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Abstract.TherecentintroductionofUnifiedVirtualMemory(UVM)inGPUs
offersanewprogrammingmodelthatallowsGPUsandCPUstosharethesame
virtualmemoryspace,whichshiftsthecomplexmemorymanagementfrompro-
grammerstoGPUdriver/hardwareandenableskernelexecutionevenwhen
memoryisoversubscribed.Meanwhile,UVMmayalsoincurconsiderableper-
formanceoverheadduetotrackinganddatamigrationalongwithspecialhan-
dlingofpagefaultsandpagetablewalk.AsUVMisattractingsignificantatten-
tionfromtheresearchcommunitytodevelopinnovativesolutionstotheseprob-
lems,inthispaper,weproposeacomprehensiveUVMbenchmarksuitenamed
UVMBenchtofacilitatefutureresearchonthisimportanttopic.Theproposed
UVMBenchconsistsof32representativebenchmarksfromawiderangeofappli-
cationdomains.Thesuitealsofeaturesunifiedprogrammingimplementationand
diversememoryaccesspatternsacrossbenchmarks,thusallowingthorougheval-
uationandcomparisonwithcurrentstate-of-the-art.Asetofexperimentshave
beenconductedonrealGPUstoverifyandanalyzethebenchmarksuitebehav-
iorsundervariousscenarios.
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1 Introduction

GPUshavebeengaininggreatattentioninacceleratingtraditionalandemergingwork-
loads,suchasmachinelearning,bioinformatics,electrodynamics,etc.duetoGPU’s
massivelyparallelcomputingcapability.However,therearetwomajorissuesinthe
mainstreamGPUprogrammingmodelthatseverelylimitfurtherutilization.First,the
physicalmemoryseparationbetweenaGPUandaCPUrequiresexplicitmemoryman-
agementinconventionalGPUprogrammingmodel.Programmershavetoexplicitly
copydatabetweenCPUandGPUmemoriestothelocationwherethedataisused(i.e.
copy-then-execute).Second,theconventionalGPUprogrammingmodeldoesnotallow
akerneltobeexecutedifitneedsmorememorythatwhattheGPUmemorycanprovide
(i.e.,memoryoversubscription).ThishasgreatlylimitedtheuseofGPUsinlargedata-
intensivemachinelearningapplications[6,20]nowadays.Recently,GPUvendorshave
proposedandstartedtoemployanewapproach,UnifiedVirtualMemory(UVM),inthe
newlyreleasedproducts[1,16].UVMallowsGPUsandCPUstosharethesamevir-
tualmemoryspace,andoffloadsmemorymanagementtotheGPUdriverandhardware,
thuseliminatingexplicitcopy-then-executebytheprogrammers.TheGPUdriverand
underlyinghardwareautomaticallymigratetheneededdatatodestinations.Moreover,
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UVMenablesGPUkernelexecutionwhilememoryisoversubscribedbyautomatically
evictingdatathatisnolongerneededintheGPUmemorytotheCPUside.Thisisex-
tremelyimportantandhelpfulinfacilitatinglargeworkloads(especiallydeeplearning
models)andGPUvirtualization[8,11]withlimitedmemorysizes.
However,theadvantagesofUVMmaycomeataprice.Analogoustovirtualma-

chinesthatoffergreatflexibilityoverphysicalmachinesbutsacrificeperformancein
somedegree[22],UVMalsoincursperformanceoverhead.Inordertoimplementauto-
maticdatamigrationbetweenaCPUandaGPU,theGPUdriverandtheGPUMemory
ManagementUnit(MMU)havetotrackdataaccessinformationanddeterminethe
granularityofdatamigrationoverthePCIelink[7].Thismayreduceperformance.For
example,UVMneedsspecialpagetablewalkandpagefaulthandlingthatintroduce
extralatencyformemoryaccessesinGPUs.Inaddition,thefluctuatedpagemigration
granularitymayalsounder-utilizePCIebandwidth.
DuetothelargepotentialbenefitsofUVManditsassociatedperformanceissues,

UVMhasrecentlydrawnsignificantattentionfromtheresearchcommunity.Several
optimizationtechniqueshavebeenproposedtomitigatethesideeffectsofUVM[7,
9,10,13,21,23].TheearliestworkisZhengetal.[23],whichenableson-demand
GPUmemoryandproposesprefetchingtechniquestoimproveUVMperformance.As
theworkpredatesthereleaseofUVM,thedevelopedon-demandmemoryAPIsare
quitedifferentfromtheversioninthecurrentUVMpractice.Morerecently,Gangulyet
al.[7],Yuetal.[21]andLietal.[10]studyprefetchingand/orevictiontechniquesfor
UVMinmoredetail.However,theirevaluationincludesonlybenchmarkswithlimited
numberofaccesspatterns,whichmakesitdifficulttoassesstheeffectivenessoftheir
schemesonabroaderrangeofbenchmarkswithdiversememoryaccesspatterns.In
fact,comprehensivebenchmarks(orthelackthereof)havebecomeacommonissuein
theseandotherpriorworksonGPUUVM.Mostofthemhaveusedtheirownmodified
versionsofexistingbenchmarksuites(e.g.,Rodinia[3,4],Parboil[17],Polybench[14])
orseveralin-houseworkloads.Ourfurtherinspectionofthesebenchmarksshowsthat
theylackunifiedimplementationandnopapersofarhasprovidedathoroughanalysis
ofthememorybehaviorsofthesebenchmarks.Thiscanbeaseriouslimitationfor
researchersanddeveloperswhoaimtoproposenewoptimizationsforUVMandwho
wouldliketomakecomparisonwithexistingresearchworks.
Inthispaper,weaimtoenrichtheGPUUVMresearchcommunitybydeveloping

acomprehensiveUVMbenchmarksuiteconsistingof32representativebenchmarks
belongingtodifferentapplicationdomains.Thissuitefeaturesunifiedprogramming
implementationanddiversememoryaccesspatternsacrossbenchmarks,allowingre-
searcherstothoroughlyevaluateandcomparewithcurrentstate-of-the-art.Inaddition
totraditionalbenchmarks,theproposedsuitealsoincludesmoremachinelearningre-
latedworkloads,asGPUshavebeenincreasinglyusedinmachinelearningtasks.This
wouldhelpresearcherstounderstandbettertherolethatGPUUVMplaysinmachine
learningacceleration.



UVMBench 3

Table1:ListofBenchmarksintheproposedUVMBench.

Application Abbr. Domain Kernels
Threads
PerBlock

Type

2DConvolution 2DCONV MachineLearning 1 256 R
2MatrixMultiplications 2MM LinearAlgebra 2 256 R
3DConvolution 3DCONV MachineLearning 1 256 R

3MatrixMultiplications 3MM LinearAlgebra 3 256 R
MatrixTranspose-
VectorMultiplication

ATAX LinearAlgebra 2 256 I

Backpropgation BACKPROP MachineLearning 2 256 R
BreathFirstSearch BFS GraphTheory 6 1024 I

BiCGStabLinearSolver BICG LinearAlgebra 2 256 I
BayesianNetwork BN MachineLearning 2 256 R

ConvolutionNeurakNetwork CNN MachineLearning 6 64 R
CorrelationComputation CORR Statistics 4 256 I
CovarianceComputation COVAR Statistics 3 256 I

DiscreteWaveletTransform2D DWT2D MediaCompression 2 256 R
2-DFinite-

DifferentTimeDomain
FDTD-2D Electrodynamics 3 256 I

GaussianElimination GAUSSIAN LinearAlgebra 2 512/16 I
Matrix-multiply GEMM MachineLearning 1 256 I
Scalar,Vector

MatrixMultiplication
GESUMMV MachineLearning 1 256 I

Gram-Schmidtdecomposition GRAMSCHM LinearAlgebra 3 256 I
HotSpot HOTSPOT PhysicsSimulation 1 256 R
HotSpot3D HOTSPOT3D PhysicsSimulation 1 256 R
Kmeans KMEANS MachineLearning 5 1/3 I

K-NearestNeighbors KNN MachineLearning 4 256 R
LogisticRegression LR MachineLearning 1 128 R
MatrixVector-
ProductTranspose

MVT LinearAlgebra 2 256 I

Needleman-Wunsch NW Bioinformatics 2 16 I
ParticleFilter PFILTER MedicalImaging 1 128 R
Pathfinder PATHFINDER GridTraversal 1 256 R

SpeckleReducing-
AnisotropicDiffusion

SRAD ImageProcessing 2 256 R

StreamCluster SC DataMining 1 512 I
SupportVectorMachine SVM MachineLearning 2 1024 I

Symmetricrank-2koperations SYR2K LinearAlgebra 1 256 I
Symmetricrank-koperations SYRK LinearAlgebra 1 256 R

ThedevelopedbenchmarksareevaluatedonaNvidiaGTX1080TiGPUwith11GB
memorycapacity.Thecodevolumeisreducedbyremovingexplicitmemorymanage-
mentAPIsthankstoUVM.Evaluationresultsshowthat,ifwedirectlyimplement/-
convertbenchmarkstotheUVMprogrammingmodel,thereisanaverageof34.2%
slowdownthanthenon-UVMbenchmarks.However,ifweaugmentwithproperman-
ualoptimizationsondataprefetchinganddatareuse,theperformancecanberestored
toalmostthesameasthenon-UVMprogrammingmodel.Thisindicatesthatthereis
substantialroomforUVMresearchondevelopingautonomousmemorymanagement
toclosethegapbetweenUVMandnon-UVMmodelsandpossiblyexceedtheperfor-
manceofnon-UVM.OurexperimentalsoverifiesthecapabilityoftheUVM-enabled
benchmarkstoexecutesuccessfullyundermemoryoversubscriptionscenarios,where
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UVMessentiallycreatestheillusionofalargeGPUmemorybyusingasmallGPU
memoryandtheCPUmemory.Whileperformancedegradationisobservedcompared
withatruelargeGPUmemory,thisenablingtechnologyopensupnewopportunitiesin
acceleratinglargeworkloadsonGPUs.
Themaincontributionsofthispaperarethefollowing:

–IdentifyingtheneedforabenchmarksuiteforUVM;
–DevelopingacomprehensiveUVMbenchmarksuitetofacilitatetheresearchon
UVM;

–Profilingmemoryaccesspatternsofthebenchmarksuite,andstudyingtherele-
vanceofthepatternstoperformanceundermemoryoversubscription;

–ConductingthoroughanalysisofperformancedifferencebetweentheUVMand
non-UVMprogrammingmodels.

Table2:UVMBenchvs.otherbenchmarksorbenchmarksuites.
Benchmarks/
BenchmarkSuite

#of
Workloads

TestinReal
Hardware

ML
Workloads

DiverseMemory
AccessPatterns

Oversubscription
Support

Workloadsin[7] 14 ✗ ✗ ✗ ✓
Workloadsin[5] 6 ✓ ✗ ✗ ✓
NvidiaSDK[2] 1 ✓ ✗ ✗ ✗
UVMBench 32 ✓ ✓ ✓ ✓

WehavediscussedtheimportanceofGPUUVMresearchandthemotivationfora
benchmarksuiteinthissection.Intheremainingofthispaper,Section2describesthe
proposedbenchmarksuiteinmoredetail.Section3explainsourevaluationmethod-
ology.Section4presentsandanalyzestestresults.Keyobservationsdrawnfromthe
resultsandsuggestionsforfutureUVMresearcharehighlightedsporadicallyinthat
section.Finally,Section5concludesthepaper.

2 UVMBench

Benchmarksplayanimportantroleinevaluatingtheeffectivenessandgeneralization
whenanarchitectureoptimizationisproposed. WedevelopacomprehensiveUVM
benchmarksuitetofacilitatetheresearchontheGPUUVM.Thissuitecoversawide
rangeofapplicationdomainsmarkedinTable1.Thebenchmarksexhibitdiversemem-
oryaccesspatterns(moreinSection4.1)tohelpevaluatememorymanagementstrate-
giesinGPUUVM.Thesuitealsoincludesseveralauxiliarypython-basedprograms
tohelpcreateandtestmemoryoversubscriptioncases.Thebenchmarksuiteisreferred
toasUVMBench,andhasbeenmadeavailabletotheGPUresearchcommunityforboth
non-UVMandUVMversions(https://github.com/OSU-STARLAB/UVMbenchmark).
Table1listsallthebenchmarksandtheirconfigurationsinUVMbench.Table2com-
parestheUVMbenchwithsomerelatedbutlimitedworkloadsinseveralimportant
aspects.Thedevelopmentofthebenchmarksuiteincludesthefollowingmajorefforts.
(1)Re-implementexistingbenchmarks.Westartwithcombiningthreeexisting

popularGPUbenchmarksuites,i.e.,Rodinia[3,4],Parboil[17]andPolybench[14],re-
movingredundantworkloadsandworkloadtypes,andconvertingintotheUVM-based
programmingmodel.ToimplementUVMforthesebenchmarks,wereplaceallthehost
pointers(CPUside)anddevicepointers(GPUside)withaunifiedpointerallocatedby

https://github.com/OSU-STARLAB/UVM_benchmark


UVMBench 5

theUVMAPIcudaMallocManaged.Also,becausetheGPUdriverisnowresponsible
fordatamigration,alltheexplicitmemorydatamigrationAPIsineachoriginalpro-
gramneedtoberemoved.ThismayinvolverewritingpartofthecodearoundtheAPI
callsinsomebenchmarkstoachievetheequivalentfunctionalities.Moreover,thenon-
UVMdataallocationstructureshouldbeadaptedtotheUVMversion.Forinstance,
wehavetoflattennon-UVM2Darrays,previouslyallocatedonthehostside,into1D
arrays,asno2DarrayallocationAPIisprovidedintheUVMprogrammingmodel.
(2)Developmachinelearningworkloads.Asrecentmachinelearningtasksheav-

ilyrelyonGPUsforacceleration,wealsoaddmoremachinelearningrelatedworkloads
inourbenchmarksuite,asbrieflydescribedbelow:

–BayesianNetwork(BN)isaprobabilistic-basedgraphicalmodel,oftenusedfor
predictingthelikelihoodofseveralpossiblecausesgiventheoccurrenceofan
event.OurimplementationisbasedontheSJTUversion[19]and,duringthe
conversiontoUVM,retainsthetwophasesthatareacceleratedbytheGPU:
preprocessingwherelocalscoresofeverypossibleparentsetforeachnodeare
calculated,andscorecalculationwherethreadsobtainthelocalscoresandreturn
thebestone.

–ConvolutionalNeuralNetwork(CNN)ismostcommonlyappliedtoimagerecog-
nition.Ithasalsobeenextendedtovideoanalysis,naturallanguageprocessing
andmanyotherfields.Ourimplementationfollowsthegeneralpracticewhere,
forforwardpropagation,thekernelsofconvolutionaloperations,activationoper-
ationsandfullyconnectedoperationsareacceleratedontheGPU;andforback
propagation,thekernelsonerrorcalculationsandweightandbiasupdateopera-
tionsareacceleratedontheGPU.

–LogisticRegression(LR)isusedtopredicttheprobabilityoftheexistenceofa
certainclassorevent.ThecostcalculationisacceleratedontheGPU.Theinput
ofthisbenchmarkisthedocument-levelsentimentpolarityannotationswhichis
firstintroducedin[12].

–SupportVectorMachine(SVM)istofindsupportvectorsthat,collectively,forma
hyperplanetoseparatedifferentclasses.Inourimplementation,thekernelmatrix
calculationisacceleratedontheGPU.ThecodeisbasedontheJuliaproject[15]
andconvertedtoUVM.

Listing1.1showsthepartialcodeofthesigmaupdatefunctionintheSVMbench-
mark,whichdemonstratesthere-implementationprocessandnewlyaddedbenchmarks.
Severalunrelatedvariablesareomittedforsimplicity.Inthetraditionalprogramming
model,duetoexplicitmemorymanagement,theprogramwithoutUVMwouldneed
toallocatememoryspaceonthedevicebyusinganumberofCudaMallocandCud-
aMemcpyAPIsbeforeandafterakernellaunchtoexplicitlymigratetherequireddata
betweenthehostandthedevice.Incontrast,theUVMprogrammingmodelshownin
Listing1.1unifiesthememoryspaceofthehostandthedevice.BycallingcudaMalloc-
ManagedAPIs(lines6-7),thecodeallocatesbytesofmanagedmemory.Theallocated
variablescanbeaccessedbythehostandthedevicedirectly,andaremanagedbythe
UnifiedMemorysystemoftheGPU.WhenthisSigmaupdatefunctioniscalledinthe
mainfunction(line1),thevariables,definedbycudaMallocManaged,arepassedinto
thefunction,andthedevicekennelscandirectlyaccessthesevariables.Therefore,the
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UVMprogrammingmodelgreatlyreducesthecodecomplexitybyremovingdevice
variabledefinitionsandmemorymanagementAPIs.

1 Sigmaupdate(int*iters,float*alpha,float*sigma,float*K,int*y,intl,
intC)

2 {
3 int*devblockdone=0;
4 float*devdelta=0;
5 void*args[10]={&iters, &alpha,&sigma,&K,&y,&devblockdone,&

griddimension,&devdelta, &l,&C};
6 cudaMallocManaged(&devblockdone,griddimension*sizeof(int));
7 cudaMallocManaged(&devdelta,1*sizeof(float));
8 /*KernelLaunch*/
9 cudaFree(devblockdone);
10 cudaFree(devdelta);
11 }

Listing1.1:SigmaUpdatefunctioninSVMwithUVM.

(3)Optimizedataprefetch.Inourexperiment,weobservethatdirectlyconvert-
ingtotheUVMprogramingmodelfromthenon-UVMmodelcanleadtoperformance
degradation,asUVMhastotrackmemoryaccessesandmigratedatatodestinations.
Therefore,weaddanoptimization,namelyasynchronousprefetching,beforeeachker-
nellaunchbycallingtheprovidedAPIcudaMemPrefetchAsync.Thepurposeofthis
optimizationistoexemplifythathardwareprefetchersmaybringconsiderableperfor-
manceimprovementinUVM,asshownlaterinevaluationresults.Usersofourbench-
marksuitecaneasilyenableordisablethisoptimizationbychangingthemacrodefini-
tionintheMakefile.
(4)Optimizedatareuse.Datareusecanalsomitigateperformanceoverheadof

UVM.Thisisbecauseiftheusefuldataresidesinthedevicememoryforlongertime,
fewerpagefaultsmayoccur.Toinvestigatetheimpactofdatareusewheremultiple
(same)kernelsaccessthesamedataduringtheruntime,weaddtheoptiontorunmul-
tipleiterationsofakernelexecutiontocreatethistypeofdatareuseopportunities(i.e.,
thesamekernelreusesthesamedataindifferentiterations).Userscanchangethenum-
berofiterations(≥1)bymodifyingthemacroineachbenchmarkprogramfile.
BenchmarksintheproposedUVMBenchareallimplementedinCUDAandcan

berunonNvidiaGPUs.Thissuiteincludesboththenon-UVMversion(original)and
theUVMversionimplementationforperformancecomparison.Therearenoalgorith-
micchangeswhendevelopingtheUVMversionofthebenchmarks.Thisensuresfair
comparisonbetweenthetraditionalprogrammingmodelandtheUVMprogramming
model.Consequently,theobservedperformancechangesaremostlyattributedtothe
differencebetweenprogrammingmodelsratherthealgorithms.
Somepreviousworks[5,7]andtheNvidiaSDKpresentalimitednumberofUVM-

enabledworkloadstodemonstratetheeffectivenessoftheUVMortheirproposedideas.
Table2comparestheexistingbenchmarkswithourproposedUVMbenchinfiveim-
portantaspects.Comparedwiththeexistingbenchmarks,UVMbenchpresentsmore
workloadsfromdifferentdomains.Inparticular,UVMbenchincludesmachinelearn-
ingworkloadstoexplorethepossibilityofapplyingUVMtechniquesindata-intensive
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machinelearningapplications.Moreover,UVMbenchprovidesdiversememoryaccess
patternsandsupportsmemoryoversubscription.

3 EvaluationMethodology

Ourevaluationmethodologyisdesignedtoenableasetofexperimentsthattestthe
proposedbenchmarksuite.Toinvestigatetheimpactofmemoryaccessbehaviorson
UVM,weneedtoprofilememoryaccesspatternsofeachbenchmark.Directperfor-
mancecomparisonisalsoneededbetweentheUVMandnon-UVMimplementations.
AsthedriverisresponsiblefordatamigrationunderUVM,theimpactonPCIeband-
widthshouldalsobeexamined.AdditionalexperimentisneededtoevaluatetheUVM
performanceundermemoryoversubscriptionscenarios.
Toconducttheaboveexperiments,weemployanNvidiaGTX1080TiGPUwith

thePascalarchitecture.WeusetheNvidiaBinaryInstrumentationTool(NVBit)[18]
toextracttheglobalmemoryaccesspatternsoftheUVMBenchsuite.NVBitprovides
afast,dynamicandportablebinaryinstrumentationframeworkthatallowsuserstoin-
spect/instrumentinstructions.weusetwoNvidiaofficialprofilingtoolstoprofilethe
performancerelateddataofbenchmarks:nvprof,acommandlinetooltocollectand
viewprofilingdata,andNvidiaVisualProfiler,aGUItovisualizetheapplicationper-
formance.

4 ResultsandAnalysis

4.1 MemoryAccessPatternProfiling

TostudytherelationshipbetweenmemorybehaviorsandUVMefficiency,wefirstpro-
filememoryaccesspatternsofeachbenchmark.Inthisexperiment,NVBitisusedto
generatememoryreferencetracesbyinjectingtheinstrumentationfunctionbeforeper-
formingeachglobalload/store.ThememorytracesareplottedinFigure1.Thehorizon-
talaxiscorrespondstothelogicalaccesstime,andtheverticalaxisshowstheaccessed
memoryaddresses.
Ascanbeseenfromthefigure,benchmarksintheUVMBenchsuiteexhibitdiverse

memoryaccesspatterns.Theycanbegenerallyclassifiedintoregularandirregular
memoryaccesspatterns,asindicatedaftereachbenchmarknameas(R)or(I)inFigure
1(andasindicatedinthe“Type”columninTable1).Thisclassificationfollowsthe
sameclassificationmethodas[10]:ifbenchmarksaccessonlyasmallnumberofmem-
orypagesatanypointoftime,theyareclassifiedasregularbenchmarks;incontrast,
benchmarkswithlargeuniquememorypagesaccessatagiventimeareidentifiedas
irregularbenchmarks.Forregularbenchmarks(e.g.,2DCONV,2MMandsoon),they
exhibitastreamingaccesspattern.Thesebenchmarksaccessonlyasmallnumberof
memoryaddressesandseldomexhibitdatareusewithinthekernel.Incontrast,irregu-
larbenchmarksshowverydifferentmemoryaccesspatterns:accessingmanymemory
addressesatagiventime(e.g.,ATAX,BICG,GAUSSIAN),repeatedlyaccessingthe
samememoryaddressovertime(e.g.,COVAR,GRAMSCHM),oraccessingrandom
addresses(e.g.,SC,SVM).NotethatbenchmarkNWisclassifiedasirregular,asit
exhibitsasparse,localizedandrepeatedmemoryaccesses,althoughthisisnotquite
visibleinthefigureduetothescale.Intheexperimentofmemoryoversubscription
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(a)2DCONV(R) (b)2MM(R) (c)3DCONV(R) (d)3MM(R)

(e)ATAX(I) (f)BACKPROP(R) (g)BFS(I) (h)BICG(I)

(i)BN(R) (j)CNN(R) (k)CORR(I) (l)COVAR(I)

(m)DWT2D(R) (n)FDTD-2D(I) (o)GAUSSIAN(I) (p)GEMM(I)

(q)GESUMMV(I) (r)GRAMSCHM(I) (s)HOTSPOT(R) (t)HOTSPOT3D(R)

(u)KMEANS(I) (v)KNN(R) (w)LR(R) (x)MVT(I)

Fig.1:MemoryaccesspatternsofbenchmarksinUVMBench.



UVMBench 9

(y)NW(I) (z)PFILTER(R) (aa)PATHFINDER(R) (ab)SRAD(R)

(ac)SC(I) (ad)SVM(I) (ae)SYR2K(I) (af)SYR2K(R)
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Fig.1:MemoryaccesspatternsofbenchmarksinUVMBench(continued).

Fig.2:DirectUVMconversioninUVMBenchleadstolargeperformancedegradation
vs.non-UVM.

presentedlaterinSection4.4,wefindthatbenchmarkperformanceishighlyrelatedto
memoryaccesspatterns.

4.2 UVMvs.non-UVMPerformance

a.PerformanceofDirectUVMConversion
Asmentionedearlier,whileUVMgreatlyeasesprogrammingeffortsbyremoving

explicitmemorymanagement,thisisachievedatthecostofcertainperformanceover-
head,particularlywithnaive/directconversiontoUVM.Figure2comparestheperfor-
manceofallthebenchmarksinthenon-UVMandUVMprogrammingmodels.The
IPCsareobtainedfromNvidianvprof.Acrossthebenchmarks,theperformanceofthe
UVMversionhasanaverageof34.2%slowdowncomparedwiththenon-UVMone.
Theseresultsareexpectedasthepagefaulthandlingcauseslargeperformanceoverhead
forkernelexecution.UndertheUVMprogrammingmodel,dataisallowedtoresidein
otherlocation(e.g.,ontheCPUside)whileakernelisexecuting.Whentherequired
datadoesnotresideintheGPUDRAM(pagefaultoccurrence),thekernelhastobe
stalledwhilewaitingforthedatatobefetchedfromtheCPUside.Inthenon-UVM
version,programmershavemadesurethatdataisalwaysavailableontheGPUside.
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Fig.3:PerformanceofUVMrestoreswith
increasednumberofkernelinvocations.

Fig.4:PerformanceofUVMrestoresby
enablingprefetching.

Amongthesebenchmarks,wecanobservethat2DCONV,BACKPROP,HOTSPOT,
GESUMMVandPATHFINDERhavethemostsignificantperformancedropinthe
UVMimplementation.Thereasonisthat,forthese5benchmarks,thedatamigration
timeaccountsformajorityoftheentireexecution(over80%),andtheirkernelshave
littletonodatareuseandareonlyinvokedonce.Aconsiderableamountofstalltime
occursduringtheone-timeexecutionofthekernelstowaitfordata,andthefetched
dataisnotusedagain.Thesefactorsleadtotheobservedlargeperformancedegrada-
tion.However,asshownshortly,theperformancedegradationcanbegreatlymitigated
withsomeadditionalprogrammingefforts.

b.RestoringUVMPerformanceviaDataReuse
DatareusecanmitigateUVMperformancedegradationbyreducingtheoccurrence

ofpagefaults.Asmentionedearlier,westudytheimpactofdatareusebymodifying
thenumberoftimesakernelisinvoked.Figure3plotsthechangeinperformanceaswe
increasethekernelinvocationtimes(thereisnokernelexecutiondependencybetween
consecutivelyinvokedkernels).Itcanbeseenthattheperformanceofthesebenchmarks
underUVMisrapidlyimprovingwithmoreinvocationandeventuallyapproachestothe
performanceofnon-UVM.Exceptforthefirstexecutedkernel,thefollowingkernels
intheGPUprogrammayreusethedatathathasbeenfetchedduringtheexecutionof
thefirstkernel,andfewerpagefaultswouldoccur.Theresultsconfirmthatmoredata
reuseleadstosmallerdatamigrationoverhead.
Observation/Suggestion:Althoughdatareuseisartificiallyintroducedinthesoftware
programinthisexperiment,itpromptsusthatifapplicationsexhibitsignificantdata
reuseopportunities,eitherinherentorcreatedthrougharchitectureoptimizations,UVM
canbeanattractivemodelthatprovidesflexibilitywhilehavinglittleperformanceover-
head.

c.RestoringUVMPerformanceviaDataPrefetch
NvidiaprovidesaruntimeAPIcudaMemPrefetchAsyncthatenablesasynchronous

dataprefetching.ThroughthisAPI,datacanbeprefetchedtothedevicememorybefore
thedataisaccessedbyakernelontheGPU.Thisreducestheoccurrenceofpagefaults.
TostudytheimpactofprefetchingonUVMkernelexecutionperformance,weaugment
allthebenchmarksinUVMBenchwithsuchprefetchingcapability.Figure4showsthe
resultsfromtheabove5benchmarksthatexperiencethelargestperformancedropin
UVM.
Itcanbeobservedthattheperformanceofthesebenchmarksimprovesconsiderably

afterthisoptimizationandisclosetotheperformanceofthenon-UVMversion.The
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geometricmeanoftheslowdownhasdecreasedfrom95.8%tomerely0.7%.Theim-
provementcomesfromthefactthatkernelexecutionisnowrarelystalledasdatahas
alreadybeenfetchedinthedevicememorybeforebeingaccessed.Whilenotshown,the
performanceofother27UVM-versionofthebenchmarksalsorestorestoverycloseto
thenon-UVMversionafterusingasynchronousprefetching.
Observation/Suggestion:Besidesdataresue,anotheralternativetorestoreperformance
degradationofUVmisdataprefetchingbyemployingtheruntimeAPIcudaAsyncPrefetch.
Intheory,pagefaultscanbecompletelyeliminatedifthereisanoracleprefetecherthat
isabletoloadanyrequireddataintotheGPUmemorybeforethedataisaccessed.That
canserveasanupper-boundoffutureUVMprefetechschemes.
Itisimportanttonotethat,weachievedatareuseanddataprefetchintheabove

experimentsbymanuallymodifyingthesoftwareprograms.Inotherwords,theseopti-
mizationsarerealizedonthesoftwaresideandrequiresadditionalprogrammingefforts.
ThisisnottheintentionofUVMthataimstoreduceprogrammingefforts.Inpractice,
whatisneededisinnovationinarchitectureresearchthatcanachievesimilarlevelof
datareuseandprefetchbutistransparenttoprogrammers.Facilitatingresearchalong
thislineiswhatourUVMBenchsuiteiscreatedfor.

4.3 EffectofDataMigrationonPCIeBandwidth

TheperformanceofdatamigrationbetweenCPUandGPUalsocloselyrelatestothe
effectivePCIebandwidth.UndertheUVMprogrammingmodel,variablesizedon-
demanddataistransferredfromtheCPUmemorytothedevicememory.Tounderstand
performancetrade-offs,itisworthstudyingtheeffectofUVMdatamigrationonthe
PCIelink.Figure5comparestheachievedPCIebandwidthwithnon-UVMandUVM
programmingmodelsduringdatamigration.Onaverage,theachievedPCIebandwidth
ofUVMis15.2%lowerthanthatofnon-UVM.Ingeneral,thelargerthetransferred
datasizeis,thehighertheeffectivePCIebandwidthcanachieve.Thisismainlybecause
oftheconstantPCIeprotocoloverheadandlimitedhardwareresources(e.g.,databuffer
size,numberofDMAchannels,numberofoutstandingrequests,etc.),sotheoverhead
canbeamortizedbetterwithlargertransferreddata.Sincethenon-UVMmodelcopies
theentireallocateddatachunktotheGPUmemorybeforeexecution,thisresultsinrel-
ativelyhigheffectivebandwidth.Incontrast,themigrateddatasizeinUVMisusually
muchsmallerthanthenon-UVMoneasonlyon-demanddataismigratedthroughthe
PCIebus(usuallysmallerthan1MB).NotethatbenchmarksBNandCNNinUVMand
non-UVMbothexhibitloweffectivePCIebandwidth,becausethesizesofallocated
variablesinthesetwobenchmarksareallsmall(lessthan4KB),andeventheentire
chunkofallocatedvariabletransmissioncannotfullyutilizethePCIebandwidth.
Figure5alsoshowsthat,amongUVMbenchmarks,theeffectivePCIebandwidth

mayvaryalot.Thevariationismainlycausedbythehardwareprefetcherinsidethe
GPU.Forexample,Nvidiahasimplementedatree-basedhardwareprefetcherintheir
GPUs,whichheuristicallyadjuststheprefetchinggranularitybasedonaccesslocal-
ity.Thedifferenceinmemoryaccesspatternsacrossbenchmarksputthehardware
prefetcherindifferentdegreesofefficacy.MoredetaileddiscussiononUVMhardware
prefetcherscanbefoundinotherpaperssuchas[7,10,21].
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Fig.5:AchievedPCIebandwidthofnon-UVMvs.UVMduringdatamigration.

Fig.6:ChangeinbenchmarkexecutiontimewhenGPUmemoryoversubscripted(nor-
malizedtonomemoryoversubscription).

Observation/Suggestion:TheaboveresultsontheeffectivePCIebandwidthindicate
thathardwareprefetchersthatarecurrentlyemployedinGPUscannotfullyutilizePCIe
bandwidth.Thus,futureresearchismuchneededtocontinuedevelopingandoptimizing
GPUhardwareprefetchersthatareUVM-aware.

4.4 Oversubscription

AmajoradvantageofUVMistoenablekernelexecutionwhenmemoryisoversub-
scribed.Performanceundermemoryoversubscriptioncanbesignificantlyreducedsince
partofthedatanowneedstobebroughtfromtheCPUmemory.Despitethis,UVMis
stillveryattractive,assuchmemoryoversubscriptionisnotpossibleundernon-UVM.
ToquantifytheperformancedegradationwhentheGPUmemoryisoversubscribed,
werunallthebenchmarksinthesuiteundervariousmemorycapacities.Asdifferent
benchmarkshavedifferentrequiredmemoryfootprint,tocreatememoryoversubscrip-
tion,wemodifytheavailablememoryspacethroughthecudaMallocruntimeAPI.The
requiredmemoryfootprintissettobe110%and125%oftheavailablememoryspace
intheGPUphysicalmemory.Figure6showstheresults.Asexpected,allthebench-
markssufferconsiderableperformancedegradationundermemoryoversubscription.
Themorememoryisoversubscribed,themoreperformancedegrades.
FromFigure6,wealsoobservethatmanyofthebenchmarkscancompleteexecu-

tionwith2-3xslowdownundermemoryoversubscription,whereasotherbenchmarks
sufferfromasignificantperformancepenaltyorevencrash,markedas>100Xinthe
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figure(e.g.,LRusesthecublaslibrarywhichcannotsupportmemoryoversubscrip-
tionandleadstocrash).Fortheformer,wefindthatthemainperformanceoverheadis
causedbykernelstallswhenwaitingfortheevictionofpagestocreatespacefornewly
fetcheddata.Thesebenchmarksusuallyhaveastreamingaccesspattern(Section4.1).
WiththispatternandtheLRUevictionpolicyinNvidiaGPUs,theevicteddatadoes
notaffectkernelexecutionastheevicteddataisnotreusedanymore.Therefore,the
performanceoverheadmainlycomesfromthewaitingtimeofpageeviction.Forthe
latter,thelargeperformancepenaltymainlycomesfromseverepagethrashings,which
repeatedlymigratethepagebackandforthbetweentheGPUandtheCPU.Thisusually
occurswhenabenchmarkhasashortdatareusedistancesotheevicteddataisneed-
ed/reusedwithinashorttime.Notethat,althoughthedegradationseemslarge,UVMis
stillmuchbetternon-UVMwhichdoesnotallowkernelstorunatallifthememoryis
oversubscribed.
Observation/Suggestion:Thesignificantperformancedegradationundermemoryover-
subscriptionsuggeststhatthecurrentevictionpoliciesaredoingapoorjobatselecting
thebestcandidatepagestoevict,thuscausingseverepagethrashingsandlimitingthe
amountofmemorythatcanbeoversubscribed.Thismaybepossiblybecauseexisting
evictionpoliciesarenotdesignedspecificallywithsupportingUVMinmind.Weurge
researcherstodevelopmoreeffectiveevictionpoliciesthatcanselectevicteddatamore
accuratelyorevenproactivelytomakespaceforexpecteddataaccesses.

5 Conclusion

TheUnifiedVirtualMemory(UVM)programmingmodelhasbeenintroducedrecently
inGPUstoeaseprogrammingeffortsandallowkernelexecutionundermemoryover-
subscription.ThispaperidentifiestheneedforrepresentativebenchmarksforGPU
UVM,andproposesacomprehensivebenchmarksuitetohelpresearchersunderstand
andstudyvariousaspectsofGPUUVM.Severalobservationsandsuggestionshave
beendrawnfromevaluationresultstoguidethemuchneededfutureresearchonUVM.
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