. While (time < timeend)

(a) Apply forcesto theobjectsasnecessary(e.g.gravity).

(b) Calculateall pairsof objectsthatarein contact.

(c) For eachpairof objectsin contactdo thefollowing:

i. Computethecontactpointsandcreatetheassociatedcontactconstraints(joints).

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 objectsinterconnectedwith joints,i.e. �nd theconnected

components.

(e) Forwardsimulationstep:For eachislandcomputetheappliedloadsandthenew

positions/velocities of eachobject.

(f) Checkall breakablejoints: if joint's appliedloadhasexceededa 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

solver which is typically implementedwith aniterative relaxationmethod.Thesimu-

latorprovidestwo key parametersthatcanbeusedto tradeoff accuracy for ef�ciency,

thetime-stepDt andthenumberof iterationsn thattheconstraintsolverperformsper

time-step.Thetime-stepde�nes theamountof simulatedtime thatseparatessucces-

siveexecutionsof thesimulationloop andthereforede�neshow many timestheloop

will executepersimulatedsecond.Thenumberof solveriterationscontrolshow many

relaxationstepsthesolver takesin asinglesimulationstep.

For our benchmarks,the time-stepis 0.01 secondsand3 stepsareexecutedper

frameto ensurestability andprevent fastobjectsfrom passingthroughotherobjects.

Wealsouse20 solver iterationsasrecommendedby [Eng].

5.2.1.2 Computational Phasesof The PhysicsWorkload

Thestepsin theabove algorithmform a data-�ow of computationalphasesshown in

Figure5.1. Simulationssuchascloth and�uid arespecializationsof this. However,
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becausecloth simulationpresentsa conceptuallyandnumericallydifferentload than

rigid-body simulationwe consideredit asa separatephasein our study. Below we

describethe 5 computationalphasesin more detail. In this paper, we will usethe

termsphaseandtaskinterchangeably.

Narrow-phase Island Creation Island Processing ClothBroad-phase

World State New World State

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

(Vertex Positions)
Collision Detection

Figure5.1: PhysicsEngineFlow. All phasesareserializedwith respectto eachother,

but unshadedstagescanexploit parallelismwithin thestage.

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

mateboundingvolumes,it ef�ciently culls away pairsof objectsthatcannotpossibly

collide. While Broadphasedoesnot have to beserialized,themostusefulalgorithms

arethosethatupdatea spatialrepresentationof thedynamicobjectsin a scene.And

updatingthesespatialstructures(hashtables,kd-trees,sweep-and-pruneaxes)is not

easilymappedto parallelarchitectures.

Narr ow-phase. This is thesecondstepof CD thatdeterminesthecontactpoints

betweeneachpairof colliding objects.Eachpair'scomputationalloaddependson the

geometricpropertiesof theobjectsinvolved. Theoverall performanceis affectedby

broad-phase's ability to minimize thenumberof pairsconsideredin this phase.This

phaseexhibits massive �ne-grain (FG) parallelismsinceobject-pairsareindependent

of eachother. ODE originally usesa single joint-groupwhereall contactjoints are

stored,enforcingan arti�cial dependency acrossall object-pairs. We addeda data

structurefor eachthreadto storecreatedcontacts,allowing all object-pairsto bepro-

cessedin parallel.Basedonthenumberof workerthreads,wepartitiontheobject-pairs

into equalsets.
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Island Creation. After generatingthe contactjoints linking interactingobjects

together, theengineseriallystepsthroughthelist of all objectsto createislands(con-

nectedcomponents)of interactingobjects.This phaseis serializingin thesensethat

it mustbe completedbeforethenext phasecanbegin. The full topologyof thecon-

tactsisn't known until the last pair is examinedby the algorithm,andonly thencan

theconstraintsolversbegin. Practicaltechniquesfor parallelislandgenerationarenot

commonlyavailable.

Island Processing. For eachisland,giventheappliedforcesandtorques,theen-

ginecomputestheresultingaccelerationsandintegratesthemto computethenew po-

sition andvelocity of eachobject. This phaseexhibits both coarse-grain(CG) and

�ne-grain (FG) parallelism.Eachislandis independent,andtheconstraintsolver for

eachislandcontainsindependentiterationsof work. Weparallelizedtheengineatboth

granularity. Only islandswith morethan25 degrees-of-freedomremovedareinserted

into thework-queue– smallerislandsexecuteon themainthread.

Cloth Simulation. WehaveimplementedclothlargelybasedonJakobsen'sposition-

basedapproach[Jak01].An extensionof thisapproachthathandlesmoregeneralcon-

straintshasbeenproposedby AGEIA[MHH06]. A cloth objectis representedusing

a triangularmeshwhereeachedgerepresentsa lengthconstraint.Theconstraintsare

solvedusinganiterativeconstraintrelaxationsolverandthemeshis simulatedforward

in time usinga Verlet integrator. Collision detectionis basedon a combinationof ray

castingandaxis-alignedboundingvolumehierarchies.Collision resolutionis based

on a vertex projectionscheme.This phasealsoexhibits bothCG andFG parallelism.

Eachcloth object is independent,and the integrator containsindependenttasksfor

eachvertex in theclothobject.Weparallelizedtheengineatboththeobjectandvertex

levels.

As we will demonstratein the restof this paper, physicssimulationdiffers from
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conventionalworkloads(i.e. SPECandmultimedia)in thefollowing ways:

• Concreteperformancegoals- a real-timeconstraintof at least30FPS.

• Discretephasesof theapplication- with verydifferentlevelsof parallelismand

architecturalrequirements.

• Tightly coupledapplicationphases- thesephasesareserialwith respectto one

anotherandfeatureafeedbackloopnotpresentin applicationssuchasrendering.
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5.2.2 Experimental Setup

We useda Simics-based[MCE] full-system execution-driven simulator. Both the

cacheandprocessortiming simulatorsare from the GEMS tool-set[MSB]. All L2

cachesarebasedon 1MB 4-waybanks,andTable5.5showsthecon�gurationparam-

etersusedfor thecoarse-graincoresin oursimulations.Fine-graincoresaredescribed

in section5.2.5.

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

Pipeline Units

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

Scheduler Predictor

Block: 64bytes L1 I/D: 32KB, 4-way, 2-cycle

Size Caches

L2 Cache/: 15-cycle On-chip: Point-to-point

Banks Network 2-cycle perhop

Main : 340cycles Clock : 2GHz

Memory Frequency

Table5.5: Coarse-grainCoreDesign.

PhysicsBench2.0benchmarksareexecutedfor 3 framesof physicssimulationdue

to very longsimulationtimes– theaveragenumberof instructionsin a frameis shown

in table5.3. Somebenchmarksrequiremorethan4 daysto completea singleframe

when simulatinga 4-coredesign. The simulationproceedswith 0.01 secondtime

steps. The benchmarksaresetupso that mostof the activity happenin the �rst 10

frames.Theframes5-7 areexecuted,andtheworst-caseframein termsof execution

time is chosen.All benchmarksarewarmedup for onephysicssimulationstepprior

to executionof theselectedframes.Theperformancetarget is 30 frames-per-second

(FPS).
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Thecoressimulatedwithin SimicsareSPARC ISA processorsrunningSolaris10

in singleusermode.All benchmarkbinariesexecutedfor performancesimulationare

compiledwith gcc 4.1.1 for the SPARC ISA using the following optimization�ags

to enableO2 optimizations,SPARC's SIMD instructions,32-bit pointers,and the

POSIX threadslibrary: [-mcpu=v9-mtune=ultrasparc3-mvis -m32 -pthreads-O2].

The SPARC binariesusedfor performancesimulationdo not includeany graphical

display code. For visual veri�cation, the benchmarkswith visual display codeare

compiledfor thex86 ISA andexecutedon realx86machines.All instrumentationfor

separatingcomputationphasesusesSimics' MAGIC instruction,which is notcounted

whencalculatingexecutiontime.

5.2.2.1 Inter connectModels

For theon-chip2Dmeshinterconnect,weusedthedatain TableI from[SEW06]for 90

nmtechnology. Theperhopdelayis 1 cycle,andtherouterpipelineis 5 cycles(2GHz

clock). This network uses64-bit �its, andfour virtual channelscansimultaneously

senddata.We assumethepacket headerto be8-bit long, soeachpacket's payloadis

56-bit.

For the off-chip con�gurations, we assumethe use of either Hypertransport

(HTX) [HTX] or PCI Express(PCIe) [PCI] to connectthe discretechips. On the

�ne-grain chip, thesame2D meshdescribedaboveconnectsall coresto theI/O.
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5.2.3 PerformanceDemandsof Real-Time PhysicsWorkload

This sectionexaminestheperformancedemandsof physicssimulationby evaluating

single-coreperformance,theperphaseworkingset,andthelimits of coarse-grain(CG)

parallelism.

Figure5.2(a)showsthetotalexecutiontimeof oneframefor single-threadedbench-

marksrunningon a 2GHzsingle-coredesktop-classprocessorwith a 1MB L2 cache.

Thedistribution of executiontimesshows goodcomplexity scalingrangingfrom Pe-

riodic to Mix. Only two benchmarks,PeriodicandRagdoll canbecompletedwithin a

frame'sworthof timeandthemostcomplicatedbenchmarkMix requiresoveranorder

of magnitudeperformanceimprovementto reach30 FPS.Executiontime is broken

down into contributionsby thephasesdescribedin section5.2.1.

While Broadphaseand Island Creation (the dif�cult to parallelizephases- i.e.

serialphases)make up only anaverage9% of total executiontime, they canstill take

up to 125%of oneframe's worth of time (i.e. 1/30thof asecond).Thisdataforcesus

to optimizeboththeserialandparallelcomponentsof this workload. Theinstruction

mix in �gure 5.7(b)shows that serialphasesandNarrowphaseareinteger dominant

with largeamountof brancheswhile parallelphasesIslandProcessingandCloth are

FPdominant.

To determinethehardwarerequirementto satisfyfuturephysicsapplications,we

�rst considertheworkingsetfor boththeserialandparallelportions.Thenweexplore

theperformanceimpactof exploiting CG thread-level parallelism(TLP).

5.2.3.1 Working SetAnalysis: Serial and Parallel Phases

After evaluatingdifferentcoredesignsandL2 con�gurations,we foundtheL2 cache

designto be the dominantfactoraffecting the serialphaseperformance.Figure5.2
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(b) shows executiontime for theserialphasesastheL2 cacheis scaledfrom 1MB to

32MB by incrementingthenumberof 4-way 1MB banks.Thebanksarecon�gured

with a point-to-pointnetwork and usea 2-level directory basedMOESI coherency

protocol[MSB].

Mostmissesaredeterminedto becapacitymissesby using1024-way1MB banks.

A minimum of 4MB of L2 cacheis requiredto completethe serialphaseswithin a

frame's worth of time, andmaximumperformancerequiresa fully-associative16MB

or a more realistic 32MB L2. Thesesizesseemrelatively large when we consider

thenumberof objectsin thesesimulations.A majority of L2 missesoccurinsidethe

parallelphases,pointingto thepossibility thattheparallelphasedataevicts theserial

phasedatabetweensimulationsteps.To illustratethis, we examineeachphase's L2

effective working setsizeby saving thecachestateat theendof a phaseandloading

this cachestateat thebeginningof the next stepfor the samephase.Figures5.3 (a)

and5.4 (a) show that theperformancefor bothserialstagesplateausat 4MB, andthe

performanceis within 7% of a16MB L2 usedby all stageson Figure5.2(b).

Figures5.3(b),5.4(b),and5.5(a)show the isolatedL2 scalingperformancedata

for Narrowphase, IslandProcessing, andCloth respectively. Both IslandProcessing

andCloth arerelatively insensitive to L2 cachescaling.For Narrowphase, thebench-

marksExplosionsandHighspeedshow roughly2X improvementwhenscalingtheL2

from 1MB to 16MB. This behavior canbe attributedto the large numberof object-

pairsshown in Table5.4. The increasedamountof datarequiredfor Explosionsand

Highspeedresultsin their highersensitivity to L2 cachesize.

With dedicatedcachespacefor eachcomputationphase,theL2 cacherequirement

hasbeensigni�cantly reduced.Theserialstagesnow eachrequire4MB of L2 cache

space.BecauseBroadphaseusesshapedata(geom)for collision detectionandIsland

Creationusesobjectandjoint datato createislands,thereis little datasharingbetween
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thesetwo phases.The memoryrequiredper objectandgeomis 412B and116B re-

spectively. Thememoryrequiredperjoint variesbetween148Bto 392Bdependingon

the type. To obtaintheperformanceshown on Figures5.3(a)and5.4(a),we allocate

8MB of L2 with 4MB dedicatedto eachserialphase.

Whenexecutingtheparallelphasesin single-threadmode,1MB of additionalL2

spaceis suf�cient to obtain the bulk of the performance.This 1MB canbe shared

betweenall threephasessincetherewill besharingbetweenBroadphaseandNarrow-

phaseandbetweenIslandCreationandIslandProcessing. Thecachespacededicated

to theserialphasesshouldbereadablebut not modi�able duringparallelphases.

However, the cacherequirementfor parallelphaseschangeswith the numberof

simultaneouslyactive threads.To betterunderstandthis, we vary thenumberof pro-

cessorcoresthatareavailableto exploit coarsegrainparallelismalongwith the total

L2 space. While Cloth continuesto be insensitive to L2 cachesize, both Narrow-

phaseandIslandProcessingseeaninterestingshift in L2 sensitivity. At two threads,

thesephasesimprove performancewith the samededicatedL2 cachebecauseof the

increasedTLP. However, at four threads,thrashingbetweenthreadsgrows consider-

ablyanddrivesdemandfor L2 spacehigher. For IslandProcessing, 1MB of dedicated

L2 cachedegradesperformancewhen scalingfrom 1 to 4 cores. The memoryre-

quirementperislanddependsonthenumberof joints,bodies,anddegrees-of-freedom

removed.To satisfythisdemand,weallocateanadditional4MB of L2 cachespacefor

theparallelphasesin therestof ourexperiments.

5.2.3.2 Exploiting Coarse-GrainThread-Level Parallelism

Figure5.5(b) showstheperformanceaswescaleupthenumberof coresperprocessor.

With everyadditionalcore,weaddanadditionalworker thread.TheL2 cachespaceis

allocatedataphasegranularityaccordingto theobservationsmadeearlier:(12MB to-
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tal – organizedinto three4MB partitions[STW92,RAJ00b,YR]:onefor Broadphase,

one for Island Creation, andone for the parallel sections). Phaseidenti�cation for

physicssimulationis trivial asshown by thesequential�o w of Figure5.1.Depending

on the computationphasedifferentpartsof the sharedL2 areusedfor writing data.

Futurework will examineL2 cachesizereductionby prefetching,per-threadcache

management,andDMA transfers.

TheL2 is composedof 1MB 4-waycachebanks,andthepartitioninggranularityis

donepercacheway [CJD00].Becauseserialstagesaremoresensitive to loadlatency,

the 4MB cachepartitionsdesignatedfor the serial stagesareallocatednearthe CG

coreusedfor serialexecution.To attainminimal L2 latency for eachserialphase,the

mainthreadwill executeBroadphaseon oneCG coreandIslandCreationon another.

Figure5.5(b) clearlyshows thattheperformanceimprovementstartsto plateauat

4 cores.Onaverage,scalingfrom oneto two coresimprovesperformanceby 53%and

scalingfrom two to four coresimprovesperformanceby 29%. Figure5.6 (a) shows

the executiontime breakdown for a four core processorwith 12MB total L2 cache

space.Theperformancehasimprovedby roughly3X, but we still needanadditional

5X improvementto satisfy all benchmarks.Performancestartsto degradeat eight

cores(not shown). This degradationis surprising,but canbe attributedto two main

causes:anincreasedworking setin theL2 cacheandoperatingsystemoverhead.For

all parallelphases,additionalthreadsconsumemorecachespaceby simultaneously

accessingdatathathadnot neededto co-exist in thecache.The large increasein L2

missesis shown in Figure5.6(b).

Scalingfrom four to eight threadsresultsin a 5X increasein L2 misses.Kernel

memoryaccessesinsideIsland ProcessingandCloth make up mostof the increase.

Thepmapcommandin Solaris10 shows thateachworker threadusesapproximately

850KB of memoryduring two and four threadedexecution. At eight threads,each
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worker thread's memoryusagejumpsto around5MB. This operatingsystemeffect is

beinginvestigatedfurtherasfuturework.

Assumingthatthisbehavior canbealleviatedby acustom-tunedoperatingsystem

and programmerde�ned memorymapping/management,CG scalingmay continue

pastfour threads. However, even underideal conditions(removal of OS overhead

andcachecontention,unlimitednumberof cores,andideal loadbalancing),CG par-

allelismwill not besuf�cient to achieve interactive frame-rates.Figure5.7(a)shows

thatMix andDeformablerequiremorethanaframe'sworthof timejustfor IslandPro-

cessingandCloth. Whenconsideringserialphases,ExplosionsandHighspeedbarely

achieve30 FPS.

Therearetwo fundamentallimitations to CG scaling: (1) conventionalthreading

overhead(synchronizationandincreasedworkingset)and(2) apoordata-pathlogic to

control logic ratio. Dueto conventionalthreadingoverhead,islandprocessingis par-

allelizedat the per islandlevel andcloth simulationis parallelizedat thecloth level.

CGperformancescalingis thusboundedby thelargestislandandcloth. Furthermore,

thearearatio of control logic vs data-pathlogic increaseswith corecomplexity. The

useof complex coresfor physicsaccelerationwill not be scalableasIE applications

evolvewith morefeaturesandcomplexity. Giventhetremendousamountof computa-

tion bandwidthrequired,it will beshown in section5.2.5thattheuseof complex cores

resultsin prohibitively largedie areas.
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Figure5.2: (a) ExecutionTime Breakdown of 1 Core+ 1MB L2 — (b) SingleCore

Executionof SerialPartswith DifferentL2 Sizes.

0.0E+00

5.0E-03

1.0E-02

1.5E-02

2.0E-02

2.5E-02

Per Rag Con Bre Def Exp Hig Mix

E
xe

T
im

e 
(s

ec
) 

1MB 2MB 4MB 8MB 16MB

0.0E+00

5.0E-02

1.0E-01

1.5E-01

2.0E-01

Per Rag Con Bre Def Exp Hig Mix

E
xe

T
im

e 
(s

ec
) 

1MB 2MB 4MB 8MB 16MB

(a) (b)

Figure5.3: (a) Performanceof Broadphasewith dedicatedL2 — (b) Performanceof

Narrowphasewith dedicatedL2.
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Figure5.4: (a) Performanceof IslandCreationwith dedicatedL2 — (b) Performance

of IslandProcessingwith dedicatedL2.
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Figure5.5: (a) Performanceof Narrowphasewith dedicatedL2 — (b) Performance

with ProcessorScaling.
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5.2.4 ParallAX Ar chitecture

Figure5.8 demonstratestwo potentialimplementationsof our proposedarchitecture,

ParallAX. In bothimplementations,wehaveasetof coarse-grain (CG)coreshandling

taskslike serialphasecomputation,paralleltaskdistribution,memoryallocation,and

thecomponentsof theparallelphaseswhichdonothave largeamountsof parallelism.

A larger pool of �ne-grain (FG) coreshandlethe massively parallelcomponentsof

thecomputation.Thekey contributionshereare(1) the�e xible arbitrationpolicy that

providesarea-ef�cient utilization of availablecoreresources(section5.2.4.1),(2) the

L2 partitioningstrategy thathasalreadybeenaddressedin section5.2.3.1,and(3) an

explorationof interconnectsensitivity (sections5.2.4.2and5.2.5.2).Thetwo models

of Figure5.8differ in whetherthey treattheCGcoresasauxiliary processingengines

or asthe main computationalcorefor a givensystem– this will be exploredfurther

in thethird componentof our key contributions. In therestof this sectionwe provide

moredetailson our architecture,andthenperforma designspaceexplorationin the

next section.

Bothsetsof cores(CGandFG)areconnectedby 2D meshes.Theinterconnection

betweenthesetwo setscanbeon-chipor off-chip. TheCGcorescommunicatethrough

thesharedL2-cachewith banksconnectedvia a2D mesh.TheFGcoresareconnected

via theon-corerouters.

In termsof real-timephysicssimulationtasks,CG coreshandleBroadphaseexe-

cution,providing a setof object-pairsto feedinto Narrowphaseexecution. Narrow-

phasehasconsiderableparallelism,andthe CG coresstartto processindividual sets

of object-pairs(CG parallelism).Object-pairsarethenbefarmedout to theFG cores

by theCGcores– CG coresmovebothinstructionsanddatainto theFGcores.

FG parallelismrefersto breakingcomputationdown into:
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Figure5.8: ParallAX - ParallelPhysicsAccelerator.

• perobject-pairfor narrowphasecollisiondetection

• perdegree-of-freedomremovedfor LCPsolverof islandprocessing

• pervertex in clothsimulation

Thesegranularitywereselectedto extract looselycoupleddataparallelism.Our ap-

proachis to designascalablesystemby usingalargenumberof area-ef�cient process-

ing elements.Theselectedgranularitystrike a goodbalancebetweenthelowestlevel

of parallelism(ILP) vs. completelydecoupledparallelism(TLP). We referthereader

backto Table5.4andFigure5.11for informationon thenumberof suchFGtasks.

FG coresuselocal instructionanddatamemoriesinsteadof caches,sincethe in-

structionsanddatarequiredfor eachtaskareeasilydetermined.EachFGcoreiterates

throughall the tasksassignedto it, andno communicationis requiredbetweenthese

FG coresasthereareno datadependenciesbetweeniterations.All FG coresexecute

thesamekernelatonetimedueto thedependency betweenphasesof physicscompu-
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tation.Thisarguesfor onepoolof sharedFGresourcesfor all kernelsinsteadof unique

coresdedicatedto eachkernel. Althoughthis observation is similar to uni�ed shader

design[MGR05], physicscomputationis inherentlydifferentfrom graphicswherelit-

tle pipelining of the phasesdescribedin section5.2.1canoccur. Thereis additional

overheadinvolvedin pushingthedatato theFGcoresandretrieving thedatabackafter

computationcompletes.

5.2.4.1 Mapping Fine-Grain to Coarse-GrainCores

Thereareanumberof designdecisionsto bemadein thisarchitecture.The�rst is how

CG coresshouldmapto FG cores.Onealternative would be to staticallymapsome

setof FG coresto a singleCG core,simplifying taskscheduling,but possiblyunder-

utilizing ourpoolof FGcoresin caseswhereonelargetaskdominatesthecomputation

– the limiting scenariofor CG parallelism. Instead,we allow any CG coreto assign

tasksto any FG core. However, therearetwo concernshere: (1) arbitrationfor FG

coresamongtheCG coresand(2) maximizingFG corelocality. This locality exists

becauseFG tasksthat comprisethe samecoarser-level taskusesomecommondata.

Therefore,when there is balanceddemandfor FG coresamongthe CG cores,we

would liketo evenlydistributeFGcoresamongtheCGcoresto 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. Thearbiterassignstasksto FG coresfrom CG cores

in a priority ordering– a differentCG corehaspriority on eacharbiter. This ensures

evensharingof FG coreswhenwe have anevenloadacrosstheCG cores.If thetop-

priority CG corefor thatarbiterno longerhasany tasksto mapto FG cores,or there

areidle FGcoresfor thatarbiter, thearbiterchecksthenext CGcoreon its priority list
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(whereeacharbiterhasauniquepriority order).ThisensuresthatoneCG corewith a

largerloadis ableto utilize all FGcores.

We planto studyin detail theloadbalancing,dynamicwork allocation,tasksteal-

ing (providedby languageslikeCilk), etc. in follow upstudies.

5.2.4.2 Communication Latency BetweenCoarse-Grainand Fine-Grain Cores

Anotherdesignissuewe explore is buffering tasksat theFG coresto hidecommuni-

cationlatency betweenCGandFGcores.Themoretasksthataresentto eachFGcore

atonce,themorepotentialcommunicationlatency wecanhide,andthelooserwecan

makethecouplingbetweenCGandFGcores.However, thisrequiresthatwehavesuf-

�cient bufferingspaceandsuf�cient applicationparallelismto overlapcommunication

andcomputation.Loosercouplingof coresallows theuseof lessexpensive intercon-

nectand the more �e xible placementof cores(i.e. off-chip). And loosercoupling

facilitatesthe�e xible mappingof FGcoresto CG cores.

Ourgoalis to completelyoverlapall communicationlatency with computationex-

ceptfor the initial and�nal setof communicationsfrom CG to FG cores(thestartup

costof buffering communicationandpostprocessretrieval of results). With the in-

satiableperformancedemandsof IE, the primary goalof a physicsarchitectureis to

maximizeperformancefor a givenarea.Oneway to maximizeperformanceis to en-

surethe coresaremaximally utilized – they shouldnever be idle waiting for datato

besentto them. By overlappingcommunicationandcomputation,we canavoid idle

cyclesfor thecores,andaswe will show, thedatarequiredto buffer tasksat thecores

doesnothavea largeimpactonoverallarea.

OurCGcoresandL2 cachebanksconnectvia a2D mesh,andweassumethesame

for FG cores. The 2D meshcombinessimplicity, areaeffective design,and power

ef�ciency. Its latency andpower consumptionareslightly worsethana 2D torus,but
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its designsimplicity shouldtranslateto lessdesigneffort.

Given the large resourcedemandof FG coresand prior work's useof off-chip

acceleration(i.e. both AGEIA's PhysX and GPU-basedphysicsacceleration),one

naturalquestionto askis whetherfuturephysicsacceleratorscanbelocatedoff-chip,

toleratinginter-chipcommunicationdelays.To addressthis,we examinetwo existing

off-chip interconnectprotocolsto performCG coreto FG corecommunication:PCI

Express(PCIe)andHypertransport(HTX).

PCIe,a systeminterconnectwith a maximumhalf-duplex bandwidthof 4 GB/s,

is usedby both GPUsand PhysX.HTX, a co-processorinterconnectwith a maxi-

mum half-duplex bandwidthof 20.8 GB/s, is usedby AMD to connectCPUsand

co-processors.Additional local buffering is usedto overlapdatacommunicationand

computation,anddatadistribution from the I/O portsof thephysicschip to the indi-

vidualFGcoresis donevia a2-D meshtopology.

5.2.4.3 Programming Model

The orchestrationof the FG coresneednot requireISA modi�cations. The memory

locationsof instructionsanddatastructureneedto beremappedinto thelocalmemory

spaceof the FG cores,andFG kernel functionsneedto be inlined. All of this can

leverageexistingcompilersby addinganew back-endcustomizedfor theFGcores.

Additional codeto do datapacking(beforesendingdatafrom FG to CG cores)

anddatascattering(beforesendingdatafrom CG to FG cores)is alsobe required.

The hand-shakingbetweenCG andFG coresfor datatransfersis similar to network

protocolsusingcontrolanddatapackets.Thecontrolpacket includestaskid (unique),

data-setid (uniqueper task id), datasize, iterationcount,andkernel id. Eachdata

packet'sheaderincludestaskid anddata-setid.
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Thecontrol packet, in conjunctionwith thepreviously describedarbiters,setsup

the �o w of datapacketsto FG cores.Oncethea full setof datais receivedon a FG

core, the kernel id choosesthe kernel to execute(kernelcodealreadyresidesin FG

cores). The iteration count indicatesthe numberof iterationsto execute(the code

assumesall FG tasksstartfrom iteration0 andthedatahasbeenpackedaccordingly).

Thetaskid uniquelyidenti�es theCGthreadwhichsubmittedtheFGrequest,andthe

dataset id uniquely identi�es eachFG core. This informationis tracked on the CG

coreto identify theresultsreturnedbackfrom FG cores.EachCG corehasa network

interfacemoduleto send,receive, andbuffer thesepackets. Eacharbiter tracksFG

coreactivity by examiningdatapacketheaders.
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5.2.5 Ar chitectural DesignExploration

In this section,we explorethedesignspacefor ParallAX, includingdifferenttypesof

�ne-grain (FG) coresandinterconnectstrategiesfor FG andcoarse-grain(CG) cores.

Foreachdesignpoint,wewill determinehow many FGcoresarerequiredtosatisfyour

workloadandhow muchlocalbufferingis requiredateachcoreto hidecommunication

latency. First,wecharacterizetheFG componentsof parallelphasesof PhysicsBench

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

Fine-grainKernels.

5.2.5.1 Characterizing PhysicsBench2.0Fine-Grain Computation

Figure5.9 (a) shows thebreakdown of Mix's executiontime into serial,CG parallel,

andFGparallelcomponents.The�rst setof two barsshowsthedatafor onecorewith

9MB of L2, andthe 2nd setof threebarsshows the datafor four coreswith 12MB

of L2 asdescribedearlier. The serialcomponents'executiontime (not shown) does

not changesigni�cantly with increasednumberof coresor amountof L2. The CG

sections'executiontimedecreasedlinearlyaswescalefrom oneto four cores,andthe

FGsections'timedecreasedby slightly over50%.

Looking at thefour coredata,thesumof serialandCG componentsfor Mix takes
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up 68%of oneframe's time. This leaves32%of oneframe's worth of time for com-

pletingall of theFGcomputation.

PhysicsBench2.0 Kernel Characterization Figure 5.9 (b) shows the instruction

mix for the FG kernelsin Narrowphase, Island Processing, andCloth. NOPshave

been�ltered out of the instructionmix. For all three,integeroperationsandmemory

readsarethetop two instructiontypes.Themaindifferencebetweenthesekernelsis

the percentof instructionsdedicatedto control-�ow (branchand�oating point (FP)

compareinstructions)vsdata-�ow (FPaddsandmultiplies).

Narrowphasecontains8% branchinstructionsand few FP addsand multiplies.

This contrastsgreatlywith bothIslandProcessingandcloth, wheretheseinstructions

make up 32%and28%of thetotal respectively. Cloth differsfrom IslandProcessing

with morebranchesandits useof integermultiplies,FP divides,andFPsquare-root

instructions.

Memory Required for Instruction and Data Storage Next, weaddresshow much

instructionmemorywould berequiredby a FG core.Basedon theiterationswe sam-

pled, the total numberof uniquestaticinstructionsin eachkernelis 277 for Narrow-

phase, 177 for Island Processing, and221 for Cloth. With 32-bit instructions,the

largestkernelcanbestoredwith 1.1KB of localmemory. With 64-bit instructions,the

largestkernelcanbe storedwith 2.2KB of local memory. To allow any FG coreto

beutilized in any parallelphase,we allocateenoughmemoryto storethecodefor all

threekernels. This requires2.7KB for 32-bit instructions(1.1KB for Narrowphase,

0.7KB for IslandProcessing, and0.9KB for Cloth.)

For datamemory, westatisticallysampledthetotaluniquedatareadfrom memory

in eachkernelfor 100iterations– wefoundthis to be1,668Bfor NarrowPhase, 604B
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for IslandProcessing, and376Bfor Cloth. Thetotal amountof uniquedatawritten to

memoryin eachkernelfor 100 iterationsis 100Bfor Narrowphase, 128B for Island

Processing, and308Bfor Cloth. Therequireddatastorageateachcoredependsonthe

bufferingneededto hidecommunicationlatency.

Basedon this instructionanddatamemoryreuseexploration, the �nal FG core

designcontainsa total of 8KB local memory.

5.2.5.2 Fine-grain CoreDesignand Requirements

In orderto completethe FG computationswithin the time left, we would like to use

asmany coresasrequiredto exploit the level of parallelismneeded.In addition to

evaluatingtheperformanceof adesktopcoreonthesekernels,weexaminemorearea-

ef�cient, simpler coresmodeledafter next generationconsoleand GPU shaderde-

signs.An unrealisticallylargecoredesignis alsousedasa limit studyontheavailable

instructionlevel parallelism.Table5.6summarizesthesedesigns.As discussedprevi-

ously, thememorybehavior of theFG coresis extremelyregular. CG coreswill send

all datarequiredto theFG cores– i.e. memoryrequestsat theFG coreswill always

hit in thesingle-cycle8KB local memory. All coresrunat2GHz.
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Figure5.10: (a) IPCof DifferentFine-grainCoreTypes.— (b) Numberof Fine-grain

CoresRequiredperTypeto Achieve30FPS.
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Desktop Designbasedon Intel CoreDuocorewith 32-entryInstructionWindow,

96-entryReorderBuffer, 17KB YAGSbranchpredictor, 4-wide14-cycle

pipeline.

Console Designbasedon IBM Cell's corewith 8-entryInstructionWindow,

32-entryReorderBuffer, 17KB YAGSbranchpredictor, 2-wide12-cycle

pipeline.

GPUShader DesignbasedonGPUshaderswith 1-entryInstructionWindow,

32-entryReorderBuffer, 1KB YAGSbranchpredictor, 1-wide8-cycle

pipeline.

Limit Study Unrealisticcorewith 128-entryInstructionWindow, 512-entryReorder

Buffer, 64KB YAGSbranchpredictor, 128-wide14-cycle pipeline.

Table5.6: OurFine-GrainCoreDesigns.

Figure5.10(a) shows theperformance,measuredin IPC,on thethreekernels.Is-

landandClothhaveburstyamountsof ILP, ascon�rmed by their sourcecodeandthe

drasticdecreasein IPC from the desktop-classto the console-classcores. The limit

studycoreresultsshow an IPC of over 4 for Island and1.5 for Cloth. Basedon the

sourcecode,thesetwo kernelscouldpotentiallybene�t from SIMD instructions.Nar-

rowphasedegradeswith moreresourcesdueto mispredictedbranchinstructions.Ideal

branchprediction(resultsnotshown) resultedin a30%improvementin performance.

Number of Finegrain CoresRequired UsingtheaverageIPCdatafrom

Figure5.10(a)alongwith thetotalnumberof instructionsin FGcomputation,weshow

thenumberof coresrequiredfor eachdesignto reach30 FPSfor themostdemanding

benchmark,Mix. This calculationassumes100%utilization of FG coresduringeach

of theparallelsections,whichwe addressin thenext section.We alsoassumethatwe

cansendenoughtasksto theFG coresto effectively hideany communicationlatency,
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exceptthestartupandpost-processcommunicationcostsbetweenCGto FG cores.

The �rst four setsof datain Figure5.10(b)show the requirementif a given% of

the total frametime is available for FG computation.Our four-coreCG simulation

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

Thesimulatedtimeconstraintusingthe2D meshon-chipinterconnectrequires30

desktop-class,43 console-class,or 150 shader-classcoresto achieve 30 FPS.With

the HTX off-chip interconnect,the numberof shader-classcoresincreasedto 151.

With the PCIeinterconnect,the numberof shader-classcoresincreasesto 153. The

desktop-classandconsole-classcorerequirementsremainthesamefor both off-chip

interconnects.For all interconnections,2KB of local storageis enoughto buffer the

minimumamountof datato hidecommunicationlatency for all cases.However, these

interconnectalternativesdiffer in theamountof parallelismrequiredto hidecommu-

nicationlatency.

Ar eaEstimation: By usingpublisheddieareasandphotosof singlecoresfrom Intel

CoreDuo2 [ST], IBM Cell [Hof05], andNvidia G80[Som],wederiveareaestimates

for eachcoretypeusing90nmtechnology. Therequiredinterconnectareais derived

from TableIII of [SEW06]. Theareaestimatesfor 30 desktop,43 console,and150

shadercoresare1388mm2, 926mm2, and591mm2 respectively. This arguesfor the

simplestcoresasthemostarea-ef�cient alternativeandpointsto asevereneedof area

optimization,whichwill beonemainthrustof our futurework.

Currentgenerationarchitecturescertainlylackthecomputationalresourcesto meet

the demandsof real-timephysics.But simply scalingexisting designsthat statically

mapFG coresto CG coresto matchtheperformancedemandswill requireconsider-

ably morearea.For example,staticallymappingGPUshadersonly to particularCG

coreswill require34%morearea(dueto morerequiredcores)thananarchitecturethat
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canmore�e xibly andef�ciently leveragecoreresources.

Available Parallelism to Hide InterconnectLatency Sofar, wehaveoptimistically

assumedthattheparallelphasesof ourworkloadcouldachieve100%utilizationof the

�ne grain cores. To verify this, we gatherthe amountof availableFG tasksin each

phase,assumingfour CG threads.As describedearlier, thelimit of CG parallelismis

determinedby the sizeof large islands. Table5.7 shows the amountof parallelFG

tasksrequiredto hidecommunicationlatency for differentcoretypesandinterconnect

technologies.

(Narrowphase,

IslandProcessing,

Cloth) On-chip HTX PCIe

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-GrainTasksRequiredto Hide Communication.
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Figure5.11:AverageNumberof AvailableFine-grainParallelTasks.

With four threads,Figure5.11shows all benchmarkscontainenoughparallelFG

tasksto hide on-chip interconnectlatency to the numberof FG coresindicatedon

Figure5.10(b) exceptIslandProcessingfor ContinuousandDeformable, andCloth

for Deformable. Bothbenchmarkscontainno largeislandswith morethan25 parallel
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FGtasks.Figure5.6(a)haddemonstratedthatContinuousalreadyexecutesat30FPS

without theuseof any FG cores.For Deformable, IslandProcessingdoesnot take up

a signi�cant componentof oneframe's time. Both ContinuousandDeformablecan

achieve30 FPSwithoutany FG parallelizationof IslandProcessing.

Whenanoff-chip interconnectis used,it becomesdif�cult to hidecommunication

latency for IslandProcessingandCloth. By �ltering islandsandcloth with lessthan

50FGtasks,HTX' s latency canbehidden.This reducestheamountof work executed

onFGcoresby anaverage2%for IslandProcessingand29%for Cloth. For PCIe,it is

notpossibletohidecommunicationlatency for clothsimulationrunningontheconsole

or shadercores.For IslandProcessing, it becomesnecessaryto �lter out islandswith

lessthan 1710 FG tasksin order to hide communicationlatency. This reducesthe

amountof work thatcanbeexecutedonFG coresby anaverage59%.

For the con�gurationswherecommunicationlatency is fully hidden,only each

phase's startupandpost-processcostsat eachsimulationstepareaddedto theexecu-

tion time. Whenthecommunicationlatency is exposed,thisrequiresmoreFGcoresto

satisfyourperformancebound,whichcanincreaseareaby 18%for on-chipFGshader

coresand36%for off-chip (HTX) FG shadercores.Onealternative to this would be

to sharelocalmemoriesamongmultipleFGcoresto leveragedatalocality andreduce

therequiredcommunication– anexplorationwe leave for futurework.

Although cloth is shown to have the leastamountof FG parallelismfor the next

generationof games,thenumberof verticesusedto modeleachclothwill likely scale

up whencreatingrealisticclothmovementfurtherinto thefuture.

5.2.5.3 Implementation Alter natives

As describedin section3, our designis within the spaceof streamingcomputation.

Model1 in Figure5.8showshow thedesignmapsontotheSVM architecturalmodel.
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CGcoresmapto thecontrolprocessor, andFGcoresmapto thekernelprocessor. The

hostmemorymapsto theglobalmemory, andlocalstoragemapsto localmemory. The

DMA engine,however, is now partof thecontrolprocessor. Dueto real-timephysics

simulation'sextensiveuseof dynamicmemoryallocation,thedatarequiredfor kernel

computationis dynamicallyallocatedandthensetupfor computation.All preparation

happenson theCGcores�rst, thendatais sentto thelocalstorageof FGcores.DMA

functionalitycanbeimplementedon theCGcores.

We evaluatedon-chipandoff-chip interconnectsbetweenthe CG andFG cores.

Thecommunicationlatency betweenCG andFG computationcannotbehiddenwith

thePCIeoff-chip interconnect.Thisconclusionpointsto thetightnessof physicssim-

ulation's feedbackloop betweenthe two granularityof computation. However, by

placingtheentirephysicspipeline,bothCG andFG resources,ontothesamediscrete

chip,off-chip physicsacceleratorssuchasMD-GRAPEandPhysXwith PCIEis fea-

sible. Model 2 in Figure5.8 shows sucha design. By moving all physicshardware

onto a discrete,dedicatedaccelerator, pin-outsare increasedto allow for dedicated

physicsmemory. Dedicatedphysicsmemorymayenableoptimizationsto reducethe

dynamicmemorymanagementandOSoverheadsdescribedin section5.2.3.Thecon-

trol processorcanpreloadstaticallyallocateddataontophysicsmemory, andonly the

positionandorientation(60B) of eachobject,position(12B) of eachparticle,andpo-

sition (12B) of meshverticesarecommunicatedat thebeginningandendof a frame.

This small �x ed overheadis easily toleratedwhenusingPCIe(0.00006secondsfor

1,000objects,10,000particles,and5,000meshvertices).

When using a GPU for physicsacceleration,the GPU is only effective for FG

tasks.Themodel,asshown on Figure5 of [LMT04], ties a generalpurposeCPUto

theGPUusinganoff-chip interconnect.TheserialandCGcomputationaredoneona

CPUwhich maynotbeoptimizedfor thisworkload,andtheoff-chip latency from the
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CPUto theGPUwill beexposedmany timeswithin a frame(similar to our off-chip

evaluation)exceptwhenhandlingmassiveislandsor cloths(with 7700to 9400parallel

FG tasks).

While �rst-generationphysicsacceleratorsmayonly needto sendobjectposition

andorientationbackto themainprocessorcore(s),futuredemandswill bemoresignif-

icant.Truly immersiverealitymayonly bepossiblewhentheresultsof physics-guided

motionarecommunicatedto othercomponentsof IE applications.For example,anob-

ject thatbreaksmayhaveasoundattachedto it or mayalertanAI character.
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5.2.6 Summary

WehaveproposedParallAX, anarchitecturethatfeaturesaggressivecoarse-graincores

with suf�cient, partitioned,cachespaceto handleboththeserialandcoarse-grainpar-

allel componentsof physicssimulation– combinedwith a setof �ne-grain coresto

exploit themassive�ne-grain parallelismavailablefor certaincomponentsof thecom-

putation. Fine-graincoresshouldbe �e xibly mappedto coarse-graincores,andall

coresshouldeitherbelocatedonthesamesilicondieor packagedonseparatechipsin

a multi-componentmoduleto successfullyoverlapcommunicationandcomputation.

With its high performanceandprogrammability, ParallAX canbe utilized for other

workloadswith massive �ne-grain parallelismwhile enjoying theuniqueeconomyof

scaleaffordedby interactiveentertainment.
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5.3 Performance-Driven Adaptive Sharing Cache

5.3.1 Intr oduction and Moti vation

Chip Multi-Processors(CMPs) [ONH96b] make ef�cient useof a growing transis-

tor budgetby placing multiple processorcoreson die to exploit threadlevel paral-

lelism. High performanceembeddedprocessorsin differentapplicationdomainssuch

as Sun's Niagara[P ], IBM' s Xenon [Sto], and Broadcom's BCM1480 [Bro], and

IBM' s Cell [Hof05] have lead CMP developmentwith increasingnumberof cores

on-die. However, the CMP architectureis fundamentallypin limited with respectto

theoptimalnumberof on-diecoresasshown by Huhetal [HBK01].

This limitation exposestheimpactof thelowestlevel on-chipcacheon per-thread

aswell astotal throughput.Therearetwo mainissuesto resolve. The�rst is satisfying

theaggregatedemandfor cachebandwidthandcachecapacity. Thesecondis dealing

with inter-threadinterference.

Cachethrashingdueto inter-threadinterferencecanresultin simultaneouslyactive

threadsdegradingeachother'sperformance.Conventionalcacheimplementationscan

not adequatelycopewith this interferenceasshown by Hily andSeznecin [HS98].

To complicatethings,cacherequirementchangesdynamicallywith phasetransitions,

context switches,power saving features,andassignmentsto asymmetriccores.This

non-deterministicside-effect of resourcesharingis especiallyproblematicfor embed-

dedapplicationsrequiringcertainquality-of-service.

Oneapproachto mitigatingtheimpactof limited off-chip bandwidthis to scalethe

sizeof a physicallysharedL2 to meetthedemandsof an increasingnumberof cores

on a die. While a largesharedL2 provides�e xible useof storage,latency andpower

consumptionworsens,particularlywith aggressive porting or bankingin the faceof

poorwire scaling[AHK00].
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At the other extreme,private cachescan provide more bandwidthand reduced

latency at thecostof lower utilization. Althoughprior work [Mic04] enablessharing

of privateresources,thisschemeis only applicablewith oneactivethreadontheentire

chip.

A compromisebetweenthetwo previousorganizations,non-uniformaccesscache

(NUCA) [KBK02] is oneapproachto scalinglargecaches.However, upstreammigra-

tions have beenshown to be essentialto prior NUCA's performance.With multiple

threadscompetingfor space,migrationsput a greatdealof pressureon internalcache

bandwidthaswell asincreasingcachepowerconsumption.

In thiswork,ourgoalis to providedata-streamqualityof servicefor all activecores

on a CMP. This translatesto maximizingoverall throughputwhile guaranteeingfair

progressto threadscompetingfor sharedresources,namelyL2 space,L2 bandwidth,

andmemorybandwidth. Applicationswith lower degreesof parallelismand larger

memoryfootprintsshouldnotbeundulyimpactedby thepartitioningscheme.

To this end, we physically distribute sharedcacheresourcessuchthat different

cacheclustersaredirectly connectedto differentcores,similar to physicallyprivate

caches.This organizationscalescachebandwidthwith increasingnumberof cores,

andthesmallerindependentcacheclustersprovidelow accesslatenciesandlow power.

On top of this design,we explorea dynamicadaptiveallocationschemeto handle

varying applicationloadsand suddenchangesin threadcomposition. Cachefoot-

printsvarybothwithin anapplicationandacrossdifferentapplications.Our approach

pinpointseachthread's minimum allocationfor acceptableperformanceandthe ad-

ditional spacerequiredfor signi�cant improvementat a phasegranularity. This data

allowsprecisemanagementof all cacheresourceto achieveourgoal.

All prior work in cachepartitioningfor CMPshave assumeda physicallyshared

cache.Miss-ratehasbeenthedominantparameterfor tuning,andinternalmigrations
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havenotbeentakeninto account.It is theperformanceof agivenapplication,andnot

therelativecachemissratethatshouldguideany policy consideringfairness.

Thiswork makesthefollowing contributions:

• DistributedNUCA L2 designfor CMPs.

• Realizable,on-line strategy for distributedcachepartitioning basedon actual

performance.

• Boundsper-coredegradationwhile optimizingthroughputfor CMPs.

• Handlesdynamicperformancechangingevents.

• Comparisonto prior work in termsof performance,cachemigrations,andmiss

rate.

Theremainderof thesectionis organizedasfollows. We �rst review relatedwork

in thisarea.Ourarchitectureis described,thenthesimulationmethodologyandresults

arepresented.Finally, weconclude.
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5.3.2 RelatedWork

In this Section,we considerprior work on CMPs,NUCA caches,andcachepartition-

ing relatedto our research.

To increasetransistorutilization andreduceinter-corecommunication,CMP ar-

chitecturessuchasthe HYDRA project[ONH96b], IBM' s Xenon[Sto], andBroad-

com's BCM1480[Bro] communicatethrougha sharedL2 cache.Piranha[BGM00]

andSun'sNiagara[P ] areexamplesof thelogically shared,physicallyinterleavedL2

cache.Cyclops[CCC02] is asoftware-controlled,distributedL2 cachetargetingarray-

basedcomputation.With memoryspaceconstrainedto embeddedDRAMs, Cyclops

encodes the cache location of logical address in unused address bits.

Liu etal. [LSK04] partitiontheL2 cacheby coreID insteadof memoryaddress.These

partitionsarephysicalbanksof thesharedcache.Thesequentiallookupsof local and

remotepartitionsincreasebothhit andmisslatencies.All of thesedesignsdiffer from

theindependent,hardware-controlledcacheclustersof PDAS.

Pursuinghighercacheutilization,Michaudproposesexecutionmigrationto effec-

tivelyshareprivateL2 cachesonaCMP[Mic04]. Theproposedmethodis activewhen

thereis only 1 active thread.With PDAS, we enableall active threadsto utilize any

availableresourcesby connectingtheprivateL2 caches.

Mostrecently, BeckmannandWoodexaminedtheapplicabilityof TLC in theCMP

environment[BW04]. Similar to our distributedL2 design,[BW04] shows a NUCA

designfor the8-coreCMP in thestudy. This paperconcludeswith a hybrid approach

combiningprefetching,TLC, andmigrationto toleratewire latency for CMP caches.

This work examinedparallel workloadssharingdatabetweenthreads. The multi-

programmedworkload we examineposesmore pressureon the memoryhierarchy.

In addition,bothinter-threadinterferenceandinternalmigrationsarenot addressed.
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To mitigate wire delay impacton accesstime [Boh95], DNUCA [KBK02] pio-

neereda non-uniformL2 cachearchitectureto provide varying accesslatenciesfor

differentpartsof a singlelarge cache.NuRAPID [CPV03] improveduponDNUCA

by signi�cantly reducingthenumberof migrations.[CPV03]showsdrasticpowersav-

ingsandinternalnetwork simpli�cation asaresultof migrationreduction.PDAS con-

tributescomparablemigrationreductionfor multi-threadedscenarios.

While DNUCA andNuRAPID focusonly on theperformanceandpower running

a singleapplication,we target anarchitecturethatoptimizesperformanceandpower

for bothsingleandmulti-threadedscenarios.

Cachepartitioning has beenusedto mitigate inter-threadinterference. Recent

work [SDR02,SRD04]usesmarginal gain calculations,expectedreductionin miss-

rate, to allocatecachespace. Ranganathanet al. [RAJ00a] proposerecon�gurable

caches that can be divided and allocated to different processor activities.

Liu et al. [LSK04] describea cachepartitioningschemetargetingoff-chip accessre-

ductionfor parallelbenchmarks.No control of the partition schemewaspresented.

Eachrepartitionrequiresa systemcall to theOS.Upstreammigrationsareenabledas

with DNUCA andNuRAPID designs.Kim et al.[KCS04]partitioneda conventional

sharedcachefor CMPsusingdifferentfairnessmetricsbasedon cachemissbehavior.

Thebestdynamicalgorithmrequiresa staticpro�le of eachthread's entireexecution.

Existingcachepartitioningwork only usesthecachemissbehavior to guideallocation.

Aswill bediscussed, missratedoesnotalwayscorrelatewell with actualperformance.

Our one-passL2 miss-ratemeasuringmechanismis relatedto prior work on one-

passcachesimulationsuchas[SA95] or [LNM04]. The simulationmethodologyin

[SA95] is emulatedin hardwareby [SDR02] to estimatemultiple marginal gainsin

missrate. PDAS differs from previouswork by usingaccurate,on-linemeasuredL2

missrates.
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Ourclusterlevel associativepartitioningis similar to [Alb99] and[CJD00].While

[Alb99] disablescertainwaystosavepowerand[CJD00] partitionsthewaystoprevent

inter-threadcollisions,PDAS partitionsthecacheto achieveboth.
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5.3.3 Distrib uted L2 Cache

Thelowest-levelcachein aCMParchitectureshouldprovide�e xible storagefor threads

with differentmemoryrequirements,high bandwidthto supportrequestsof simulta-

neouslyactivecores,andlow latency for highperformance.

A simpleapproach,theprivatecachearchitecture,associatesa separateL2 cache

with eachcore.Eachcoreonly checksits local cachefor hitsandsnoopsothercaches

for shareddata.PrivateL2 cachesprovide dedicatedportsfor eachcorewith low la-

tency andlow power, but they lack the�e xibility of sharedcacheresources.However,

privatecachesarefair in thateverycoregetsthesameamountof cachespace.Wewill

usetheprivatecacheasourbaselinein thiswork.

A single large conventionalcachecan be dynamicallysharedamongcores,but

canexhibit long accesslatency whenmulti-portingor bankingto provide bandwidth.

NUCA designsprovideagradientof accesslatenciesbasedon physicallocality to ad-

dressthis problem.On cachehits, cachelinesaremigratedto lower latency portions

of thecacheto provide fasterhits on linesthatexhibit goodlocality. If multiple cores

shareacommoninterfaceto aNUCA cache,it will bedif�cult to scalethecacheband-

width. With competingthreads,thelower latency portionswill experiencesigni�cant

thrashing.

5.3.3.1 PDAS

To addressboth cachebandwidthandresourceinterferencein multi-threadedwork-

loads,we proposethePerformance-DrivenAdaptiveSharing(PDAS) cachearchitec-

ture. PDAS consistsof an intelligent dynamicpartition controlleranda distributed

clusterof cachesasshown in Figure5.12.Wewill discussphysicaldesigndetails�rst,

thenconsiderthepartitioningstrategy.
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Figure5.12:TheProposedPDAS CMPMemoryHierarchyandHigh Level Floorplan.

EachcorehasanL2 cachephysicallyassociatedwith it. Unlike theprivatecache,

any corecanaccessany of theL2 cachesassociatedwith othercores.Fromthepointof

view of eachcore,thedistributedcachesform a non-uniformcachehierarchy. Access

latency dependson thedistancebetweenthe requestingcoreanddestinationcache–

Figure5.12showsthatL2 0'saccesslatency from core0 differsfrom thatfrom core2

dueto thephysicallayout.

EachPDAS cacheclusteris hardware-controlledand fully independentwith its

own tag array. The closestcacheto eachcore is assignedto the coreasits primary

cache.By forcing coresto accesstheir primarycaches�rst, eachprocessorcoresees

the fastestaccesstime for the mostrecentlyuseddata. In addition,interferencebe-

tweennewly loadeddatafrom all active threadsis completelyremoved.

PDAS leveragesCMP's �e xibility in physicalplacementto closelyconnectthese

L2 caches. Eachcacheclustercommunicatesto its nearesttwo neighborsthrough

the interconnectedL2 controllers. This forms a bidirectionalring acrossall cache

resources.
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5.3.3.2 PDAS Access

Sincedatacouldresidein any cachecluster, all distributedtagarraysmustbechecked

beforedetermininga realL2 miss. This operationeffectively implementsthesnoop-

ing mechanismacrossconventionalprivatecaches.While thiswork focuseson multi-

programmedworkloads,the underlyingarchitecturecan be utilized for cooperative

multi-threading.Shareddatamaynot be duplicatedwith PDAS, andinter-threadin-

terferenceis removed.

Eachrequestis initially forwardedto thetwo nearestneighborsof theoriginating

core. Thesecoresin turn forward it to their neighboralongthe samedirection. The

originatingcorelocationis usedto tagtherequest,andthistagpersistswith therequest

as it traversesthe network to allow searchtermination. We effectively implementa

serialtag-dataaccessthatis commonlyusedwith largecachesfor energy ef�ciency.

Remoterequeststo a particularcacheareservicedwith thesamepriority aslocal

tag lookups. If thereis a hit in thecachefor a remotecore,datais sentbackthrough

theinterconnectbetweenL2 controllers.

Eachmemoryreferencegeneratesrequeststo bothneighborsassoonasit misses

in the L1. This remoterequestis forwardedto the farthestneighborin parallelwith

tag accesses.The initial memoryreferencecreatesan entry in the memoryinterface

(MI) with 2 bit-vectors.Eachbit-vectorhaslengthn, wheren is thenumberof PDAS

cacheclusters. Bit-vector 1 indicatesthe hit/miss status,andbit-vector0 indicates

valid results.If any taglookuphits, it invalidatestheentryin theMI. If any taglookup

misses,it setsits correspondingbit for boththehit/missandthevalid bit-vectors.Only

valid MI entrieswith all bits setin bothbit-vectorsareissuedto memory.

Invalidationsfrom the memorybus arealso routedto all tag arraysin the same

manner.
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If a coreis constrainedto its primarycache,PDAS allow its primarycachemisses

tobeissuedassoonaspossible.Thetagchecksstill occurfor coherency. If ahit occurs

after thememoryrequesthasbeensent,the requestwill bedroppeduponreturnand

datais forwardedasany otherrequests.Thisoptimizationis importantfor applications

thataresensitiveto memorylatency, but donothavea largeL2 cachefootprint.

5.3.3.3 CacheLine Migration

Fromtheperspectiveof asinglethread,thecacheline migrationpolicy wouldkeepthe

mostrecentlyusedblocksphysicallyclose.Cachelines thatmove amongclustersto

maintainLRU orderingaresaidto migratebetweencaches.Clustersphysicallycloser

to theexecutingcoreareconsideredupstreamin themigrationorderwhencompared

to clustersthatarefurtherawayfrom thecore(i.e. downstreamcaches).Oneapproach

to handlingmigrationis to force evicted lines from a given clusterdownstream(i.e.

physicallyaway from a givencore). We will assumethis simplegreedydownstream

strategy in this work, as it provides the bestsingle threadperformanceamongthe

strategiesweexplored.

Previously describedmechanismswerechosenfor a simple,fast implementation

of this distributedcache.In depthanalysison thecommunicationstrategy is beyond

thescopeof thiswork.
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5.3.4 Limiting Data Migration Among Clusters

Given the physicaldistributedcachedesign,inter-threadthrashingeffectsstill need

to beaddressedto boundper-coreperformancedegradation.While memoryintensive

applicationcanstarveotherthreadsfrom keepingstatein theL2 cache,contentionand

migrationcongesttheinterconnectthatallowscachelinesto migrate.

To ensurefairnessamongthreads,we aim to guaranteea minimal level of perfor-

manceto eachthread. While we tunebasedon known applicationcharacteristics,a

naturallower boundfor evaluationis theprivatecache.This approachis thesimplest

fair sharepolicy – all threadshave the sameamountof spacewith the samerelative

latency.

Assumingequalpriority, we would like to maximizethe throughputachievedby

our CMP architectureafter ensuringthe per-coreminimums. Not every application

needsall of its primary cacheto achieve the minimum performance.The remaining

spaceafterensuringper-coreperformanceshouldbeallocatedto increasetheoverall

throughput.

Eachapplicationhassomeminimum working set [DS02] that is requiredfor a

certainperformancelevel duringa givenapplicationphase.It is not alwayspossible

to satisfyall applications'workingsetsfor their currentphase,andthegoalis to make

intelligentallocations.

5.3.4.1 CachePartitioning

We will explore cachepartitioning [STW92] asonepossibleapproachto this. Our

cachepartitioningapproachneedsto accomplishthe following: 1) Guaranteea min-

imum level of performanceper thread.2) Maximize achievablethroughputby intel-

ligent allocation. 3) Minimize migrationsper memoryaccess.4) Operateat phase
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ratherthanapplicationgranularityto bettertunetheresourcesto applicationdemand.

This is a very dif�cult setof constraintsto solve statically– Sherwoodet al. [SSC03]

demonstratedthatcachebehavior canvary signi�cantly acrossapplicationphases.5)

Handlearbitrarythreadsrunningtogetherat any particularphase.6) Ef�ciently adapt

to dynamiceventssuchasnew threads,phasechanges,etc. without undueimpact.7)

Low complexity. To reduceinter-corecommunication,we would like the schemeto

dynamicallypartition cacheresourceswith little interactionandcoordinatedarbitra-

tion.

In thiswork, weassumean8-way1MB cacheateachclusterwith awayselection

mechanism,similar to theonefoundin [CJD00]and[Alb99]. We partitionthecache

into 256KB chunks– allowing eachpair of ways to be assigned.Othercacheand

partitionsizesarefeasiblein futurestudies.

We furtherassumethatcachepartitioningis doneevery 100million cyclesby our

globalarbitrationunit. Thepartitioningis basedonthedemandof eachactivethreadin

theCMP. Conservatively, weallocate10,000of thesecycles(0.01%)to thearbitration

unit to performany intelligent decisionsandrecon�gure the caches.The remaining

99.99%of the100million cycle interval is usedto gatherstatisticsfor our arbitration

unit.

As shown in [SPH02], applicationphasesfor theSPEC2Ksuiteareontheorderof

10'sof billions of instructions,which takesat least2.5billion cycleswith anidealIPC

of 4. By partitioningat themuchshortergranularityof 100million 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 differentapproachesto approximatethis perfor-
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mance.

At a high level, the partitioning processcan be describedby four steps. First,

eachcoreexecuteswith differentamountof privatespaceto �nd theminimumspace

requiredfor acceptableperformance.Second,eachcoremeasuresits missratesusing

differentsizesof thecache.Third, all coresarbitrateusingthedataobtainedin steps

oneandtwo. Finally, all coresareallocatedcachespace.All threads'minimumcache

resourcesfor acceptableperformanceareallocated�rst. Then,theremainingresources

aregivento threadswhich canreachtheir minimumrequirementfor improvementin

agreedyfashion.

With our granularityof 256KB anda total cachespaceof 4MB, therewill be 16

differentcachepartitioningsthatarepossiblefor eachthread.Eachcorewill indepen-

dentlydetermine� vevaluesfrom these16 possiblepartitions:

GuaranteedPartition The minimum cachepartitioning requiredto achieve within

Gthresh% of the performanceof a 1MB 8-way setassociative cache.This is

the performanceof the privatecachethat we would like to guaranteeto every

application.

Minimum Extra Partition Theminimumcachepartitioningbeyond1MB wherethe

performanceimprovesbeyondIthresh%. This is theadditionalcachespacewe

needto provide measurableimprovementto the application. If no suchparti-

tioningexists,this is setto theGuaranteedPartition.

Maximum Extra Partition The maximumcachepartition that continuesto provide

at leastanAthresh% cumulativeperformanceimprovementover theMinimum

Extra Partition. This is the most cachespaceout of the entire 4MB that we

wouldallocatethis threadto obtainwithin Athresh% of thebene�t of theentire

4MB cache.Within thearchitecturalspacestudiedhere,any furtherspacewould
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not impactperformance.If no suchpartitioningexists, this is setto themaxof

GuaranteedPartitionandMinimum ExtraPartition.

ExpectedMin Gain Theexpectedperformanceimprovementof theMinimum Extra

Partitionover theGuaranteedPartition.

ExpectedMax Gain Theexpectedperformanceimprovementof theMaximumExtra

Partitionover theMinimum ExtraPartition.

All thresholds(Gthresh,Ithresh,andAthresh)canbetunedby thedesignerbased

on acceptabledegradationandperceivedsigni�cant improvement.For example,one

canincreaseGthreshto increasethe potentialfor free spaceusedto increaseoverall

throughput.In this study, we setall thresholdsto 3% for all simulations.This value

wasselectedto co-optimizefairnessandthroughput.

If theMaximumExtraPartition is thesameastheGuaranteedPartition, theappli-

cationdoesnot bene�t with morecachestate(at leastup to the available4MB) and

shouldnot receive any additionalcachespace.If theMinimum ExtraPartition is not

thesameastheMaximumExtraPartition, thenthereis likely somebene�t to giving

spacebetweentheMinimum ExtraPartitionandMaximumExtraPartition.

These� vevaluesfrom eachthreadareall thatwill besentto theglobalarbitration

unit, which canresidein theMemoryInterface.Theunit will alwaysprovide at least

the thread's GuaranteedPartition. This approachprovidesfairnessby boundingper-

coredegradation.Theremainingallocationwill bemadeto maximizethethroughput

of theprocessor. Thisallocationproblemis actuallyNP-Completeandcanbereduced

to the knapsackproblem[CLR92]. We adoptthe following heuristicto approximate

the solution. The speci�c cache-way allocationsare donewith physical locality in

mindbasedon coreID (not shown).

Variables:
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Total Space= numberof availabledistributedL2 cachepartitions.

AllocatedSpace[i]= eachthreadi' snumberof allocatedpartitions.

UnderConsideration[i]andUnderConsiderationCost[i] arepossible

allocationmovesfor eachthread– bene�t andspacerequired.

GuaranteedPartition[i], Minimum Extra Partition[i],

Maximum Extra Partition[i], ExpectedMin Gain[i],

andExpectedMax Gain[i] areasdescribedabove.

Total Space= 16; # 16differentchunksof spaceto allocate

# Firstallocatetheguaranteedpartitions

for (i=0; i< num threads;i++) {

Total Space-= GuaranteedPartition[i];

AllocatedSpace[i]+= GuaranteedPartition[i];

UnderConsideration[i]= ExpectedMin Gain[i];

UnderConsiderationCost[i] = Minimum Extra Partition[i];

}

# Allocateremainingspaceto threadwith highestpotentialgain

while (1) {

Find threadi with greatestnonzeroUnderConsideration[i]

andUnderConsiderationCost[i] < Total Space;

if no suchi exists,break;

Total Space-= UnderConsiderationCost[i];

AllocatedSpace[i]+= UnderConsiderationCost[i];
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if (AllocatedSpace[i]== Maximum Extra Partition[i]) {

UnderConsideration[i]=0;

} else{

UnderConsideration[i]=ExpectedMax Gain[i];

if (Maximum Extra Partitioning[i]-

Minimum Extra Partitioning[i] >

Total Space)

UnderConsiderationCost[i]=Total Space;

else

UnderConsiderationCost[i]=

Maximum Extra Partitioning[i]-

Minimum Extra Partitioning[i];

}

}

Ourpartitionstrategy differsfrom all otherpartitionwork in thatit is optimizedfor

a distributedcache,basedon performanceimprovement,minimizesmigrations,and

adaptsto dynamicperformancechangingevents. By reducingmigrations,PDAS's

partition strategy naturallyaimsfor the bestperformance/power con�guration. Fur-

thermore,PDAS's allocationcopeswith thedistributednatureof ourLRU state.

5.3.4.3 Miss Rate

Our �rst dynamicpartitioningapproachusesmissrateasthemetricto guidetheallo-

cationof cachespace– missratewill be thesolemetricof performanceto guideour

algorithm.
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To dynamicallycapturethepotentialmissrateat differentpartitions,we makeuse

of anadditional4MB L2 tagarrayat eachcore,which we will referto asthescratch

padarray. The scratchpadarrayhasno correspondingdatacomponent,andis only

usedfor estimatingthereductionin missratethroughtheLRU stack.All L2 requests

from thecoreusetheadditionalscratchpadarrayaswell asthedistributedL2 cache,

updatingthearraybasedon theaddressrequeststream.Coresonly accesstheir own

scratchpad array– the statecontainedthereincanbe different from what is in the

distributedL2 cache.Therearesixteencountersassociatedwith the4MB 32-way tag

array, onecounterfor eachpossiblepartition. Eachcountertracksthehits thatwould

havebeenseenby agivenpartitioningstrategy. For example,the1MB 8-waypartition

counterwould track the hits to the �rst 8 waysof the 4MB 32-way tag array. The

1.25MB 10-way partition counterwould track thehits to the �rst 10 waysof the tag

array. Wecanprovide theexpectedmissratefrom usingany partition.

CACTI 3.0[SJ01]indicatesthatthestructureaddsapproximately10%overheadto

theoverallcachearea.Thisoverheadincreasesasthenumberof cores/clustersscales,

but doesnot impacttheaccesstime to eachcache.Theuseof partial tagswith half of

the addressbits reducesthe areaimpactto 5% of the overall cachearea– similar to

Nurapid's pointeroverhead.To scalethenumberof cacheclusters,this structurecan

besharedbetweenmultiplecoresthattaketurnsto explore.Anotheralternativewould

beapproximatingwith prior marginalgainswork.

5.3.4.4 WeightedMiss Rate

Our secondapproachis a realisticheuristicthat factorsIPC impactinto the �rst miss

rateapproach.

Prior work [SDR02] hassuggestedthatmeasuringtheL2 missrateis suf�cient to

determinewhetheror not sharingfurthercacheresourceswould bebene�cial. How-
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ever, this approachalonecanmisssomeopportunitiesfor performanceor power sav-

ings.

In [SDR02],thecachepartitionschemeis guidedbyagreedypolicy usingmarginal

gain. Marginal gaingivesan indicationof themissratereductionfor eachline allo-

catedto a giventhread.Fromour simulations,severalbenchmarksposeproblemsfor

missratebasedmethods.For example,gccimprovesIPC by 17%with a missratere-

ductionof only 3%. Programslike lucasretainthesameIPC evenasthemissrateis

reducedby 18%. Finally, benchmarkslike mcf requirea minimum amountof cache

spacebeforeimproving eithermissrateor IPC. L2 missratebasedmethodscannot

capturethis rangeof behavior, whenmissrateandperformancearenotstronglycorre-

lated.

Thisproblembecomesmoreevidentwith heterogeneouscoresonaCMP. As each

corecanhave differentresourcesto toleratememorylatency, the impactof missrate

on a givencorecanberadicallydifferent. Power andthermalthrottling doneat a per

coregranularitywill alsoaffect theimpactof missrateon performance.

Ratherthanexploring theentirespaceof possiblepartitions(aswould berequired

for anoracleIPCapproach),wemeasuretheIPCdifferencebetweentwo pointsin the

partitioningspaceandusethat to weight the completeexplorationof missratefrom

section5.3.4.3.

Eachthreadwill havetwo performanceregistersto trackIPC.If theseregistersare

cleared,thethreadwill �rst berestrictedto 256KBof theprimarycache(theremainder

of thecachecanstill beavailableto otherthreads)andtheIPCfor thatcachepartition-

ing interval will berecordedin the�rst performanceregisters.In thenext partitioning

interval, the threadwill berestrictedto 1MB of theprimarycacheandthis interval's

IPCwill berecordedin thesecondperformanceregisters.

[SSC03] observe that applicationphasesarepredictableandexhibit excellentlo-
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cality. Althoughthis work usedtheSPEC2Ksuite,someembeddedapplicationswill

show even moreregularity in behavior. We proposethe useof phasedetectionand

trackinghardwarefrom [SSC03] to determinewhenweareenteringadifferentphase.

Wewill haveasmallhardwarestructureto trackperformanceregistervaluesfor differ-

entphases.If a threadentersa new phasethat it hasnot seenbefore,its performance

registersare clearedand exploration will begin for the next two partitioning inter-

vals. If a threadentersapreviouslyseenphaseandtheperformanceregistervaluesare

stored,wewill simply restorethesevaluesinto theperformanceregisters.

Thesetwo performanceregistersareusedto determinetheIPC improvementfrom

256KB to 1MB. This value,alongwith thechangein missratefrom 256KB to 1MB,

allows usto form a ratio of IPC improvementperL2 missratereduction.If thetran-

sition from 256KB to 1MB seeslessthana 3% improvementin IPC, a default ratio

of 3/24is used.This approachpromotesfairnessfor applicationswhich seeno bene-

�t until a certaincachesizeis provided(e.g. mcf). Thedefault ratio implies thatwe

expecta 3% performancegainif themissratecanbereducedby 24%,a conservative

policy thatavoidsoverzealoussharing.The3% and24%valueschosenfor this study

couldbetunedto thespeci�c applicationtargetmix of agivenprocessor.

It is possiblethat the256KB to 1MB transitionis not representativeof theperfor-

mancejump beyond 1MB. In thesecases,the performanceregistersareadjustedto

re�ect thecorrectpotentialgainseenthroughtheactualpartitioning.This re�nement

may take a few partitioningintervals to completelysettle,but the feedbackloop pro-

videsbettercorrelationwith actualperformancegain. This allows the above default

ratio to beoptimisticwithout wastingresources.

This ratio estimatestheeffect of L2 missratereductionon IPC for eachphaseof

eachthread. To estimatethe potentialIPC of a given partitioning,we multiply the

measuredL2 missratereductionby this ratio. This hasbeenshown by our datato
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accuratelypredictsigni�cant improvementwith a thresholdof 3%.

The observed performancegain may differ from the expectedperformancegain

for a numberof reasons,includinga performancedropfrom power/thermalthrottling

(i.e. turning off a performanceenhancingstructure)or an incorrectphasedetection.

For phasemis-detections,wewouldclearthetwo performanceregisters.This triggers

anexplorationif thephaseis new, or it will just restorethecachedperformancereg-

ister valuesfor a known phase.If thephasewascorrectlydetectedandtheexpected

performancewasnot achieved(e.g. dueto power throttling), we would clearthe two

performanceregistersandthecachedperformanceregistervaluesfor thecurrentphase,

effectively forcingourarchitectureto exploreasif thephasewasnot seenbefore.
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5.3.5 Example

Nurapid/Shared
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Figure5.13:Cachecontentof Nurapid.

To betterillustratetheproblemswe areattacking,we presentthefollowing exam-

ple of runningapsi, bzip2, mcf, andparsertogetheron bothPDAS andNurapid.Our

full simulationmethodologyis presentedin Section5.3.6. For their currentphaseof

execution,thebenchmarkswant768KB,256KB,3.25MB,and512KBrespectively to

attaincloseto maximalperformance(i.e. if they hadall 4MB of L2 cache).Clearly,

thereis no way to satisfyall of thesegiven the total amountof cacheavailable. In

this case,all applicationsbut mcfaregiventheir fair share,andmcfis relegatedto the

remainingspace– andeffectively preventedfrom disruptingthe performanceof the

otherapplications.

Figures5.13and5.14show thecachecontentsovertime(in 10million cycle incre-

ments)for NurapidandPDAs respectively. In thisexample,apsigoesthroughaphase

transition,and will go from wanting 768KB of L2 cacheto wanting 256KB of L2

cache.Thefour L2 cachesarelabeled“Cluster0” through“Cluster3” andcorrespond

to thecoresrunningapsi, bzip2, mcf, andparserin thatorder.

The mostapparentdifferencesbetweenthe two cachecontentgraphsarethesta-
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         PDAs
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Figure5.14:Cachecontentof PDAS.

bility, location,andamountof eachthread'sdata.With Nurapid,weseethatapsi, mcf,

andparserspreaddataacrossdifferentregionsof thecache.For all applications,we

seeconstant�uctuationsin eachclusterasthreadscontendfor spacewith differentL2

missfrequencies.

Notetheexplorationthatapsiperformsto determinehow muchcachespaceto use

in thesecondphase.We assumethat this is the �rst time this phasehasbeenseenby

apsi - andthereforeat time interval 8 apsi begins its explorationby �rst usingonly

256KB of spacein its local L2 cluster. This providesanopportunityfor mcf to grab

morecachespacein Cluster0 duringthat interval. In thenext interval, apsiexplores

usingthefull 1MB of its localcluster. After thesetwo explorationintervals,andusing

the missratedatagatheredwith its replicated4MB tag array, apsi concludesthat it

only needs256KB of spacefor this phase.Note that the otherapplicationsdid not

needto participatein this exploration,but only saw theimpactfrom theglobalarbiter

grantingor takingawayspaceduringapsi'sexploration.

Figure5.15presentsweightedIPC for both PDAS andNurapidasthey proceed

throughthe 16 time intervals. For PDAS, all applicationsperformbetterthan97%
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Figure5.15:Per-coreIPCweightedby ST IPCwith 1MB cache.

of their singlethreadIPCsto meetour goal of boundingper-coredegradation.This

behavior is consistentin all of our simulations,but spaceconstraintpreventsusfrom

showing suchdetailsin theresultssection.This ability to boundper-coredegradation

is feasiblefor CMPssharingthe L2 cache,but may be morecomplicatedfor SMT

processorsthatshareexecutionaswell ascacheresources.

The�rst clusterof four barsis theinitial con�gurationof PDAS. Thesecondclus-

ter is thesamecon�gurationat thetime of thephasechangein apsi. In this case,apsi

simply hasmorespacethanit needs.Thenext two clustersdetail the IPC during the

two intervalsof exploration.Notetheimprovementseenby mcfin the�rst exploration

interval. Thenext clusterdetailstheeventualredistributionof cachestateafterexplo-

ration.Thelasttwo clustersdetailtheIPCseenby Nurapidbeforeandafterthephase

change.

Both apsiandbzip2obtainlessspacewith NurapidthanPDAS. While bzip2per-

forms similarly, apsi suffers a degradationwith Nurapiddueto a lack of spaceand

poor dataplacementin Cluster1 (which is remoterelative to apsi's coreplacement.

With Nurapid,parserobtainsmorecachespaceoverall thanthePDAS allocationbut
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performsworse. Becauseparserdoesnot needmorethan512KB of space,theextra

spaceaffordedby Nurapiddoesnotimproveperformance– however, it doesseeanim-

provementin missrate,which demonstratestheneedto temperpartitioningdecisions

with actualIPCestimation.
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5.3.6 Methodology

 Chip Level Parameters

 
CMP

 
4 cores

 Private L2s  4X 1MB, 8-way, 64B blocks, 20 cycle hit, LRU 
 1 port, seqeuntial access

 Shared L2  4MB, 32-way, 64B blocks, 51 cycle hit, LRU
 4 ports, sequential access

 Nurapid L2  4MB, 32-way, 64B blocks, LRU, 4 ports, 4 1MB d-groups
 sequential access, Hit latencies 34, 40, 40, 46

 Ideal L2  4MB, 32-way, 64B blocks, 20 cycle hit, LRU 
 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
 Inst Queue  32 entries
 Width  8-wide
 Branch predictor  16K-entry gshare, 2K-entry 4-way BTB, 64-entry RAS
 Functional Units  2 INT ALU, 1 INT Mult, 1 Mem, 1 FP ALU, 1 FP Mult
 L1 i-cache  16K, 4-way, 32B blocks, 1 cycle hit, LRU, 1 port
 L1 d-cache  16K, 4-way, 32B blocks, 1 cycle hit, LRU, 1 port
 Memory latency  150 cycles + 2 cycles per 32 Bytes, 1 shared port
 Mispredict penalty  15 cycles
 Technology  0.10um
 Cycle Time  0.25ns

 PDAS-MR Guarantee Min Max Emin Emax
 art 8 10 24 23 26
 facerec 4 12 22   3

   
15

 gcc 4 26 26   3   0
 lucas 6 6 6   0   0
 mgrid 6 6 6   0   0
 parser 6 12 22   4   7
 sixtrack 2 12 16   4   4

 PDAS-IPC Guarantee Min Max Emin Emax
 art 6 10 24   9   9
 facerec 4 14 24   3   8
 gcc 4 24 30   3   3
 lucas 2 2 2   0   0
 mgrid 2 2 2   0   0
 parser 6 12 22   3   7
 sixtrack 4 2 2   0   0

Figure5.16:ProcessorandPDAS Parameters.

Table5.16 shows the core level and the chip level parametersfor the simulated

chip-multiprocessor. We modelfour processorcoreson a chip with 4MB of total L2

cacheimplementedin 0.10umtechnologywith a targetcycle timeof 0.25ns.

Table5.16shows the � ve valuesobtainedthroughour partitioningalgorithmfor

sevenof thebenchmarksweexamined.Thetopright tableshowsvaluesfor PDAS with

missrate(MR) guidingperformanceandthelower right tableshowsvaluesfor PDAS

with IPC guiding performance.The numbersfor Guarantee,Min, andMax indicate

thenumberof cacheways. Thenumbersfor Emin andEmaxshow thepercentageof

expectedimprovement.

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

caches. We show the parametersof different L2 con�gurations that we compare
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against. All cachelatenciesare basedon CACTI 3.0 [SJ01]and all L2 cachesare

serialaccess(tag �rst, thendata)andnon-banked. All (exceptPDAS) areoptimisti-

cally modeledwith 4 dedicatedportswhileusingsingle-portlatencies.Dedicatedports

is only realisticfor privateL2 cachesandPDAS, but wesimulatefour dedicatedports

for all con�gurationsfor a rigorouscomparison.Shared,NuRapid,andFastShared

see23 cyclesof L2 taglatency. PrivateandPDAS see8 cyclesof L2 taglatency.

We considerthefollowing L2 cacheorganizations:

Private: Theprivatecacheof section5.3.3. Each1MB 8-way L2 is assignedto one

core.Contentionfrom snoopingacrosstheprivatecachesis notmodelledwhich

producesa slighly optimisticbaseline.

Shared: A realistic,conventional4MB 32-waycachesharedby all cores.Thelonger

hit latency of this cachere�ects the 4X increasein sizeandassociativity. (4

dedicatedports,single-portlatency).

Nurapid: Optimal con�guration of the non-uniformaccessL2 cacheas presented

in [CPV03]. Nurapidwaschosenover DNUCA [KBK02] for its improvedper-

formanceandreducedmigrations.We extendedNurapidsuchthatmissedref-

erencesareplacedinto its primary dataarray, the closestD-groupto the core.

Overall, Nurapid containsone sharedtag array with 4 ports and 4 1-port D-

groups(single-portlatency used). For array accesslatencies,we usethe tag

accesslatency of a 4MB 32-way setassociative cacheandthe dataaccessla-

tency of a1MB 8-waysetassociativecache.For eachcore,theprimaryD-group

requires34 cycles. Theone-hoplatency betweeneachD-groupis 3 cycles,the

sameasPDAS, andwe assumemigrationlatency to be the sumof accessand

one-hopdelays.

FastShared: Thismodelsanunrealisticconventional4MB 32-waycache.Wesetthe
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hit latency andtag latency to be the sameasPrivate, 20 and7 cyclesrespec-

tively – effectively providing thelow accesslatency of Privatewith thedynamic

resourcesharingof Shared.

PDAS: Our proposedcachearchitectureon a fully distributedL2 cache.PDAS con-

tainsfour independent1MB 8-way setassociative cacheclustersconnectedby

requestandreply FIFOs. Eachclusteris designatedasthe primary L2 cluster

for its nearestprocessorcore.Thehit latency dependson thelocationof hit and

request.For eachcore, the primary clusterrequires20 cycles. The 2 nearby

neighborsrequire26cycles,andthefarthesttakes32cycles.Theone-waycom-

municationdelaybetweenneighboringclustersis 3 cycles.On a migration,we

accuratelymodelthelatenciesof readingtheevictedline andsendingit through

thenetwork. Wedonotallow migratedlinesto serviceany memoryrequestuntil

placedinto thedestinationcluster. Wealsomodelcontentionfor eachL2 cluster

betweenrequestsfrom local andremotesources.Thelongeraccesstimeof Nu-

rapid ascomparedwith PDASis dueto the4MB tagaccess,andthedifference

would belarger if usingmulti-porting latenciesfor Nurapid. Thetwo versions,

PDAS-MR andPDAS-IPC,arecontrolledby usingL2 missratesor estimated

IPCgainrespectively.

For PDAS, wefully modelthecontentionfrom remoterequestsateachcacheclus-

ter. Thedirectionof downstreammigrationfor PDAS on thebidirectionalring topol-

ogy is currentlybasedon a per cycle toggling counter. For Nurapid,we model it in

onedirectiononly asin [CPV03].

Thesimulatorusedin thisstudywasderivedfrom theSimpleScalar/Alpha3.0tool

set[BA97], a suiteof functionalandtiming simulationtoolsfor theAlpha AXP ISA.

The timing simulatorexecutesonly user-level instructions.Simulationis execution-

driven, including executiondown any speculative pathuntil the detectionof a fault,
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TLB miss,or branchmis-prediction.

We have madeextensive modi�cations to SimpleScalar, allowing it to supporta

CMP designwith non-cooperative executionthreads– eachapplicationonly usesa

singlethreadcontext, andall threadshave their own virtual memoryspace.We have

modi�ed thememoryhierarchyto supportNurapidandPDAS caches,andto support

multiple threads.

We usedtheSPEC2000suitefor evaluationdueto thegeneralapplicabilityof our

work to differentcomputingdomainsspanningembedded,desktop,andserver appli-

cations.Futurework will utilize thenew benchmarkswe arecreatingfor interactive

entertainmentapplications.

Wecategorizedthebenchmarksinto 2 sets.Thecategorizationis basedonwhether

theapplicationseesmeasurableperformanceimprovement(3%)with morethan1MB

of L2 cache.

The groupof 9 applicationswhich seeimprovement,High, includesammp,art,

facerec,galgel,gcc,mcf, parser, twolf, andvpr. Theother15 benchmarkswhich see

insuf�cient improvementmakesup theLow group. Multi-threadedtestsweregener-

atedequallyfor all permutationsof the workloads.12 2-Threadtestsinclude4 tests

with 2 High benchmarks,4 testswith 1 High and1 Low, and4 testswith 2 Low. 12

3-Threadtestsinclude3 testswith 3 High benchmarks,3 testswith 2 High and1 Low,

3 testswith 1 High and2 Low, and3 testswith 3 Low. 10 4-Threadtestsinclude2

testsfor eachpermutation.

Per-threadperformancemetricsaremeasuredfor executionup to amaximumper-

threadinstructioncountof 100million. All completedthreadscontinueexecutionpast

thispointwhile otherthreadsexecute.Thispreventsfreeingof resourceswhencertain

threadscompleteearlierthanothers.

The programswerecompiledon a DEC Alpha AXP-21164processorusing the
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DECC andC++compilersunderOSF/1V4.0operatingsystemusingfull compilerop-

timization(-O4 -ifo ). Wemodelthetopexecutionphasesasdescribedin [SSC03].

All benchmarksweresimulatedusingtheref inputs.

Weexecuteeachphasewith nocachewarm-upandassumethatthecacherequire-

mentexplorationshavealreadybeendonefor thegivenapplicationphase.Weusethe

samethresholdsthroughoutall simulations.
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5.3.7 Results

In thissection,weanalyzethesimulationresultsfor differentcachecon�gurationswith

one,two, three,andfour threadworkloads.Thecon�guration labelsaredescribedin

section5.3.6. All IPC andmigrationresultsfor multi-threadrunsareorderedby the

grouppermutationsdescribedin section5.3.6. Migrationsonly applyto Nurapidand

PDAS.

For MT tests,the coreassignmentof applicationsfollows from left to right. For

example,ammp-facerec-art-parseris a testwith ammponcore0, facereconcore1, art

on core2, andparseroncore3.

Becauseourgoalsfor PDAS includeperthreadfairnessandmaximumtotalthrough-

put,wewantto measuretheperformanceimpactto all threads.Similarto theweighted

IPC usedin [ST00], the IPC datafor MT runsareobtainedby weightingper thread

IPCsby thatthread'sperformanceusingtheprivate1MB cache.

WeightedSpeedupin interval t: WS(t) = å #cores� 1
i= 0

IPC threadi
private IPC threadi

5.3.7.1 SingleThreadResults

Figure5.17showsrepresentativesamplesof theHigh andLowgroupsof applications.

The�rst � ve applicationsseebene�t with > 1MB of L2, andthesecond� ve applica-

tionsdo not. This distinctionis clearwhencomparingtheperformanceof Privateand

FastShared.Bothhave thesamelatencieswhile FastSharedhas4MB of cachespace.

Low applicationsrequirelow accesslatency. All � ve Low applicationssuffer per-

formanceloss when comparingPrivate with Sharedor Nurapid. High applications

requirerelatively more L2 space. However, the performancegap betweenShared,

Nurapid,andFastSharedindicatessensitivity to latency aswell.
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Figure5.17: SingleThreadIPC andMigration per Access. We show the harmonic

meanacrossall benchmarks.

PDAS achievesthebestof bothlatency andcapacity, shown by only 1% degrada-

tion versusthe FastSharedacrossall 24 applications.On average,PDAS improves

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

Whencomparingthe non-uniformaccesscachesof NurapidandPDAS, it is im-

portantto comparethe migrationsrequiredfor the achievedperformance.The mag-

nitude of migrationsre�ect the internal bandwidthand power requirements.Each

downstreammigrationrequiresa readandwrite of a cacheline, andeachupstream

migrationrequirestwo readsandtwo writes.

Evenwith a singlethread,PDAS is ableto reducemigrationson averageby 82%.

This reductiontranslatesto an 82% reductionin dataarrayaccessaswell as traf�c

on the internalinterconnect.Nurapidclaimsa 77%L2 cacheenergy reductionfrom

a 61% migration reductionwhen comparedto DNUCA. However, our architecture

doesrequireextra tagstructuresfor miss-ratemeasurements.Futurework will more

accuratelyassessthispower trade-off.
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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 andNuRAPID (approximately10% for our

NuRAPID implementation)at thecostof substantialmigrations.Eachupstreammi-

grationrequirestwo readsand two writes. The third sourceof migration reduction

is even migrationdistribution in differentdirections. Due to the circular connection

network, wecandistributemigrationsin 2 directions.In ourcurrentdesign,directions

arethesamefor all coresandthedirectionschangeevery clock cycle. Finally, appli-

cationsthatareclassi�edasLowbecausethey needmorethan4MB of cachespaceare

effectively sequesteredto asinglecacheandtheirevictionsarenotmigratedall around

thedistributedcaches.

With respectto migrationsin PDAS, theLRU statis distortedasmigratedlinesbe-

comethemostrecentlyusedline for thenew corelocation.Thisdistortionof theLRU

historyis furthercompoundedby thefactthatPDAS distributesmigrationsin different

directions,ascomparedwith thesinglestaticdirectionof DNUCA andNURAPID.

5.3.7.2 Two ThreadResults

Figure5.18shows the WeightedSpeedup,asdescribedin the beginning of this sec-

tion, of differentcachecon�gurations.On average,PDAS-IPCimprovesover Private

by 26%,Sharedby 39%,Nurapidby 30%,FastSharedby 20%andPDAS-MR by 1%.

For ammp-artandart-twolf, the FastSharedcacheoutperformsPDAS. FastShared

is ableto further reducethe missratefor ammpor twolf in this casebecauseof the

granularityof our partitioningstrategy. For ammpandart, PDAS is able to reduce

art's miss-ratefrom 49%to 1% by allowing it to useremotespace.At thesametime,

the migration/accessratio is reducedto essentiallyzero from Nurapid's 0.6 migra-
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Figure5.18:2-ThreadWeightedSpeedupandMigration perAccess.

tions/access.

Similar to theSTIPCresults,testswith all Lowbenchmarksshow thesameperfor-

mancefor Private,FastShared,andPDAS while SharedandNurapidseesdegradation.

Thissamebehavior is observedin resultswith morethreads.

On average,PDAS-IPC reducesmigrationsper accessby 95% as comparedto

Nurapid. While the percentreductionstayscloseto 95% for 3T and 4T tests,the

numberof cacheaccessesreducedincreasesdramaticallyasmorecoresbecomeactive.

While PDAS-MR andPDAS-IPC show similar performancenumbers,PDAS-IPC is

ableto reducemigrationsby 27%on average.Sincethemigrationcomparisonsstay

relatively constantwith 3T and4T workloads,we will not show any moremigration

detailsfrom thispoint.

Table5.8 shows the L2 missratefor someof the programmixeswe considered,

alongwith datafor private4MB caches(i.e. eachcorehasits own 4MB cache).For

facere-vpr, PDAS shows the bene�t of its intelligent allocationscheme. The miss
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Program Private Shared PDAS-IPC Private4MB

Mix T0 T1 T0 T1 T0 T1 T0 T1

facerec-vpr 0.35 0.35 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

parser-mgrid 0.16 0.20 0.18 0.20 0.05 0.37 0.05 0.20

Table5.8: Selected2-ThreadL2 Miss Rates.

rate of vpr is marginally increasedto enablea much higher reductionin facerec's

missrate.Vpr gainsvery little performancewith increasedcachespace,while facerec

seessubstantialraw IPCgains.This is all donewhile guaranteeingvpr's performance

doesnot degradebeyond the performancethresholdwe introducedin section5.3.4.

This partitioningcannotbe obtainedby prior work that eitherbalancesthe effect of

sharingonmissratesor marginalgain.This furtherexplainshow PDAS-IPCis ableto

outperformPDAS-MR for facerec-vpr. Similarbehavior canbeobservedfor gcc-lucas

andparser-mgrid.

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

With threeactive threads,PDAS-IPCimprovesperformanceover Privateby 17%,

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

all four coresactive, PDAS-IPC improvesperformanceover Privateby 25%,Shared

by 44%,Nurapidby 35%,FastSharedby 24%,andPDAS-MR by 13%.
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Program Private Shared PDAS-IPC Private4MB

Mix T0 T1 T2 T0 T1 T2 T0 T1 T2 T0 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-vpr-parser 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: Selected3-ThreadL2 Miss Rates.
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Figure5.20:4-ThreadWeightedSpeedup.

Migrations per accessat both scenarioslook similar to the datashown for two

active threads.

With threeor four active threads,PrivateclearlyoutperformstheSharedandNu-

RAPID caches,asbotharehinderedby threadinterferenceaswell asincreasedaccess

latencies.Sincewe areweightingrelative to Private,theweightedspeedupfor Private

is equalto thenumberof active threads(1 for ST, 2 for 2 threads,3 for 3 threads,and

4 for 4 threads).

With theincreasedloadof threeor four threads,PDAS needsmoreaccurateinfor-

mationto effectively allocatespaceso that thereis enoughfreespacefor throughput

improvementwhile boundingper threaddegradation.This is themainreasonfor the

increaseddifferencebetweenPDAS-MR andPDAS-IPC.Oneexampleis mcf-crafty-

sixtrack. PDAS-MR seesmissratereductionfor sixtrack beyond256KB andevenup

to 1.5MB, but this never resultsin a performanceimprovementfor this benchmark.

Also, themiss-ratedatapredictsmcfwill improvewith lessspacethanwhatis actually
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required(i.e. too small of a Minimum Extra Partition). The combinationof inaccu-

raciesresultsin PDAS-MR's inferior partitiondecision.Similar behavior is observed

for 4-threadcases.

Table5.9 illustratessomemissratetrade-offs discoveredby PDAS-IPC.For art-

sixtrack-mgrid, PDAS takesspacefrom sixtrack andmgrid to satisfyart's demand.

Sixtrack andmgrid achieve their guaranteedmin performancewhile allowing art to

boosttheoverall throughput.

Overall,PDAS remainstheperformanceleaderwhile minimizingtherequirements

on internalbandwidthandcachepower usagethroughmigrationreduction. In addi-

tion, PDAS effectively boundsper threadIPC degradationto Gthreshasdescribedin

section5.3.4.
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5.3.8 Summary

Multi-core architecturescontinueto thrive in computerarchitectureresearch,asindi-

catedby themultitudeof bothacademicandindustryprojects.More active coresper

chip increasestheloadon thelowest-level cache.

PDAS is a scalable,multi-portedNUCA thatdynamicallyallocatesits distributed

cacheresourcesthroughan intelligent, realizableon-line partitioning strategy. We

achieve improvedpartitionsby takingactualperformanceinto accountratherthanjust

the missrate. PDAS guaranteesa minimumperformanceboundfor eachcorewhile

pursuinghigh throughput.For a lesscontendedtwo threadworkload,we areableto

achieve a 20%performanceimprovementover a comparablysizedsharedcachewith

idealizedlatency. For morecontendedworkloadsof threeandfour threads,our per-

formancedrivenpartitioningenablesPDAS to maintainperformanceadvantageover

eithera privateor idealisticsharedL2. Miss rateguidedpartitioningresultsin perfor-

mancecloserto that of privateL2s. Performancedriven paritioningfurther reduces

migrationsascomparedto missrateguidedpartitioning. We seea 27% drop in mi-

grationsfor two threadedworkloadswhencomparingour approachwith andwithout

considerationfor IPC.

Thiscachearchitectureenablesfurtherscalingof thread-level parallelismin future

designs.Futuredirectionswill includea comprehensive power studyandan explo-

rationof bothSMT andcooperativemulti-threadedworkloads.
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CHAPTER 6

Algorithmic Acceleration

Thischapterdescribesouralgorithmiccontributionsin real-timephysicssimulation.

6.1 Perceptual Error Tolerance

6.1.1 Intr oduction

Physics-basedanimation(PBA) is becomingoneof the most importantelementsof

interactive entertainmentapplications,suchas computergames,largely becauseof

the automationand realismthat it offers. However, the bene�ts of PBA comeat a

considerablecomputationalcost. Furthermore,this costgrows prohibitively with the

numberand complexity of objectsand interactionsin the virtual world, making it

extremelychallengingto satisfysuchcomplex worldsin real-time.

Fortunately, thereis atremendousamountof parallelismin thephysicalsimulation

of complex scenes.Exploiting this parallelismto improve theperformanceof PBA is

anactiveareaof researchbothin termsof softwaretechniquesandhardwareaccelera-

tors.Commercialsolutions,suchasPhysX[agea], GPUs[Havb], andtheCell [Hof05],

have juststartedto addressthisproblem.

But while parallelismcanhelpPBA achieveareal-timeframerate,thereis another

avenueto help improve PBA performancewhich alsohasthe potentialto reducethe

hardwarerequiredto exploit parallelism:perceptualerror tolerance. Thereis a funda-
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Figure6.1: Snapshotsof two simulationrunswith the sameinitial conditions.The simulationresultsshown on top is the

baseline,andthe bottomrow is simulationcomputedwith 7-bit mantissa�oating-point computationin Narrowphaseand

LCP. Theresultsaredifferentbut botharevisually correct.
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mentaldifferencebetweenaccuracyandbelievability in interactiveentertainment– the

resultsof PBA donotneedto beabsolutelyaccurate,but doneedto appearcorrect(i.e

believable)to humanusers.Theperceptualacuityof humanviewershasbeenstudied

extensively both in graphicsand psychology[OHM04, OD01]. It hasbeendemon-

stratedthat thereis a surprisinglylarge degreeof error tolerancein our perceptual

ability. This toleranceis independentof aviewer'sunderstandingof physics[Pro].

This perceptualerrortolerancecanbeexploitedby a wide spectrumof techniques

rangingfrom high-level software techniquesdown to low-level hardware optimiza-

tions. At the application-level, level of detail (LOD) simulation [RP03a,CH97,

MDC06] canbe usedto handledistantobjectswith simplermodels. At the physics

enginelibrary level, oneoption is to useapproximatealgorithmsoptimizedfor speed

ratherthanaccuracy [SR06].At thecompilerlevel, dependenciesamongparalleltasks

could be broken to reducesynchronizationoverhead.At the hardwaredesignlevel,

�oating-point precisionreductioncanbe leveragedto reducearea,reduceenergy, or

improveperformancefor physicsaccelerators.

In this chapter, we addressthe challengingproblemof leveragingperceptualer-

ror tolerancesto improve theperformanceof real-timephysicssimulation.Themain

challengeis theneedto establisha methodologyusinga setof errormetricsthatcan

measurethevisualperformanceof a complex simulation.Prior perceptualthresholds

donot scaleto complex scenes.Thischapteraddressesthischallengeandinvestigates

speci�c hardwaresolutions.

Thecontributionsarethreefold:

• Methodologyto evaluatephysicalsimulationerrorsin complex dynamicscenes.

• Identi�cation of themaximumerror thatcanbe injectedinto eachphaseof the

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

to improvePBA performance.
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6.1.2 Background

In this section,we presenta brief overview of physicssimulation,identify its main

computationalphases,andcategorizepossibleerrors. A review of the latestresults

in perceptualerrormetricsandtheir relationto physicalsimulationwasdescribedin

Section3.3.

6.1.2.1 Computational Phasesof a typical PhysicsEngine

Physicssimulationrequiresthenumericalsolutionof a discreteapproximationof the

differentialequationsof motionof all objectsin ascene.Articulationsbetweenobjects,

andcontactcon�gurationsaremostoftensolvedwith constraintbasedapproachessuch

as[Bar97, MHH06, Havb]. Timeis discretizedwith a �x edor adaptivetime-step.The

time-stepis oneof themostimportantparametersof thesimulationandlargelyde�nes

theaccuracy of thesimulation.For interactiveapplicationsthetimestepneedsto bein

therangeof 0.01to0.03simulatedsecondsorhigher. Theerrorsandthestabilityissues

associatedwith thetime-stepareorthogonalto our work. As far aswe areconcerned,

thetime-stepis ahigh-level parameterthatshouldbecontrolledby thedeveloperof an

application.Ourwork aimsto identify low-level trade-offs thatarepartof ahardware

solutionandassucharetransparentto an applicationdeveloper. As we demonstrate

later, the errorsthat our approachintroducesin the simulationresultsareno greater

thatthoseintroducedby thediscretizationalone.

Physicssimulation can be describedby the data-�ow of computationalphases

shown in Figure 6.2. Cloth and �uid simulationare specialcasesof this pipeline.

Below wedescribethefour computationalphasesin moredetail.

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

mateboundingvolumes,it ef�ciently culls away pairsof objectsthatcannotpossibly

123



Figure6.2: PhysicsEngineFlow. All phasesareserializedwith respectto eachother,

but unshadedstagescanexploit parallelismwithin thestage.

collide. While Broadphasedoesnot have to beserialized,themostusefulalgorithms

arethosethatupdatea spatialrepresentationof thedynamicobjectsin a scene.And

updatingthesespatialstructures(hashtables,kd-trees,sweep-and-pruneaxes)is not

easilymappedto parallelarchitectures.

Narr ow-phase. This is thesecondstepof CD thatdeterminesthecontactpoints

betweeneachpairof colliding objects.Eachpair'scomputationalloaddependson the

geometricpropertiesof theobjectsinvolved. Theoverall performanceis affectedby

broad-phase's ability to minimize thenumberof pairsconsideredin this phase.This

phaseexhibits massive �ne-grain (FG) parallelismsinceobject-pairsareindependent

of eachother.

IslandCreation. After generatingthecontactjoints linking interactingobjectsto-

gether, the engineserially stepsthroughthe list of all objectsto createislands(con-

nectedcomponents)of interactingobjects.This phaseis serializingin thesensethat

it mustbe completedbeforethenext phasecanbegin. The full topologyof thecon-

tactsisn't known until the last pair is examinedby the algorithm,andonly thencan

theconstraintsolversbegin. This phasecontainsno �oating-point operations,so it is

excludedfrom thisstudy.

Island Processing. For eachisland,giventheappliedforcesandtorques,theen-

ginecomputestheresultingaccelerationsandintegratesthemto computethenew po-
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sition andvelocity of eachobject. This phaseexhibits both coarse-grain(CG) and

�ne-grain (FG) parallelism.Eachislandis independent,andtheconstraintsolver for

eachislandcontainsindependentiterationsof work. We furthersplit this component

into two phases:

• Island Processingwhich includesconstraintsetupandintegration(CG)

• LCP which includesthesolvingof constraintequations(FG)

6.1.2.2 Simulation Accuracy and Stability

Thediscreteapproximationof theequationsof motion introduceerrorsin theresults

of any non-trivial physics-basedsimulation. For the purposesof entertainmentap-

plications,we can distinguishbetweenthreekinds of errors in order of increasing

importance:

• Imperceptible. Theseareerrorsthat cannotbeperceivedby an averagehuman

observer.

• Visiblebut bounded. Thereareerrorsthatarevisible but remainbounded.

• Catastrophic. Theseerrorsmake the simulationunstablewhich resultsin nu-

mericalexplosion. In this case,thesimulationoftenreachesa statefrom which

it cannotrecovergracefully.

To differentiatebetweencategoriesof errors,we employ theconservative thresh-

olds presentedin prior work [ODG03, HRP04a]for simple scenarios. All errors

with magnitudesmallerthan thesethresholdsareconsideredimperceptible. All er-

rorsexceedingthesethresholdswithout simulationblow-upareconsideredvisible but

bounded.All errorsthatleadto simulationblow-upareconsideredcatastrophic.
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Figure6.3: Snapshotsof two simulationrunswith thesameinitial conditionsanddifferentconstraintordering.Theresults

aredifferentbut botharevisuallycorrect.
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An interestingexamplethatdemonstratesimperceptiblesimulationerrorsis shown

in Figure6.3. In this examplefour spheresanda chainof squareobjectsareinitially

suspendedin theair. The two spheresat thesideshave horizontalvelocitiestowards

theobjectnext to them.With thesameinitial conditionstwo differentsimulationruns

shown in the�gure resultin visibly different�nal con�gurations.However, bothruns

appearphysicallycorrect. This behavior is dueto the constraint reordering that the

iterative constraintsolver employs to reducebias [Eng]. Constraintreorderingis a

well studiedtechniquethat improvesthe stability of the numericalconstraintsolver

andit is employedby commercialproductssuchas[agea]. For our purposesthough,

it providesanobjectiveway to establishwhatphysicalerrorsareacceptablewhenwe

developtheerrormetricsin Section6.1.4.

The �rst two categoriesare the basisfor perceptually-basedapproachessuchas

ours. Speci�cally, we investigatehow we canleveragetheperceptualerror tolerance

of humanobserverswithout introducingcatastrophicerrorsin thesimulation.
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6.1.3 Methodology

Onemajorchallengein exploring thetrade-off betweenaccuracy andperformancein

PBA is comingup with a setof metricsthatwill evaluatebelievability. Furthermore,

sincesomeof thesemetricsarerelative(i.e. theresultantvelocityof anobjectinvolved

in a particularcollision), theremust be a reasonablestandardfor comparingthese

metrics. In this section,we detail thesetof numericalmetricswe have assembledto

gaugebelievability, alongwith a techniqueto fairly compareworldswhich mayhave

substantiallydiverged.

6.1.3.1 Experimental Setup

To representin-gamescenarios,we constructonecomplex test-casewhich includes

stacking,highly articulatedobjects,andhighspeedobjectsshown in Figure6.1. The

sceneis composedof a building enclosedon all four sidesby brick walls with one

opening. The wall sectionsframing the openingis unstable. Ten humanswith an-

thropomorphicdimension,mass,andjoints arestationedwithin theenclosedarea.A

cannonshootshighspeed(88 m/s) cannonballsat the building, andtwo carscollide

into opposingwalls. Assumingtime startsat 0 sec,onecannonballis shotevery 0.04

secondsuntil 0.4 seconds.Thecarsareacceleratedto roughly100miles/hr(44 m/s)

at time 0.12to crashinto thewalls. No forcesareinjectedafter0.4seconds.Because

we want to measurethemaximumandaverageerrors,we target thetime periodwith

themostinteraction(the�rst 55 frames).

Benchmarksfrom thePhysicsBench2.0suite[YFP07]asdescribedin 5.1arealso

usedfor thereducedprecisionevaluation.

Our physicsengineis a modi�ed implementationof the publicly availableOpen

DynamicsEngine(ODE)version0.7[Eng]. ODEfollowsaconstraint-basedapproach
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for modelingarticulated�gures, similar to [Bar97, agea], andit is designedfor ef�-

ciency ratherthanaccuracy. Like mostcommercialsolutionsit usesan iterative con-

straintsolver. Our experimentsusea conservative time-stepof 0.01secondsand20

solver iterationsasrecommendedby theODE user-base.

6.1.3.2 Err or SamplingMethodology

To evaluatethenumericalerror toleranceof physicssimulation,we will inject errors

at a per-instructiongranularity. We only inject errors into �oating point (FP) add,

subtract,andmultiply instructions,asthesemakeup themajority of FPoperationsfor

thisworkload.

Our error injection techniquewill be fairly general,andshouldbe representative

of a rangeof possiblescenarioswhereerrorcouldoccur. At a high level, we will be

changingtheoutputof FPcomputationsby somevaryingamount.This could re�ect

changesfrom animpreciseALU, analgorithmthatcutscorners,or a poorly synchro-

nizedsetof ODE threads.Thegoal is to show how believablethesimulationis for a

particularmagnitudeof allowederror.

To achieve this generality, we randomlydeterminetheamountof error injectedat

eachinstruction,but vary theabsolutemagnitudeof allowederror for differentruns.

This allowed error boundis expressedas a maximumpercentagechangefrom the

correctvalue,in eitherthepositiveor negativedirection.For example,anerrorbound

of 1% would meanthat thecorrectvalueof anFPcomputationcouldchangeby any

amountin therangefrom -1%to 1%.

A randompercentage,lessthan the preselectedmax and min, is appliedto the

result to computethe absoluteinjectederror. By using randomerror injection, we

avoid biasingof injectederrors. For eachcon�guration, we averagethe resultsfrom

100differentsimulations(eachwith adifferentrandomseed)to ensurethatour results
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converge.Wehaveveri�ed that100simulationsareenoughto convergeby comparing

resultswith only 50 simulations– theseresultsare identical. We evaluatethe error

toleranceof theentireapplicationandeachphaseindividually.

6.1.3.3 Err or Metrics

Figure6.4: SimulationWorlds. CD = Collision Detection.IP = IslandProcessing.E

= Error-injected.TheBaselineworld simulateswithoutany errors.TheError-Injected

world simulationhaserror injected. The Synchedworld copiesthe stateof objects

from Error-Injectedaftercollision detection.Thencontinuesthephysicsloop with no

errorinjection.

Now thatwe have a way of injectingerror, we wantto beableto determinewhen

thebehavior of a simulationwith error is still believablethroughnumericalanalysis.

Many of themetricswewill proposearerelativevalues,andthereforeweneedto have

reasonablecomparisonpointsfor thesemetrics.However, it is notsuf�cient to simply

compareasimulationthathaserrorinjectedinto it with asimulationwithoutany error.

Small,but perceptuallytolerabledifferencecanresultin largebehavioral differences

asshown in Figure6.3.
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To addressthis, we make useof threesimulationworlds asshown in Figure6.4:

Baseline, Error-Injected, andSynched. All worlds arecreatedwith the sameinitial

state,andthesamesetof injectedforces(cannonball shootingor carsspeedingup)are

appliedto all worlds. Error-injectedrefersto theerror injectedworld, whererandom

errorswithin thepreselectedrangeareinjectedfor everyFP+/-/* instruction.Baseline

refersto the deterministicsimulationwith no error injection. Finally, we have the

Synchedworld – a world wherethe stateof every objectandcontactis copiedfrom

the error-injectedworld after eachsimulationstep's collision detection. The island

processingcomputationof Synched containsno error injection – so it is using the

collisionsdetectedby Error-Injectedbut is performingcorrectislandprocessing.

We usethefollowing sevennumericalmetrics:

• EnergyDifference:differencein totalenergy betweenbaselineanderror-injected

worlds– dueto energy conservation,theseshouldmatch.

• PenetrationDepth:distancefrom theobject'ssurfaceto thecontactpointcreated

by collision detection.

• ConstraintViolation: distancebetweenobjectpositionandwhereobjectis sup-

posedto bebasedonstaticallyde�ned joints (car'ssuspensionor humanlimbs).

• LinearVelocityMagnitude:differencein linearvelocitymagnitudefor thesame

objectbetweenerror-injectedandsynchedworlds.

• Angular Velocity Magnitude:differencein angularvelocity magnitudefor the

sameobjectbetweenerror-injectedandsynchedworlds.

• LinearVelocityAngle: anglebetweenlinearvelocityvectorsof thesameobject

insideerror-injectedandsynchedworlds.
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• GapDistance:distancebetweentwo objectsthatarefoundto becolliding, but

arenot actuallytouching.

Wecanmeasuregap,penetration,andconstrainterrorsdirectlyin theerror-injected

world, but we still usebaselinehereto normalizethesemetrics. If penetrationis

equally large in the baselineworld anderror-injectedworld, thenour injectederror

hasnotmadethingsworse– perhapsthetime-stepis toosmall.

The above error metricscaptureboth globally conservedquantities,suchastotal

energy, andinstantaneousper-objectquantitiessuchaspositionsandvelocities. The

metricsdo not includemomentumbecausemostsimulatorsfor computergamestrade

off momentumconservationfor stability. Furthermore,theapproximatecollision res-

olutionmodelsoftendonotconservemomentumeither.
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6.1.4 Numerical Err or Tolerance

In this section,we will explore theuseof our errormetricsin a complex gamescene

with a largenumberof objects.We will inject error into this scenefor differentODE

phases,andmeasuretheresponsefrom thesemetricsto determinehow far we cango

whentradingaccuracy for performance.

Beforedelvinginto thedetails,we brie�y articulatethepotentialoutcomeof error

injectionin differentODE phases.BecauseBroadphaseis a �rst-pass�lter on poten-

tially colliding object-pairs,it canonly createfunctionalerrorsby omitting actually

colliding pairs. SinceNarrowphasewill not seetheomittedpairs,theomissionscan

leadto missedcollisions,increasedpenetration(if collision is detectedlater),and,in

the worst case,tunneling(collision never detected).On the otherhand,poorBroad-

phase�ltering candegradeperformanceby sendingNarrowphasemoreobject-pairs

to process.Errorsin Narrowphasemay leadto missedcollisionsor differentcontact

points.Theresultsaresimilar to omissionby Broadphase, but canalsoincludeerrors

in the angularcomponentof linear velocity dueto errorsin contactpoints. Because

Island processingsetsup theconstraintequationsto be solved,errorsherecandras-

tically alter the motion of objects,causingmovementwithout appliedforce. Errors

insidetheLCP solverwill alter theappliedforcedueto collisions. Therefore,there-

sultingmomentumof two colliding objectsmay be severely increasedor dampened.

Sincethe LCP algorithm is designedto self-correctalgorithmic errorsby iterating

multiple times,LCPwill mostlikely bemoreerrortolerantthanIslandProcessing.

While our studyfocuseson rigid bodysimulation,we qualitatively arguethatper-

ceptualerror tolerancecanbeexploitedsimilarly in particle,�uid, andcloth simula-

tion. Rigid bodysimulationin somesensehastighterrequirementsfor accuracy than

othertypesof real-timephysicalsimulation.Unexpectedbehaviors (interpenetration,

unexpectedincreasesin velocity, etc) aremoreoften visually apparentbecauserigid
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bodiesare often usedto model larger objects,which usually affect gameplay. In

contrast,errorsin a particlesimulationaremorelikely to be toleratedby the viewer

becausetheartifactsthemselvesaresmallerphenomena.We conjecturethat �uid and

clothsimulation(particularlythosethatareparticle-based)arelikely to exhibit similar

numericaltolerance,as the visual representations(suchas the �uid surfaceor cloth

mesh)representsa down samplingof the underlyingphysicalmodel. That is, many

particlescanrepresenta volumeof �uid, but fewer actuallyrepresentthesurface.We

leave theempiricalevaluationfor futurework.

6.1.4.1 Numerical Err or Analysis

For this initial error analysis,we ran a seriesof experimentswherewe injectedan

increasingdegreeof error into differentphasesof ODE. Figure6.5 demonstratesthe

maximalerror that resultsfrom error injectionon our sevenperceptualmetrics. Fol-

lowing the error injection methodologyof section5.2.1,we progressively increased

the maximumpossibleerror in order-of-magnitudestepsfrom 0.0001%to 100%of

thecorrectvalue,labelingthis range1.E-6to 1.E+00alongthex-axis. We show re-

sultsfor injectingerrorinto eachof thefour ODE phasesalone,andthenanAll result

wheninjectingerrorinto all phasesof ODE.

Theserialphases,BroadphaseandIslandProcessing, exhibit the thehighestand

lowest per phaseerror tolerancerespectively. Only Broadphasedoesnot result in

simulationblow-up asincreasinglylargeerrorsareinjected. IslandProcessingis the

mostsensitive individual phaseto error. The highly parallelphasesof Narrowphase

andLCPshow similaraveragesensitivity to error. Wewill makeuseof theseper-phase

sensitivity differenceswhentradingaccuracy for performance.

As shown by thegraphsin Figure6.5,mostof themetricsarestronglycorrelated.

Most metricsshow a distinct �at portion and a kneewherethe differencestartsto
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increaserapidly. As theseerrorspile up, theenergy in thesystemgrows asthereare

highervelocities,deeperpenetrations,andmoreconstraintviolations.Theexceptions

aregapdistanceandlinear velocity angle. Gapdistanceremainsconsistentlysmall.

Onereasonfor this is the�ltering thatis donein collisiondetection.For agaperrorto

occur, broadphasewouldneedto allow two objectswhicharenotactuallycolliding to

getto narrowphase,andnarrowphasewouldneedto mistakenly �nd thattheseobjects

wereactuallynot in contactwith oneanother. A penetrationerror is mucheasierto

generate– only oneof thetwo phasesneedsto incorrectlydetectthat two objectsare

notcolliding.

Theangleof linearvelocity doesnot correlatewith othermetricseither– in fact,

themeasurederroractuallydecreaseswith moreerror. Theproblemwith this metric

is thatcolliding objectswith evenvery small velocitiescanhave drasticallydifferent

anglesof de�ection dependingon the error injectedin any one of the four phases.

Fromthedeterminationof contactpointsto theeventualsolutionof resultantvelocity,

errors in angleof de�ection can truly propagate. However, we observe that these

maximalerrorsin theangleof linearvelocity areextremelyrareandmainly occurin

thebrickscomposingour wall thatareseeingextremelysmallamountsof jitter. This

errortypically lastsonly asingleframeandis not readilyvisible.

While thesemaximalerror valuesareinteresting,asshown in �gure 6.6, the av-

erageerror in our numericalmetricsandthestandarddeviation of errorsarebothex-

tremelysmall. This shows thatmostobjectsin thesimulationarebehaving similarly

to thebaseline.Only thepercentagechangein magnitudeof linearvelocity hasa sig-

ni�cant averageerror. This is becausemagnitudechangeonextremelysmallvelocities

canresultsin signi�cant percentagechange.
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6.1.4.2 AcceptableErr or Threshold

Now that we have examinedthe responseof PBA to injectederror using our error

metrics,thequestionstill remainsasto how mucherrorwe canactuallytolerateand

keepthe simulationbelievable. Consider�gure 6.5 wherewe show the maximum

valueof eachmetric for a given level of error. Insteadof using �x ed thresholdsto

evaluatesimulation�delity and �nd the largestamountof tolerableerror, we argue

for �nding thekneein thecurvewheresimulationdifferencesstartto divergetowards

instability. Theaverageerror is extremelylow, �gure 6.6,with themajority of errors

resultingin imperceptibledifferencesin behavior. Of theremainingerrors,many are

simply transienterrorslasting for a frameor two. We aremostconcernedwith the

visible,persistentoutliersthatcaneventuallyresultin catastrophicerrors.For many of

themaximalerrorcurves,thereis aclearpointwheretheslopeof thecurvedrastically

increases– thesearepointsof catastrophicerrorsthatarenot tolerableby thesystem,

ascon�rmed by avisualinspectionof theresults.

ErrorTolerance Broadphase Narrowphase Island LCP All

Processing

(100Samples) [1%] [1%] [0.01%] [1%] [0.1%]

Table6.1: Max Error Toleratedfor EachComputationPhase.

Table6.1summarizesthemaximum% error toleratedby eachcomputationphase

(using100samples),basedon �nding theearliestkneewherethesimulationblowsup

over all errormetric curves. It is interestingthat All is moreerror tolerantthanonly

injecting errorsin Island Processing. The reasonfor this behavior is that injecting

errorsinto moreoperationswith All is similar to taking moresamplesof a random

variable.Moresamplesleadto aconvergingmeanwhich in ourcaseis 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 clearerror thresholds[ODG03], comparingthemagnitudeof our observederror

to constraintreordering,andexaminingtheeffect of thetime-stepon thiserror.

ThresholdEvaluation 1 First we visually investigatethedifferencesin our thresh-

olds. The initial passof our visual inspectioninvolved watchingeacherror-injected

scenein real-timeto seehow believablethebehavior looked,includingthepresenceof

jitter, unrealisticde�ections,etc.Thishighly subjective testcon�rmed our thresholds,

andonly experimentswith error ratesabove our thresholdshadclearvisual errors–

bricks moving on their own, human�gures �ying apart,andotherchaoticdevelop-

ments.

Second,wespeci�cally �aggederrorsthatexceededthethresholdsfrom [ODG03].

By usingtheir thresholds,we could�lter out errorsthatwerecertainlyimperceptible.

Objectsthatwerenot �aggedweremadetranslucent,andobjectsthathadbeen�agged

ashaving anerrorwerecoloredaccordingto the typeof error. We analyzedthis be-

havior by slowly walking frameby framethroughthesimulation.Theerrorswe saw

for errorinjectionator below thethresholdsof table6.1weretransient– typically last-

ing only a singleframe– andwe would not have beenableto distinguishthemwere

it not for the coloringof objectsandour pausingat eachframeto inspectthe object

positions.1

ThresholdEvaluation 2 We recreatedthe experimentusedin [ODG03] (but with

ODE) to generatethe thresholdsfor perceptualmetrics. This scenarioplacestwo

sphereson a 2-D plane: one is stationaryand the other hasan initial velocity that

resultsin a collision with the stationarysphere.No gravity is used,andthe spheres

areplacedtwo metersabove thegroundplane.Whenevaluatingthis simplescenario,

the thresholdsshown in the rightmostcolumn of table6.2, extrapolatedfrom prior

1Onesuchexperimentis shown in theaccompanying video.
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work [ODG03, HRP04a],aresuf�cient. They areconservative enoughto �ag catas-

trophicerrorssuchastunneling,largepenetration,andmovementwithoutcollision.

However, whenapplyingthis methodto a complicatedgame-like scenario,these

thresholdsbecomefar too conservative. Eventheauthorsof [ODG03] point out that

thresholdsfor simplescenariosmaynot generalizeto morecomplex animations.In a

chaoticenvironmentwith many collisions, it hasbeenshown that humanperceptual

acuitywill becomeevenworse- particularlyin areasof thesimulationthatarenot the

currentfocalpoint.

But sincethesemetricswork for this simpleexample,we will usethe error rates

from table 6.1 to inject error into this simple example. Using the thresholdsfrom

[ODG03],wewereunableto �nd any errorsthatexceededthesethresholds– theerror

ratesthat we experimentallyfound in the previoussectionshow no perceptibleerror

for this simpleexample.

ThresholdEvaluation 3 Interestingly, whenwe enablereorderingof constraintsin

ODE,mostof ourperceptualmetricswill exceedthethresholdsfrom [ODG03],com-

paredto a run without reordering.Thereis no particularorderingwhich will generate

anabsolutelycorrectsimulationwhenusingan iterative solver suchasODE's quick-

step. Changesin the order in which constraintsaresolved can result in simulation

differences.Theorderingpresentin thedeterministic,baselinesimulationis arbitrar-

ily determinedby the orderin which objectswerecreatedduring initialization. The

sameexact setof initial conditionswith a different initialization orderwill result in

constraintreorderingrelative to theoriginalbaseline.

Therefore,to understandthis inherentvariancein theODE engine,we have again

coloredobjectswith errorsandanalyzedeachframeof our simulation.Thevariance

seenwhenenabling/disablingreorderingresultsin errorsthatareeitherimperceptible
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or transient.Basedon thisanalysis,wewill usethemagnitudeof differencegenerated

by reorderingasacomparisonpoint for theerrorswehaveexperimentallyfoundtoler-

ablein table6.1.Ourgoalis to leverageasimilar level of varianceaswhatis observed

for randomreorderingwhenmeasuringtheimpactof errorin PBA.

Table6.2 shows themaximumerrorsin our perceptualmetricswhenenablingre-

orderingversusa baselinesimulationof a complex scenewithout any reordering.As

a further referencepoint, we also includethe perceptualthresholdsfrom the simple

simulationdescribedin [ODG03]. For the simple simulation,someof our metrics

werenot used,andwemarktheseasnotavailable(NA). For baselinesimulation,only

absolutemetrics(i.e. thosethatrequireno comparisonpoint likegapandpenetration)

areshown,andrelativemetricsthatwouldordinarilybecomparedagainstthebaseline

itself (i.e. linearvelocity)arealsomarkedNA.

PerceptualMetrics RandomReordering Baseline SimpleThreshold

Energy (% change) -1% NA NA

Penetration(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

AngularVel (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: PerceptualMetric Datafor RandomReordering,Baseline,andSimpleSim-

ulations.

The �rst thing to noticefrom theseresultsis that themagnitudeof maximalerror

for a complex scene(reorderingandbaseline)canbemuchmorethanthesimplesce-

nario. Thesecondthing to noticeis thatdespitesomelargevariancesin velocity and

angleof de�ection,energy is still relatively unaffected.This indicatesthattheseerrors
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arenot catastrophic,anddo not causethesimulationto blow up. It is alsointeresting

to noticethemagnitudeof penetrationerrors.Penetrationcanbecontrolledby using

a smallertime step,but by observingthe amountof penetrationfrom a baselineat a

giventimestep,wecanensurethatit doesnotgetany worsefrom introducederror.

Thesheermagnitudeof theerrorsfrom reorderingrelativeto theveryconservative

thresholdsfrom prior work [ODG03] demonstratesthatthesethresholdsarenotuseful

asa meansof guidingthetrade-off betweenaccuracy andperformancein large,com-

plex simulations.Furthermore,thesimilarity in magnitudeof theerrorswefoundto be

tolerableandtheerrorsfrom reorderingestablishcredibility for theresultsin table6.1.

ThresholdEvaluation 4 Somemetrics,suchaspenetrationandgap,aredependent

on the time-stepof the simulation– if objectsare moving rapidly enoughand the

time-stepis too large, large penetrationscanoccureven without injecting any error.

To demonstratethe impactof the time-stepon our errormetrics,we reducethe time

stepto 0.001. The maximumpenetrationandgapat this time-stepwheninjecting a

maximum0.1%errorinto all phasesof PBA reduceto 0.007metersand0.005meters

respectively. The samemetricsfor a run without any error injection reduceto 0.000

metersand0.009metersrespectively. Both metricsseea comparablereductionwhen

shrinkingthetime-step,which demonstratesthat the largermagnitudepenetrationer-

rorsin �gure 6.5area functionof thetime-stepandnot theerrorinjected.
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Figure6.5: PerceptualMetricsDatafor Error-Injection. X-axis shows themaximum

possibleinjectederror. Note: Extremelylarge numbersandin�nity areconvertedto

themaxvalueof eachY-axisscalefor bettervisualization.
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Figure6.6: AverageandStandardDeviationof Error-Injection.
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6.1.5 PrecisionReduction

Now thatwe canevaluateour perceptualmetricsfor complex scenarios,we applyour

�ndings to thehardware-optimizationtechniqueof precisionreduction.

6.1.5.1 Prior work

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

mantissa).

TheIEEE 754standard[Gol91] de�nes thesingleprecision�oating-point format

asshown in �gure 6.7. The�rst bit is thesignbit, thenext eightbits aretheexponent

bits, andthenext 23 bits arethemantissa(fraction)bits. Thereis animplicit 1 at the

beginningof themantissa,sologically thereare24 mantissabits. Whenreducinga X

numberof mantissabits,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

(Cg16) [MGA03] as shown in Figure 6.7. Thereis one sign bit, and both the ex-

ponentand mantissabits are reduced. The Cg16 format hasbeenusedfor several

embeddedapplications[EBL05, LEO05, EEL04] outsideof graphics.Reducingthe

exponentbits reducesthe rangeof representablevalues. While this is tolerablefor

143



mediaapplications,physicssimulationis highly sensitiveandquickly explodesbased

on oursimulations.

Ourmethodologyfor precisionreductionfollowstwopriorpapers[SEP93,FCR02].

Bothprior work emulatevariable-precision�oating pointarithmeticby usingnew C++

classes.

Prior work [GST06] hasalsocomparedthe useof doubleprecisionsolverswith

native,emulated,andmixed-precisiondoubleprecisionsupport.They concludethata

mixedprecisionapproachgainsperformanceby saving areawhile maintainingaccu-

racy. Our work furtherpushestheboundaryof this areaby reducingprecisionbelow

thatof IEEEsingle-precisioncon�guredataper-phasegranularity.

6.1.5.2 Methodology

We apply precisionreduction�rst to both input values,thento the resultof operat-

ing on theseprecision-reducedinputs. This allows for moreaccuratemodelingthan

[SEP93]andis comparableto [FCR02]. Two roundingmodesaresupported(round

to nearestand truncation). We usefunction calls insteadof overloadingarithmetic

operationswith a new class.This enablesus to separatelytunetheprecisionof code

segments(suchascomputation-phase)insteadof the entireapplication. As the data

will show, thereis asigni�cant differencebetweenthetwo granularity. Wesupportthe

mostfrequentlyexecutedFPoperationsfor physicsprocessingwhich have dedicated

hardwaresupport:+, -, and*. Denormalhandlingis unchanged,sodenormalvalues

arenot impactedby precisionreduction.

Our precisionreductionanalysiswill focuson mantissabit reductionbecausepre-

liminary analysisof exponentbit reductionsshows high sensitivity (no tolerancefor

evenasinglebit of reduction).
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6.1.5.3 Per PhasePrecisionAnalysis

Thefollowing sectionanalyzestheprecisionreductiontoleranceof eachphaseaswell

asNarrowphase+ LCP. Thereasonfor examiningthis combinationof phasesinstead

of all phasesis becauseof their highly parallelnature,describedin section6.1.2.2.

Thegoalof precisionreductionis to reducethedie areaof FPUs– andthe�ne-grain

parallelismin thesetwo phaseswould be exploited by small, relatively simplecores

with FPUsin physicsacceleratorssuchasPhysXor in GPUs.TheFPUsin suchsimple

coreswouldoccupy aconsiderableamountof overall corearea.

BroadphaseandIsland Processingdo not have vastamountsof �ne-grain paral-

lelism, andwould thereforeneeda smallernumberof morecomplex coresto ensure

high performance.Thereforeit is unlikely that the FPU would occupy a suf�ciently

largefractionof thecomplex coreto make precisionreductionworthwhile. However,

westill presentresultsherefor all four phasesfor completeness.

Basedon the error toleranceshown in Table 6.1, we can numericallyestimate

the minimumnumberof mantissabits for eachphase.Whenusingthe IEEE single-

precisionformatwith animplicit 1, themaximumnumericalerrorfrom usinganX-bit

mantissawith roundingis 2� (X+ 1) andwith truncationis 2� X. Roundingallows for

bothpositiveandnegativeerrorswhile truncationonly allowsnegativeerrors.

Sincebase2 numbersdo not neatlymapto thebase10 valuesshown in Table6.1,

we presenta rangeof possibleminimum mantissabits in table6.3 for roundingand

truncation.Now thatwehaveanestimateon how farwe cantakeprecisionreduction,

weevaluatetheactualsimulationresultsto con�rm ourestimation.

Figure6.8 shows the actualsimulationerror generatedfrom precisionreduction

with rounding.Thisdatacorrespondsto thenumericalanalysisof 2� (X+ 1).

Following thesamemethodologywe usedin thesection6.1.4,we summarizethe

145



MantissaBits Broadphase Narrowphase 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-derivedMin MantissaPrecisionToleratedfor EachComputa-

tion Phase.

Figure6.8: PercentageError Injectedfrom PrecisionReduction. X-axis shows the

numberof mantissabitsused.

per-phaseminimumprecisionrequiredin Table6.4basedondatain Figure6.9.When

comparingTable6.4andTable6.3,we seethat theactualsimulationis moretolerant

thanthestricternumerically-derivedthresholds.This givesfurthercon�dencein our

numericalerrortolerancethresholds.

We alsostudiedthe effectsof truncationinsteadof roundingwhenreducingpre-

cision (datanot shown due to spaceconstraints).Truncationfurther optimizesarea

by removing theadderusedfor rounding. Themetricspoint to a minimumof 7 bits

for themantissawhenexecutingbothNarrowphaseandLCP with reducedprecision.

Theperceptualbelievability of 7-bit mantissasimulationis supportedby thefact that
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theaverageandstandarddeviation arewell below thevery conservative thresholdsof

[ODG03,HRP04a].

MantissaBits Broadphase Narrowphase Island LCP Narrow +

Simulated Processing LCP

[round,truncate] [3, 4] [4, 7] [7, 8] [4, 6] [5, 7]

Table6.4: Simulation-basedMin MantissaPrecisionToleratedfor EachComputation

Phase.

While the exact precisionreductiontolerancemay vary acrossdifferentphysics

engines,thisstudyshowsthepotentialfor leveragingprecisionreductionfor hardware

optimizations.

To obtainthe exact tolerancefor interactive entertainmentapplicationsusingthe

ODE engine,we apply the samemethodologyto benchmarksin PhysicsBench2.0.

The resultsfor �ne-grain phasesof LCP andCloth with roundingareshown in Ta-

ble 6.5.

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 PhysicsBench2.0.

Theprecisionrequirementfor Clothis basedonenergy andstretch.Clothenergy is
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computedfrom theparticles'velocityandheight(assumingmassof 1). Thestretchis

thedifferencebetweentheinitial distancevstheactualdistancebetweentwo particles.
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Figure6.9:PerceptualMetricsDatafor PrecisionReduction.X-axisshowsthenumber

of mantissabitsused.Note:Extremelylargenumbersandin�nity areconvertedto the

maxvalueof eachY-axisscalefor bettervisualization.
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6.1.6 Simulation Time-Step

As describedin Chapter2, the simulationtime-steplargely de�nes the accuracy of

simulation. In this section,we apply a similar methodologyto study the effectsof

scalingthetime-step.We restrictthedatashown hereto % energy differenceasit has

beenshown to bethemainindicationof simulationstability. Becausetimeadvancesin

differentgranularityfor thesesimulations,userinputneedsto beinjectedatacommon

granularitywhereall simulationsseetheinputsat theexactsametime. The% energy

differencealsoneedsto becomputedatacommoninterval for all time-steps.Because

of this restriction,weshow resultsfor time-stepsof 0.001,0.002,0.003,0.004,0.005,

0.01,0.015,0.02,0.03,and0.06.Thecommoninterval usedis 0.06second.

Figure6.10:Effecton Energy with Time-StepScaling.

As shown onFigure6.10,themaximumtime-step(outof thetime-stepssimulated)
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for the scenariodescribedin Section6.1.3is 0.03second.Although the appropriate

time-stepmaydependon detailsof theexactscenario,thismethodologycanbelever-

ageto tunethisphysicsengineparameterfor optimalperformance.
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6.1.7 Summary

We have addressedthechallengingproblemof identifying the maximumerror toler-

anceof physicalsimulationasit appliesto interactive entertainmentapplications.We

have proposeda setof numericalmetricsto gaugethe believability of a simulation,

explored the maximalamountof generalizederror injection for a complex physical

scenario,examinedthe minimum requiredprecisionandidenti�ed the maximumal-

lowabletime-stepfor physicssimulation.
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6.2 Fast Estimation with Error Control

QuickStepusesaniterative approachwhereduringeachiteration(a) eachbodyin an

Islandis essentiallyconsidereda freebody in spaceandsolved independentlyof the

others(b) a constraintrelaxationstepprogressively enforcestheconstraintsby some

small amount. The constraintsatisfaction increaseswith the numberof iterations.

Accordingto theODEmanual,20 iterationsis consideredtheminimumfor consistent

robustsimulation.As wewill show laterin this section,theerrorratefor low iteration

countscanbequitesevere.

Theiterativenatureof QuickStepimpliesthatasolutioncanbeobtainedat theiter-

ationgranularity, by takingtheresultof thelastcompletediteration.However, simply

reducingtheQuickStepiterationcountcandrasticallyincreasesimulationerrorswhich

canaccumulateand“blow up” calculations.Visually acceptableerrorsaredependent

on the situationandareof muchlarger magnitudethanwhat the physicsenginecan

tolerate.

To addresstheneedfor fastresultturnaroundandtheimportanceof avoiding large

errorsthat candrasticallyimpactthequality of thesolution,we considerdecoupling

thesetwo components.While dependentsoftwarecomponentsrequirephysicssimu-

lation to provide a solutionwithin somefractionof a frame's time, thereis no reason

why physicssimulationcannotcontinueto runafter returningasolutionon aseparate

thread/core.ConsiderrunningQuickStepfor only a singleiterationto provide results

to thegraphicsengine– andthenfor theremainderof the1/30thof a second,wecon-

tinuethephysicssimulationloopfor thesametime-step.Theeventualre�ned solution

from this errorcorrectionthreadis fed backasinput to thenext frameof thephysics

loop.

This techniqueshortensphysicssimulation's critical pathby alteringthe control
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�o w to generatea fastsolutionfor thegraphicscore. At thesametime, all errorsfed

back into the physicsengineare100% eliminated,ascomparedto running the full

20 iterations,by the endof eachframe. Thus,errorsarenever allowed to propagate

beyond a frame's worth of time. We call this approachfast estimationwith error

control (FEEC)sincethephysicssimulationis allowedto continuein parallelwith the

restof the interactive entertainmentapplicationandeffectively limit theerror rateof

doingfaster, lower iterationsimulation.

This is aneffective approachin leveragingcontexts in a CMP environment:some

subsetof corescancontinueto re�ne aphysicssolutionwhile othercoreshandleother

gameenginecomponents.In caseswhereothercomponents(suchasAI) mightrequire

feedbackfrom the physicsengine,solutionscanbe provided on demand,depending

on thetimeconstraintsof thedifferentgameenginecomponents.

We numericallyveri�ed that the errorsusing FEEC are imperceptible. As will

beshown in our results,over theentirecourseof thesimulationthey arenumerically

equivalentto usinga19 iterationQuickStepwithout FEEC.

1
2
3
4

20

After one iteration, the 
physics simulation 
solution is forwarded to 
dependent components.

1
2
3
4

20

1/30 th

of a 
second

1/30 th

of a 
second

The solution from  
the 20th iteration is 
sent to the next 
frame of physics 
simulation.

The solution from one 
iteration is sent to  
dependent components.

Frame 1

Frame 2

Figure6.11:FastEstimationwith Error Control(FEEC).

The parallel resultsin section4.3.1 demonstratedthat while many benchmarks

cannotachieve 300 fps, all but onewereable to achieve 30 fps. Therefore,for our
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FEECstudy, we will assumethat all threadscanachieve 30 fps with a 20 iteration

QuickStep,but only sendtheresultsof the�rst iterationto thegraphicshardware.The

full 20 iterationrun will bepassedto thestartof thenext physicssimulation.For this

technique,wewill reporterrorsbasedontheresultof the�rst iteration(i.e. whatwould

beseenby thegraphicshardware). TheFEECapproachis illustratedin Figure6.11.

Eachcircle representsoneiterationof QuickStep.This �gure shows FEECwhenthe

physicsengine's stepsizeis 0.033seconds.If thestepsizeis smallerthanoneframe's

time, thenmultiple threadsof executionarerequiredto enableFEEC.

Theperformanceanderrordataof FEECarepresentedin Section7.2.1.
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CHAPTER 7

Ar chitectural Exploitation of Algorithmic Properties

This chapterdiscussesour architecturalcontributionsin exploiting real-timephysics

simulation'salgorithmicproperties.

7.1 Leveraging Precision Reduction in FPU Design for CMPs

In section6.1.5 we show how physicssimulationcan toleratesigni�cant precision

reduction. In this sectionwe proposethreeapproachesthat exploit this result: area

reduction, trivialization andandmemoization.

7.1.1 CoreAr eaReduction

For commercialphysicsacceleratorssuchas PhysXand GPUs,simple coresmake

up the bulk of the die area. In 90nmprocesstechnology, a simpleprocessorcore's

area(assuminga 3mm2 core) would have the following breakdown: 30% memory

area(0:9mm2), 50% logic and�ops (1:5mm2), 10% register �le (0:3mm2), and10%

overhead(0:3mm2).

Basedon the datapresentedin section6.1.5,the minimum precisionrequiredto

satisfyall phasesof all benchmarksis 14 bits. Onesimpleapproachto leveragethis

reducedprecisionrequirementis to designreducedprecisionFPUs.

Reducingthe mantissafrom 24 (23 + implicit 1) bits to 15 (14 + implicit 1) bits
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Figure7.1: FPAdder/MultiplierAreawith VaryingMantissaWidth.

reducesthe logic costfrom 1:5mm2 to about0:9mm2. Theprecision-reducedcoreis

20% smallerthanthe IEEE single-precisioncore. This estimateis basedon results

from ahigh-level synthesistool tunedfor generatingarea-ef�cient �oating pointdata-

paths.Figure7.1.1shows a linear relationshipbetweenareacostandmantissawidth

for boththe�oating-point adderandmultiplier.

This 20%reductionin coreareacanbeleveragedto increasethenumberof cores

in the samesilicon area,reducethe overall silicon arearequiredfor the cores,add

performance-enhancingreduced-precisionSIMD hardware to eachcore, reduceen-

ergy by turningoff logic to handleunnecessarybits,or increasecoreclock frequency,

just to namea few options.

Insteadof usingonly reducedprecisionFPUs,a hybrid chip designcansupport

both low-precisionFP (at a higher throughput)and single-precisionFP (at a lower

throughput). This is anotherway to exploit perceptualtolerancewhile allowing the

developerto choosebetweenhigh-throughputandhigh-accuracy. Futureexplorations

canaddressthisapproach.
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7.1.2 Impr oveFloating-Point Tri vialization and Memoization

Anothermethodto leveragereducedprecisionis to improve theef�ciency of trivial-

izationandmemoization.

7.1.2.1 Prior Work

Tri vial Operations The �rst explorationof trivial computationis doneby [Ric92,

Ric93]. The SPEC92 andPerfectClub andbenchmarkswereusedandthe studies

focusedon a setof 8 trivial computationsof multiplication(by 0, 1, and-1), division

(X/Y with X = 0,Y,-Y, andsquarerootsof 0 and1. More recentwork by [YL02]

expandstherangeof trivializedoperationsto 26 typesandcategorizetheseasbypass-

ableor simpli�able. For SPEC95/2000,andMediaBenchbenchmarksuites,13%and

6% of total dynamicinstructionsaretrivial. In addition,this papersuggeststhat the

amountof trivial computationsarenothighly dependentoninputvaluesby comparing

simulationresultsusingtwo input sets.Thelatestwork by [AB05] studiestheenergy

ef�ciency bene�tsof bypassingtrivial operations.

Memoization A closelyrelatedtechniqueto bypassingtrivial operationsis memo-

izationor valuereuse [SS97, CF98,HL99, MGT99, ACV05]. Memoizationusesan

on-chiptablethatdynamicallycachestheopcode,inputoperands,andresultof previ-

ouslyexecutedinstructions.For eachinstruction,the opcodeandinput operandsare

chockedfor amatchin thetable.If thereis amatch,thecachedresultis reusedinstead

of executingthe instruction. [ACV05] leveragesmediaapplication's error tolerance

to remove the lower signi�cant bits of �oating point mantissasfor the input operand

match.Full precisionresultsarestill stored.
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7.1.2.2 ReducedPrecisionOptimizations

Priorwork hasexaminedthepotentialfor improving performanceandreducingenergy

by exploiting trivial operationsandmemoization.By couplingthesetwo techniques

with precisionreduction,wecantreatasigni�cantly largerpercentageof �oating point

operationsastrivializableor memoizable.Theminimummantissaprecisionsusedin

this studyarebasedonTable6.5.

Fromthecharacterizationin [YFP07], FPaddandmultiply makeupbetween35%

to 40% of total dynamicinstructionsfor �ne-grain phasesof Island Processingand

Cloth. In this section,wewill focusonFPadd,subtract,andmultiply operations.

FPOperation 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: ConventionalTrivial Cases.

FPOperation Representation Trivial

Add X + Y X=0, Y=0

Exponentdifferencegreaterthan

numberof mantissabits

Subtract X - Y X=0, Y=0

Exponentdifferencegreaterthan

numberof mantissabits

Multiply X * Y X=0 or 1, Y=0 or 1

Mantissaof X or Y equalsall zeroes

Table7.2: ReducedPrecisionTrivial Cases.
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ReducedPrecisionTri vial Operations Conventionaltrivialization logic for these

operationsinvolve zero,one,or negative onedetectionof operandsasshown in Ta-

ble 7.1. By examiningthe detailsof �oating point computation,we have expanded

the trivializablecasesto the list shown in Table7.2. The rightmostcolumnrefersto

trivializableoperations.

Thetwo novel casesweproposearethefollowing:

• For addsand subtracts,if the magnitudeof exponentdifferencebetweenthe

operandsis greaterthan the numberof valid mantissabits then the operation

becomesa bypassof thelargeroperand.

• Formultiplies,if themantissabitsof oneoperandareall zeroesthenthemantissa

logic canbetrivializedto bypassingtheotheroperand.Theexponentandsign

logic still needsto beexecuted.This is a generalcaseof multiplicationby 1 or

-1.

Basedon simulationsof PhysicsBench2.0with object-disablingandroundingfor

200simulationsteps,we have compiledthepercentageof trivial operationswith full

precisionversusreducedprecisionin Table7.3 for �ne-grain phaseswith largenum-

bersof FPoperations:LCP, Cloth2, andCloth3.

Precisionreductionincreasesthe effectivenessof trivialization by 62% for adds

and41%for multiplieson average.This translatesto anadditional15%and13%of

totalFPaddsandFPmultipliesbeingtrivializableonaverage.

Why are there somany tri vial computations? To understandthereasonsfor such

high percentagesof trivial operations,we examinetheimplementationdetailsof each

phase.
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In LCP, thecorecomputationinvolvesmultiplicationsof 6-elementmatricessuch

asconstraintforce,jacobianmatrix,andinversejacobian.For eachmatrix,3 elements

refer to linear componentsof eachaxis with valuesfrom the normal vector at the

contactpoint. Theother3 elementsreferto angularcomponentsof eachaxiscomputed

asthecross-productof thecontactnormalwith thevectorde�ned by thecontactpoint

andthe�rst object'spointof reference.

In Cloth2, mostof the computationrevolvesaroundsatisfyingthe distancecon-

straintbetweenneighboringparticles.This involvestakingthedifferencebetweentwo

particle's position,computingthedistance,and�nding theratio betweenthedistance

dueto collisionvsthedesireddistanceto maintaintheclothshape.Then,eachparticle

is movedby 50%of thedifference.

In Cloth3, mostof thecomputationrevolvesaroundtheintersectiontestbetweena

clothparticleandatrianglemeshrepresentingapartof arigid body. Thiscode�nds the

amountof penetrationby theparticleinto therigid bodyandmovestheparticleby 0.1

meteroutsideof thebody. Thecomputationinvolvesdot productof point with plane

normal, multiplication of new depthwith planenormal, and subtractionof current

positionwith deltarequiredto moveparticleoutsideobject.

ReducedPrecisionMemoization Fuzzymemoizationproposedin [ACV05] isclosely

relatedto reducedprecisionmemoization. The key differenceis that our approach

storesandusesreducedprecisionresultsratherthanfull precisionresultsasin [ACV05].

This optimizationfurtherimprovesareaef�ciency andis shown by oursimulationsto

producetolerableerrors.

The memoizationmethodfor evaluationis to matchon both operands'mantissa

values,andwe focusthis studyon the ef�ciency of a sharedmemoizationtable for

frequent,long latency FP multiply operations.The tablewe usedcontains256 en-
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tries with 16-way associativity, andit is indexedby the XOR of the mostsigni�cant

bits in themantissas.Smallertableswereevaluatedandfoundto bevery ineffective.

Trivializableoperationsare�ltered from accessingthememoizationtable.

Oursimulationresultsusingfull andreducedprecisionsfor multipliesareshown in

Table7.4. Resultsfor addition/subtractionis shown in Table7.5,andTable7.6shows

theresultsfor sharingonetableacrossall threeinstructiontypes.

For multiplies,precisionreductionincreasestheeffectivenessof memoizationby

725%on average. This translatesto an additional16% of total FP multiplies being

memoizedon average.Theeffectivenessof memoizationon additionandsubtraction

operationsis lesssigni�cant. Whensharingonetableamongall typesof operations,

the overall hit rate is reduceddue to contentionbetweenmultiply and add/subop-

erations. Comparedto the dataon SPECbenchmarksfrom prior work [CF03], the

physicsworkload haslower value locality. Signi�cant hit-rate on the memoization

tablerequirestheuseof precisionreduction.

Whenprecisionreductionis appliedto thecombinationof trivializationandmem-

oization,only 54%of FPaddsand35%of FPmultipliesonaveragerequiresexecution

on a FPU. Using datafrom prior work [YFP07], we seethat for LCP andCloth on

average20%of total instructionsareFPaddsand17%areFPmultiplies.Multiplying

thesepercentagestogethershowsthatlessthan17%of total instructioncountrequires

theFPU.Ignoringroutingandarbitrationoverhead,this dataindicatesthepossibility

of sharingonerealFPUamong5 coreswhile keepingutilizationunder100%.

Dynamic PrecisionTuning From the datapresentedin Table6.5, we seethat the

minimum requiredprecisionvariessigni�cantly betweenscenariosandacrosscom-

putationphases.In orderto optimizethe bene�t of precisionreduction,we propose

a dynamicprecisiontuningmechanismwherebytheapplicationindicatesto thehard-
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waretheminimumrequiredprecision.

Basedon theresultsshown in Section6.1,weseemostof theperceptualtolerance

metricscorrelatewith energy. By using the law of energy conservation, the appli-

cationcancomputetheenergy differencebetweensuccessive simulationsteps,while

accountingfor forcesinjectedby userinput, to determinewhetherthe simulationis

diverging towardsinstability.
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Benchmark 23-bit% Reduced%

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: PercentTrivializedFPOperationsfor Full andReducedPrecision.

164



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 [0] [0]

Rag [0] [4]

Table7.4: PercentMemoizedFPMultiply for Full andReducedPrecision.

Benchmark 23-bit% Reduced%

[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 [0] [11]

Per [0] [0]

Rag [0] [0]

Table7.5: PercentMemoizedFPAdd/Subfor Full andReducedPrecision.

165



Benchmark 23-bit% Reduced%

[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: PercentMemoizedFPMixedfor Full andReducedPrecision.
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7.2 Fuzzy Computation

7.2.1 ValuePrediction

Prior work hasdemonstratedtheeffectivenessof usinglastvaluepredictionat reduc-

ing instructionlatency [LWS96]. Lastvaluepredictionis a speculative techniquethat

breakstrue datadependenciesby using the last valueproducedby a given instruc-

tion asa predictionfor the input to its dependentinstructions.The valueprediction

is veri�ed whentheinstructionactuallycompletes,andthedependentinstructionsare

re-executedif amispredictionhasoccurred.Con�dencemechanisms[CRT99] canef-

fectively limit the impactof mispredictions.Recentwork on shows somebene�t for

�oating pointvaluepredictions[N 05] usingmulti-threadedexecution.Fuzzyinstruc-

tion reuse[ACV05] hasbeenfurtherproposedto reducepowerusageby �oating point

units.This lattertechniqueis non-speculative,andcannotbreakdatadependencies.

Exactvaluepredictioncanbreaktruedatadependencies,andit will not have any

impactonthenumberof errorsin thephysicssimulation.However, wecantradesome

accuracy to improvetheinstructionpredictionrate.WeproposeFuzzyvalueprediction

(FVP), where�oating point valuepredictionis allowedto err within a certainbound

withoutresultingin amispredictionandsubsequentrecovery. Themainmotivationfor

fuzzy valuepredictionis that real-timephysicssimulationfor gamingworkloadsal-

readyintroducessmallerrorsby usingsingle-precision�oating point, largestepsizes,

andapproximationmethodsin solving theequations.We assumethatanerror in the

10� 6 rangeis tolerablein our case. The quantitiesinvolved in the simulationare

macroscopicandfollow themetricsystem.An error, for example,in positionof 10� 6

metersis of microscopicscaleandvisually negligible. This optimizationis unique

to graphicsrelatedworkloads,sinceotherapplicationstypically requireprecisestate,

especiallyfor �oating pointcalculations.
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Figure7.2: Performanceof FEECandfuzzyvalueprediction.
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Figure7.3: Error for FEECrelative to a20-iterationQuickStep.

7.2.1.1 Methodology

Althoughweusedthesamebinariesassection4.3.1in oursimulations,weusedPTL-

sim [You], a cycle accuratesimulatorsupportingthefull x86 instructionset,to allow

architecturalmodi�cation andto avoid thesystem-levelnondeterminismthatcanoccur

in realsystemmodeling(i.e. variability in systemload,OSinteraction,etc). PTLsim

alsomodelsthe translationof x86 instructionsinto micro-ops,similar to the transla-

tion in currentx86 CPUs. We modi�ed PTLsimto supportvalueprediction.We use

thex86 instructionPCconcatenatedwith a micro-opID to index thevalueprediction

table. The micro-op ID is a simple4-bit counter, sincePTLsim generatesup to 16

micro-opsper x86 macro-instruction.This ID uniquelyidenti�es micro-opsthat are
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Frequency 3 GHZ

Issue 8-wayout-of-order

Issuewindow size 4 16-entryClusters

BranchPredictor 64K Gshare

4K 4-wayBTB

InstructionL1 Cache 32KB 4-way

Latency 2 cycles

DataL1 Cache 16KB 4-way

Latency 2 cycles

Inst Window 192entries

Load/StoreQueuesize 144entries

L2 Cache 256KB8-way

Latency 7 cycles

L3 Cache 2MB 16-way

Latency 16cycles

FunctionalUnits 2,2,2,2

(Int, Int, Memport,FP)

MemLatency 160cycles

Table7.7: Parametersfor ourarchitecturalcon�guration.
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generatedfrom thesamex86 instruction.TheID (startingat 0) is assignedin orderto

eachmicro-op.

From the datain �gure 4.4, we seethat the computationaldemandof complex

PhysicsBenchtestsis above the performanceof a contemporarydesign.To evaluate

FEECandFVP, we choosea moreaggressive processordesign,with botha high fre-

quency andwider resources.Table7.7presentsthesimulationparametersusedin this

section.

To bettercharacterizetheerror in geometricpositionor constraintviolations,we

classifyerrorsinto oneof � ve categoriesaccordingto themagnitudeof theerror. For

position,thecategoriesare:below 1 cm,between1-10cm, between10-100cm,more

than100cm,andin�nity or NaN.For orientation,thecategoriesarebasedonpercent-

agesof 2×PI: below 5%, between5-25%,between25-50%,above 50%,andin�nity

or NaN. The last category for both measuresshows caseswherethe errorhasblown

up. Notethatin all cases,everyconstraintandeveryobjectpositionwill mapto oneof

thesecategories,evenif thereis anexactmatch(i.e. thepositionerror is 0 cm). This

ensuresthatwe arealwayscomparingthesamenumberof possibleerrorsfor a given

benchmark.

7.2.1.2 Results

Figure7.2showstheframerate(primaryaxis,bars)and% framessatis�ed(secondary

axis,diamonds)for QuickStepwith 20iterations(20Iter),QuickStepwith 19iterations

(19Iter),FastEstimationwith ErrorControl(FEEC),FuzzyValuePrediction(fuzzyto

10� 6 meters)(FVP6), ExactValuePrediction(EVP), andFEEC with FVP6 (F+F).

FEEChasa dramaticeffect on Environ, Battle,andFight - all threeapplicationsare

ableto completelysatisfytheirframeconstraints.CrashWaandBattleproveespecially

dif�cult to satisfy. On average,FEECdramaticallyimprovesperformanceover20Iter
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by 220%with minimal error asdescribedbelow. By tradingsomeaccuracy for per-

formance,FEEClowerstherequiredspeedupfor parallelsectionsof Battle2from the

84X to 30X.

Consideringthehardwareoverheadof valueprediction,this approachseemsless

attractivethanFEECwhenthereareplentyof corecontextsavailabletocontinueto run

physicssimulation.FVP6is ableto seemoreframessatis�ed for Fight, but is unable

to helpotherapplications.Moreover, FVP6degradestheperformanceof FEECwhen

thesetechniquesareappliedtogether. In therestof thissection,we focusontheerrors

generatedby FEEC.

DespiteFEEC's performanceadvantage,this samebene�t could be obtainedby

usingonly asingleiterationwith Quickstep.Therefore,weneedto comparetheerrors

seenby FEECto a singleiterationwith Quickstep.

Figure7.3shows theerrorbreakdown for theFEECapproach.Resultsareshown

in agrid of four �gures: the�rst row of two �gures representsgeometricerror, andthe

secondrow representsconstrainterror. The �rst columnrepresentspositionandthe

secondcolumnrepresentsorientation. In each�gure, threearchitecturesareshown:

QuickStepwith 19 iterations,QuickStepwith 1 iteration,andFEEC.The �gures are

orientedsuchthatthebenchmarksandarchitecturesline upvertically– sothegeomet-

ric andconstraintpositionerrorsfor CrashWa for Iter19areverticallyaligned.

TheseresultsclearlydemonstratethatFEECis ableto achieve errorscomparable

to Iter19,sometimesdoingbetterandsometimesdoingworse. In all cases,thereare

few caseswherethe computationblows up for either Iter19 or FEEC– unlike Iter1

which hasa substantialnumberof thehighestclassof errors.Dueto thesevereerrors

introducedwith Iter1, its performancedatais meaninglessin that imagedatacreated

is not usable.
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7.3 Object-Pair Information

Wehaveshownthatreal-timephysic'shighdemandfor performanceis somewhatmiti-

gatedby thefactthatphysics-basedsimulationhastremendousamountsof parallelism.

Chip multiprocessors[ONH96a] andothermulti-threadedprocessordesignshave the

potentialto exploit this, but certainpartsof physicssimulationaremoreamenableto

parallelizationthanothers.

In this section,we analyzebroad-phaseandnarrow-phasecollision detection.We

proposeand evaluatetwo techniquesto leverageobject locality: object-pairbased

branchpredictionandobject-pairtable.Theobject-pairtabletargetsbroad-phasecol-

lision algorithmswhich requirea completeupdatebetweensimulationstepssuchas

spacialhashing.We considerthehardwarecostof sucha scheme,andthe impactof

misprediction.

Thisstudymakesuseof 3 benchmarksfrom PhysicsBench1.0: CrashWall, Battle,

andBattle2.Thebehavior of differententity typesaffect collision detectioncomputa-

tion in differentways.Bricks thatmake up walls producestackingbehavior. Humans

representhighly articulatedobjects. Projectilesaresmall, fastmoving objects,and

carsarefastmoving largeobjects.

7.3.1 Application-Level Corr elation and Locality

Intuitively, thelow-level behavior of physicssimulationcodeshouldhavea greatdeal

of locality andcorrelationwith higher-level applicationconstructs.Motion at a sim-

ulationstepby stepbasisshouldbesmoothandcollisionsbetweenparticularobjects

canpersistacrossmany steps– unlessthey arefrom objectsmoving extremelyfast.

Behavioral locality in the form of temporalcoherencehasbeenshown by prior col-

lision detectionwork [LC91, KHM98, LC98, EL01]. Temporalcoherencedescribes
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the fact that in dynamicenvironments,objectsdo not move large distancesbetween

consecutivestepsof physicssimulation,exceptfor objectswith highvelocities.

However, suchcollision locality is dif�cult to extract by conventionalprogram

counterbasedmethodsbecauseof thediversityof objectsusingthesamesetof engine

code.If thenotionof higher-level applicationconstructscanbecommunicateddown

to thearchitecturallevel, new formsof locality andcorrelationcanbeexploited.

To betterdemonstratethis notionof locality andcorrelationwith high-level appli-

cationconstructs,we focuson the collision detectionpart of the physicssimulation

loop,andshow how thenotionof object-pairscanbeleveraged

7.3.1.1 Collision Detection

CollisionDetectionis awell studiedproblemandanexcellentcollectionof theoryand

availablesoftwarecanbefoundat[GAM]. ThebruteforceapproachtoCD wouldbeto

compareeachobjectwith all of theotherobjectswhichresultsin O(NxN) complexity,

whereN is thetotal numberof objects.Themostcommonapproachto speedup CD

is to usea two-stepalgorithm[Hub95] composedof broad-phaseandnarrow-phase.

7.3.1.2 Broad-PhaseCD

Broad-phaserefersto the �rst stepof CD which ef�ciently culls away pairsof ob-

jectsthatcannotpossiblycollide. This stepusesa fastapproximationtestto quickly

prunepairs from the total NxN pairs. Most broad-phasemethodsusehierarchical

boundingvolumes.The objectis enclosedinsidea suf�ciently large volumeof sim-

pler shape.This volumeis usedinsteadof theobject's trueshapeby broad-phasefor

fast,but approximatecollisiondetection.Thepairswhichpassbroad-phasearepassed

to narrow-phase.
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7.3.1.3 Narr ow-PhaseCD

Narrow-phaseCD determinestheexactintersectionpointsbetweentwo objects.Each

pair's computationalloaddependssigni�cantly on thegeometricpropertiesof theob-

jectsinvolved,andtheoverallperformanceis affectedby theability of broad-phaseto

minimizetherequirednumberof comparisons.

A recentstudy[LCF05] examinesthe trade-off of broad-phaseaccuracy vs total

computationtime for different broad-phasemethods. The resultsshow that broad-

phaseneedsto be very fast, even at the expenseof generatinga larger numberof

collision pairs becauseof the dependenciesbetweennot only broad-phaseCD and

narrow-phaseCD, but alsobetweenCD asa wholeandtheforwarddynamicsstep.

7.3.1.4 Corr elation and Locality Exploration

In asense,thebranchesin bothbroad-phaseandnarrow-phaseCD areconditionedon

whetheror not thetwo objectsunderconsiderationcollide. Broad-phaseCD attempts

to �lter out pairsof objectsthat areeasily identi�ed asnot beingableto collide to-

gether. Narrow-phaseCD takesthis �ltered setof objectpairsanddetermineswhether

or not they actuallycollideandwherethecollisionoccurs.

At theapplicationlevel, therearesomefactorsthatcanbecorrelatedto helpbranch

predictionin CD. For example,objectsthatcollide tendto collide for severalphysics

simulationsteps,unlessthey aremoving extremelyfast. High level objectsmayalso

have repeatedcollision patterns. One simple examplewould be a humanwalking

whereone foot staysin contactwith the groundfor sometime until the other foot

lands,andthe whole processrepeats.Due to the dynamicnatureof objectsandthe

�e xibility inherentin a physicsengine,it is dif�cult to capturethis locality entirelyin

software.
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Figure7.4: Narrowphasebranchpredictionratecorrelationwith theprogramcounter

(PC),branchhistory, andhigh-level objects.
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Toexplorethisfurther, wedemonstratehow predictablethemainconditionalbranches

of narrow-phaseCD arewhencorrelatedwith the PC of the branch,branchhistory,

and the two objectsbeing compared.Figure 7.4 presentsdatafor the threebench-

marksfrom PhysicsBench1.0 (CrashWall, Battle, andBattle2). The y-axis in each

graphrepresentsthe branchpredictionaccuracy during the executionof the frame

(only countingthepredictionsof correctpathinstructions).Eachframein theexecu-

tion of the benchmarkis tracked alongthe x-axis. We evaluate� ve architectures:a

simpleNot Takenpredictor(alwaysguessbranchnot taken),asimpleTakenpredictor

(alwaysguessbranchtaken), a gshare[McF93] predictor(PC + History) (16KB), a

Perceptronbranchpredictor[JL02] (16KB),andanobject-pairpredictor(16KB).This

latterpredictorcorrelateswith thebaseaddressof thetwo objectsunderconsideration.

Theobject-basedpredictorclearlyoutperformsany otheroptionby amargin.

7.3.2 Branch Prediction for CD

Basedonthebranchcorrelationwith object-pairaddresseswesaw in section7.3.1,we

proposeanapproachto leveragethis informationat thearchitecturelevel andimprove

controlspeculationfor collisiondetection.

7.3.2.1 Object-Pair BasedBranch Prediction

Therehasbeenan enormousamountof prior work on branchdirection prediction.

And while schemeshaveaddressedcorrelatingwith globalbehavior [YP93], reducing

aliasing[McF93, EM98], improving correlation[JL02], or even focusingon speci�c

branchtypes[CHP97],all of thesetechniquesrely on informationpresentin the ar-

chitectureto helpmake anaccurateprediction.Themajority of approachesarebased

on somecombinationof the programcounter(PC) andeitherlocal or global branch

history. All of theseapproachesareorthogonalto ourgoal,which is to improvecorre-
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lationandlocality usingapplication-level informationin thearchitecture.

We considerindexing a patternhistory table(PHT) - a tableof two-bit counters

indicatingapredictionof taken/nottaken- usingthebaseaddressof thecurrentobject-

pair underconsideration.In collision detection,objectsarecomparedin pairs,and

thereforewewill augmentthearchitecturewith two registerstoholdthebaseaddresses

in memoryof thetwo objectsunderconsiderationatany point in time. Theseregisters

will not be visible to the compiler, and techniquesto set themwill be discussedin

section7.3.2.

While object-pairinformationcorrelateswell with certaincontroldecisions,it does

not work for others.We mustalsoconsiderhow to avoid usingobject-pairinforma-

tion in caseswhereit is not helpful. Oneapproachis to leverageexisting con�dence

techniquesto selectively usethe object-pairregisteronly in caseswhereit is useful.

Considerasimplepatternhistorytable(PHT)indexedvia PCandtheobject-pairregis-

ter. Thiscanbeusedin concertwith aconventionalPC-basedPHT. An additionalPHT

canbeusedto selectwhich PHT to usefor a givenprediction,just asin thebi-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

communicatethis informationfrom theapplicationto thearchitecture.

The moststraightforward techniqueconceptually, would be to augmentthe ISA

with new instructionsthat propagatehigh-level information. The useof specialized

moveinstructions,for example,wouldallow thecompileror applicationwriter to place

valuesinto theobjectregistersor cleartheobjectregisters.
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Anotherapproachmight beto leveragethe�e xibility of ISA-speci�c addressgen-

erationinstructionsfor this purpose. For example,the x86 ISA featuresthe load

effective address (LEA) instruction. LEA is usedto seta registerwith the

valueof anaddresscomputation.Thisaddresscomputationcantaketheform of any of

the addressingmodessupportedby x86. For exampleLEA edx, [esi+4*ebx]

wouldplace4 bytesof dataataddressESI+4*EBX into EDX. Wecanusethis instruc-

tion to setthe objectregisterswith the effective addresscalculatedby LEA. We can

changethe architecturalimplementationof LEA so that in additionto writing to the

registerspeci�edby theinstructionitself, it will alsoimplicitly write to oneof thetwo

objectregisters.Thesyntaxof theeffectiveaddresscomputationwill determinewhich

of the two will actuallybe written. Note thatwe arenot makingthe objectregisters

visible to thecompilerwith this approach– theLEA instructionfrom theperspective

of theISA neednotchange,wearesimplyenhancingit in themicroarchitecture.

By usinganexisting instruction,weavoid addingopcodesto theISA, but wemay

needto restricttheuseof LEA. ThiscaneitherbeacompleterestrictionwhereLEA is

only usedfor thepurposeof settingtheobjectregisters,or a partial restrictionwhere

certainaddressingmodesarededicatedfor thepurposeof settingtheobjectregisters.

7.3.3 IncreasingParallelism for CD with the Object Table

High-levelapplicationinformationcanalsobeleveragedbyaddingapplication-speci�c

structuresthat acceleratecertaincomponentsof execution. For example,a texture

cache[HG97] is anapplication-speci�cstructurethathelpsGPUsachievehigherper-

formance. Another example is network processors,which usecontent-addressable

memoriesfor fastsearches[Ageb]. In this section,weproposeanapplication-speci�c

structureto addparallelismto collisiondetection.

To show theperformancepotentialof decouplingcollision detectionby theuseof
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object-pair�lter , wemeasuredthecontributionof bothbroad-phaseandnarrow-phase

on collision detection's executiontime. Figures7.5, 7.6, and7.7 show theexecution

timebreakdown for collisiondetectionona2.8GHzPentium4. It is interestingto note

thevariationin theproportionalamountof time spentin broad-phaseversusnarrow-

phasefor thesedifferentbenchmarks.Collision detectionfor CrashWall is dominated

by theruntimeof narrow-phaseCD, Battleis dominatedby broad-phaseCD, andBat-

tle2 is somewhatevenly distributed. Oneway to reducetheoverall runtimeof CD is
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to overlapbroad-phaseandnarrow-phaseasmuchaspossible.Thiswouldallow usto

optimally geta total CD runtimethatis themaximumlatency of thetwo components.

Sincebroad-phaseis effectively a techniqueto �lter thework doneby narrow-phase,

it shouldalsobepossibleto dynamicallybalancetheamountof work doneby eachof

these.In therestof thissection,wewill exploreatechniqueto providethisparallelism.

Broad-Phase Stage 1

Narrow-Phase

Broad-Phase Stage 2

Forward Step

Collision Detection (CD)

New Position + Orientation

Spatial Partition Data Structure

Filtered Object-Pairs

Actual Collisions

Physics Simulation Step i-1

Broad-Phase Stage 1

Narrow-Phase

Broad-Phase Stage 2

Forward Step

Physics Simulation Step i
CD

Figure7.8: CollisionDetection'sRolein thePhysicsSimulationFlow

Figure7.8showstheinter-taskdependenciesfor existingcollisiondetectionmeth-

ods.Both narrow-phaseCD andbroad-phaseCD mustwait on theforwarddynamics

from thepreviousstep.Theforwarddynamicsof onesteprelieson thenarrow-phase

CD of that samestep– andit cannotform islands(clustersof colliding objects)and

begin theactualphysicssimulationuntil thenarrow-phaseCD hascompletedall object

pairs. Narrow-phaseCD dependson theoutputof broad-phaseCD. Note that this is

shown for anarbitrarystepin thecalculationof a singleframe– therewould alsobe
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Figure7.9: CollisionDetectionFlow with DecoupledBroad-PhaseandNarrow-Phase

informationstreamingfrom stepi −2 to stepi −1 in thesamemannerthatstepi −1

streamsto stepi.

While differentobject-pairscanperformboundingbox �ltering andnarrow-phase

CD in parallel,broad-phasestage1 (theupdateof spatialpartitioningdatastructures)

is serialwith respectto all othercomponents.Thisserialtaskwill representanincreas-

ingly largeramountof thetotal executiontime asthenumberof objectsin thevirtual

world andthenumberof processorcoreson-dieincreasesfor futureCMPs. This ob-

servation is con�rmed by Luqueet al [LCF05] – they concludethatbroad-phaseCD

mustbedoneasef�ciently aspossiblefor goodoverallphysicsperformance,evenif it

means�ltering fewerobjectpairs.

In section7.3.1,we observed that thereis considerablelocality in CD. Oneap-

proachto creatingmoreparallelismin CD would be to usethe resultof broad-phase

CD from onestepto feedthenarrow-phaseCD of thenext step.Thiswould allow the

broad-phaseandnarrow-phasecomponentsof CD to be donein parallel. However,

therearetwo problemswith this approach.First, it is certainlypossiblethattheresult
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of broad-phaseCD from apreviousstepbeforedoesnot includeall pairsfrom thecur-

rentresultof broad-phaseCD. Narrow-phaseCD only usespairsfrom broad-phase,so

this is clearlyacorrectnessissuewherewemaymissacollision. Therefore,wewould

like to adda correctionmechanismthat putsany extra pairsdetectedin the current

step's broad-phaseCD throughnarrow-phaseCD. We will refer to theseextra pairs

thatmustbedoneseriallyasserialnarrow-phasecomparisons.

Second,theremaybepairsthatwerein thepreviousstep'sbroad-phaseresultthat

arenot in thecurrentstep's broad-phaseresult.Becausenarrow-phasewill verify any

pairsfrom broad-phase,this is not acorrectnessproblem– but if too many extrapairs

areadded,we may lose the bene�t from parallelization. We will refer to pairs that

arein the former step's broad-phaseCD resultbut not in the currentstep's resultas

unnecessarynarrow-phasecomparisons.

Theoverall �o w of this new approachto CD is shown in �gure 7.9. We areeffec-

tively decouplingbroad-phaseandnarrow-phaseCD asmuchaspossibleto improve

parallelism. We split narrow-phaseCD into two components:a primary stagethat

handlesthespeculativesetof objectpairsfrom theprior step's broad-phaseCD anda

secondarystagethathandlesany serialnarrow-phasecomparisons.Note thatstepi's

primarystageof narrow-phaseCD is usingstepi −1's broad-phaseresult. We usea

simpleobject-pairbuffer to queuepairsfrom onestepto the other– we will discuss

thesizeof thisstructurealittle laterin thissection.Stepi'ssecondarystageof narrow-

phaseCD is usingstepi's broad-phaseCD asinput. This broad-phaseCD resultcan

potentiallyhavepairsthatwerealreadygivento theprimarystageof narrow-phaseCD

– we will call theseredundantnarrow-phasecomparisons. Redundantcomparisons

arenot functionally incorrect,but canpotentiallynegateany performancegain. The

critical componentof this new approachto CD is how to ef�ciently �lter theseredun-

dantnarrow-phasecomparisonsat theoutputof broad-phaseCD. In thediagram,we
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referto thisgenerallyasanobject-pair�lter , but in thenext sectionwewill investigate

aparticulardesignof this �lter .

Note againthat this is shown for an arbitrarystepin the calculationof a single

frame– therewould alsobeinformationstreamingfrom stepi −2 to stepi −1 in the

samemannerthatstepi −1 streamsto stepi. Theobject-pair�lter would have been

�lled from thebroad-phasecalculationof stepi −2. Theinitial stepin a framewould

leverageinformationfrom thelaststepof thepreviousframe.

Figure7.10showstheincreasein bothunnecessarynarrow-phasecomparisonsand

serialnarrow-phasecomparisonsfor our threebenchmarks.They-axisshows theper-

centincreasein objectpairsrelative to thetotal numberof pairsthatwould have been

passeddirectly from broad-phasein the normalCD �o w (�gure 7.8). For all frames

simulated,thisnevergrowsabove4% onaverage.

To modelthe increasein redundantnarrow-phasecomparisons,we mustconsider

theactualimplementationof theobject-pair�lter . We couldusea software-based�l-

ter here,but thecostof storingall of theobjectpairsto memorycould interferewith

the locality of otherdatablocks. We insteadproposea hardwarestructurethat can

ef�ciently �lter redundantcomparisons.Thesestructuresaremappedinto a special

sectionof memorysothatapplicationsoftwarecanaccessthemdirectlyusingconven-

tionaldatatransferinstructions.
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7.3.3.1 Object-Pair Filter

The object-pair�lter needsto determine,for a given pair of objects,whetheror not

theseobjectshavealreadybeencommunicatedto thenarrow-phaseCD. And sogiven

two objectaddresses,the�lter givesayesor no.

Dueto theserialnatureof broad-phaseCD, it will beunlikely thatmorethanone

coreon a futureCMP will behandlingthis componentof CD (unlesstheapplication

containsrelativelydisjointspaces).Therefore,wewill likelyonly needasingleobject-

pair �lter for the resultsof broad-phase.However, this structureis challengingsince

it needsto containa potentiallylargenumberof objects– this maymake theuseof a

CAM structureexpensive.
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Theobject�lter we evaluateis a cache-like structure(it hasa numberof setsand

anassociativity), but hasafew differencesfrom aconventionalcache.First,onamiss,

we do not index a secondlevel structure– whenanobjectpair missesin the �lter , it

is sentto narrow-phaseCD. Second,we never evict anything from the �lter until the

endof thecurrentphysicsstep.If werunoutof roomin the�lter , wesimplydisregard

theobjectpairsthatdo not �t in the�lter . In theworstcase,theseobjectpairswill be

processedtwiceby narrow-phaseCD. In orderto ensurecorrectness,thesoftwaremust

preventduplicatedobjectpairsfrom creatingmultiple contactsat thesamepositions.

Each�lter entryonly storesthe two 32-bit addresses- if it is in the �lter , it doesnot
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needto be sentto narrow-phaseCD. If it is not in the �lter , it waseithernot sentto

narrow-phaseCD or couldnot �t in the�lter , andwill besentto narrow-phaseCD.

To reducethrashingin the�lter , we usetwo �lters together. Each�lter employs a

differenthash,but both �lters have the samenumberof entries. For a pair of object

�lters with n sets,theprimary�lter takeslognbits from eachobjectaddressandxor's

theseto form the index into the �lter . The secondary�lter takes logn
2 bits from each

objectaddressandconcatenatesthemto form a logn bit index. Whenthebroad-phase

CD outputis written to theobject�lter , we �rst usetheprimary�lter until thesetwe

arewriting to has�lled. Wedonotevict pairsfrom aset,but insteadusethesecondary

�lter to �nd an alternative locationto placethe pair. If the correspondingset in the

secondary�lter is not full, we write theobjectpair to thesecondary�lter . This helps

to betterdistributethesetsthatheavily thrash.On anaccessto the�lter (whenbroad-

phaseCD is determiningwhat to sendto the narrow-phaseCD within its own step),

both�lters arecheckedin parallel– eachusingits own hashfunction.

At the endof the step,all �lter entriesareinvalidated,andthe �lters arere�lled

usingtheobjectbuffer.

Figure7.3.3.1shows theperformanceof our cachewhenvaryingthetotal number

of object-pairsit canholdandtheassociativity of thecache.

7.3.3.2 Further Reduction in Size

A naive implementationof this �lter would storepairsof 32-bit addressesfor each

entry. To reducethe storagerequirement,we can utilize a dictionary table to map

32-bit addressesto a muchsmallerobjectnumber. Now, the dictionary tablestores

all uniqueobjects'32-bit addresses,with the index of theentryasthe implicit object

number. The object-pair�lter thenjust storesa pair of objectnumbers,but requires

translationfrom the32-bit addressesto objectnumbersin orderto accessthe�lter .
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7.3.3.3 Object-Pair Buffer

Theobject-pairbuffer needsto beableto hold incomingobject-pairsfor theprimary

narrow-phaseCD from thebroad-phaseCD of thepreviousstep(see�gure 7.9).There

aretwo waysto do this in a CMP environment:1) thebuffer is distributedamongthe

coresresponsiblefor narrow-phaseCD or 2) the buffer is centralizedat the corere-

sponsiblefor broad-phaseCD.As mentionedfor theobject-pair�lter , it is unlikely that

morethanonecorewill bedoingbroad-phaseCD. In eitherapproach,theworst-case

numberof object-pairsin theexampleswe lookedat was1700.This would requirea

total buffer capacityof 14KB. However, this is a simpleFIFO buffer sinceit doesnot

requireCAM logic.
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CHAPTER 8

Conclusionand Futur eDir ections

Interactiveentertainmentapplicationsarerapidlygainingsigni�cancefrom bothtech-

nical andeconomicalpoint of views. In this dissertation,we presenta holistic explo-

rationto accelerateonecorecomponentof this emerging workload,namelyreal-time

physicssimulationor physicsbasedanimation.Our contributionscanbecategorized

into benchmarkcreation,workloadcharacterization,architecturalacceleration,algo-

rithmic acceleration,andarchitecturalexploitationof algorithmicproperties.

To representthis emerging workload,we developedandre�ned PhysicsBench,a

set of benchmarksto capturethe complexity andscaleof physicssimulationin in-

teractiveentertainmentapplications.Thebenchmarkdesignwasguidedby high-level

physicalactionsandrepresentativescenariosfrom differentgamegenres.Benchmarks

areconstructedwith parametersfor problem-sizescaling,andwe utilize a largesetof

featuresoften usedfound in theseapplications. PhysicsBenchcanbe leveragedby

both computerarchitectsandapplicationdesignersto explore hardwareor software

optimizations.To supportthestudiesdescribeearlier, we have generatedbinariesfor

Alpha,MIPS,SPARC, andx86 ISAs.

UsingthePhysicsBenchsuite,wecharacterizedreal-timephysicssimulation(RTPS)

with simulators(SimpleScalar[BA97], Ptlsim[You], Simics/Gems[MCE, MSB], and

SESC[RFT05]) aswell asreal multi-corex86 machines.The suitehasbeenparal-

lelizedusingbothPOSIXthreadsandtheSESCAPI. After comparingto conventional

workloadssuchasSPECandMediaBench,wehaveidenti�ed RTPS's5 key differenti-
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atingfactors.First, its real-timeconstraintrequiresconsistent,highperformance.This

deemscertainpredictive techniquesto be ineffective. Second,error toleranceallows

incorrectcomputationto still producevalid result.This toleranceappliesto bothdata-

�o w andcontrol-�ow operations.Third, signi�cant executiontime is spenton serial,

threadparallel (coarse-grain),anddataparallel (�ne-grain) sections. This behavior

suggeststherequirementof optimizingall components.Fourth,thereis tight feedback

betweendataparallel(�ne-grain) andthreadparallel(coarse-grain)componentswhich

exposescommunicationlatency. Finally, RTPShaseasilyidenti�able, explicit compu-

tationphases.While someof thesefeaturesoverlapwith eitherSPECor MediaBench,

RTPScombinesuniquetraitswith differentaspectsof establishedworkloads.

Basedon theworkloadcharacterization,we proposeParallAX, anarchitectureto

sustaininteractive frameratesfor real-timephysics. The ParallAX architectureis a

heterogeneousCMPdesignthatfeaturesaggressivecoarse-grain(CG)coresandarea-

ef�cient �ne-grain (FG)cores.TheCGcoresaredesignedwith suf�cient, partitioned,

cachespaceto handleboththeserialandcoarsegrainparallelcomponentsof physics

simulation.Thesetof FGcoresexploit themassive�ne-grain parallelismavailablefor

certaincomponentsof the computation.FG coresshouldbe �e xibly mappedto CG

cores,andall coresshouldeitherbe locatedon the samesilicon die or packagedon

separatechips in a multi-componentmoduleto successfullyoverlapcommunication

andcomputation.With its high performanceandprogrammability, ParallAX canbe

utilized for other workloadswith massive �ne-grain parallelismwhile enjoying the

uniqueeconomyof scaleaffordedby interactiveentertainment.

As exempli�ed by the simulationsfor ParallAX, more active coresper chip in-

creasesthe loadon the lowest-level cache.To alleviatecachethrashingfrom parallel

threadsin workloadssuchasphysicssimulation,SPEC,or MediaBench,we propose

thePerformanceDrivenAdaptiveSharing(PDAS) cachedesign.PDAS is a scalable,
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multi-portedNUCA thatdynamicallyallocatesits distributedcacheresourcesthrough

anintelligent,realizableon-linepartitioningstrategy. We achieve improvedpartitions

by takingactualperformanceinto accountratherthanjust themissrate. PDAS guar-

anteesaminimumperformanceboundfor eachcorewhile pursuinghigh throughput.

While perceptualerror toleranceof physicssimulationhasbeenstudied,no prior

work hasaddressedthe evaluationof complex scenesoften usedin IE applications.

Usingpreviousperceptualerrortolerancestudiesof simplerscenesasastartingpoint,

we extrapolatefrom theseresultsa methodologyfor evaluationof complex scenes.

This work is the �rst to bring togetherthespeculative perceptualstudiesof previous

yearsinto a practicalframework andevaluatetheir potentialusefulness.It closesthe

loop betweenperceptualstudiesand practicalapplications. We concludethat total

energy is the main metric to considerwhenevaluatingthe outputquality of physics

simulation. This study evaluatesthe maximumtolerableerror from threesources:

randomnumericalerrors,precisionreductionerrors,andtime-steptuningerrors.

Furthermore,we proposethe algorithmic optimizationof Fast Estimationwith

Error Control (FEEC).FEECexecutestwo simulationworlds. While the fast,esti-

matesimulationgeneratesintermediateresultsfor dependentsoftware components,

the slow, precisesimulationfeedsaccurateresultsto both simulationworlds at the

endof eachstep. This mechanismallows for the useof intermediateresultswhile

correctingall errorsat theendof eachstep.

Leveragingour �ndings from theworkloadcharacterizationandtheperceptualer-

ror tolerancestudy, we proposearchitecturaltechniquesto exploit algorithmicprop-

ertiesof the physicsworkload,namelyperceptualerror toleranceand the notion of

object-pairs.For perceptualerror tolerance,we evaluatetheeffectsof reducedpreci-

sion�oating-point computationoncoreareareductionaswell asimproving theeffec-

tivenessof trivializationandmemoization.With regardto object-pairs,we proposea
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object-pairbranchpredictorandtheobject-pairtable,anapplicationspeci�c structure

to increasetheamountof parallelismfor collisiondetection.

To summarize,this dissertationis an in-depthstudyon the accelerationof real-

time physicssimulation.We createdrepresentative benchmarks,characterizedits be-

havior, proposedanarchitecture,proposeda methodologyto analyzeperceptualerror

tolerance,anddevelopeda setof architecturalandalgorithmictechniquesfor acceler-

ation.Givenphysics'overlapof constraintsandbehaviorswith othersoftwarecompo-

nents,theproposedmethodologiesandtechniquescanbeappliedto othercomponents

of IE applications.For example,physics' spatialpartitioningfor collision detection

pruningarealsorequiredfor real-timearti�cial intelligence(AI) [Ope] andreal-time

ray-tracing(RT) [Wal04]. In addition, the data�o w modelrepresentingthe physics

pipelineasshown in Figure5.1resemblesthoseof AI andRT.

Therearemany directionsto extendthework presentedin this dissertation.Some

immediateextensionsincludetheexplorationof additionalsoftwarecomponentssuch

asAI or RT, evaluationof precisionreductiononFPUsharingamongcores,evaluation

of object-paircorrelatingbranchpredictor, andfuzzy branchrecovery, wherebranch

mispredictionrecovery is avoidedfor selectedcontrol�o w decisions.
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