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Abstract　Asalargeamountofdataisincreasinglygeneratedfromedgedevices,suchassmarthomes,mobilephones,andwearaＧ

bledevices,itbecomescrucialformanyapplicationstodeploymachinelearningmodesacrossedgedevices．Theexecutionspeedof

thedeployedmodelisakeyelementtoensureservicequality．Consideringahighlyheterogeneousedgedeploymentscenario,deep
learningcompilingisanovelapproachthataimstosolvethisproblem．ItdefinesmodelsusingcertainDSLsandgenerateseffiＧ

cientcodeimplementationsondifferenthardwaredevices．However,therearestilltwoaspectsthatarenotyetthoroughlyinvestiＧ

gatedyet．ThefirstistheoptimizationofmemoryＧintensiveoperations,andthesecondproblemistheheterogeneityofthedeployＧ

menttarget．Tothatend,inthiswork,weproposeasystemsolutionthatoptimizesmemoryＧintensiveoperation,optimizesthe

subgraphdistribution,andenablesthecompilinganddeploymentofDNNmodelsonmultipletargets．Theevaluationresultsshow

theperformanceofourproposedsystem．

Keywords　Memoryoptimization,Deepcompiler,Computationoptimization,Modeldeployment,Edgecomputing
ChineseLibraryClassification　TP３１１．５

　

１　Introduction

Thefastdevelopmentofmachinelearningmodels,espeＧ

ciallydeeplearning(DL)models,hasmadeahugeimpacton

alotoffields,suchastransportation[１],health[２],biology[３],

etc．Asalargeamountofdataisincreasinglygeneratedfrom

edgedevices,suchassmarthomes,mobilephone,andwearaＧ

bledevices,itbecomescrucialformanyapplicationstodeploy
machinelearningmodesacrossedgedevices[４]．

TheexecutionspeedofthedeployedmodelisakeyeleＧ

menttoensureservicequality．Therehasalreadybeenalotof

technologydevelopedforthatpurpose．Vendorlibrariessuch

asMKLandcuBLASprovidehighlyoptimizedcomputation

performanceforspecifichardwarearchitecture[５]．However,

theylacksupportforspecificallycustomizedoperators,and

thisapproachislimitedbyspecifichardware．InahighlyhetＧ

erogeneousedgedeploymentscenario,thisapproachisnotviaＧ

ble．

Deeplearningcompilerisanewapproachthataimsto

solvethisproblem[６]．TheDLcompilerstakethemodeldefiniＧ

tionsdescribedbycertainDSLs,andgenerateefficientcode

implementationsondifferenthardwaredevices．Thisfieldhas

attractedwideinterestfromacademiaandindustry．However,

therearestilltwoaspectsthatarenotyetthoroughlyinvestiＧ

gatedyet．

ThefirstistheoptimizationofmemoryＧintensiveoperaＧ

tions．Indeeplearningcompilers,aDNNisrepresentedasa

computationgraph,whereoperatorsarethenodesinthis

graph．Therearetwotypesofoperations．ThefirstiscompuＧ

tationＧintensive,suchasconvolutions．Theyrequirealotof

computationresources．Theyarethemajorfocusofcurrent

work．TheothertypeismemoryＧintensiveoperations,e．g．,

copyingalargematrixfromsourcetodestination．SuchoperaＧ

tionsdonotinvolvequitecomplexcalculationsbutdoalotof

memoryoperations．Ithasbeenshownthattheseoperations

haveanonＧtrivialimpactontheperformanceofcomputation．

Fig．１showstheratioofmemoryＧintensivecomputation

forfiverepresentativemodelsusedinrealＧlifeproductionon

GPUfortaskssuchasNLP,recommendation,speech,orimＧ

agerecognition．Withanaverageratioof６３％ inexecution

timeand９０％intotalkernelnumbers,memoryＧintensivecomＧ

putationhasalreadybecomeadominatingfactorthatsignifiＧ

cantlyimpactsthetrainingandinferenceefficiencyofmany
recentDNN workloads．Therefore,itiscrucialtooptimize

memoryＧintensiveoperations．

A memoryＧintensivecomputationgraphusuallyconsists

oftensorevenhundredsofoperators．Therearetwolevelsof

dependencies．OperatorＧleveldependencydescribestheoperaＧ

torconnectionrepresentedinasubgraph．ElementＧleveldeＧ

pendencyindicatesthedependencybetweenelementswithin



tensors．ThetwoＧleveldependenciescombined withJIT deＧ

mand makefusion optimization extremely challengingfor

modernmemoryＧintensiveMLmodels．

Fig．１　RatioofmemoryＧintensivecomputations[７]

FacedwiththisproblemonmemoryＧheavyoperations,the

currentdeeplearningcompilerframeworksfacethefollowing
dilemmawhenconductingfusiononthesetwopatterns．The

firstisfusionleadstotheredundantcomputation．Whenthere

areoneＧtoＧmanyelementＧleveldependencies,asinrepeatorreＧ

ductionoperations,whereoneelementgeneratedbytheproＧ

ducerisrequiredbymultipleelementsoftheconsumer(s),

eachthreadoftheconsumerwillindependentlycomputethis

commonelement,causingsignificantcomputationredundancy．

ThesecondproblemistheheterogeneityofthedeployＧ

menttarget．Thecompiledcodecanbedeployedonawide

rangeofhardwareaccelerators．OnepopularchoiceisagraＧ

phicsprocessingunit,orGPU．ItprovidesahugespaceforpaＧ

rallelexecution．Recentlytherearealsoresearchesthatfocus

ontheTensorProcessingUnit(TPU)．ItisanacceleratordeＧ

velopedby Googlespecificallyforneuralnetwork machine

learning[８]．Moreover,edgecomputingisfastgrowing．That

leadstodeploymentonmultiplelightweighttargetforms,inＧ

cludingvirtualmachinesandcontainers,etc．[９]．Duetothe

limited memoryandcomputingresource,such deployment

againrequiresoptimizationatthemodelcompilingphase．

Tothatend,inthiswork,weproposeasystemsolutionＧ

OwlthatenablesendＧtoＧenddeploymentofoptimizedmodels

ondevices．Fig．２showsanoverviewofit．InSec．３,wepreＧ

senttheoptimizationoftwotypicalmemoryＧintensiveopeＧ

rationsinDNN:repeatandreduction．InSec．４,weintroducea

fairsubgraphfusionschemetoaddressthechallengeofcomＧ

putationredundancyＧinefficiencytradeoffposedby memoryＧ

intensiveoperationsincomputationgraphs．InSec．５,weexＧ

plainthevariousaspectsofthemodeldeploymentmodule,

whichlaysthefoundationoftheprevioustwofunctionalities．

ThenoveltyofthisworkistwoＧfold．ThefirstistoproＧ

poseasubgraphfusionschemethatfairlydistributesthedeＧ

ployedsubgraphresourcesinanedgecomputingenvironment,

soastoutilizethemodelcompilingoptimizationtechniques,

notablyfusion,forcomputationswithmemoryＧintensiveopeＧ

rations．ThesecondistoproposeaframeworkthatincorpoＧ

ratestheaforementionedschemewithoptimizationsonthe

performance of memoryＧintensive operators,supported by
modeldeploymentonmultipletargets,includingedgedevices．

Fortherestofthiswork,wefirstbrieflyshowrelatedwork

andthendiscusstheseaspectsindetail．

Fig．２　OverviewoftheproposedOwlframework

２　RelatedWork

WiththedevelopmentoftheInternet,moreandmoredaＧ
taaregeneratedfromdevicessuchasmobilephones,smart
homes,andselfＧdrivingcars．DeepLearninglaysafoundation
forusingalgorithmstoparseandlearndata．Numerousworks
havebeenproposedtoaddressissuessuchastheunstablenetＧ
workenvironmentofedgedevices[１０],reducing bandwidth

usageandnetworkdatatransmissiondelay[１１],andensuring
userprivacysecurity[１２]．Therearealsonewparadigmssuch
asFederatedLearning,whichisadistributeddeeplearning
trainingmethodthataimstobuildpersonalized modelson
edgedevices[１３Ｇ１５]．
２．１　ModelCompilationandOptimization

EachneuralnetworkcanberepresentedasamathematiＧ
calfunction．Duetotheircomplexity,theyareoftenexpressed
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asagraphinsteadofmathematicalnotations．Mostresearch

workandtoolsinthefieldofneuralnetworkaredeveloped

basedonthesegraphs．Formally,theyarecalledcomputation

graphsanddefinedasdirectedgraphs．Eachnoderepresents

eitherinputorcomputation,suchasmultiplication,summaＧ

tion,etc．Theedgesrepresentcallingorderamongnodes．For

example,Fig．３ is a part of the computation graph of

GoogleNet[１６],acomplexneuralnetworkarchitecture．

Fig．３　Anexampleofcomputationgraph:partoftheGoogleNet[１６]

Withtherapiddevelopmentofdeeplearning,deeplearＧ

ningcompilersareintheearlystageofdevelopment．There

aresomepopulardeeplearningcompilersintheindustry．

Apachecomesup with TVM,anendＧtoＧenddeeplearning
compiler．Itiseasilyportableacrosshardwaredevices．Intel’s

opensourcenGraph[１７]supportsefficient memory manageＧ

mentanddatalayoutabstractionacrossseveraldeeplearning
frameworksandhardwareplatforms．Along withthedeep
learningcompilerI mentionedabove,thereare Meta TenＧ

sor[１８],GoogleXLA[１９],Glow[２０],etc．

Compilersincludefrontend,backend,andintermediate

representation(IR),whereIRisresponsibleforoptimizing
betweenthefrontendandbackend．IRdesignisveryimporＧ

tantforcompilers．IRneedstoconsidertheintegrityofcomＧ

pilationfromsourcecodetoobjectcode,easeofcompilation

optimization,andperformance．Google’sMLIR[２１]providesan

infrastructureandspecificationformultiplelayersofIRtofaＧ

cilitatetransformationbetweenIRSandimprovethepossibiliＧ

tyofreusebetween differentcompileroptimizations．The

TVMcompilerwasdevelopedontopoftheoriginalNNVM

IR,supplementedbythesecondＧgenerationIRRelay[２２]．InreＧ

centmonths,Relaxhasbeenproposedasthenextgeneration

ofTVMgraphＧlevelIRtoimprovetheefficiencyandperformＧ

anceofTVMdevelopment．

Theoptimizationofdeep modelinferenceandtheimＧ

provementofneuralnetworkcompilersaretwohotresearch

areasofdeeplearningcompilers．AutoTVM[２３]isanautomatic

optimizationframeworkfortheoperatorlayerofcompiler

TVM．Itusestemplatesearchspacetofindthebestexecution

ofoperatorsontargethardware．Basedonthis,FlexTensor[２４]

andAnsor[２５]reduceoreveneliminatethedependenceontemＧ

platesinsearchandimprovesearchresults．TASO[２６]isa

computinglayeroptimizerthatautomaticallygeneratesgood

performancecalculationsbygeneratingcandidatereplacement

graphsandbacktracking．Theauthorsof[２７]proposetouse

thepolyhedron modeltogeneratehighＧperformance matrix

multiplicationvectorcode．In[２８],theauthordesignedanopＧ

timizationframeworkPET,whichfirstperformspartialequiＧ

valenceoptimizationatthetensor,operatorandgraphlevels,

andthenautomaticallycorrectstheresultstocompleteequivaＧ

lencebylookingforeffectiveopportunitiespreviouslylostin

partialequivalencetransformation．

２．２　ModelDeployment

Mostexistingmachinelearningframeworks,suchasTenＧ

sorFlowandCaffe,focusontraininganalysismodels．DeployＧ

mentofservicesisclosetotheideaofmodelservices．The

Clipper[２９]servicesystemisusedforMLmodelＧbasedpredicＧ

tion,selectingthemodelwiththeleastdelayfromthemodels

onmultipleMLframeworks．Itenablesuserstoaccessmodels

basedonmultiplemachinelearningframeworks．Thesemodels

areimplementedascontainers．

TensorFlowServing[３０]isamuchbettermodelexecution

frameworkthanClipper．ThismodelcanbedeployedasaconＧ

tainercontainingTensorFlowtoprovidepredictiverequests．

SinceourworkonZoowaspublished,severalmicroservicedeＧ

ploymentsystems,suchasSeldon,havebeendeveloped．It

usesDockertodeploythemodel．SeldondefinesinferencediaＧ

gramsbasedonthemodel,andthendeploysthesediagramsin

adeploymentorproductionenvironmentusingthecontainer

orchestrationsystemKubernetes．

TensorFlowServing[３０]ismorefocusedonusingTensorＧ

FlowitselfasthemodelexecutionframeworkthanClipper．

ThemodelcanbedeployedasacontainercontainingTensorＧ

Flowtoprovideforecastrequests．TherearesomemicroＧserＧ

vicedeploymentsystems,suchasSeldon[３１]．SeldondefinesinＧ

ferencediagramsbasedonthemodel,andthenusestheconＧ

tainerorchestrationsystem KubernetestodeploythesediaＧ

gramsinadeploymentorproductionenvironment．

MachinelearninginferenceservicesareoftenlatencycriＧ

tical,andtheautomaticscalingcapabilitiesofserverlesscomＧ

５PengXU,etal．:OptimizationandDeploymentofMemoryＧIntensiveOperationsinDeepLearningModelonEdge



putingcanhandleburstworkloadswell．Yangetal．presented

asolutioncalledINFLess[３２],whichreducesresourceallocaＧ

tionforeachserverlessinstanceinordertoachievethebest

performancefortheinferenceservice．

３　OptimizationofMemoryＧintensiveOperations

Inthecomputinggraph,resourceＧintensiveoperationscan

bedividedintocomputationＧintensiveoperationsandmemoryＧ

intensiveoperations．TheformerhasbeenthemaintopicofreＧ

searchinthepastfewyears,suchasbetterutilizationofthe

parallelcomputing mechanism providedbyhardwaretoimＧ

provecomputingefficiencyandsoon．Buttheimportanceof

thelatterisonlybeginningtoberecognized．Inthissection,

wepresentoptimizationsoftwomemoryＧintensiveoperations:

reductionandrepeat．

３．１　ReductionOperations

ReductionoperationsareanimportantgroupofoperaＧ

tionsincomputing．Reductionoperationssuchassumandmax

accumulatevaluesalongaparticularaxisbyaparticularfuncＧ

tioninannＧdimensionalarray (ndarray)．Forexample,as

showninFig．４,amatrixcanbereducedtoavectorintherow

dimension．Ifthesumoperationisused,theresultcanbethe

sumofalltheelements．Ifthemaxoperationisused,thereＧ

sultcanbethemaximumvalueofthoseelements．Reduction

operationsareoneofthekeyoperationsofadvancedapplicaＧ

tions．Forexample,sumisusedtoimplementtheBatchNorＧ

malizationneuronsthatareoftenusedinDNN．

Fig．４　Exampleofthesumreductionoperations

Reductionoperationsfollowsimilarpatterns,whichlead

tosimilardesignchoicesthatcanbesummarizedintoseveral

patterns．Inmostcasesofthesetemplates,weonlyneedtodeＧ

finethesummationfunctionFN．

Thereductionoperationusuallyrequiresaspecifiedaxis．

OneofthechallengeswefacedisthemultiＧaxisreduction．A

simpleimplementationistorepeattheoperationalongone

axisforeachaxisspecified,andthenrepeattheprocessonthe

nextaxis．However,eachuniaxialreductionrequiresadditional

temporarymemorytostoreintermediateresults．InapplicaＧ

tionsthatmakeheavyuseofreductionoperations,suchas

DNN,theinefficiencyofreductionoperationsbecomesameＧ

moryandperformancebottleneck．

InasingleＧaxisreductionalgorithm,thesourcendarrayx
needstobecompressedintoasmallertargetndarrayy．SupＧ

posethedimensiontobereducedisofsizea,andthetotal

numberofelementsinxisn．Thebasicideaistoiterateover

theirelementsonebyone,buttheindexinykeepsreturning

to０whenitreachesa
n －１．Wemodifiedtheproceduresothat

theindexinyiteratesrepeatedlyonagivenaxis,allusingan

intermediatememory．

Anoptimizationsteppriortothisalgorithmistomerge

adjacentaxes．Forexample,ifandarrayofshape(３,４,５,６)is

tobereducedalongthesecondandthirdaxis,itcanbesimpliＧ

fiedtothendarrayoftheshape(３,２０,６)．TheproposedalgoＧ

rithmisshownasbelow．

Algorithm１　Revised MultiＧaxesreductiononnＧdimenional

array
Input:sourcearrayx,shapeofx

Output:targetarrayywithreductionresults

Initialize:

１．cnt＝０;ndim＝length(shape)

２．innersize＝x_shape[ndimＧ１]

３．loopsize＝x_shape[ndimＧ２]

４．computestridesaccordingtoshape

５．forix＝０toNdo

６． fork＝０toinnersizedo

７． accumulatex[ix＋k]toy[k]

８． endfor

９． ix＋＝innersize;cnt＋＋;

１０．　ifcnt＝＝loopsizedo

１１．　　iy＝０;cnt＝０;

１２．　　intiterindex＝ix;intpre_iteridx＝ix;

１３．　　fori＝ndim －１downto０do

１４．　　　iterindex/＝shape[i];

１５．　　　residual＝pre_iteridxＧiterindex∗ x_shape[i];

１６．　　　iy＋＝residual∗strides[i];

１７．　　　pre_iteridx＝iterindex;

１８．　　endfor

１９．　endif

２０．endfor

Thecomplexityoftheexistingreductionalgorithmis

O(HMN),whereMisthenumberofslices,Nisthesource

arrayx’sslicesize,andHisthenumberofaxes．Comparedto

that,ourproposedalgorithm’complexityisO(NI),whereIis

thenumberofinnerslicesizes．

３．２　RepeatOperations

Therepeatoperationrepeatselementsofandarrayalong
eachaxisforspecifiedtimes．Forexample,avectorofshape
(３,４)canbeexpandedtoshape(６,４)ifrepeatedalongthe

firstaxis,or(３,８)alongthesecondaxis．Fig．５showsanexamＧ

pleofthis．ItconsistsofinternalrepetitionsandexternalrepeＧ

titions(or “tile”)．Theformerrepeatstheelementsofthe
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inputndarray,whilethelatterconstructsandarraybyrepeaＧ

tingtheentireinputndarrayaspecifiednumberoftimesalong
eachaxis．

Fig．５　Exampleoftherepeatoperation

RepeatisanotheroperationthatisoftenusedinDNN,

especiallyforimplementingtheUpSamplingandBatchNorＧ

malisationneurons[３３]．Reductionoperationsreducetheinput

ndarray,whilerepeatoperationsexpandtheinputndarray．

Both operationsrequire memory managementratherthan

complexcomputation．

Eachrepeatoperationalonganaxisrequiresthecreation

ofadditionalmemoryspacefortheintermediateresult．Thus,

similartothereductionfunction,toperformmultiＧaxisrepetiＧ

tion,usingtheexistingoperationonlyafewtimeswillcausea

memorybottleneckfortheentireapplication．ForthispurＧ

pose,weimplementthemultiＧaxisrepeatoperation．

Theoptimizationsweuseinouralgorithmfollowtwo

patterns．ThefirstapproachistoprovidemultipleimplemenＧ

tationsfordifferentinputs．Forexample,ifweonlyuseone

axisoronlyrepeatthehighestdimension,aspecificimplemenＧ

tationforthatcasewouldbemuchfasterthanageneralsoluＧ

tion．

ThesecondapproachistoreducethecreationofintermeＧ

diatememory．ArepeatalgorithmissimilartoareverseofreＧ

duction:itrequiresexpandingthesourcendarrayxintoalarＧ

gerdestination ndarrayy．Using elementsthatrepeatas

blocks,therepeatoperationcopieselementsfromxtoyblock

byblock．Theindicesinbothndarraysmovebyastepofblock

size,butwithdifferentperiods．

Inthemodifiedimplementation,theintermediatememory
iscreatedonlyonce,andalliterationcyclesalongdifferent

axesarecompletedinthesamememory．Specifically,wedefine

htobethehighestnonＧoneＧrepeatdimension,copythe HD

dimensionfrom sourcendarraytotargetndarray,andthen

copythelowerdimensionswithintargetndarray．

４　FairSubgraphFusionwithMemoryＧIntensiveOpＧ
erations

　　BasedontheoperatoroptimizationintheprevioussecＧ

tion,weproposeadecentralizedsubgraphfusionframework

thatdistributesproperfusionresourcesamongdifferentdeＧ

ployedsubgraphs,while keepingthefairness ofresource

usage．We modelthisproblem asacooperativebargaining

game(CBG)followingthatin[３４]．Inthissection,wefirst

presentthedesignofthisgameandexplaintheutilityfunction

usedinthisgame．Thenotationfrequentlyusedinthisworkis

showninTable１．

Table１　Notations

Notation Meaning
N Numberofdevicesinsystem
K Numberofsubgraphs
Ui Utilityfunctionofdevicei
di Disagreementvalueofdevicei
r Iterativeupdaterounds

μ StepsizeinsubＧgradientmethod
S Subgraphdistributionmatrix
F possibleutilityvalues

４．１　GameDesign

Thecooperativebargaininggameisanimportantmodelin

thecooperativegametheory．Initiallythisgameanalysistwo

players．Theycooperateinacertaintask,getsomereward

suchasmoney,andtheneachinturndemandsaportionofit．

Iftheproposalssumuptoavaluethatislessthanthetotal

availablereward,bothplayersgetwhattheydemanded．OtherＧ

wise,bothgetonlypreviouslyagreeddisagreementvalue,

whichaddsuptolessthanthetotalvalue,asreturn．Each

playerproposesaccordingtocertainutility．

Inthiswork,wemodelthesubgraphfusionproblemin

distributedmodelcompilationasacooperativegame．Inthis

framework,theparticipatingedgenodesprovideextrasubＧ

graphthattheyarewillingtosharewithothersforfusionopＧ

erationsinasubgraph．A nodeselectsacertainamountof

subgraphfromeachcategoryaccordingtoitslocalpreference．

Forexample,anodeismorewillingtosharetheclassofsubＧ

graphthatisinasurpluslocally．Asatarget,allparticipating
nodesaimtoenableasmuchfusionaspossible,thoughthetoＧ

talavailableshareablesubgraphsarelimited．DuringtheredisＧ

tributionprocess,eachparticipatingnodevitriestoselfishly
maximizeitsownutilityUi．Bylettingeachparticipatingnode

achieveitsmaximalutility,thesystemcangetthemostfrom

thedistributionprocess．

Iftheedgenodescannotreachanagreementonhowto

distributesubgraphs,theyfallbacktothedefaultdisagreeＧ

mentvaluedi,whichisnodei’sutilitybeforedistribution．It

meansthatallnodesneedtoachievebetterutilityorstaythe

sameviaparticipatinginthisgame．

Formally,wedefineabargaininggameasaset(F,D)．

HereF∈ℝNisafeasibilitysetthatcontainsthepossibleutiＧ

lityvalues,andD∈ℝNisthesetofinitiallydecideddisagreeＧ

mentvalues．TosolvetheCBG,weusetheNashBargaining
Solution(NBS)．

Definition１　asetofrewards (U∗
１ ,U∗

２ ,􀆺,U∗
N )isa
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NBSoftheCBGproblemifitisthesolutiontotheoptimizaＧ

tionproblem:

maximise∏
N

i＝１
(Ui－di)

NBSsatisfiesaseriesofaxioms．Mostimportantly,it

guaranteesparetooptimality,whichmeansthattheoutcomeof

anyplayercannotbefurtherimprovedwithoutdamagingthe

utilitiesoftheothers．Besides,itisinvarianttoequivalentutiＧ

lityrepresentations．Ifweapplyatransformationthatkeeps

thesameorderingpreference,e．g．,lineartransformation,on

theutilityfunction,theoutcomeofthebargainingsolution

shouldnotchange．Thesepropertiesprovidegoodflexibilityto

theframework．

Theoptimizationproblemabove,canbesimplifiedbyapＧ

plyinglogarithm operationonbothsidesoftheequation．

Therefore,thefinalminimizingtargetbecomes:

－∑
N

i＝１
log(Ui－di)

４．２　CentralizedSolution

Westartfromacommoncentralizedsetting,wherethere

isanedgeserverthathasaccesstotheinformationofallthe

participatingnodes,andisfullyinchargeofsolvingtheoptiＧ

mizationproblem．

Foreachnode,theutilityisdefinedasanarrayminS＝
(s１,s２,􀆺,sN)．TherecanbemultiplepossibledefinitionsofU
(si)(abbreviatedasUi)．Combiningtheutilitydefinitionand

theproblemdefinition,theoptimizationproblemis:

min∑
N

i＝１
－log(Ui－di)

s．t．si,k≤０,

∑
N

i＝１
si,k≤Tk

Heretheconstraintsare∀i∈[１,N],∀k∈[１,K]．The

firstmeansthateachelementintheoptimizeddistribution

vectorsshouldbenonＧnegative,sincenegativevaluemeansa

participanthastosharethepartofsubgraphitdoesnotintend

toshare．Thesecondconstraint meansthatthesubgraph

amountofonegivencategoryinthesystemTkshouldremain

thesameafterdistribution．

ThisoptimizationisanIntegerProgrammingproblem．

Thesolutionrequirementcanberelaxedbyallowingelements

distributionmatrixStobenonＧnegativefloatnumbers．We

onlyneedtoroundtheoptimizationresultstointegerslater．

ThesolversystemhasNKvariables．ForapracticaledgedeＧ

ploymentsystem,|N|canbeaverylargenumber．ThisreＧ

quiresalotofcomputation,whichiswhyadecentralizedsoluＧ

tionisrequired．

４．３　DecentralizedSolution

Inthispart,wederiveadecentralizedsolutionfortheopＧ

timizationproblemduetothecomputationcomplexityandthe

fitfordistributededgedeploymentenvironment．Hereeach

nodesolvesanoptimizationsubＧproblem,withoutcaringabout

thesolutionofothernodes．Andtogether,theycansomehow

reachtheoveralloptimizationtarget．

Followingthisapproach,wecan makeeachnodevito

solvepartoftheproblem ofminimizing －log(Ui －di),

wheresi,k≥０．OneproblemliesinthatsubＧproblemsarecouＧ

pledbythesecondconstraint,sinceitinvolvesallsi,otherwise

allthesubＧproblemscanbeseparatelysolvedbyeachnode．

Torelaxthisconstraint,weapplytheLagrangiandual

decomposition．Specifically,weformthepartialLagrangianL:

ℝNK →ℝ:

L(S,λ)＝∑
N

i＝１
－log(U(si)Ｇdi)＋∑

K

k＝i
λk(∑

N

i＝１
si,k－Tk)

＝∑
N

i＝１
－log(Ui－di)＋∑

K

k＝１
λksi,k( ) －∑

K

k＝１
λkTk

Hereλk＞０,∀k∈[１,K],andλistheLagrangianmultiＧ

plier．Insolvingthisproblem,theextraitem ∑
K

k＝１
λkTk atthe

end,whichdoesnotaffecttheoptimizationofs,canbereＧ

moved．Therefore,thisequation can beseparatedinto N

parts,eachindependentfromtheothers．ItcontainstwocomＧ

ponents．Theformerpartisthesameasthatintheequationin

theprevioussection,andthelatteronecontainsavariantof

thesecondconstraint,multipliedbytheLagrangian multipＧ

lier．WecanseethedualfunctionL(S,λ)asonethatcontains

variableλ,withSfixed．Sinceλ􀳪０,and ∑
N

i＝１
si,k－Ti≤０,∀k,

thesolutiontothisproblemconstitutesalowerboundtothe

originaloptimizationproblem．ThetargetofsolvingthisproＧ

blemthusistofindingtheproperλparametersthatminimizes

thedifferencebetweenthedualfunctionandtheoriginalfuncＧ

tion．

Toachievethatpurpose,thesubＧgradientoptimization

methodisused．Itisaniterativemethodforsolvingconvex

optimizationproblemsusingsubＧgradients．AsubＧgradientof

aconvexfunctionfatx０isanyvinthedomainoffsothat:

f(x)－f(x０)≥vT(x－x０),∀x∈dom(f)

HereasubＧgradientofthedualfunctioniscalculatedas

∑
N

i＝１
si,k －Tk．Therefore,insolvingtheproblemeachnodevi

findss∗
i thatminimize:

gi(si,λ)＝∑
N

i＝１
(－log(Ui－di)＋∑

K

k＝１
λksi,k)

５　DeploymentofCompiledModel

AnotherchallengeinconductingmachineＧlearningＧbased

dataanalyticsonedgedevicesisthedeploymentofcompiled

machinelearning models．ItisakeytopicinedgecompuＧ

ting[３５]．Inthissection,weintroducehowoursystemsupＧ

portsthedeploymentofcompiledmodelsondifferentbackＧ

ends,basedontheworkin[３６]．ItshouldbenotedthatdeＧ

ploymentisnotlimitedtoedgedevices,butcanalsobeon

cloudserverswheretheacceleratorsenablehighperformance．
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５．１　DeploymentBackends

Withthefastdevelopmentofedgetechnologies,thereexＧ

istvarioustypesofdeploymentbackends．Onekeyprincipleis

tosupportmultipledeploymentmethods．Acommontypeis

hardwareacceleratorssuchasGPUandTPU．Compilerssuch

asTVMtargetattheseaccelerators,anddevelopfeatureso

thattheimplementationcanbenefitfromthepowerofparallel

computationetc．providedbythesedevices,suchasSIMDvecＧ

torization,multiＧcore,cache．

However,despitethesuperb modelinferenceperformＧ

ance,onedrawbackofthisapproachisthattheusersneedto

takeaverylongtime,hours,sometimesdays,totrainasingle

modelonaspecificplatform．Consideringthehugenumberof

edgedevicesoftendeployedinrealworldapplications,thisapＧ

proachisoftennotpractical．

Instead,werecognizethebenefitofusingportabletechＧ

nologies．Recently,containerssuchasDockerasalightweight

virtualizationtechnologyhavegained wideapplication．Itis

usedindeploymentsystemssuchasKubernetes．Deploying
modelsasDockercontainerswilleffectivelyreducethecostof

reＧtraining．

Besidescontainer,virtualmachineisanotherchoiceas

targets．ThecommonvirtualmachinetoolssuchasVMWare

arenotsuitabletobedeployedonedgedeviceswithlimited

resources．Insuchcase,UnikernelisabetterchoiceasVM

manager．Itbuildssmallvirtualmachineswithaspecialized

minimaloperatingsystemthathostsonlyonemodelandappliＧ

cation．Thesespecializedapplicationscanthenbedeployedon

edgedevices．Specifically,weexploreMirageOS,anunikernel

system．DeployingtoUnikernelhasprovedtobeoflow meＧ

moryfootprint,andthusisquitesuitableforresourceＧlimited

edgedevices．

AnotherexecutiontargetisJavaScript．UsingJavaScript

toperformdataanalyticsatthewebendhasbeguntoattract

interestfromacademiaandindustry．TensorFlow．jshasdemＧ

onstratedthepossibilityofdefiningneuralnetworkmodelson

webendandperformsinferenceonthewebend．Facebookhas

developedReason,apopularlanguagethatcompilesitscode

intoJavaScript．Techniquessuch as WebAssembly ensure

goodperformanceofsuchwebＧendmodels．ByexportingmaＧ

chinelearningmodelstoJavaScriptcode,wecandocomplex

computationsonwebbrowser,withoutrelyingonotherdeＧ

pendenciessuch asthirdＧpartylibraries．Furthermore,the

JavaScriptcodecanalsobeexportedtoedgedevicesasalightＧ

weightbackend．

５．２　NamingofModels

Oneimportantaspectofdeploymentofcompiled ML

modelsisversioncontrol．AcommonpracticeofthemodeldeＧ

velopersistokeep modifying,compiling,anddeploytheir

modelsonedgesuntilitreachesasuitablestatus．Assuch,itis

crucialforeachversionofamodeltobeassignedauniqueID

soastobewellmanaged．

Thenamingschemeofamodelis:id/[vid|latest]/pin．To

accessamodel,userscaneitherchooseaspecificversionid,or

tousethenewestversion(“latest”)inthelocalmodelreposiＧ

tory．

ItiseasytoseethatusingthisoptionwouldleadtoinＧ

consistencyamongedgedevices:thenewestversionofmodels

ononedevice mightnotbesoontheother;thedeveloper

mighthavealreadyuploadedarevisedmodel．

Togetthenewestversionofmodelfromtheserver,the

downloadtimeofthecurrentversionofmodelonalocaldeＧ

viceissaved．IfthelatestsymbolissetinthemodelID,the

newestmodelonthemodelserverwillbedownloadedtothe

localrepositoryafteracertainamountoftime．Inaproduction

edgedeploymentscenario,itisadvisedthateachmodelcontain

aspecificmodelversionidusinghash;thelatestsymbolis

moresuitabletobeusedinMLmodeldevelopment．Besides,

thepinpartinthemodelIDindicatesifthemodeliffinalized

anditscompilinganddeploymentconfigurationshouldbe

saved．Oncethenamingconventionisfixed,userscancontriＧ

butenewlycreatedmodelstothemodelrepositoriessothatit

canbeaccessedbyothers．

６　Evaluation

Inthissectionweevaluatedtheproposedmethod,focuＧ

singontwoaspects:theperformanceof memoryＧintensive

computationsincompiledmodels,andtheperformanceofdeＧ

ployedmodelsonvariousdeploymenttargets．

６．１　Setup
FortheperformancemeasurementsofmemoryＧintensive

operations,weusevariousinputsizesandthenmeasurethe

executiontimeandmemoryusage．Wefocusonedgedevices

fortheevaluationandusethesingleＧboardcomputerRaspberＧ

ryPi４(rpi４)astheevaluationhardware．Ithasa６４ＧbitquadＧ

coreCortexＧA７２CPUof１．５GHz．Itrepresentsatypicaledge

devicedeployedinourapplicationscenario．Onthesoftware

side,weuseversion１．１６ofNumPy,andversion１．０ofJulia

asacomparison．BotharestateＧofＧtheＧartnumericalcomputaＧ

tiontools．

Next,wecomparetheperformanceofdifferentdeployＧ

mentbackendsweuse．Specifically,weobservetwotypesof

typicaloperations:mapandreductionoperationsonndarray．

Ourcompilercanproducetwokindsofexecutables:bytecode

andnative．Nativeexecutablesarecompiledspecificallyfor

certainarchitecturesandoftenrunfaster,whiletheadvantage

ofbytecodeexecutablesisportable．A Dockercontainercan

adapttobothchoices．Besides,wealsocomparetheperformＧ

anceofthesamecomputationdeployedasJavaScriptandvirＧ

tualmachineMirage．
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６．２　MemoryＧIntensiveEvaluations

Tomeasuretheperformance,wecomparethecopyoperaＧ
tioninoursystem,NumPy,Julia,andCprogram．Here“Owl”

indicatesourproposed method．FortheCprogram,weuse
memcpy．ThecompilingflagsinCandOwlaresettothesame
level３optimization．TheinputisavectorofsingleＧprecision
floatnumbersthatgraduallyincreaseinsize．TheinitialcomＧ

parisonresultsareshowninFig．６．Theexperimentalresults
showthatCprogramrunsthefastest,andOwlandNumPy
arequiteclosetoCprogram．Thecopytimegrowslinearly
withinputsize．TheJuliaimplementationofcopythough
showslargevariation．Copyoperation,unlikethecalculationＧ
heavysinoperation,etc．,isnotlimitedbycomputation,and
thusnotverylikelytobeimprovedtoomuchaboveClanＧ

guage．

Fig．６　Measureperformanceofcopyoperationsonvariousplatforms

Becausetherearemultipleaxesinvolved,weuseafourＧ
dimensionalfloatingnumberndarrayasinputtoevaluatethe
reduction operation．Allfour dimensions have the same
length．WemeasurethepeakmemoryusageasthelengthinＧ
crease,eachforaxisequalsto０,１,andboth０and２dimenＧ
sions．Theresultsoftheevaluationcompared with NumPy
andJuliaareshowninFig．７．Experimentalresultsshowthat
thememoryusageoftheproposedalgorithm,measuredona
singleaxis０,islowerthanthatofNumPyandJulia．

(a)executionspeed

(b)memoryusage

Fig．７　Measureperformanceofsumreductionoperationsonvarious

platforms

TheevaluationofrepeatoperationissimilartothatofreＧ

ductionoperations．WeuseafourＧdimensionalndarraymade

upoffloatingＧpointnumbersasinput．Allfourdimensions

havethesamelength．Wemeasurethespeedwithincreasing
length,therepetitiontimesissetto２onalldimensions．The

evaluationresultscomparedwithNumPyandJuliaondiffeＧ

rentdevicesareshowninFig．８．

Fig．８　ComparingtheperformanceofrepeatoperationwithNumPy

andJulia,ondesktop

Theevaluationsareperformedonbothdesktopandedge

deviceRaspberryPi．Inbothcases,therepetitiveoperationperＧ

formanceintheproposedsystemissuperiortotheothertwo

libraries,NumPyandJulia．Julia’sperformanceismuchsloＧ

wer;thereasonisthatitsimplementationisnotinnativeＧC,

anditsmultiＧaxesrepeatoperationsarecompoundedbysinＧ

gleＧaxisones．

WealsomeasurethepeakmemoryusageshowninFig．９．

Asyoucansee,inNumPy,repeatoperationsareabouthalfas

effectiveinbothexecutionspeedandmemoryusage．InconＧ

trasttothisimplementation,themultiＧaxisrepeatsoperation

inNumPyisachievedbyrunningmultiplesingleＧaxisrepeat,

andthusislessefficientinbothmemoryusageandexecution

speed．

Fig．９　Repeatoperationmemoryusagecomparison

TherepeatoperationinJuliaismuchslowerthaninthe

othertwo．OnereasonisthatrepeatoperationisnotacompuＧ

tationＧintensiveoperation,sotheoptimizationtechniquessuch

asstaticcompilationandvectorizationareoflessimportance

thantheothermethods．Anotherreasonisthatthisoperation

isimplementedinpureJuliaratherthantheefficientCcode．

６．３　ModelDeployment

Next,wecomparetheperformanceofcomputationondifＧ

ferentdeploymentbackends;weusethewidelyusedmapand

reduction(or “fold”)operationsonndarrayasthebenchＧ

mark．Backendsincludenative,bytecode,JavaScript,andvirＧ
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tualmachine．Weusesimplefunctionssuchasmultiplication

on１Ｇdimensional(size ＜１０００)and２Ｇdimensionalarrays．
Fig．１０showstherelationshipbetweenthetotalsizeofndarＧ

rayandtheexecutiontime;whenprojectedtologscale,thereＧ
lationshipkeepslinear．

(a)

(b)

Fig．１０　Performanceof(a)mapand(b)foldoperationsonvarious

deploymentbackends．

Forbothoperations,ourproposeddeploymentmethodis
fasterthanthebaseversion,andnativeexecutablesoutperＧ

formbytecodeones．TheperformanceofMirageexecutablesis
closetothatofnativecode．Generally,JavaScriptrunsthesloＧ

west,butnotehowtheperformancegapbetweenJavaScript
andtheothersconvergeswhenthendarraysizegrows．Forthe
foldoperation,JavaScriptevenrunsfasterthanbytecodewhen

theinputsizeissufficientlylarge．ThesameevaluationexperiＧ
mentsarealsoconductedonedgedevices．Despitethatthe

performanceismuchslowerthanthatonthelaptopmachine,

theresultsaresimilar．

Conclusion　Inthiswork,werecognizetwoissuesthat
arenotwelladdressedyetinthepreviousworkaboutthedeep
modelcompilation:optimizationof memoryＧintensiveoperaＧ
tionsandthedeploymentofmodelsonvarioustargets．We

haveproposedaframeworksolutiontoaddressthem,incluＧ
dingoperationoptimization,subgraphfusiondistribution,and
systemdeploymentmodules．Theevaluationresultsshowthe

goodperformanceofourproposedsolution．
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