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Abstract

HeterogeneousdevicesrequiremuchmoreworkfromprogrammersthantraditionalCPUs,
particularlywhenthereareseveralofthem,aseachonehasitsownmemoryspace. Multi-
deviceapplicationsrequiretodistributekernelexecutionsand,evenworse,arraysportions
thatmustbekeptcoherentamongthedifferentdevicememoriesandthehostmemory.
Inaddition,whendeviceswithdifferentcharacteristicsparticipateinacomputation,opti-
mallydistributingtheworkamongthemisnottrivial.Inthispaperweextendanexisting
frameworkfortheprogrammingofacceleratorscalledHeterogeneousProgrammingLibrary
(HPL)withthreekindsofimprovementsthatfacilitatethesetasks.Thefirsttwoonesare
theabilitytodefinesubarraysandsubkernels,whichdistributekernelsondifferentdevices.
Thelastoneisaconvenientextensionofthesubkernelmechanismtodistributecomputa-
tionsamongheterogeneousdevicesseekingthebestworkbalanceamongthem. Thislast
contributionincludestwoanalyticalmodelsthathaveprovedtoautomaticallyprovidevery
goodworkdistributions.Ourexperimentsalsoshowthelargeprogrammabilityadvantages
ofourapproachandthenegligibleoverheadincurred.

Keywords: programmability,heterogeneity,parallelism,portability,libraries,load
balancing,OpenCL

1.Introduction

Themaindrawbacksofheterogeneoussystemsaretheirhigherprogrammingcomplexity
andthepotentiallackofportability,unlessOpenCLisused.Theaddedprogrammingcosts
stemfromtheusualrequirementtouseextendedlanguagesandenvironments,together
withtheneedtodealwiththeparticularcharacteristicsandlimitationsofthesedevices,
whichoftenrequireatediouserror-pronemanagement.Thislatterproblemisparticularly
stronginOpenCL,beingthepricetopayforitsportability. Besides,thecostofthese
activitiesgrowswiththenumberofdevicesavailable.Anadditionaldifficultythatarisesin
applicationsthattrytoexploitalltheresourcesavailableinheterogeneousenvironmentsis
theoptionaldistributionofworkamongthedevices,giventheirverydiversefeatures.
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Thissituationhasledtomuchresearchtoimprovetheprogrammabilityofheterogeneous
systems[9,4,5,20,24,18,32].Arecentproposalisapurelibrary-basedenvironmentcalled
HeterogeneousProgrammingLibrary(HPL)[43].Itavoidsrequiringlanguageextensions
byprovidingalanguageembeddedinsideC++inwhichthekernelstorunintheheteroge-
neousdevicescanbewritten.HPLhasmaximumportabilitythankstoOpenCLbeingits
backend,anditfullyautomatesthemanagementrequiredbyheterogeneousresourceswhile
introducingnegligibleoverheads. Also,itsadaptiveruntimeallowstoevenoutperformin
somecasesnativeOpenCLcodes[44].
Thispaperexploresthreemechanismstoreducetheprogrammingeffortofapplications

thatexploitseveralheterogeneousdevicesusingHPLasframeworkgivenitsadvantages.A
firstideaistheabilitytousesubarrays,thatis,regionsofarrays,thatcanbeusedinoneor
severaldeviceswithoutbecomingseparatedatastructures,sothatitisalwayspossibleto
keepaviewoftheunderlyingfullarray,whileautomaticallykeepingtheconsistencyofthe
data.Thesecondideaaremechanismstosplitkernelsfortheirexecutioninseveraldevices,
givingplacetowhatwecallsubkernels.Ourexperimentsshowthatthesemechanismscan
largelyimproveprogrammability,theiroverheadbeingminimal. Thefinalcontributionis
analternativetoourinitialsubkernelproposalthatismoreflexibleandallowstoeasily
exploreandchoosethebestworkloaddistributionwhenacomputationisacceleratedusing
deviceswithdifferentcapabilities.Thisproposal,whichincludesanalyticalmodelscapable
ofchoosingoptimalornear-optimalworkdistributions,notonlyhelpsprogrammabilitybut
alsoperformance.
Therestofthispaperisorganizedasfollows.Thenextsectionexplainsthesemantics

andsyntaxofHPL.ThisisfollowedbytheexplanationofthenewextensionsinSection3
andourevaluationinSection4.RelatedworkisreviewedinSection5,withourconclusions
andfutureworkproposalsclosingthepaper.

2. TheHeterogeneousProgrammingLibrary

TheHeterogeneousProgrammingLibrary(HPL)ispubliclyavailableunderGPLlicense
athttp://hpl.des.udc.es.ItsprogrammingmodelfollowsthatofOpenCL.Thehardware
modelconsidersahostwithsomecomputationaldevices.Eachdevicehasaseparatememory
andprocessorsthatcanonlyworkonthedevicememory,sothatdatamustbetransferred
inandoutofit.Also,alltheprocessorsinadevicerunthesamecodeinaSPMDfashion.
WenowexplainthebasicsofHPLprogrammingandhowitsmulti-deviceprogramslook
like.

2.1.LibraryBasics

HPLapplicationsconsistofamainprogramthatrunsinthehost,andfunctionstorunin
theheterogeneousdevices,calledkernels.Eachkernelisexecutedinparallelbyanumberof
threadsdefinedbyaspaceofbetweenoneandthreedimensionscalledglobaldomain.These
threadscanbegroupedinsubsetsofasizegivenbyanotherspaceofthesamenumberof
dimensionsastheglobaldomain,calledlocaldomain.Thethreadsinthesamegroupenjoy
barriersynchronizationsandshareafastscratchpadmemoryunavailabletootherthreadsor
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1voidmxProduct(Array<float,2>c,Array<float,2>a,Array<float,2>b,Intp)

2{Inti;

3

4 c[idx][idy]=0.f;

5 for(i=0,i<p,i++)

6 c[idx][idy]+=a[idx][i]∗b[i][idy];

7}

8...

9Array<float,2>c(M,N),a(M,P),b(P,N);

10

11eval(mxProduct)(c,a,b,P);

Figure1:NäıvematrixproductinHPL

thehost.Thereisalsoaregularglobalmemory,aconstantmemorythatthedevicethreads
canonlyread,andaprivatememorythatisexclusiveofeachthread.
HPLkernelsareregularC++functionswritteninaC-likeembeddedlanguageprovided

bythelibrary[43],whosedetailsareoutofthescopeofthispaper.Thefunctionarguments
arethekernelinputsandoutputs,andtheymusthavetypeArray<type,ndim[,memo-
ryFlag]>,whichrepresentsandim-dimensionalarrayofelementsoftheC++typetype,or
ascalarforndim=0.ThememoryFlagindicatesthekindofdevicememory,anditdefaults
toGlobal(globaldevicememory)whenitisnotspecifiedinthehostcodeorthekernel
arguments. However,itsdefaultvalueforvariablesdeclaredinsidethekernelfunctionsis
Private,whichlocatestheminmemoryprivatetoeachthread,orfollowingOpenCLter-
minology,work-item. Therearealsoconvenienttypestodefinescalars(e.g. Float,Uint,
...).
Figure1showsinlines1-7anäıveHPLkernelforthematrixproductc=a×binwhich

thread(idx,idy)computesc[idx][idy],whereidxandidyarepredefinedvariablespro-
videdbyHPLthatuniquelyidentifyeachthreadwithintheglobaldomain.Thedifferences
witharegularCfunctionaretheuseofthepredefinedvariablesthatidentifythethread
runningthekernel,theHPLrequireddatatypes,andtheuseofmacrofor torepresent
aforloop.Theassociatedhostcode,inlines9-11,declaresthekernelargumentsandin-
vokesitwithsyntaxeval(f)(args)wherefisthekernelfunction. Non-scalararguments
mustbedeclaredinthehostcodeasArrays,whilestandardC/C++scalarsaredirectly
supported.Bydefaultthedimensionsoftheglobaldomainofthekernelcorrespondtothe
dimensionsofthefirstargument,whilethelocaldomainischosenbyHPL,whichsuitsour
example. Methodinvocationsbetweentheevalanditsargumentsallowtospecifythese
domainsandthedeviceinwhichthekernelmustrun.Forexample,eval(f).device(GPU,
0).global(50).local(10)(a,b)runskernelfintheGPUnumber0ontheargumentsa
andbusingaglobaldomainof50threadsdividedingroupsof10.
Sincedevicememoriesareseparatedfromthatofthehost,HPLbuildsbuffersforthe

arraysthatarenotyetallocatedinthetargetdeviceandtransfersthoseinputsthatare
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missinginthedevicebeforethekernelbeginsitsexecution.HPLanalyzeskernelstolearn
whicharetheirinputandoutputarrays.ItalsotrackstheaccessestotheArraysinthe
hostcodetoknowwhethertheyarereadorwritten.ThesemechanismsallowHPLtolearn
whereisthemostup-to-dateversionofanarray,andwhicharraysneedtobetransferredin
eachdirectionbetweenthehostandthedevicewhereeachkernelisexecutedwithoutany
userintervention.Alazycopyingpolicythatminimizesthenumberoftransfersisapplied,
sothatonlywhenanaccesstodatathatisnotavailableinamemoryisrequested,atransfer
fromthememorywiththecurrentversionisperformed. Alltheseoperationsaretotally
transparenttousers,whoonlyneedtofocusontheapplicationsemantics.

2.2. Multi-deviceApplications

Oncethehostrequeststheexecutionofakernel,itcontinuesrunningitsowncode.
Thereforethesubsequentcomputationsinthehost,includingkernellaunchesinotherde-
vices,proceedinparallelwiththekernelcomputationsinthedevice,whichenablesthe
developmentofmulti-deviceapplications.Thehostonlywaitsforakernelcompletionwhen
itsoutputsarerequiredforsomeothercomputation.
HPLfacilitatesthedevelopmentofmulti-deviceapplicationsbyprovidingacoherent

viewofArraystothedevicesandthehost,Arraysbeingtheunitoftransfer,allocationand
coherency.Thisiscompletelyautomatedthankstothemechanismsthatallowthelibrary
toknowwhenanArrayisreadorwritten,commentedinSection2.1.
WhiletheprogrammingstyleenabledbyHPLformulti-deviceprogramsismuchbetter

thanthatofalternativessuchasOpenCL,ithassomelimitations. Themostimportant
oneisthatsincetheArrayistheunitofcoherency,usingthesameArrayinseveralkernel
executionsserializesthem,evenifeachkerneloperatesondisjointpartsofitsdata,unless
itisaread-onlyinputtoallthesekernels.Thisway,theparallelexecutionofkernelsthat
updatedifferentportionsofanarrayinseveraldevicesrequiresdefiningadifferentArray
perdevice,associatedtothespecificportionupdatedinthatdevice.Thispolicyalsomakes
senseforread-onlyarrayswheneachdeviceonlyneedstoreadaportionofthem. The
objectiveinthiscaseistominimizethedatatransferred,astheArrayisalsotheunitof
allocationandtransfer.
Figure2,whichparallelizescm=am×bmamongseveralGPUssplittingtheworkbyrows,

illustratesthisprogrammingstyle.Forsimplicitythecodeassumesthatthenumberofrows
MisamultipleofthenumberndevicesofGPUs,obtainedinline4withafunctionprovided
byHPL.Theunderlyingmatricesaredeclaredinline1asregulararrays.Sincethewhole
matrixbmisusedineachoneoftheparallelkernelexecutions,asingleHPLArraybis
declaredinline2thatcontainsit.Itdeservestobementionedthattheconstructorofan
Arrayallowsanoptionalpointertothehostmemorywhereitsdataresides.Ifnotprovided,
HPLallocatesanddeallocatesthespaceforthedatainthehostasneeded.
SincetheparallelexecutionofkernelsrequiresseparateArraysforcm,anarrayof

ndevicespointerstoArraysisbuiltinline5. TheneachArrayoftheappropriatesize
iscreated,associatingitsstoragetothecorrespondingportionofmatrixcminline9.The
sameapproachisfollowedformatrixaminordertominimizetheamountofdatatransferred.
Thereisalsotheaddedbenefitthatthiswaywecancontinueusingtheoriginalkernelthat
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1floatcm[M][N],am[M][P],bm[P][N];

2Array<float,2>∗∗c,∗∗a,b(P,N,bm);

3

4constintndevices=getDeviceNumber(GPU);

5c=newArray<float,2>∗[ndevices];

6a=newArray<float,2>∗[ndevices];

7

8for(i=0;i<ndevices;i++){

9 c[i]=newArray<float,2>(M/ndevices,N,cm+i∗(M/ndevices∗N));

10 a[i]=newArray<float,2>(M/ndevices,P,am+i∗(M/ndevices∗P));

11}

12...

13for(i=0;i<ndevices;i++)

14 eval(mxProduct).device(GPU,i)(∗c[i],∗a[i],b,P);

Figure2: MatrixproductonmultipleGPUsusingbasicHPLfeatures

usesthesamerowindexintheArrayscanda. Otherwisethekernelwouldrequirean
additionalargumenttospecifywhichistherowofthewholearrayathatisassociatedto
thecomputationofthefirstrowofthesubarrayofccomputedbythiskernelexecution.
Finally,thekernelexecutionsinline14usethei-thArraysofcandafortheruninthei-th
GPU. Wewillusethiscodeasrunningexampletoillustratethenewproposalspresentedin
Sect.3becauseofitssimplicity.Amoreadvancedexamplebasedonastencilcodecanbe
foundinAppendixA.

3.Improving Multi-deviceSupport

Weproposethreefeaturestofacilitatetheexploitationofmultipledevices,whicharethe
usageofsubarraysandtwoapproachestoeasilysplitkernelsonmultipledevices.Thelast
oneofthesemechanismsalsoincorporatesfacilitiestooptimallyuseresourceswithdifferent
computingpropertiesthatparticipateinthecomputationofakernel.Thethreeproposals
arenowdescribedinturn,followedbythedescriptionofunifiedmemoryexploitation,a
generaloptimizationthathasbeenrecentlyincorporatedinHPL,andwhoseusagerequires
noeffortfromtheuser.

3.1.Subarrays

MakingtheArraytheunitofallocation,transferandconsistencyforcestobuildseparate
Arraystoenableparallelexecutionsandtoreducetheamountofdataallocatedandcopied.
AllowingtheindependentuseofregionsofanArray,whileprovidingacoherentviewofit,
ismuchmoreconvenient. WethusenabledtheselectionofregionsofArraysusingRanges,
Range(a,b)correspondingtotheinclusiverangeofintegers[a,b]. HPLsubarraysarenot
copiesbyvalue,butreferencestothedataoftheunderlyingArray,sothatupdatingthem
changesthecorrespondingportionoftheirparentArray. Usingthisfeature,thematrix
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1floatcm[M][N],am[M][P],bm[P][N];

2Array<float,2>c(M,N,cm),a(M,P,am),b(P,N,bm);

3

4constintndevices=getDeviceNumber(GPU);

5

6for(i=0;i<ndevices;i++){

7 Rangerows(i∗(M/ndevices),(i+1)∗(M/ndevices)−1);

8 eval(mxProduct).device(GPU,i)(c(rows,Range(0,N−1)),a(rows,Range(0,P−1)),b,P);

9}

Figure3: MatrixproductonmultipleGPUsusingsubarrays

productexampleusingmultipleGPUscanbewrittenasFig.3shows.ThemainArraysare
definedusingasstoragetheoriginalC-stylearraysdefinedinline1,followinganapproach
similartothatofFig.2,buttheycouldhavebeendefinedontheirown,asinFig.1.Ranges
areobjectsoftheirown,soforexampleline7buildstheRangerows,whichidentifiesthe
rangeofM/ndevicesconsecutiverowsofthematricescandathatareusedinthei-th
device.Line8usesthisrangetogetherwithappropriaterangesthatspantheNcolumnsof
candthePcolumnsofatoselectthesubarraysusedintheexecutioninthei-thGPU.
Supportingsubarrays,withtheneedtokeepthemconsistentwiththeirparentarrays,

requireddeeplyredesigningtheHPLinternalcoherencymechanisms. Theruntimekeeps
trackoftherelationsbetweenthedifferentArraysthatneedtobekeptconsistent,enforcing
waitsforpendingwritesandperformingtherequiredtransfersasnecessaryinaprocessthat
istransparenttotheuser. Themanagementishighlyoptimizedinseveralways,asHPL
cachesthesubarraysstructuresinordertoavoidcostlycreationprocessesineachreuse,
performstheminimumpossiblenumberoftransfers,andwheneverasubarrayisusedin
amemorythatalreadyholdsanArraythatcontainsthenewsubarray,thisnewsubarray
doesnotallocatenewmemory,butjustmapsinthememoryoftheexistingArray. A
detailedexplanationofthecoherencyanddatamovementstrategyimplementedcanbe
foundinAppendixB.
ItisimportanttomentionthatsubarrayscanbealsousedtocopyportionsofanArray

usingtheassignmentoperator. AssignmentsareallowedbetweenArraysofthesamesize
andfromscalarstoarbitraryArrays,whichreplicatesthescalarinalltheelementsofthe
destination. Finally,subarraysalsofacilitatetheimplementationofalgorithmsinsingle
deviceenvironmentswhentheyneedtoworkondifferentportionsofarraysindifferent
kernelinvocations(e.g.matrixfactorizations).

3.2.Subkernelsbasedonannotations

Launchingkernelsinmultipledevices,withtheassociatediterationonthedevicesand
selectionoftheportionofeacharraytoprocessineachkernel,canbesimplifiedinseveral
ways. Weproposehereasimplemechanismtosplitakernelinmultipleexecutions,called
subkernels,ensuringthateachsubkernelusestheappropriatearguments. Ourapproach
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input:Numberofdevicesrequestedforthekernelexecutionn

input:Vectorofdevicestouseinthekernelexecution
−→
d=(d0,d1,...,dn−1)

input:Numberofargumentsforthekernelk

input:Vectorofargumentstothekernel−→arg=(arg0,arg1,...,argk−1)

1 ifn=0then

2 getAccelerators(
−→
d,n)

3 end

4 fori=0ton−1do

5 forj=0tok−1do

6 ifargjisascalaroranon-annotatedarraythen

7 localArgj=argj
8 else

9 localArgj=getPartition(argj,n,i)

10 end

11 end

12 eval(di)(
−−−−−−→
localArg)

13 end

Figure4:Algorithmforanevalinvocationbasedonannotations

consistsinallowingasingleevalinvocationtosplitakernelexecutionamonganarbitrary
numberofdevices,andannotatingtheargumentstospecifyhowtheymustbepartitioned
amongsuchdevices.
Afirstmodificationmadetoenablethismechanismwastoextendthedevicemodifier

ofanevaltosupportasargumentavectorofHPLdevicehandles. Thisallowstheuser
tospecifyamongwhichdevicesthekernelmustbesplit. Thesecondandmostcritical
modificationrequiredistheintroductionofannotationsinthekernelarrayarguments,whose
purposeistoexpresshowthesearraysmustbedistributedamongthedevices.Forexample,
thenotationPART1(a)indicatesthatArrayamustbeevenlydistributedamongthedevices
involvedinthekernelexecutionbyitsfirst(mostsignificant)dimension,sothateachchunk
isaconsecutiveregionofdata.Namely,ifthesizeofthisdimensionisnandthekernelmust
besplitamongDdevices,thearraywillbepartitionedalongthisdimensioninD−1chunks
of n/D elementsthatwillbeassignedinordertothefirstD−1devices,whilethelast
devicewillreceivethelastn− n/D(D−1)elementsofthedimension.Similarnotations
allowtopartitionthearraysbyotherdimensions.Ourannotationsalsosupportanoptional
argumenttoexpressoverlapping,sothatPART1(a,n)extendseachpartitioninnadditional
elementsineachdirection,whichisconvenienttoparallelizestencilcodes.Nonannotated
arraysarenotpartitioned,butreplicatedineachdevice.Also,nonannotatedarraysaswell
asarrayslabeledwithdifferentannotationscanbemixedinthesameinvocation.Inthis
case,thenonannotatedarraysarereplicated(i.e.usedasawhole)forthesubkernelrunin
eachdevice,whileforeachpartitionedarraythei-thdevicegetsthei-thchunkofthearray
accordingforthepartitioningspecifiedforit.
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1floatcm[M][N],am[M][P],bm[P][N];

2Array<float,2>c(M,N,cm),a(M,P,am),b(P,N,bm);

3

4eval(mxProduct)(PART1(c),PART1(a),b,P);

Figure5: MatrixproductonmultipleGPUsusingannotations

ThebehaviorjustdescribedisbetterillustratedinFig.4,whichrepresentstheimplemen-
tationofanevalbasedonannotations.Thepseudocodeusesavectornotationtorepresent
listsofargumentsforconveniency.Thisstrategyisusedwheneveratleastoneannotated
arrayappearsinthelistofargumentstoakernel,eveniftheinvocationusednodevice
modifier.Inthislattersituation,managedinlines1-3ofthepseudocode,theexecution
isdistributedamongalltheacceleratorsinthesystem,whichareretrievedthroughthe
functiongetAccelerators.Theotherfunctionusedinthealgorithm,getPartition(a,n,i),
retrievesthei-thoutofnsubarraysinwhichthearrayaispartitionedaccordingtothe
annotationappliedtoit.
Whentheglobaldomainisnotspecifiedinan evalofthiskind,theconsistentbehavior

ofadoptingasglobaldomainofeachsubkerneltheoneassociatedtoitsfirstargumentis
followed.Similarly,unspecifiedlocaldomainsarechosenbyHPL.Themodifiersthatspecify
thesedomainshavebeenextendedallowingthatanyoralltheirargumentsarevectorsof
integers,sothatthei-thcomponentindicatesthedomainfortheexecutionofthesubkernel
inthei-thdevice.
Thisapproachallowstowriteourrunningexamplebasedonamatrixproductdistributed

amongtheGPUsinthesystemasFig.5shows.Theannotationsontheargumentarrays
candaindicatethattheymustbepartitionedbytheirfirstdimension(PART1),thatis,
byrows,amongtheparticipatingdevices.Sincethearrayargumentbisnotannotated,it
willbereplicatedinthedevicesused.Finally,scalarssuchasParealwaysjustinputsto
thekernelsandtheycannotbeannotated. Aswecansee,thiscodedistributesthedata
structuresandthekernelexecutioninexactlythesamewayasFigs.2and3,whilebeing
considerablysimpler.

3.3.Subkernelsbasedonexecutionplans

WhiletheproposalinSect.3.2isveryconvenient,ithassomerestrictions. Themost
importantoneisthatwhenseveralargumentarraysarepartitioned,itnecessarilyusesthe
i-thsubarraygeneratedofeachoneoftheminthei-thsubkernel.Althoughthisperfectly
fitsmostkernels,somerequiremoreflexiblepatterns.Also,somekernelsmayrequireamore
ad-hocpartitioning. Thisledustodesignamorecomplexsubkernelgenerationstrategy.
WefirstdescribethegeneraluseofthisstrategyinSect.3.3.1. Thisisfollowedonan
explanationofhowHPLallowstouseittoperformautomaticloadbalancingbetween
devicesinSect.3.3.2.
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1voidpartitioner(FRunner&fr,Rangerg[2],

2 Array<float,2>&c,Array<float,2>&a,

3 Array<float,2>&b,intP){

4 fr(c(rg[0],rg[1]),a(rg[0],Range(0,P−1)),b(Range(0,P−1),rg[1]),P);

5}

6

7 ExecutionPlanep(partitioner);

8ep.add(GPU,0,50);

9ep.add(GPU,1,50);

10eval(mxProduct).executionPlan(ep)(c,a,b,P);

Figure6: MatrixproductonmultipleGPUsusinganexecutionplan

3.3.1.Executionplans

Thisproposalisbasedonanobject,whichwecallexecutionplan(ExecutionPlanclass),
thatencapsulatestheinformationneededtopartitiontheworkexpressedbytheglobal
domainofakernel. Thisinformationisthelistofdevicestouse,thepercentageofthe
workthateachdevicewillperform,andhowtopartitiontheargumentsforeachsubkernel
responsibleforaportionofthecomputation. Thislastitemisexpressedbymeansofa
user-providedfunction,whichwecallpartitioner,thatgivenarangeofworkandthekernel
arguments,performsthesubkernelinvocationpartitioningaccordinglythearguments.
Whenan evalisprovidedwithanexecutionplan,itusesthisobjecttopartitionthe

globaldomainprovidedforthekernelinchunksthatareproportionaltotheamountofwork
tobeperformedineachdevice.Ourcurrentimplementationpartitionsthemostsignificant
dimensionoftheglobaldomainofthekernelinchunksthatareproportionaltotheratios
requestedfortheuser. Thereasonforfocusingthepartitioningonthisdimensionisthat
thelesssignificantdimensionsareusuallytheoneswithmorelocalityandwherecoalesced
accesses(indevicessuchasGPUs)areexploited.Theresultingglobaldomainpartitionsare
alsoautomaticallyroundedtoensurethattheyaremultiplesofthelocaldomainiftheuser
hasspecifiedone.Then,itinvokesthepartitionerwithafunctorobjectcalledFRunnerthat
encapsulatestheinformationneededtorunasubkernel,anarrayofrangesthatprovidethe
portionoftheglobaldomainassignedtothatsubkernelineachdimension,andthekernel
arguments.ThepartitionermustinvoketheFRunnerasafunctionwhoseargumentsarethe
subarraysoftheglobalargumentarraysthatareassociatedtotherange(s)oftheglobal
domaincomputedbytheexecutionplan.
Figure6implementsourmatrixproductexampleusingthisapproach.TheExecutionPlan

isbuiltinline7providingthepartitionerdefinedinlines1-5.Apartitioneralwayshasas
firstargumenttheFRunnerthatrunsthekernel.Thesecondargumentisalwaysanarrayof
uptothreerangesthatdescribestheportionoftheglobaldomainassociatedtoasubkernel,
eachRangebeingassociatedtoonedimensionoftheproblem. Thesetwoargumentsare
followedbytheactuallistofargumentsofthekernel. Whileitsbodycancontainmore
things,apartitioneronlyneedstoinvoketheFRunnerwiththeargumentsassociatedtothe
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portionoftheglobaldomainassociatedtotheinputranges.Lines8and9addGPUs0and1
totheExecutionPlanep,respectively,eachonebeingassigned50%ofthework.Finally,
theparallelmulti-devicekernelexecutionusingepisrequestedinline10. Aswecansee,
thisstrategyallowstoeasilyandflexiblysplittheworkbetweendevicesassigningarbitrary
portionsofworktoeachoneofthemwhilesupportinganycustomrequiredsubarrays.

3.3.2.Automaticloadbalancing

Executionplanscanbeeithercompletelyspecifiedbytheuser,asseenabove,orpro-
grammedtosearchforadistributionofworkthatbalancestheloadamongthedevicesthat
participateinthekernelexecution.Thissecondpossibilityisveryappealingwhenheteroge-
neousdeviceswithdifferentcommunicationlatenciesandbandwidthsand/orcomputational
capabilitiescanbeusedtoexecuteaportionoftheconsideredkernel.Inordertousean
executionplaninthissecondway,theuserhastospecifyinitsconstructorthesearchal-
gorithmtouseandwhetheronlythecomputationoralsothetransfertimesofthekernel
mustbetakenintoaccountinthebalancing.Also,thereisnoneedtoprovidetheratiosof
workforeachdevicethatisaddedtotheplan,astheywillbeautomaticallyderivedbyour
library.Thesearchwillbeperformedthefirsttimethattheexecutionplanisusedinthe
executionofthekernel.Subsequentusagesoftheobjectwillreusethedistributionfound
unlesstheuserresetsit.
CurrentlyHPLexecutionplansprovidethreealgorithmstosearchforthebestworkdis-

tribution.ThesimplestandmostexpensiveoneistheEXHAUSTIVEsearch,whichtriesallthe
legalcombinationsofdistributionsthatdifferinagivenminimumstepandchoosesthebest
one.Thedefaultstepvariationis5%oftheglobaldomain,butuserscanchooseadifferent
one.Justasintheothersearchalgorithms,thelibrarywillonlytimethekernelexecution
oritwillalsoperformandtimethetransfersfortheinputsandtheoutputstochoosethe
bestoptiondependingonwhattheuserspecifiedintheconstructionoftheexecutionplan.
Noticethatthetwopossibilitiesmakesenseindifferentscenarios,assometimestheusermay
knowthatthedatawillhavetobetransferredforeachexecutionofthekernel,whileinother
situations,suchasiterativealgorithms,thevastmajorityofthekernelexecutionsdonot
requiretransfers.Italsodeservestobementionedthatinordertoavoidnoisemeasurement
problems,eachdistributionconsideredbothinthisschemeandintheonesdescribedbelow
istimedanumberoftimesthattheusercanconfigure,thedefaultbeingtwice.
Theothertwopossibilitiesarebasedonprofilingandasimplemodelthatrelatesthe

portionoftheglobaldomainassignedtoadevicewithitsruntime.Bothmodelsstartwithan
executioninwhicheachoneoftheNDevicesdevicesinvolvedisassigned(100/NDevices)%

oftheglobaldomain,andthetimesgatheredarestoredinavectoroftimes
−→
t.Figure7

showstheloadbalancingalgorithmofthefirstmodel,calledSINGLESTEPMODELbecauseit
isnotiterative.Startingfromthemeasuredtimes

−→
t,thisalgorithmassignstoeachdevice

aratioofworkthatisproportionaltothespeedupitachievedwithrespecttotheslowest
deviceinthesetinthisinitialexecution(line3). Therationaleisthatthisspeedupis
proportionaltotheamountofworkthatthecorrespondingdevicecanreceiveinabalanced
distributionofwork,asthisnumbershouldbeproportionaltoitscomputing(andtransfer,
ifincluded)performance. Lines4and5scalethisinitialratiotoapercentagemaking
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1 Algorithmbalance(
−→
t)

input:Vectoroftimesmeasuredineachdevice
−→
t=(t0,t1,...,tn),n=NDevices−1

output:Vectorofpercentageofworktobeperformedineachdevice
−→w=(w0,w1,...,wn),n=NDevices−1

2 MaxTime=max{ti,0≤i<NDevices}

3 ui=MaxTime/ti,0≤i<NDevices

4 U=
Ndevices−1
i=0 ui

5 wi=ui×100/U,0≤i<NDevices

6 Adjust=0

7 fori=0toNDevices−1do

8 if
ti×wi

100/Ndevices
<Thresholdthen

9 Adjust=Adjust+wi
10 wi=0

11 end

12 end

13 wi=wi×100/(100−Adjust),0≤i<NDevices

14 return−→w

Figure7:SINGLESTEPMODELloadbalancingalgorithm

suretheadditionforallthedevicescoversthewholeglobaldomain.Lines6-12compute
whetherwiththisdistributiontheestimatedruntimeforsomedevicefallsbelowameasured
threshold.Ifthisisthecase,thedevicereceivesnowork(line10),anditsportionofthe
problemisaddedtoAdjust(line9),sothatitisredistributedamongtheremainingdevices
inline13.Thislaststageofthealgorithmavoidssendingverysmallamountsofworkto
devicesthatdonotcompensatethereducedfixedoverheadassociatedtothisprocess.Notice
thatsincethismodelrequiresasingleexecution,anditismadeatruntimeoncorrectinputs,
thusgeneratingcorrectoutputs,thismodelcanmakejustasmanykernelexecutionsasan
untunedcode.
Thesecondmodelisiterative,soitcanadjustitsdistributionwithmoreprecisionin

situationswheretheworkloadisnotnecessarilydirectlyproportionaltotheratioofthe
globaldomainassignedtoeachdevice.Thismodel,calledITERATIVEMODEL,startsapplying
theSINGLESTEPMODELandmeasurestheruntimesofthedistributionitchooses.Then,as
longastheruntimefortheslowestdeviceisδ%ormorelongerthantheruntimeinthe
fastestdevice,itrecomputesthepercentageoftheglobaldomainassignedtoeachdevice
usingthealgorithminFig.8andmakesanewexecutiontomeasurethenewtimes.The
valueofδdefaultsto5,butitcanbechosenbytheuser.Thealgorithmestimateswhich
wouldhavebeentheruntimeforeachdeviceinanexecutioninwhichallofthemreceivedthe
sameamountofworkbasedontheactualdistributionofworkmadeandthetimemeasured,
andthenappliestheSINGLESTEPMODELtothesetimes. Aftertheseconditerationthe
algorithmappliesarelaxationmechanism(lines4-6).Itspurposeistoavoidoscillationsin
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1 AlgorithmadaptiveBalance(
−→
t,−→v,iter,−−−→wprev)

input:Vectoroftimesmeasuredineachdevice
−→
t=(t0,t1,...,tn),n=NDevices−1

input:Vectorofpercentageofworkthatwasperformedineachdevice
−→v=(v0,v1,...,vn),n=NDevices−1

input:Numberofiterationiter
input:Vectorofpercentagesofworkcomputedinthepreviousiterationorzerosinthefirst

iteration−−−→wprev=(wprev0,wprev1,...,wprevn),n=NDevices−1
output:Adaptedvectorofpercentageofworktobeperformedineachdevice

−→w=(w0,w1,...,wn),n=NDevices−1

2 ti=
ti
vi
×

100

NDevices
,0≤i<NDevices

3
−→w=balance(

−→
t)

4 ifiter>2then

5
−→w=−−−→wprev+

−→w−−−−→wprev
iter−1

6 end

7 return−→w

Figure8:ITERATIVEMODELadaptiveloadbalancingalgorithm

thealgorithmthatcoulddelayitorevenincurinaninfiniteloop,somethingthatindeed
happenedinourexperimentsbeforethismechanismwasaddedtothealgorithm. When
therelaxationisapplied,insteadofsuggestingasoptimaldistributionthenewlycomputed
one,thealgorithmrathermovestheexistingdistribution−−−→wprevinthedirectionofthenew
prediction−→w,thelengthofthemovementbeingshorterineachsuccessiveiterationthanks
tothedivisionbyiter−1.
Aproblemthatappearswhenusersletthelibrarychoosetheworkdistributionisthat

theylosetheinformationonwhichportionofeacharrayhasbeenloadedandupdatedin
eachdevice.ThisneverendangersthecorrectnessoftheHPLapplicationsbecausewhenever
thehostcodeorakernelinvocationtriestouseanArrayoraportionofit,ourlibraryknows
whereisthemostup-to-dateversionofthisdata. Neverthelessperformancewillsufferif
theseautomaticmechanismsintroduceunnecessarytransfers.HPLprovidestwomechanisms
toavoidtheseproblems.First,anExecutionPlancanbebuiltasacopyofanexistingone
sothatitretainsthesamedevicesandworkdistribution,onlychangingthepartitioner.
Second,theseobjectsprovidemethodstoretrievethedistributionperformedsothatthe
usercanknowwhichportionofeacharraywasusedineachdeviceandactaccordingly.

3.4.Unifiedmemoryexploitation

Somedeviceshaveamemorythatisseparatedfromthatofthehost,whileotherswork
onthesamephysicalmemory.ThisisthecaseoftheCPUwhenitisusedunderOpenCL,
ortheintegratedGPUsthatshipwithmanycurrentCPUmodels. Whenthememoryof
adeviceisunifiedwiththatofthehosttransfersbetweenbothmemoriescanbeavoided
oroptimized.TheexploitationofthispropertyinOpenCLrequiresprogrammerstofollow
aseriesofstepsthataredifferentfromtheusualones,anexamplebeingworkingbased
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Table1:Benchmarkscharacteristics.

Benchmark Kernels Data Baseline

exchanges SLOCS PE(Ks)

EP 1u - 325 1612
FT 3u+7r alltoall 1656 35219
MG 6u+37r stencil 3076 106666
MMRow 1u - 220 1082
Summa 1r broadcast 298 1867
ShaWa 3r stencil 572 3430

onmappingandunmappingofOpenCLbuffersinsteadofusualreadandwriteoperations.
Thisway,performingthisoptimizationfurtheraddstothecomplexityofOpenCLprograms.
HPLautomaticallydetectswhenthedeviceusedforakernelexecutionhasitsmemory

unifiedwiththatofthehost,andinternallyappliesthesuitableOpenCLprotocoltomin-
imizethecommunicationcostbetweenthisdeviceandthehost,makingtheoptimization
totallytransparentandeffortlesstousers.

4.Evaluation

SincetheHPLbackendisOpenCL,thisisthestandardtoolwithwhichitisfairerto
compareourlibrary. TheC++OpenCLAPIhasbeenchosenforthebaseline,asthisis
thelanguageinwhichHPL,andthusitsbenchmarks,havebeendeveloped,sothatboth
approachesenjoythesamelanguage.
Table1describesthebenchmarksusedintheexperimentsintermsoftheirname,the

numberofkernelsusedinunique(u)andrepetitive(r)invocations(i.e.insidesomeloop),
themostcommonpatternofcommunicationbetweensubtaskswhentheyaresplitamong
severaldevicesandthesourcelinesofcode(SLOCs)andHalstead’sprogrammingeffort[17]
(PE,expressedinthousands)ofthehost-sideimplementationofthebaseline. Thislatter
metricisanestimationofthecostofthedevelopmentofacodebasedonareasonedformula
thattakesintoaccountthenumberofuniqueoperands,uniqueoperators,totaloperandsand
totaloperatorsfoundinthecode.Forthis,themetricregardsasoperandstheconstantsand
identifiers,whilethesymbolsorcombinationsofsymbolsthataffectthevalueorordering
ofoperandsconstitutetheoperators. Wethinkthattheprogrammingeffortisafairer
measurementoftheproductivitythanSLOCs,sincelinesofcodecanlargelyvaryinlength
andcomplexity.Ourprogrammabilityanalysisonlyfocusesonthehostsideofapplications
becausekernelsarenotaffectedbytheproposalsmadeinthispaper,theirlengthand
complexitybeingbesidesverysimilarinOpenCLandHPL.Ourbaselinesencapsulatethe
lengthyinitializationofOpenCLinreusableroutinesthatareplacedinalibraryoutthe
hostcode,whichjustcallstheseroutines.Asaresulttheyarenotmeasuredinthebaseline,
whichcorrespondstotheminimumamountofcodethatisrequiredfortheseapplications
whenusingtheOpenCLhostC++API.
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Table2:Programmabilityimprovementforseveralstrategies.

Benchmark HPL-md HPL-sub HPL-ann HPL-exp

∆SLOC ∆PE ∆SLOC ∆PE ∆SLOC ∆PE ∆SLOC ∆PE

EP 16.9 36.7 15.1 32.6 17.5 39.0 16.0 33.1
FT 18.8 37.4 15.7 31.3 25.9 42.1 16.7 25.9
MG 24.3 30.7 23.4 26.1 25.7 31.8 21.1 24.4
MMRow 18.2 29.0 18.6 32.3 29.1 51.9 20.5 40.2
Summa 25.2 37.7 39.9 61.8 - - 37.3 56.4
ShaWa 31.0 43.3 40.2 52.2 56.3 76.7 50.0 58.8

EP,FTand MGcodescomefromtheSNUNPBsuite[37],anoptimizedOpenCL
implementationoftheNASParallelBenchmarks. MMRowisthematrixmultiplication
distributedbyrowsthathasbeenusedasrunningexampleintheprecedingsections,but
usinganoptimizedkernelinsteadofthenäıvekernelinFig.1. Namely,forthesakeof
reproducibilitywehaveusedthematrixproductkerneltakenfromtheNvidiaOpenCL
SDK.SummacodeimplementstheSummaalgorithmformatrixmultiplication[42],which
dividesthematricesintilesandinterleavesstagesoflocalmultiplicationineachdevicewith
stagesofcommunicationsconsistingofbroadcastsacrosscolumnsandacrossrowsofthetwo
inputarrays.FinallyShaWaisashallowwatersimulator[45]whosemaincomputational
patternisastencil.Thisway,itisparallelizedusingghostregionsthatreplicateaportion
ofthedatainanotherprocessorandmustberefreshedineachiteration.

4.1.Programmability

Table2showsthepercentualreductioninSLOCsandprogrammingeffortwithrespect
tothebaselinewhentheapplicationsaredevelopedwithbasicmulti-deviceHPL(md),
subarrays(sub),subkernelsbasedonannotatingthedistributionofthearguments(ann)
andsubkernelsbasedonexecutionplans(exp).Thesethreelasttechniqueswereexplained
onSections3.1,3.2and3.3,respectively.Noticethatthehigherthereductions,thebetter
theprogrammability.Annotationscanonlybeusedwhenthei-thregionsobtainedinthe
partitioningofthearraysarealwaysusedtogether,thatis,thefirstsubkernelusesthefirst
subarrayofalltheinputs,thesecondsubkernelthesecondsubarray,etc.,whichisnotthe
caseinSumma.Italsodeservestobementionedthatsincestencilsrequireusingaportionof
thearrayassignedtoadeviceforcommunications,whichisnotstraightforwardinHPL-md,
andwehadtwobenchmarks(MGandShaWa)basedonstencils,wewrotetheirHPL-md
versionsindifferentways.Namely,ourMGHPL-mdversioncopiesthewholearraystothe
host,thenexchangestheneighborrowsinthehostmemory,andfinallycopiesthearrays
backtotheacceleratorsinthenextiteration.Althoughthisismuchmoreinefficientthan
onlytransferringtherequiredneighborrowsofthearrays,Section4.2willshowthatthis
versioncanoutperformthenativeoptimizedversioninsomeenvironments. OurShaWa
HPL-mdcodeiswritteninthemostpossibleefficientwaywithoutusingsubarrays.Namely
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itusesauxiliaryarraysofasinglerowthat(1)receivetheirdatafromthemainarraysby
meansofcopykernelsexecutedintheaccelerators,(2)areexchangedbetweenthedevices
tocopythisinformationand(3)providetheirdatatothedestinationarrayalsobymeans
ofacopykernelrunintheaccelerator.
ProgrammingeffortreductionsarealwaysstrongerthanSLOCreductionsbecausethis

indicatortakesintoaccountthecomplexityofeachline,theOpenCLAPIoftenhavingmany
parameters.SincewearguethatthismorecomplexmetricisfairerthanSLOCs,thisisgood
news.
ThetechniquesintroducedinSection3providebetterprogrammabilitythanHPL-md

inallthetestsexcepttheHPL-subandHPL-expimplementationsoftheNPBapplica-
tions.InthecaseofHPL-subthemainreasonisthattheargumentsofthekernelsofthese
applicationshavedifferentsizes,whichdoesnotallowtoreuseRangesintheirindexing.
Neverthelesssubarrayspositivelyimpact MMRow,andlargelyimproveuponHPL-mdin
SummaandShaWa.Theirprogrammabilitymetricsimprovementsoverthebaselinearein
factbetween21%and64%largerinrelativetermsthatthoseofHPL-mdforthesebench-
marks.Inthecaseof MGanotherimportantreasonwhyHPL-subandHPL-expdonot
offerbetterprogrammabilitythanHPL-mdistheverysimplestrategyusedbythislatter
implementation,whichcopiesthewholearraystomemory,whilealltheotherversionsonly
exchangeonerow.
HPL-expisthenexttechniqueintermsofeasinessfortheprogrammer,asitachieves

anaverage26.9%SLOCsreductionwithrespecttothebaseline,comparedtothe22.4%
ofHPL-mdandthe25.5%ofHPL-sub.Similarly,itreducestheprogrammingeffortbya
noticeable39.8%,abovethe35.8%ofHPL-mdandthe39.4%ofHPL-sub.HPL-expmain
programmabilityadvantagesarethatexecutionplansavoidloopsandthecomputationsof
mostoftherangesrequiredtosplitthework. Ontheotherhand,thisstrategyrequires
definingtheexecutionplanandtherelatedpartitioner.Also,thekernelswithargumentsof
differentsizesmakesometimesinsufficientthepredefinedRangesprovidedbytheexecution
plans.SointhesecasestheusermustdefinenewRanges,likeintheHPL-subcase.Thisis
thereasonwhyHPL-expdoesnotofferbetterprogrammabilitythanHPL-mdintheNPB.
InthecaseofMG,thisisalsomotivatedbythesimplicityoftheHPL-mdimplementation.
ThebiggestassetofHPL-expwithrespecttotheotheroptionsisthatitistheonlyonethat
allowstoexploittheautomaticloadbalancingfeaturesdescribedinSection3.3.2,whichare
evaluatedinSection4.2.2.
Finally,HPL-annsystematicallyimprovesuponHPL-mdandtheotheralternativespre-

sentedinthiswork. Thishappenseveninthesimplestbenchmarks,whereitismore
complicated,asthebaselineisallthehostcode,includinghostcomputationsanddataini-
tialization.Thisway,forexampleannotationsremarkablyachieveupto60%largerSLOCs
reductionoverthebaselinethanHPL-mdinMMRow.Thelargestimprovementtakesplace
inthisapplicationandShaWa,whereHPL-annalmostdoublestheprogrammingeffortre-
ductionofHPL-mdoverOpenCL.Onaverage,inthefivebenchmarkswhereitcanbeused,
HPL-annreducestheSLOCSandtheprogrammingeffortby30.9%and48.3%withrespect
tothebaseline,respectively,makingitthedefaultoptionwhenitisapplicableandnoau-
tomaticloadbalancingisneeded. Overalltheseresultslargelyjustifytheinterestofour
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Table3:Executiontimeofthebaselines(inseconds).

Accelerator EP FT MG MMROW SUMMA SHAWA

Fermi 1.49 33.81 14.86 5.74 39.33 973.20
K20 1.43 33.47 17.81 3.55 20.90 400.00
XeonPhi 2.15 9.65 15.73 10.29 64.93 1819.20

proposals.

4.2.Performance

Theperformanceevaluationusesthreeplatforms,twobasedonGPUsandanotherone
onXeonPhis.Thefirstone,calledFermi,hasa6-coreIntelXeonX5650(2.67GHz),12
GBmemoryandtwoNvidiaM2050GPUswith3GBand448coresat1.55GHzeach.The
secondplatform,calledK20,hastwo8-coreIntelE5-2660(2.2GHz),64GBmemoryand
twoNvidiaK20mGPUswith5GBand2496coresat0.705GHzeach.Bothsystemsused
theNvidiaOpenCLdriverversion325.15. TheXeonPhiplatform,calledPhiforshort,
hasthesamehostCPUandmainmemoryastheK20system,theacceleratorsbeingtwo
IntelXeonPhi5110Pwith60coresat1.056GHzand8GBwiththeIntelOpenCLdriver
version4.5.0.8.Thecompilerwasg++4.7.2withoptimizationlevelO3.Theproblemsizes
usedintheexperimentsareC,BandBforEP,FTandMG,respectively. MMRowand
Summamultiplydoubleprecisionmatricesof8000×8000elements,whileShaWaprocesses
a2000×2000mesh.
Thesameversionoftheprogramswereusedforallthetests.ThismeansthatsinceGPUs

andXeonPhishaveaquitedifferentarchitecture,wehadtochooseforwhicharchitecture
tooptimizethekernels.SincetwoofourplatformswerebasedonGPUsandonlyoneon
XeonPhis,weusedkernelsoptimizedforGPUs.ThisisreflectedinTable3,whichshows
theruntimeofthebaselineOpenCLapplicationsinthethreeplatformswhenusingthetwo
acceleratorsavailable.ItisinterestingthatdespitethisfacttheXeonPhiobtainedthebest
performanceforthemostmemoryintensivebenchmark,showingtheinterestofthetwo
kindsofacceleratorsfordifferentproblems.
WenowfirstcomparetheperformanceofthedifferentHPLnotationswiththenative

OpenCLbaselineandthenevaluateouralgorithmsforworkdistribution.

4.2.1.ComparisonwiththeOpenCLbaseline

Figures9to11showthespeedupoftheHPLversionswithrespecttotheOpenCLbase-
lineinexecutionsusingthe2acceleratorsintheFermi,K20andPhisystems,respectively.
NoticethatthereisnodataforSummausingannotationsbecausethisbenchmarkcannot
bewrittenusingthisstrategy.ThekernelsoftheHPLversionsmimicthoseoftheOpenCL
baselines,sothattheyexhibitexactlythesamebehaviorandperformance,whichhasal-
readybeenprovedinallthepreviouspublicationsaboutHPL,suchas[43]. WhileHPLdoes
nottrytooptimizethekernelsprovidedbytheuser,ithasanadaptiveruntimethatchooses
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Figure9:PerformanceintheFermisystemus-
ingbothGPUs
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Figure10:PerformanceintheK20systemusing
bothGPUs

Figure11:PerformanceinthePhisystemusing
bothXeonPhis

thebeststrategytoexchangedatabetweendifferentdevices[44],thepossibilitiesbeing(a)
theuseoftwotransfersinsequenceusingastemporarybufferthehostmemory,or(b)the
built-inclEnqueueCopyBufferOpenCLroutine.ThisallowsHPLtonoticeablyoutperform
manuallyoptimizedcodesinmulti-deviceenvironmentswhenthosecodesdonotrelyonthe
beststrategyfortheacceleratorconsidered.ThisisthecasefortheFTandMGmulti-device
implementationsfrom[37],whichuseastrategyfordataexchangebetweendevicesthatis
well-suitedfortheXeonPhibutnotfortheGPUs.Asaresult,HPLstronglyoutperforms
themintheFermiandK20.Itisparticularlyinterestingthatdespitefollowinganinefficient
strategyforthedataexchangesthatcopiesthewholearraystothehostmemory,ourMG
HPL-mdismuchfasterthantheOpenCLbaseline(51%inFermiand70%inK20)thanks
totheselectionofthebesttransfermethod.ThespeedupofHPLMGgrowsto98%and
146%inFermiandK20,respectively,intheversionswrittenusingtheproposalsinthis
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paper,whichlargelyfacilitatetheimplementationofstencils.Thesituationisdifferentfor
theXeonPhibecausethedataexchangestrategyoftheOpenCLbaselineisthebestone.
Despitethisfact,ourHPL-mdversionforFTstillprovidesa18.3%speedup,withthever-
sionsenabledbythenoveltiespresentedinthispaperreachinga22.8%speedup.AsforMG,
theoptimizedMGHPLversionsgetaperformancesimilartothebaseline,whilethenäıve
HPL-mdversionhasaconsiderablelowerperformance.ShaWaHPL-mdisslightlyslower
thanthebaseline(1%inFermi,1.7%inK20and3.3%intheXeonPhi)becausethelackof
subarrayscomplicatestherefreshoftheshadowregionofonerowineachGPU,requiring
additionalbuffersandcopies. Theslowdownisreducedtobetween0.2%and0.6%when
HPLincorporatesthenoveltiesdescribedinthispaper,allowingtouseasimpleassignment
toasubarrayfortheseupdates.
Allinall,theprogrammabilityimprovementsproposedhavefromaneutraltoavery

positiveimpactonperformancewhileallowingamuchmorenaturalwayofexpressingthe
algorithmsathand.

4.2.2.Automaticloadbalancing

Themaininterestoftheexecutionplanapproachliesinitsabilitytoautomaticallyop-
timizethedistributionofworkamongdifferentdevices. Wehavemeasuredtheperformance
oftheautomaticloadbalancingprovidedbyexecutionplansinthemosttimeconsuming
kernelofeachoneofourbenchmarks.Summawasexcludedoftheexperimentbecauseitis
basedontheassumptionthateachparalleltaskoperatesonasub-matrixofthesamesize.
WhilethekernelsofEP,MMRowandShaWahaveahigharithmeticintensity,thoseofFT
andMGhaveahighratioofmemoryaccessespercomputation.Theyalsohavedifferent
patterns,asShaWaandMGfollowastencilpattern,MMRowoperatesonatiledwayon
itsmatrices,FTcomputesacomplexFFTusingascratcharrayandEPmakesmostofits
computationinprivateandlocalmemory. Thisway,ourtestsrelyonkernelswithvery
differentnature.
Weperformedtheexperimentsusingtwoconfigurations.Inthefirstone,HPLwasasked

toautomaticallydistributetheworkamongtheCPUandoneGPUintheK20system.
InthesecondconfigurationHPLhadtosplittheworkamongtheCPUandthetwoK20
GPUs.TheOpenCLdriverusedfortheCPUwastheversion1.2.0.8fromIntel.Also,in
bothcasesthetwoalgorithmsproposedinSection3.3.2weretried. Wealsosoughtforthe
optimaldistributionusingitsexhaustivesearchfeatureusingstepsof1%oftheworkload.
Also,inalltheexperimentstheCPUbenefitedfromtheautomaticunifiedmemorysupport
providedbyHPL(seeSection3.4).
Inallofthefivebenchmarks,thetwoautomaticdistributionalgorithmsbasedonana-

lyticalmodelsprovidedtheoptimumdistributionidentifiedbytheexhaustivesearchinthe
CPU+singleGPUscenario.Figure12showstherelativeperformanceofthedistributions
foundbytheanalyticalmodelswithrespecttothebestonefoundbyexhaustivesearch
whenusingtheCPUinconjunctionwiththetwoK20GPUs.Bothmodelsfoundagainthe
bestpointfortheFTandMGkernels,andtheywerejust0.4%slowerthantheoptimal
distributioninMMRow.InShaWatheychoseadistributionthatisonly2%differentfrom

18



    EP         FT         MG       MMRow      ShaWa    
0

0.2

0.4

0.6

0.8

1

P
er
f
or
m
a
nc
e 
w.
r.
t 
o
pti
m
al 
di
st
ri
b
uti
o
n

 

 

SINGLE_STEP_MODEL
ITERATIVE_MODEL

Figure12:Relativeperformanceofthedistributionsfoundbytheanalyticalmodelswithrespecttothebest
onefoundwhenusingoneCPUandtwoK20GPUs.

Table4:Slowdownoftheworstdistributionwithrespecttothebestoneinthetwoconfigurationstested.

Environment EP FT MG MMRow ShaWa

CPU+GPU 2.76 17.73 51.61 3.98 6.68
CPU+2GPU 4.22 17.73 51.61 7.75 10.80

theoptimalone(namely,itassignedtotheCPU8%ofthetotalwork,whiletheoptimum
portionwas6%),butsincethisisaproblemextraordinarilywellsuitedforGPUs[45],this
distributionwas6.3%slowerthantheoptimumone,whichisstillaverygoodvalue.Fi-
nally,inEPtheITERATIVEMODELshowedthatitcanbetterpinpointthebestdistribution
thantheSINGLESTEPMODEL,asitfoundtheoptimumdistribution,whilethesimplermodel
foundadistributionjust1.4%slower.Table4showshowmanytimessloweristheworst
distributionwithrespecttothebestoneforeachkernelandconfigurationconsideringall
thedistributionstriedbytheexhaustivesearchusingstepsof1%oftheworkload. This
tablefurtherhelpstoassessthequalityofourbalancingalgorithms,aswecanseethatthe
algorithmsachieveoptimalornear-optimaldistributionsinenvironmentsinwhichtheworst
distributionisbetween2.76and51.61times,orinpercentages,between176%and5061%,
slowerthanthebestone.
Regardingthesearchcost,weusedthedefaultHPLconfigurationthatrunseachtest

twicetoreducethemeasurementnoise. Thisway,sincetheSINGLESTEPMODELrequires
evaluatingasingledistribution,whiletheITERATIVEMODELalwaysconvergedintwo,or
veryseldomly,threeiterations,theoptimizationprocessesbasedonanalyticalmodelsonly
requiredbetween2and6executions.Italsodeservestobementionedthatthenon-firstone
executionsoftheITERATIVEMODELstartfromapointneartheoptimalone,makingthem
oftenmuchfasterthantheinitialexcution.Thisway,inpracticetheITERATIVEMODELonly
required48%moretimethantheSINGLESTEPMODEL.
TheITERATIVEMODELisparticularlyinterestinginthepresenceofapplicationsinwhich
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Figure13:Performanceofthedistributionsfoundbytheanalyticalmodelswithrespecttothebestone
found(leftaxis)andnumberofiterationsrequiredforconvergencebytheITERATIVEMODEL(rightaxis)
whendistributinganunbalancedloadbetweentheCPUandaGPUintheK20system.

theworkloadisnotuniformlydistributedacrosstheproblemdomain.Sincethebenchmarks
consideredinthepreviousexperimentsarebalanced,wedesignedasimpleunbalancedbench-
marktocomparethebehaviorfortheSINGLESTEPMODELandtheITERATIVEMODELinthis
kindofproblems. Ourbenchmarkconsidersasingle-precisionfloating-pointmatrixaand
itperformsasingleflopwherea(i,j)iszeroand1001flops,withoutadditionalmemory
accesses,whereitisanon-zero. Wethenrunthisbenchmarkusinginputmatricesinwhich
0%,10%,20%,...,100%oftheentrieswherenon-zeros,concentratingallthezerosinthe
toprowsofthematrixandthenon-zerosinthebottomrows.Figure13showstheresults
ofthisexperimentwhendistributingbyrowsa4096×4096inputmatrixamongtheCPU
andaGPUintheK20system.Thefigurerepresentsforeachpercentageofnon-zerosthe
runtimeachievedbythebestandtheworstpossibledistributionsfoundusingtheexhaus-
tivesearch,aswellasbythedistributionscomputedbytheSINGLESTEPMODELandthe
ITERATIVEMODEL.WecanseethattheITERATIVEMODELalwaysfindsanear-optimaldistri-
butionofthework,whiletheSINGLESTEPMODELfindsdistributionsthatcanbeuptofour
timesslower.ItisthereforeveryinterestingtousetheITERATIVEMODELwhenweknowor
suspectthattheworkloadmaybeunbalanced.Regardingthenumberofiterationsrequired
bytheITERATIVEMODELtoconverge,itisalwaysbetweenoneandamaximumof5,the
averagebeingjust2.8.
Overall,wefindtheseresultstobeverysatisfactory,notonlybecauseofthequalityof

thedistributionsfoundandtheveryreasonablecostofourmodels,butalsobecauseofthe
simplicityoftheAPIinvolved.

5. Relatedwork

Mosteffortstofacilitatetheuseofmultipleheterogeneousdevicesmainlytrytoavoid
communicationAPIsinclusters.Theseproposalsprovideaprogrammingmodelinwhich
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asequentialprogramcanallocatebuffersandsubmittaskstothedevicesthatexistina
cluster. Whilesomeoftheseworks[23,34,40]arebasedonCUDA,whichrestrictstheir
portability,many[3,10,14,19]relyonOpenCL.Mostoftheselatterproposalscloselyfollow
theOpenCLAPIandconceptswithsomeextensions,andthusrequireamuchlowerlevel
managementthanHPL.Exceptionsthatabstractsomedetailsare[3,14]. Nevertheless,
theManyGPUsPackage[3]involvescompilerdirectivesthatmustindicatetheinputsand
outputsofeachtaskandspecifysynchronizationpoints,oralibrarythatinadditionto
thesespecificationsexplicitlyusescontextsandbuffers.Italsoincludesagather-scatter
APIwhich,unlikeHPL,requirestoscatterandgatherthedatainasingletaskwhichisthe
onlyonethatcanworkwiththechunks.Similarly,libWater[14]reliesonexplicitkernel
creationprocesses,buffersassociatedtodevicesthatareexplicitlyreadandwritten,and
synchronizationsbasedonOpenCL-likeevents,supportingneithersubbuffersnorautomated
kernelpartitioning.HPLiscurrentlyrestrictedtotheexploitationofthedevicesinasingle
node,butitoffersamuchhigherlevelview. Thiswayn-dimensionalarraysratherthan
buffersinagivenmemoryordevicearetheobjectsthatusersmanipulate,beingableto
workevenonsubregionsofthesearrays,andleavingthesynchronizations,bufferallocations,
datatransfersandconsistencymanagementtotheHPLruntime.
AparticularlyoriginalproposalisPARRAY[7],alanguagetorepresentarraysofdata

andthreadsusingaveryflexiblenotationtogetherwithanovelSingle-Program-Multiple-
Codeblockprogrammingstyle.UnlikeHPLarrays,PARRAYdataarraysareentitieslocated
inaspecificphysicalmemoryandtheymustbemanaged(created,updatedanddeallocated)
byhand.
Ourworkisalsorelatedtothetasksuperscalarparadigm,becauseHPLsynchronizations

andschedulingareautomaticallydefinedbythetaskdatadependencies.Nevertheless,the
existingproposalstoapplythisparadigmtoheterogeneouscomputing[8,2]requireusersto
explicitlyannotatethetasksinputsandoutputs,contrarytothefullyautomatedextraction
ofthedependenciesofHPL.TheyalsosufferfromlongboilerplatecodestouseOpenCLand
lackmechanismstosplitakernelinparallelsubtaskswithasinglecommand.Inaddition[8]
requiresaspecialcompileranddoesnotprovideconvenientarrayclasseswithmechanisms
todefineandoperateonsubarrays. Partitioningarraysusingpredefineddistributionsis
allowedby[2],althoughunlikeHPL,itdoesnotallowselectingarbitrarysubarrays. A
tasksuperscalarprojectthat,likeours,automaticallyextractsthedatadependenciesofthe
paralleltasksis[13],butitonlysupportsregularCPUs.
MultipledevicescanalsobeexploitedusingcompilerdirectiveslikeOpenMPandOpen-

ACC.However,thisalternativesuffersfrommanylimitationsanddifferenceswithrespect
toourproposal.First,noneofthesefamiliesofdirectivesreachesthedegreeofportability
ofHPL.Forexample,whileinthispaperwehaveusedGPUsandXeonPhisunderHPL,
asoftoday[30]noOpenACCcompilersupportsXeonPhisandtherehasonlybeenexperi-
mentalsupportofOpenMPforGPUsthathasnotbeenpubliclyreleased[26].Nevertheless,
themostimportantproblemofcompilerdirectivesisthattheysufferfromlackofaclear
performancemodel,reducedusercapabilitytocontroltheresult,andstrongdependence
onthecompilerquality. Theseproblemsareevenmoreimportantinaccelerators,whose
performanceisverysensitivetoimplementationdecisionsandwhereusershavemadean
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specificinvestmenttoreachhigherperformance.Thisway,in[12]outofthefourtransfor-
mationstestedthatwouldallowaloopnesttoefficientlyuseaGPU,thecompilerswould
onlyapplyoneofthem.Similarly,outofthreecommonparallelizableidiomsthecompilers
wereonlysuccessfulwithone,theotheronesresultinginasequentialexecution.Theyalso
comparedthequalityofthecodegeneratedbythecompilersfor15Rodiniabenchmarks[6]
withhand-tunedCUDAversions. Whilein6benchmarksthecompilerreached85%ofthe
performanceoftheCUDAversion,8ofthemdidnotreacheven50%.Thedifferencesare
alsousuallylargewhenfullapplicationsareconsidered. Thisway,whilein[30]thecom-
pilerdirectiveswerebetween10%and30%slowerthanthemanuallydevelopedkernels,
andOpenMPclearlyoutperformedthemintheXeonPhi(althoughinthiscasetheauthors
stressthattheexperimentssuggestthattherewasaperformanceproblemcausedbysome
issuewiththearchitectureorsoftware),[31],[16]and[36]reportaround1.5,3and3.5
timesmorespeedupusingCUDAthanOpenACCintheirapplications,respectively. The
problemsoflackofcontrolarewellexemplifiedby[35],whichreportsaslowdownintheir
OpenACCversionofonebenchmarkofover26xthattheywerenotabletocorrect.HPL
doesnotsuffertheseproblems,asitallowsuserstototallycontroltheirkernels.
Regardingthesubjectofthispaper,contrarytoHPL,thecurrentfamiliesofdirectives

foracceleratorsdonotautomaticallymaintaincoherentthecopiesofthesamedataon
differentmemories.Onthecontrary,theymakeprogrammersresponsibleforthetrackingof
thestateofthesecopiesandtheinsertionofdirectivestomaintainthecoherency.Similarly,
theycannotautomaticallydeallocatebuffers,ofcoursekeepingsafetheircontent,whenever
thedevicesrunoutofmemory.Rather,theyjustfollowthereferencecountsmanipulated
bymeansofthecompilerdirectivesinsertedbytheprogrammers,makingthemresponsible
forthememorymanagement.Also,noneofthemprovidesmechanismsfortheconvenient
distributionofarraysandkernelsamongdifferentdevicessuchastheannotationsproposed
inthispaper,andtheytotallylackautomaticloadbalancingfeaturesliketheonesenabled
bytheuseofexecutionsplans.Also,contrarytoHPL,thesedirectivesrequirethesubarrays
tobecontiguousblocksofmemory(seeSect.2.7.1in[32]andSect2.15.5.1in[33]).Theonly
exceptiontothisrulearedynamicmultidimensionalCarraysbasedonarraysofpointers
underOpenACC,whicharerarelyusedinHPCbecauseofthelowerperformancetheylead
to.Besides,inthiscaseeachpointerismanagedseparately,furtherreducingthepotential
performance.Finally,inthecaseofOpenACC,[46]showsthatthelackofcertaindirectives
makestheexploitationofmultipleacceleratorsmuchmorecomplex.
ArelatedworkisBBMM[35],anautomaticmulti-GPUmemorymanagerrestrictedto

loopnestswithaffineboundsandaffinearrayaccessfunctionsbasedoncompileandrun-
timecomponents. HPLdoesnotsufferfromtheselimitationsandothersimpliedbythe
requiredcompile-timeanalysissuchastheexistenceofconditionalswhoseoutcomecanonly
beknownatruntime.Infact,severalofthebenchmarksusedinourevaluationdonotfulfill
theconditionsrequiredbyBBMM.Also,thetoolgeneratesboththehostandthekernel
code,thussufferingfromthelimitationsofcurrentcompilertechnologydiscussedabove.
Skeletonlibraries[9,29,1,39]areanotherapproachtoexploitmultipleheterogeneous

deviceswithreducedprogrammingeffort.HPLhasamuchwiderscopeofapplicationthan
thesetools,astheycanonlyexpresscomputationswhosestructureconformstooneoftheir
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skeletons.
Itisalsoimportanttorememberthatnoneoftheseapproachesenjoystherun-timecode

generationpossibilitiesenabledbytheHPLembeddedlanguage,whichhavebeenshownto
allowthegenerationofhighperformancekernels[11].
Thefactthatourproposalcanautomaticallyfindasuitabledistributionofworkamong

multipleheterogeneousdevicesisanotherdifferencewiththeprecedingworks,anditrelates
ittotheworksonautomaticworkdistribution. Forexample,[27]isrestrictedtoCPUs
andNvidiaGPUs,onlyconsidersaCPUandaGPU,andisbasedonanofflinetraining,
beingthuslessadaptiveandgeneralthanourdynamicsystem,whichreliesonruntime
informationandsupportsanyarbitrarycombinationofdevices.Aworkthatsharesthefirst
twolimitationsbutusesdynamicmeasurementsis[28]. OpenCListhebasefor[15][21],
buttheyrelyonofflinestaticmodelswhoseconstructionrequiresextensivetrainingruns
thatneedtoberepeatedwhentherechangesintheplatform. Anotherproblemofthese
approachesisthattheirdecisionsarebasedonstaticcodefeaturesandstraightforward
runtimefeatures,thuskernelswhosebehaviorcanstronglyvarydependingonthecontents
oftheinputdata,eitherasawholeorindifferentwork-items,arenotwellsuitedforthem.
Finally,[38]isbasedonprofilingandonlyconsidersoneCPUandoneGPU.Althoughit
elaboratesonhowtoextendtheproposaltooneCPUandmultipleidenticalGPUs,the
ideaisonlytestedwithasinglekernel. Ourapproachhasbeendesignedinacompletely
generalwayandithasbeensuccessfullyvalidatedusingkernelswithverydifferentnature
inamulti-GPUplusCPUenvironment.Also,contrarytotheprecedingworkweknowof,
HPLprovidesaextremelysimpleandusableAPItofindandexploittheoptimaldistribution
amonganynumberofdevices.

6. Conclusions

Oneofthebiggestproblemsfortheexploitationofheterogeneityistheassociatedpro-
grammingcomplexity,whichgrowswhenseveraldevicesareinuse. Thispaperdescribes
andevaluatesseveralmechanismstofacilitatetheexploitationofmultipledevicesinanode
usingapurelylibrary-basedapproachcalledHPLthatreliesonOpenCLtoprovideporta-
bility.Thefirstalternativeconsistsinallowingtheuseofsubarraysaskernelarguments,as
wellassourceanddestinationofarrayassignments,whichisrequiredevenfortheimplemen-
tationofsomealgorithmsinsingle-deviceenvironments,althoughthisisnotexploredinthis
paper.Thesecondoneconsistsindefiningportionsofakerneltoruninparallelindifferent
devices,whichcanbeachievedusingahigh-levelnotationthatautomaticallypartitionsor
replicatesthekernelargumentsinthedevices.Athirdcontributionisanexecutionplanin
whichtheuserprovidesapartitioningfunctionthatbasedonregionsprecomputedbyour
libraryselectstheappropriatesubarrayofeachargumenttobeusedinthekernelexecution
performedineachdevice.Averyrelevantpartofthislastapproachareanalyticalmodels
thatautomaticallydeterminethebestpartitioningbasedonrun-timeprofiling.
Theresultingschemesarehighlyflexible,enjoytasksuperscalarexecutionwithauto-

maticsynchronizationandcanreduceupto76.7%theprogrammingeffortwithrespectto
streamlinedOpenCLbaselines.Theoverheadsofourimplementationarenegligible,while
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theabsoluteperformancecanbeinfactmuchlargerthanthatofOpenCLthankstothe
HPLadaptiveruntime,whichachievesinourtestsuptoa146%speedupwithrespectto
manuallydevelopedOpenCLcodes. Thequalityoftheworkdistributionschosenbyour
executionplansisalsooutstanding,astheywereoptimalinmostoftheexperiments,expe-
riencingamaximumslowdownof6.3%withrespecttothebestdistributionfoundusingan
exhaustivesearch. ThiswaywethinkthatHPLisaverypromisingapproachfortheex-
ploitationofheterogeneoussystemsanditlargelybenefitsfromthecontributionsdescribed
inthispaper.
OurfutureworkinvolvesaddingnewmechanismstoHPLinordertofurtherimprove

programmability,forexampleintegratingmoreobject-orientedAPIsinitskernels. Wealso
plantoextenditwithnotationsandaruntimefocusedonkerneltuning,sothatuserscan
easilyexpressoptimizationpossibilitiesfortheircodesthatthelibrarycanexploreforthem.
Finally,furtheroptimizationssuchasstreamprocessingcouldbeincorporatedinthelibrary.
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AppendixA.Examplewithcommunicationbetweendevices

ThisSectionillustratestheprogrammingstylebasedonseparatearraysdescribedin
Sect.2.2andthoseenabledbytheproposalsinSect.3usingamorecomplexexamplethan
thematrixproduct. Wehavechosenforthispurposeastencilcode,namelythewell-known
GameOfLife,whosemulti-arrayversionisshowninFig.A.14.Theapplicationsimulates
anecosystemthroughanumberoftimestepsinwhichtheroleofinputandoutputarray
isswappedbetweentwoarraysineachiteration. Thecomputationtakestheformofa
stencilinwhichthenewvalueofeachcellinthenextiterationdependsonthevalueofits
neighborsinthecurrentiteration.Asaresult,thecomputationsindistributedmemories,
amongwhichthearraysaredistributedbyrows,requireacopyoftheneighboringarea
whoseupdatehasbeenassignedtootherdevicesinordertocomputethenewvalueofthe
cellslocatedinthebordersofthearrays.Thiscopyiscalledghostregionanditneedstobe
updatedineachiteration. Themostprimitiveimplementation,basedonseparatearrays,
isshowninFig.A.14. Heretheuserisresponsibleformanuallycalculatingthelimitsin
whichtheoriginalarrayswillhavetobepartitioned,whichistheroleoftheobtainsizes
functioninline1,andaccordinglyallocatingtheindependentarraysrequiredintheloopin
line27.TheapproachofbuildingtheHPLArraysusingpointerstotheunderlyingstorage
oftheexistingC++arraysisunsafeherebecausetheArrayswouldoverlapbecauseofthe
ghostregions,thuspotentiallyoverwritinginthebordersrightdatawithwrongdatawhen
beingreadfromtheaccelerators.Forthisreasoninthiscaseitissafertocopyinandout
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1voidobtainsizes(std::vector<int>&start,std::vector<int>&end,intN,intndev)

2{/∗Computesthestartingandendingrowofeachsubarrayneeded∗/}

3

4voidexecandsync(std::vector<Array<int,2>∗>&inputa,

5 std::vector<Array<int,2>∗>&outputa,std::vector<Device>&devices){

6 Array<int,2>tmpup(1,M),tmpdown(1,M);

7

8 for(inti=0;i<devices.size();i++)

9 eval(life).device(devices[i])(∗inputa[i],∗outputa[i]);

10

11 for(intj=1;j<devices.size();j++){

12 constintnrowslower=outputa[j−1]−>getDimension(0);

13

14 eval(copykernel).device(devices[j−1])(∗outputa[j−1],tmpup,(nrowslower−2)∗M,(nrowslower

−1)∗M,0,M);

15 eval(copykernel).device(devices[j])(∗outputa[j],tmpdown,M,2∗M,0,M);

16 eval(copykernel).device(devices[j−1])(tmpdown,∗outputa[j−1],0,M,(nrowslower−1)∗M,

nrowslower∗M);

17 eval(copykernel).device(devices[j])(tmpup,∗outputa[j],0,M,0,M);

18 }

19}

20

21std::vector<Array<int,2>∗>win,wout;

22std::vector<int>ss,se;

23std::vector<Devices>devices;

24

25obtainsubarraysizes(ss,se,N,devices.size());

26

27for(i=0;i<devices.size();i++){

28 win.pushback(newArray<int,2>(se[i]−ss[i],M));

29 wout.pushback(newArray<int,2>(se[i]−ss[i],M));

30}

31/∗copydatafromtheinputarraytoeachArrayinwin(notshown)∗/

32for(timestep=0;timestep<NUMTIMESTEPS;timestep++){

33 execandsync(win,wout,devices);

34 std::swap(win,wout);

35}

36/∗copydatafromeachArrayinwintothedestinationarray(notshown)∗/

FigureA.14:GameofLifeexamplewrittenwithseparatedarraysandusingmultipleGPUs

thedatafromthem,whichisnotshownandwouldhappeninthelines31and36,where
associatedcommentshavebeenplaced.Themainloopoftheapplication,inline32,runs
thekernelandperformstheexchangeofneighboringrowsinfunctionexecandsync,and
thenswapsthevectorsofArrayssothatthecurrentoutputwillbethenextinputand
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1voidobtainsizes(std::vector<int>&start,std::vector<int>&end,intN,intndev)

2{/∗Computesthestartingandendingrowofeachsubarrayneeded∗/}

3

4voidexecandsync(Array<int,2>&inputa,Array<int,2>&outputa,

5 std::vector<int>&ss,std::vector<int>&se,std::vector<Device>&devices){

6 Rangeallcolumns(0,M−1);

7

8 for(inti=0;i<devices.size();i++)

9 eval(life).device(devices[i])(inputa(Range(ss[i],se[i]),allcolumns),

10 outputa(Range(ss[i],se[i]),allcolumns));

11

12 for(intj=1;j<devices.size();j++){

13 Array<int,2>&lower=outputa.getSubarray(j−1);

14 Array<int,2>&upper=outputa.getSubarray(j);

15 constintnrowslower=lower.getDimension(0);

16

17 lower(Range(nrowslower−1),allcolumns)=upper(Range(1),allcolumns);

18 upper(Range(0),allcolumns)=lower(Range(nrowslower−2),allcolumns);

19 }

20}

21

22Array<int,2>win(N,M),wout(N,M);

23std::vector<int>ss,se;

24std::vector<Devices>devices;

25

26obtainsizes(ss,se,N,devices.size());

27/∗mainloopelided∗/

FigureA.15:GameofLifeexamplewrittenwithsubarraysandusingmultipleGPUs

viceversa. Thefunctionconsistsbasicallyoftwoloopsinwhichthefirstonelaunchesa
parallelkernelexecutionineachdeviceandthesecondoneperformstheexchangesofrows
betweeneachpairofdevices. Withouttheavailabilityofsubarrays,themostefficientway
tomakethisexchangeistorunkernelsinthedevicestocopytheappropriatesubregionsof
theoutputarraysintotemporaryarrays(tmpupandtmpdown)andtheninvokeagainthese
kernelsintheotherdevices,thistimeinordertocopyoutthedatafromthetemporariesto
theghostregion.NoticehowtheautomaticcoherencyprovidedbyHPLforarraysmakes
itunnecessarytospecifythemovementofdatabetweendevices.Forexample,afterwriting
tmpupinthedevicej-1,usingitasinputinthekernelrunindevicejautomaticallycopies
theArraytothatdevicesothatthekernelhasacoherentviewofit.
OurGameOfLifeexampleiswrittenusingsubarraysinFig.A.15.Heretheuserisstill

responsibleforcomputingtheregionoftheglobalarraythateachsubarrayhastocover,
thusobtainsizesandtherelatedcontainersfortheassociatedindicesarestillrequired.
However,asingleinputandasingleoutputArrayareneeded.Themainloop(notshown)
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1voidexecandsync(Array<int,2>&inputa,Array<int,2>&outputa,std::vector<Device>&

devices){

2 Rangeallcolumns(0,M−1);

3

4 eval(life).device(devices)(PART1(inputa,1),PART1(outputa,1));

5

6 for(intj=1;j<devices.size();j++){

7 Array<int,2>&lower=outputa.getSubarray(j−1);

8 Array<int,2>&upper=outputa.getSubarray(j);

9 intnrowslower=lower.getDimension(0);

10

11 lower(Range(nrowslower−1),allcolumns)=upper(Range(1),allcolumns);

12 upper(Range(0),allcolumns)=lower(Range(nrowslower−2),allcolumns);

13 }

14}

15

16Array<int,2>win(N,M),wout(N,M);

17std::vector<Devices>devices;

FigureA.16:GameofLifeexamplewrittenwithannotationsandusingmultipleGPUs

isidentical,withtheexceptionofthechangeoftheargumentsofexecandsync,whichuses
thevectorsofintegersssandsewiththelimitsfortheindexingofthearraysinorder
tocorrectlybuildtherequiredsubarrays. Noticethatthesevectorswerealsoneededin
Fig.A.14toknowthesizesofthedifferentArraysandtheirmappingwithrespecttothe
underlyingglobalarrays. ThestructureofthefunctionisthesameasinFig.A.14,but
nowsubarraysareselectedwithintheonlytwoarrays,andcopiesofdatacanbenaturally
performedbymeansofassignmentsbetween(sub)arrays,givingplacetoacleanernotation.
Thefactthatthesesubarraysoverlapdoesnotgiveplacetoincoherenciesintheparentarrays
duetotworeasons.First,whenanewsubarrayisgenerated,itisinternallystoredasa
separateentityinacontainerheldbyitsparentarraysothatitcanbereusedinthefuture.
Second,whentwosubarraysoverlapintheirborders,HPLidentifiestheoverlappedareasas
ghostregions,automaticallyidentifyingwhichistheareaactuallyownedbyeachsubarray
andwhichistheghostregion.Thisway,whentheuserrequeststoobtainacoherentview
ofthearray,eachsubarrayonlyupdatesitsownregionintheparent. Theghostregions
foundinthesubarraysusedineachdeviceareallowedtobeinconsistent,beingtheonlycase
inwhichmanualupdatesarerequiredtomaintaincoherency.Thereasonforthispolicyis
thatifHPLautomaticallystrictlymaintainedthecoherencyoftheghostregions,itwould
havetoexecuteinsequencethekernelsinthefirstloop,aseachoneofthemwritestoarray
positionsreplicatedinanotherdevice.TheArrayAPIprovidesamethodgetSubarraythat
allowstoretrievethei-thsubarraycreatedwithinanarrayfromitsinternalcontainer.Our
examplebenefitsfromthisAPIinthesecondloopofexecandsync,whichavoidsrepeating
thesomewhatmoreverboseindexingsperformedinthefirstloop.
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1voidpartitioner(FRunner&fr,Rangerg[2],Array<int,2>&inputa,Array<int,2>&outputa){

2 fr(inputa(Range(max(0,rg[0].origin−1),min(N−1,rg[0].end+1)),rg[1]),

3 outputa(Range(max(0,rg[0].origin−1),min(N−1,rg[0].end+1)),rg[1]));

4}

5

6voidexecandsync(Array<int,2>&inputa,Array<int,2>&outputa,ExecutionPlan&ep){

7 Rangeallcolumns(0,M−1);

8

9 eval(life).executionPlan(ep)(inputa,outputa);

10

11 for(intj=1;j<ep.getNumDevicesInUse();j++){

12 Array<int,2>&lower=outputa.getSubarray(j−1);

13 Array<int,2>&upper=outputa.getSubarray(j);

14 intnrowslower=lower.getDimension(0);

15

16 lower(Range(nrowslower−1),allcolumns)=upper(Range(1),allcolumns);

17 upper(Range(0),allcolumns)=lower(Range(nrowslower−2),allcolumns);

18 }

19}

20

21Array<int,2>win(N,M),wout(N,M);

22std::vector<Devices>devices;

23 ExecutionPlanep(partitioner,devices);

FigureA.17:GameofLifeexamplewrittenwithexecutionplanandusingmultipleGPUs

AswecanseeinFig.A.16,annotationslargelysimplifytheGameOfLifeexample.It
isnolongerneededtocomputethebeginningandtheendofeachsubarray,andmanual
indexingisonlyrequiredfortheupdateoftheghostregions.Thislatterpartcanalsobenefit
fromthegetSubarrayAPIbecausethepartitioninggeneratesitsassociatedsubarraysinthe
orderinwhichthedevicesarestoredinthevectorprovidedtotheevalthattriggersthe
distributedkernelexecution.
TheversionofGameOfLifebasedonexecutionplansisshowninFig.A.17. The

exchangeofrowsisalmostidenticaltotheoneoftheexamplesbasedonsubarraysand
annotationsinFigs.A.15andA.16,respectively. Theonlydifferenceisthatsincethe
executionplancontainsalltheinformationontheexecutionofthekernel,execandsync
doesnotneedtoreceivethevectorofdevicesinuseasaseparateargument,andthenumber
ofdevices,requiredtoknowthenumberofexchangesneeded,isobtainedfromtheexecution
plan.Thekernelexecutionisautomaticallydistributedinline9betweenthedevicesprovided
totheplanusingthepartitionerinlines1-4.Theexamplealsoillustratesinline23another
convenientwaytobuildanexecutionplan.Thisalternativesplitstheexecutionbetweenthe
devicesspecifiedintheinputvectorofdevicesgivingthesameweighttoeachofthem.The
complexityofthisversionisapparentlyverysimilartotheoneofthecodeinFig.A.15,but
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thisismisleadingbecausenowthefunctionobtainsizes,whosecontentwaselided,isno
longerneeded. Moreimportantly,theuseofanexecutionplanmakesittrivialtoperform
loadbalancingusinganyofthealgorithmsprovidedbyHPL.

AppendixB. Coherenceanddata movement

ThisappendixdescribestheinternalmechanismsusedbyHPLtokeepacoherentviewof
thearraysitmanages.Ourapproachprovidesasingleviewofeacharraytotheprogrammer,
hidingthefactthateacharraycanhaveseveralunderlyingcopies,duetothedistributed
natureoftheacceleratorsandthehostmemory,aswellaspartialcopies,duetotheusage
ofsubarrays,whenthisisthecase. Theonlyexceptiontothissystematicunifiedplain
viewtakesplacewhentheprogrammerselectssubarraysthatpartiallyoverlapalongtheir
borders.Thissituationhappensinkernelswithstencilpatternsthatrequirethereplication
ofneighboringdatainthepieceassignedtoeachdevice,formingwhatisknownasghost
regions. Whenthishappens,HPLdoesnotenforcethestrictcoherencyoftheoverlapped
ghostregionssothatitispossibletoruninparalleltherelatedkernelinseveraldevices,
lettingtheuserinchargeofupdatingtheghostregionswhenneeded,asshowninthedetailed
exampleinAppendixA. Whenthesubarraysarebroughttoamemorythatcontainsthe
wholearray,suchasthemainhostmemory,theuserdoesnotneedtoworryaboutthe
potentiallyincoherentghostregionsbecauseHPLknowswhichistheownedregionofeach
subarrayandthusonlyupdatesit.
HPLprovidestheunifiedviewofarraystothemainthreadoftheapplication,which

orderstheexecutionofthedifferentkernelsandarrayoperations.Althoughtheseactivities
canberuninparallelbecausekernelsarerunasynchronously,i.e.,themainthreaddoes
notwaitforakerneltofinishwhenitordersitsexecution,theuserseestheirexecutionas
ifithappenedinasequentialorder.ThereforeHPLprovidessequentialconsistency[22]to
alltheaccessestoitsarraysinthehostapplication,asitisthesimplestmodeltoreason
aboutparallelprograms. Withrespecttotheinternalmanagementofthecopies,aswewill
seealongthisexplanation,theHPLruntimefollowsamultiple-readers/single-writerpolicy
(MRSW)policy[41]withaninvalidationprotocolonwrites[25]inordertokeepasingle
coherentimage.Alongtheexplanation,thetermsvalidandupdatedwillbeusedtoindicate
thatagivencopyorbufferhasthemostuptodateversionofthedataitisassociatedto. We
willalsousethetermregiontorefertoasetofpositionswithinanarray,typicallyresulting
fromanindexingwithranges.Finally,anarrayissaidtocoveraregionofanotherarray
whenthatsetofpositionsissharedbybotharrays.
Wefirstdescribethemaindatastructuresusedinthealgorithms.Every Arraykeeps

alistofthesubarraysofitthatexistatagivenpointintimecalledsubarrays.Also,all
theArrayshaveafieldparentthatpointstotheirparent,orφiftheyarenotsubarrays,
aswellasthreevectorscalledbuffer,validandchildrenValidthatareindexedwitha
devicenumber.Thefirstvectorprovidesthephysicalbufferassociatedtothatarrayinthat
device.Thesecondoneisabooleanthatindicateswhetherthatbufferhasavalidversion
oftheportionsofthearraynotcoveredbyitschildreninthedevice.Thelastvectorplays
asimilarrole,indicatingwhetheralltheregionscoveredbysubarraysareupdatedinthe
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1 ArrayArray::buildArray(rangesList){
2 tmpArr=subarrays.find(rangesList);
3 if(tmpArr==φ){
4 tmpArr=newSubarray(rangesList);
5 subarrays.add(tmpArr);
6 }else{
7 if(tmpArr.superSet(rangesList)){
8 returntmpArr.buildArray(tmpArr.relative(rangesList));
9 }
10 }
11 returntmpArr;
12}

FigureB.18:Arrayindexingalgorithm

device. Thehostisconsideredforthesakeofthesestructuresasanotherdevice,namely,
theonewithindex0.Thebufferentryinadeviceisφifnosuchbufferexists.
Wenowdescribeinturnthethreebasictop-levelalgorithmsinvolvedinthismechanism:

theidentificationorcreationofasubarray,agenericaccesstoanarray,andfinally,an
assignmentbetweenarrays.ThealgorithminFig.B.18showshowHPLbuildsasubarray
whenanexistingArrayisindexedwithranges.Thisisachievedbythememberfunction
buildArray,belongingtotheArrayclass,whoserangesListinputargumentstoresthe
rangesusedfortheindexing. ThepseudocodeiswritteninaC++style,inwhichclass
memberfunctionsareinvokedonanobjectoftheirclassandtheycandirectlyaccessthe
datamembersoftheobjectsoftheirclass.Asafirststep,thesubarrayscontainerofthe
Arrayissearchedinline2forasubarraythatcoversthisrange.Ifmorethanonesubarray
coveredthisregionthesearchwouldreturnanerror,asportionsofanarraythatarecommon
indifferentsubarrayscanbeindifferentstatesinthesesubarrays.Thetypicalexamplefor
thissituationarestencilcomputations,inwhichtheneighboringregionisreplicatedand
hasdifferentvaluesinthesubarrayusedineachdevice.ThemechanismfollowedinHPLto
avoidthisambiguitywhenaddressingthesecommonregionsistoselectthembyindexingthe
subarrayinwhichweareinterested.ThisallowsinpracticetheHPLsubarraystooverlap,
andthustoenabletheefficientimplementationofstencilcomputations.Ifnosubarray
coversthisregion,asubarraystructureiscreatedandaddedtothelist.Ifasubarraycovers
therangespecifiedbytheuser,itcouldbethecasethatthisrangeisasubarrayinsidea
subarray.Inthiscase,detectedinline7,therangesListisadaptedsothatitsindicesare
relativetothefoundsubarrayandthefunctionbuildArrayisinvokedonthenewparent
array.OtherwisetmpArrrepresentsthesubarrayrequestedbytheuserandisthusreturned
bythefunction.
Wheneveran Arrayisusedinakernel,HPLidentifieswhetherthekernelwillread,

write,orbothreadandwritethedatastructure,aswellasthedevicewherethekernelwill
berun.Similarly,whenanArrayisaccessedinthehost,theAPIknowsthekindofaccess
andthehostisconsideredasanotherdevice.Inbothcases,thememberfunctionaccess,
showninFig.B.19isinvokedontheArraywiththedeviceandaccessmoderequested.
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1 BufferArray::access(device,mode){
2 getBuffer(device);
3 if((mode.isRead()||mode.isReadWrite())&&
4 !(childrenValid[device]&&valid[device])){
5 refresh(device);
6 }
7 if(mode.isWrite()||mode.isReadWrite()){
8 markOnlyOwner(device,true);
9 }
10 returnbuffer[device];
11}

FigureB.19: Mainaccessalgorithm

1voidArray::getBuffer(device){
2 if(buffer[device]==φ){
3 if(parent==φ){
4 buffer[device]=separateBuffer(device);
5 mapExistingChildren(device);
6 }else{
7 if(parent.buffer[device]!=φ){
8 buffer[device]=map(parent,device);
9 }else{
10 buffer[device]=separateBuffer(device);
11 }
12 }
13 }
14}

FigureB.20:Algorithmforbuildingabufferinadevice

TheaimofthisfunctionistopreparetheArrayfortheaccessbythekernelaswellasto
updateitscoherencystate.Thefunctionfollowsthreesteps:itbuildsthephysicalbuffer
forthearrayinthedeviceifitdoesnotexist,itupdatesthebufferwithvalidcontentsifit
isoutdatedandthearrayisgoingtoberead,andfinallyitmarksthecopyinthisdeviceas
theonlyvalidoneforthisarrayifitisgoingtobewritten.Thetrueargumenttofunction
markOnlyOwnerindicatesthatthearrayonwhichitisinvokedisthelevelofarrayhierarchy
wherethewriteoperationtakesplace.ThisfunctionisexplainedlaterinthisSection.
ThegetBufferfunctionthatbuildsthebufferofanArrayinagivendeviceisshown

inFig.B.20.Ifthereisalreadyabufferinthedevice,thereisnoneedtoallocateone.
Otherwise,atoplevelArraywillrequireforsureanactualbufferallocation,whichisachieved
bymeansofseparateBuffer. Thislatterfunctioncheckswhetherthereisspaceforthe
buffer,performingdeallocationsofexistingbuffersifnecessary. Thedeallocationorderis
LRUinordertofavortemporallocality.Inthisprocess,buffersthatweretheonlyvalidcopy
ofa(sub)arraywouldbesavedinthehostbeforetheirdeallocation. WhenaparentArray
isallocatedinadevice,mapExistingChildrenmapsintoitthechildrenArraysthatmight
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1voidArray::refresh(device){
2 if(!valid[device]){
3 for(lastValidDevice=0;(lastValidDevice<NDevices)
4 &&!valid[lastValidDevice];lastValidDevice++);
5 updateNonChildren(lastValidDevice);
6 valid[device]=true;
7 }
8
9 if(!childrenValid[device]){
10 for(s=subarrays.begin();s!=subarrays.end();s++){
11 if(!s.valid[device]||!s.childrenValid[device]){
12 s.refresh(device);
13 }
14 }
15 childrenValid[device]=true;
16 }
17}

FigureB.21:Algorithmforupdatinga(sub)arrayinadevice

alreadyexistinthedeviceinordertofreetheirmemoryandthusoptimizethememory
space.Regardingsubarrays,theywouldbealsoallocatedasaseparatebufferiftheirparent
doesnothaveabufferinthedevice. Otherwisetheywouldbemappedinsidethisbuffer,
thussavingmemoryandfacilitatingcoherency.
Theupdateofabufferwiththecurrentversionofanarrayisperformedbymember

functionrefresh,displayedinFig.B.21.Thisfunctionfirstcheckswhethertheportionsof
thearraynotcoveredbysubarraysarevalidornotinthisdevice.Inthesecondcase,they
areupdatedfromthelastValidDevicedevice,wheretheyhavetheirmostuptodatevalue
bymeansoftheupdateNonchildrenfunction.Inthesecondstep,ifnotallthesubarrays
arevalidinthedevice,ititeratesonthemrefreshingthosethatneeditbymeansofacall
ofthismemberfunctiononthem. Asexplainedatthebeginningofthisappendix,inthe
caseofoverlapsbetweensubarrayseachsubarrayknowswhichistheportionoftheparent
ithastoupdate,thereforeavoidinginconsistencies.
Thelaststeprelatedtothearrayaccessesnotassociatedtoarrayassignmentsisthe

algorithmtomanagethestateofthecopiesduetowriteoperations,showninFig.B.22.
Inthefirststageofthefunction,itinvokesitselfonthesubarraysofthisArrayinor-
dertomarkthecopyinthisdeviceasonlyvalidcopyofthem.Inthesecondstagethe
specifieddeviceismarkedastheonlyvalidsourceforboththeregionsnotcoveredbyany
subarray(validvector)andthosecoveredbythearraysubarrays(childrenValidvec-
tor). Thethirdstageupdatesthestateoftheparentsofthisarray. Thisonlyneedsto
bedoneinthetopmostlevelwherethewriteoperationtakesplace.Forthisreasonitis
onlymadeinthetopmostinvocationofmarkOnlyOwner,whichistheonethatreceivesa
trueistoplevel,astheinvocationstolowerlevelsinline3makeitfalse. Thestate
thatismodifiedcorrespondstothechildrenValidvectorsoftheseancestors,whichare
updatedbypropagateChildrenValidUptoindicatethatnotalltheirchildrenarevalidin

32



1voidArray::markOnlyOwner(device,istoplevel){
2 for(s=subarrays.begin();s!=subarrays.end();s++){
3 s.markOnlyOwner(device,false);
4 }
5
6 for(i=0;i<NDevices;i++){
7 valid[i]=(i==device);
8 childrenValid[i]=(i==device);
9 }
10
11 if(istoplevel){
12 thischild=this;
13 for(p=parent;p!=φ;p=p.parent){
14 p.propagateChildrenValidUp(thischild,device);
15 thischild=p;
16 }
17 }
18}

FigureB.22:Algorithmformarkingadeviceasonlyvalidlocationforanarray

1voidArray::assign(rhsarray){
2 wherelhs=whereLastUsage();
3 whererhs=rhsarray.whereValid(wherelhs);
4 copy(rhsarray,whererhs,this,wherelhs);
5 markOnlyOwner(wherelhs,true);
6}

FigureB.23:Algorithmforarrayassignments

otherdevices,andthattheycouldallbevalidinthisdevice.Thiswouldbethecaseifthe
onlyinvalidchildbeforethisaccesswerethisarray(inthelowestlevel),oritscorresponding
parent(intheupperlevels),ifalsoalltheotherchildrenofthatancestorofthissubarray
werevalidinthisdevice.
Accessestoarraysinthehosthaveatreatmentsimilartothatofkernelsinthedevices.

Namely,whena(sub)arrayisreadorwritteninthehost,theoperationsareanalogousto
thoseofareadorwriteaccessinakernelruninadevice,correspondingly. Thelibrary
knowsthekindofaccessbecausetheinteractionswiththedatatakeplacethroughitsAPI,
asexplainedin[43].
Finally,Fig.B.23summarizesthestepsfollowedforanassignmentbetweenarrays,which

istheothersourceof movementsandcoherencychangesbesideskernelexecutionsand
accessesinthehost.Thememberfunctionassignisinvokedonthearrayinthelefthand
side(lhs)oftheassignment,providingasargumenttherighthandside(rhs)array.Function
whereLastUsagereturnsthedevicewhereanarray,oritsmostrecentlyusedparentarray
wasusedforthelasttime.Thisdeviceisthemostlikelylocationforthenextusageofthe
array,andthusthebestplacewhereitshouldbeupdated.FunctionwhereValidlooksfor
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adevicewhereanarrayhasavalidcopy,startingfromthedeviceprovidedasargumentso
thatithashigherpriorityinthesearch.Ifnodevicehasavalidviewofthewholearray
implied,thisfunctionbuildsavalidcopyintheprioritydevice,updatescorrespondinglythe
validityvectors,andreturnstheassociatedid. Oncewehavedecidedthesourceandthe
targetdevices,copyperformsthedatatransferbetweenthem.Finally,sincethedestination
arrayhasbeenwrittenwithitsmostuptodateversioninthedestinationdevice,itismarked
astheonlyownerofthelhsarraybymeansofthemarkOnlyOwnermemberfunction.
Regardingdatatransfers,HPLcanmaketheminthreedifferentways.First,whenever

thesourceandthedestinationareinthesamedevice,anoptimizedcopykernelisexecuted
inthedevicetocopythedata. Wheninter-devicecommunicationsareneeded,theadaptive
algorithmexplainedin[44]choosesthebeststrategytoperformthecopy. Asmentioned
inSection4.2,thebeststrategycanrelyonusingeithertwotransfersinsequenceusing
atemporarybufferinthehostmemory,orthebuilt-inOpenCLclEnqueueCopyBuffer
function,whichcopiesdatabetweenbuffersinthesameorindifferentdevices.Asshown
in[44],whilesomeacceleratorsfavorthefirstalternative,inothersthesecondstrategyoffers
thebestperformance.
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multi-GPUshallow-watersimulationwithtransportofcontaminants. ConcurrencyandComputation:
PracticeandExperience,25(8):1153–1169,June2013.

[46] R.Xu,X.Tian,S.Chandrasekaran,andB. M.Chapman. Multi-GPUsupportonsinglenodeusing
directive-basedprogrammingmodel.ScientificProgramming,2015:621730:1–621730:15,2015.

36




