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Abstract—Inrecentyears,AIinferencehasseenwidespread
adoptionacrossieldslikeinanceandhealthcare,drivingsig-
niicantdemandforhigh-performingapplications.Thisdemand
bringsaboutacomplexrelationshipbetweeninferenceappli-
cationtypes,suchasreal-timeapplications,andtheirspeciic
servicelevelobjectives(SLOs),liketail-latency.Tail-latencyis
ametricrequiringadeinedpercentageofrequeststomeeta
maximumresponsetime,whichiscrucialforapplicationswhere
delayscanimpactuserexperienceordecision-making.This
dependencycreatesachallengingresearchprobleminscheduling
inferenceworkloads.Thecorequestionbecomes:Howcanwe
deployAIworkloadsinawaythatminimizesSLOviolations?
Speciically, we workedonreal-timeapplicationsthatre-

quiretail-latencyguarantees.Toaddressthis,wedevelopeda
tail-latency-awareschedulerdesignedforresource-constrained
devices. Ourscheduleremploysadvanced machinelearning
techniquestooptimizetaskplacement,aimingtominimizeSLO
violationsandenhanceperformanceforlatency-sensitiveappli-
cations.Wehavedevelopedandintegratedourcustomscheduler
intoKubernetes,whichoperatesonaspeciallyconiguredcluster
designedtotestitsperformance.Thisclusterfeaturesdiverse
computingcapabilities,enablingacomprehensiveevaluationof
thescheduler’seffectiveness.Theexperimentalresultshighlight
thatourproposedscheduleroutperformsthenativeKubernetes
schedulerintermsofeficiency.
IndexTerms—Cloud-Edge-Computing-Continuum,Schedul-

ing,Kubernetes

I.INTRODUCTION

Therapidadoptionofmachinelearning(ML)inference
acrossdiversedomains—suchashealthcare[1]andinance
[2]—hassigniicantlyincreasedthedemandforrobustin-
ferenceservices,particularlywithincloudinfrastructure.In
fact,inferencenowconstitutes morethan90%of AWS
infrastructurecosts1,andplatformslikeFacebookperform
tensoftrillionsofinferencesdaily[3][4].However,running
theseworkloadssolelyinthecloudintroduceslatencyanddata
privacychallenges,creatingobstaclesforindustrialverticals
thatrequirehighdataratesand/orlowlatency.Incontrast,
deployinginferenceservicesclosertotheuserattheedge
signiicantlyenhancesdataprivacyandimprovestheuser
experience.Thus,toaddresstheseissues,computationhas
beenextendedtoedgedevicesandtheInternetofThings
(IoT),positioninginferencetasksclosertoendusers.This
shift minimizescommunicationdelaysandenhancesdata
privacy.Consequently,deployinginferencetaskshasbeen
extendedacrosstheentirecontinuum—fromcloudtoedge

1https://d1.awsstatic.com/events/reinvent/2019/REPEAT1Deliverhigh
performanceML inferencewithAWSInferentiaCMP324-R1.pdf

toIoT—requiringdiverseServiceLevelObjectives(SLOs),
suchaslatency,throughput,andenergyeficiencyatdifferent
levelsofthecontinuum.TheseSLOrequirementscreate
achallengingschedulingproblem.Thisproblemhasbeen
tackledbythestate-of-the-art[5]–[10]usingvarious AI-
basedschedulersaimedatplacingtasksonoptimalnodes
to minimizeSLOviolations.Incontrast,andtothebest
ofourknowledge,thesestudieshavenotfullyconsidered
animportantaspectofinferenceworkloads.Speciically,AI
modelcharacteristicswhichimpactfactorssuchaslatency
andenergy.Thesefactorsarecriticalforreal-timeapplications
whereresponsivenessisessential.Toovercomethisgap,we
haveproposedanewframeworkthatconsidersbothAImodel
featuresandhardwareproilestoaccountfortheenvironment
state.Wehypothesizethatthiscombinationwillleadtobetter
schedulingdecisions. Moreover,weprioritizetail-latencyas
atargetmetricforourAI-basedschedulingdecision,asit
representsthe”worst-case”performanceforahighpercentage
ofqueries,typicallyatthe90thor99thpercentile[11].

Insummary,ourworkfocusesonreal-timeapplications
deployedonresource-constraineddeviceswithheterogeneous
computingcharacteristics(e.g.,edgeandIoT),emphasizing
tail-latencyasthekeyperformancemetric(KPM).Theresult
isatail-latency-awareschedulerthatpredictstail-latency
basedon modelandhardwarecharacteristics,optimizing
inferencetaskplacementinthesecomplexenvironments.Our
frameworkisstructuredasfollows.

• FrameworkDesign:Wedevelopedatwo-stageframe-
workwithonlineandoflinephases,supplementedby
amonitoringsystemtocollectreal-timedataonmodel
performanceandhardwarestatus.

• AI-DrivenScoringFunction:Attheschedulinglevel,
weintroduceascoringfunctionthatuses AI-based
regressionmodelstopredicttail-latency,selectingthe
optimalcomputationalnodeforeachtaskbasedon
predictedtail-latencyperformance.

• ModelTrainingandFine-Tuning:Theregressionmod-
elsaretrainedondatacollectedbythe monitoring
system. Weselectthebest-performingmodelandapply
gridsearchtoine-tuneit,increasingitsaccuracy.

• EvaluationAgainstKubernetesScheduler:
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Finally,we
evaluateourschedulercomparedtothenativeKubernetes
scheduler,analyzingtheperformanceandeficiencygains
inmanagingreal-timeinferenceworkloads.



Theremainderofthepaperisorganizedasfollows.The
nextsectionpresentstherelatedwork. Meanwhile,theprob-
lemisformulatedinSectionIII.Theframeworkdesignis
presentedinSectionIV.Section Vsummarizestheexperi-
mentalresults,concludesourindings,andpavesthewayfor
futurework.

II. RELATED WORKS

RecentresearchhasincorporatedadvancedAItechniques
intoschedulingalgorithmstooptimizetheplacementof
microservicetasksondiversecomputationalnodes,using
metricssuchaslatencyandenergyconsumptiontoachieve
optimaltaskdistributionand meetServiceLevelObjectives
(SLO)[12]. Theseeffortshaveevolvedtoinclude DNN-
basedworkloads[10],giventheincreasingrelevanceofAI,
although moststudies mainlyfocusontheschedulingof
DNNtraining workloads[12].Few worksintheliterature
speciicallytargettheplacementofinferenceworkloads.For
instance,authorsin[5]explorescheduling MLinference
acrossacloud-to-thingscontinuum,consideringfactorslike
CPUcharacteristics,energyeficiency,availablecores,and
networklatencytomeettaskrequirements.Similarly,thework
[7]schedulesinferenceacrossdiverseedgeprocessors:CPUs,
GPUs,and DSPs, matchingtaskstosuitablehardwarefor
latencyandresourceeficiency.

Intherealmofcloudenvironments,[8]introducesDQoES,
asystemthatallowsuserstoset Qualityof Experience
(QoE)targets,suchasresponsetimeforvariousapplications,
dynamicallyadjustingresourcesto meetthesegoals.These
approachestackletheproblemofAIinferenceschedulingin
diverse waysbutoftenlackconsiderationof model-speciic
characteristics,suchasparametersor FLOPs, whichsig-
niicantlyimpactenergy,latency,andqualityofexperience
(QoE).Incontrast,somestudies,suchas[6],[9],[13],begin
toaddress modelinformation,thoughonlyatageneralized
levelusingabinaryvectortorepresent modeltypes.For
instance,[6]uses multi-agentreinforcementlearning with
aheterogeneousgraphattentionnetworktooptimizetask
placementinedgeclusters,balancingresourceutilizationand
latency.[13]employsdeepreinforcementlearningtodynam-
icallyadaptjobplacementbasedonmodeltypeandresource
needs. Meanwhile,thesolution[9]predicts DNNresponse
timesacrossnodesbyincorporatinghardwareconigurations
todetermineifSLAscanbemetunderspeciicworkloads.

Ourworkbuildsupontheseeffortsbyintroducingatail-
latency-awareschedulerwithinKubernetes,designedforin-
ferenceworkloadsinresource-constrainedenvironmentslike
edgeandIoT.Ourapproachuniquelycombinesbothhardware
andmodel-speciicinformation,capturinglatentrelationships
topredictP90ortail-latencyaccurately, whichiscritical
forreal-timeapplications.Thispredictedlatencyservesas
ascoringfactorforoptimalnodeselection,improvingthe
placementoftheinferencetask.

III.PROBLEMFORMULATION

Toaddresstheschedulingchallengesdiscussedinprevious
sections,thissectiondeinesthereal-timeinferencetask
schedulingandlatencypredictionproblemsonheterogeneous,
resource-constrainedsystems.

A.SchedulingProblemStatement

Inourschedulingproblem, wehaveacomputingcluster
N = {n1,n2,...,nm}thatconsistsof multipleresource-
constrainedcomputing nodes,eachcharacterized by dis-
tincthardwareproperties,suchasdifferentCPUcapabilities
(e.g.,clockspeedandcorecount). Eachnodeni ∈ N
representsthesecharacteristicsasavector, whereni =
[clockspeedi,corecounti].Inaddition,itisworthnotingthat
thesecapabilitieschangeovertimeduetoresourcecontention,
where multipletaskscompeteforiniteprocessingcapabili-
ties.

This diversityintroduces computational heterogeneity
acrossthecluster,creatingaschedulingchallengeinwhich
theprimarytaskofthescheduleristoplace Deep Neural
Network(DNN)inferencetasksonsuitablenodestoensure
minimalresponsetimeforqueries,thereby meetingthetail-
latencyservicelevelobjective.

Moreover,inthisschedulingproblem,the DNNtaskset
X = {x1,x2,...,xn}isdeinedsuchthateachtaskxi=
{Mi,Fi}consistsofthe ModelSizeMi andthe Model
FLOPsFi.FLOPsFi(FloatingPointOperationsPerSecond)
isa measureofcomputationalworkloadcommonlyusedto
evaluatetheeficiencyofoperationsinneuralnetworks.Model
sizeMiisdeterminedbyextractingkey metrics(e.g.,layer
parameters,activationfunctions,kernelsize)fromtheDNN
modelusingtoolslikeTorchinfoandconvertingthemodelto
megabytes.

FLOPsarecalculatedatdifferentstages.Forinstance,the
FLOPsforaconvolutionallayerarecalculatedinequation1:

FLOPs=2×IC×OC×KH ×KW ×OH×OW (1)

whereICrepresentstheinputchannels(i.e.,thenumberof
channelsintheinputfeature map),andOC representsthe
outputchannels(i.e.,thenumberofchannelsintheoutput
feature map).KH andKW representthekernelheightand
width,deiningthedimensionsoftheconvolutionkernelor
ilter.OH andOW denotetheoutputheightand width,
representingthedimensionsoftheoutputfeature mapafter
applyingtheconvolution.

Forfullyconnected(dense)layers,withNininputneurons
andNoutoutputneurons,theFLOPsarecalculatedinequation
2:

FLOPs=2×Nin×Nout (2)

where NinisthenumberofinputneuronsandNout isthe
numberofoutputneurons.Thefactorof2accountsforboth
multiplicationandadditionoperationsperneuron.

Foractivationfunctions(e.g.,ReLU,Sigmoid,Tanh),which
aretypicallyappliedelement-wise,theFLOPsforanactiva-
tionlayeraresimplythenumberofneuronsinthelayer,as
showninequation3:

FLOPs=Nneurons (3)

whereNneuronsisthenumberofneuronsinthelayer.
Poolinglayers,suchas maxpoolingoraveragepooling,

generallydonotinvolvemultiplicationsandarecomputation-
allylessintensive,oftencountedasoneoperationperelement
inthepoolingregion.Thus,forapoolinglayerwithanoutput



featuremapofsizeH×W andC channels,theFLOPsare
calculatedviaequation4:

FLOPs=H×W ×C (4)

ThetotalFLOPs(FLOPslayer)foradeepneuralnetworkare
computedbysummingtheFLOPsacrossalllayers,whichare
calculatedusingthepreviousequations1,2,3,4.Thistotal
iscalculatedviaequation5:

TotalFLOPs=
L

layer=1

FLOPslayer (5)

Thisgeneralapproachensuresacomprehensivecalculationof
FLOPsforanyCNN-baseddeepneuralnetworkmodel.

Ontheotherhand,duringtheresourcecontention men-
tionedearlier,thehardwarevectornikeepschanging;thus,
areal-timecalculationisnecessary.Thisisdoneusingthe
followingequations:

CPUeff=CPU×(1−UC) (6)

FREQeff=FREQ×(1−UF) (7)

AvailableCapacity={CPUeff,FREQeff} (8)

Theseequationsdescribehowthesechangesarehandled.
Equation6calculatestheeffectivecorecountCPUeff,repre-
sentinghowmanycoresremainavailableeachtimeanewtask
arrives.ThisisachievedbycalculatingUC, whichdenotes
thefractionofcorescurrentlyinuse,and multiplyingitby
thetotalCPUcoresCPUofthecurrentcomputationalnode.
Forthefrequency, wefollowthesamelogicbycalculating
UF, whichdenotesthefractionoffrequencyinuse,and
multiplyingitbythenode’sfrequency FREQ.Combining
theseresults,theAvailableCapacityiscalculatedviaequation
8.

Finally,theschedulingproblemisbasedonatargetP90
latency(pi),wherepiisthelatencythresholdwithinwhich
90%ofqueriesfortaskximustcomplete.To measureP90
latency, wegatheralistofresponsetimesforallqueries
associatedwithagiventaskxionnodenj,representedas:

Ti,j=[t1,t2,...,tn] (9)

whereeachentryinTi,jdenotestheresponsetimeforaquery
q,withq∈[1,N]fortaskxionnodenj.Usingequation9,
theP90tail-latencyP90isthencalculatedviaequation10:

P90=Ti,j[⌈0.9×n⌉] (10)

Thisvaluerepresentstheresponsetimeatthe90thpercentile,
meaningthat90%ofthequeriesfortaskxicompletewithin
theP90latency.Theschedulingobjectiveistoallocateeach
taskxi toasuitablenodenj suchthatitsP90latency
constraintpiismet,representedbyequation11:

P(Ti,j≤pi)≈0.9 (11)

Here, Ti,jdenotesthesetofresponsetimesfortaskxion
nodenj,ensuringthat90%ofthesequeriesmeetthelatency
thresholdpi.Thisprobabilisticapproachenablespredictable
performanceforthemajorityofqueries,whichiscrucialfor
maintainingastablereal-timeresponse.ThispredictableP90

latencyisusedasatarget metric,whileotherequationsfor
calculating modelinformationandCPUcontention willbe
usedasinputsforthepredictionproblemstatement, which
willbeexplainedinasubsequentsection.

B.PredictionProblemStatement

Inthiscontext,thefocusisonpredictingthe90thpercentile
latency(P90)of DNNtaskstosupporttail-latency-aware
schedulingacrossthecluster.Thegoalistodevelopapredic-
tion modelcapableofaccuratelyestimatingtheP90latency
oftasksonvariousnodeswithinthecluster.Tofacilitatethis,
wedeineadatasetas:

D={ND,XD,YD} (12)

whereND ⊂ N isasubsetofnodes,XD ⊂ X isasubset
of DNNtasks,andYD ⊂ Y representstheobservedP90
latenciesoftasksinXD measuredoneachnodein ND.
Withthisdataset,weestablishahybridmodel-andhardware-
conditionedpredictionmodelasfollows:

f(xi,ni;γ):X×N → R (13)

where xi ∈ X ischaracterizedby ModelSizeMi and
FLOPsFi,calculatedviathepreviousequation5,repre-
sentingthecomputationalrequirements.Thecomputingnode
ni∈N ischaracterizedbyCPUfeaturesoravailablecapacity
(Clockni

,Coresni
)undercontention,detailingclockspeed

andcorecount, whicharecalculatedviaequation8. Here,
γrepresentstheregressorf(·)parameters.

Theobjectiveistolearnaregressorf(xi,ni;γ)thatac-
curatelypredictstheP90latencyy∈YD by minimizingthe
empiricallossL,suchastheResidual MeanSquaredError
(RMSE),betweenpredictedandobservedvaluesfromthe
datasetD:

min
γ

L(f(xD,nD;γ),yD) (14)

Theregressordescribedinequation14reliesonDNNmodel
characteristicswhiletakingunderlyingsystemhardwarechar-
acteristicsintoaccount.Theseinputsoutlinetheintersection
betweenhardwarefeaturesand modelfeatures,aimingto
capturesystemstabilitythroughthepredictionofP90latency.
Thispredictionenablestheschedulertoallocateresources
effectively, meetinglatencyconstraintsandensuringreliable
andeficienttaskprocessingacrossthecluster.

IV.FRAMEWORKDESIGN

Thissectionintroducesourframeworkdesignillustrated
viatheFigure1basedonthedefactoorchestrationplatform
knownasKubernetes.Theframeworkaimstosolvethetask
placementproblem withina Kubernetescluster wherethe
nodesareheterogeneousandresource-constrained.Totackle
thischallenge,Wedesignedtwophases:anoflinephase,
wherearegression modelistrainedtoaccuratelypredict
theP90latency,andanonlinephase, wherethis modelis
integratedintotheschedulingframework.Thisintegrationis
exempliiedbyincorporatingthe modelintocustomscoring
logic. The modelpredictstheP90latency, whichisthen
usedtoscorenodesandassigntaskstothe mostsuitable
node.Thesephasesareexplainedindetailinthefollowing
subsections.
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A.Ofline:Training

Themethodologyforidentifyingthesuitableregressorto
serveasthecoreofourscoringfunctionisillustratedin
Figure1.Thisapproachcentersonoflinetrainingtoget
thebestmodelforpredictingtheP90latency.Speciically,
thisisdoneirstbyusingperformancemetricsandhardware
speciications.Theprocessbeginswithadataextractionand
aggregationphase.
Thisphaseinvolvesextractingthemonitoringdata,which
includesmetricssuchasP90latency.Thisdataisgathered
fromthesystemusingPrometheus2.InadditiontoP90latency,
hardwaredata(CPUcores,clockspeeds)arealsoextracted.
Sincehardwareinformationisoftentextual,apreprocessing
stepthenconvertsitintoastructuredformatforfurther
analysis.
Finally,themodelinformationisextractedviaaPython
scriptthatinspectsthemodelusingtheaforementionedequa-
tions1,2,3,4,5.Thesedatapointsareaggregatedbasedon
commontimestampstoensuretemporalalignment,forming
ourtrainingdataset.Thetrainingdatasetincludesboththe
hardwareinformationandthemodelinformationasinputs,
whiletheP90latencyservesasthetarget.Moreover,before
thetrainingstep,anoptional windowsmoothingstepis
appliedtoreducenoiseinthedataset,usingtheformula:

Mi=
1

min(w,i)

i

j=max(1,i−w+1)

log(Sj+1), (15)

whereMirepresentsthesmoothedvalueatthei-thtime
step,Sjistheoriginaldatapointattimestepj,andwisthe
sizeofthesmoothingwindow.Thislog-basedtransformation
minimizestheimpactofoutliersintime-seriesdata,thereby
stabilizingitformodeltraining.

2https://prometheus.io/

Followingthat,asetofmachinelearningmodelsaretrained
ontheresultingtrainingdataset.Themodelsusedinthisphase
includeMulti-LayerPerceptrons(MLP),RandomForest,and
XGBoost,eachevaluatedbasedonRootMeanSquareError
(RMSE)—ametricthatmeasurestheaveragemagnitudeof
theerrorsbetweenpredictedandactualvalues,givinggreater
weighttolargererrors.Oncethemodelsaretrained,thebest-
performingmodelisselected,followedbyaparameter-tuning
phaseusinggridsearch[14]tooptimizehyperparameters
(e.g.,learningrate).Thisine-tuningstepensuresoptimal
predictionaccuracy.

Theinal modelisthensavedtoa modelrepository,
whereitcanbeaccessedanddeployedforreal-timeinference
tasks.Furthermore,saved modelsareperiodicallyupdated
withnewclusterperformancedata,facilitatingcontinuous
improvementsinpredictiveperformance.
B.Online:Scheduling

Intheonlineschedulingphase,asillustratedinFigure1,the
processbeginswiththeusercreatingadeploymentYAMLile
todeploytheirapplication.ThisYAMLilecontainsessential
informationfortheinferencetask,suchastheURLformodel
storage.TheschedulerusesthisURLtoextractmodel-speciic
details,suchasmodelsizeandFLOPs,asexplainedinthe
oflinestage.Hardwareinformationisprovidedbyanagent
deployedusingaDaemonSet,whichretrievesthisinformation
fromtheclusternodesandsavesitintoaConigMap,stored
attheetcdlevelforaccessduringtheschedulingphase.

Themainobjectiveofthescheduleristodeterminewhich
noderwillbeassignedtoataskx.Todoso,itgoesthrough
severalphases,startingwithiltering,wherenodesthatcannot
supportthejobareexcludedusingthepre-deineddefault
schedulingalgorithm.

AsdescribedinAlgorithm1,thescoringfunctioniterates
overthenodesselectedintheilteringphase.Eachselected



nodeisevaluatedusingapre-trainedregressorfromtheofline
phase,acceptingasinputthenodevectorVr,whichincludes
CPUclockspeedandCPUcores,aswellasthetaskvectorVx,
containingmodelsizeandmodelFLOPs.Thenodewiththe
lowestpredictedtail-latency,denotedasP90,isthenassigned
tothetaskx.Tocompletetheprocess,a monitoringphase
islaunchedtogather metricsonthedeployedtaskusing
Prometheus.Thesemetricsarestoredinadatabaseforofline
trainingtoreinetheregressorfurther,aimingto minimize
ServiceLevelObjective(SLO)violationsasmuchaspossible.

Algorithm1Latency-AwareScheduler

Input:Deployment manifest,taskcharacteristics Vx,hard-
warecharacteristics Vr,latencyregressorf ,tail-latency
threshold:P90T

Output: Job manifest withassignednodeandestimated
latency

1: ▷PL:isthePredictedlatencybasedontaskand
hardwarecharacteristics

2:InitializeCandidateNodes←∅
3:foreachnodeniinavailablenodesdo
4: PL=f(Vx,Vr)
5: Add(ni,PL)toCandidateNodes

6:(SelectedNode)← argminni∈CandidateNodesPL(ni,Vx,Vr)
7:UpdatejobmanifestwithSelectedNode.
8:Submittheupdatedmanifestandmonitorjobexecution

V.PRELIMINARYRESULTS

Duringourpreliminaryresults,weusedthesetuppresented
inTableI,andthecandidatemodelsarelistedinTableIIwith
theirrespective modelsizesandFLOPs. Wechosedifferent
modelsfordifferenttasks,suchas ResNet-50[15], which
isadeepconvolutionalneuralnetworkdesignedforimage
classiication,andRetinaNet[16],whichisaone-stageobject
detection modelthatidentiiesandlocalizesobjects within
images. Weusedthese modelsalongwithpubliclyavailable
datasets:ImageNet[17]andOpenImages[18].

Ourexperimentusedtheopen-source MLPerfInference
Benchmark[11],integrated with Kubernetes. The MLPerf
Benchmarkprovidesastandardized waytoevaluate model
performancein variousscenarios,suchassingle-stream,
multi-stream,server,andoflinemodes.Prometheuscalculated
theP90latencyduringthebenchmark. Weoptedforthe
single-streamscenario, wherequeriesaresentsequentially,
asitrepresentsourcaseforreal-timeapplications[11].

TABLEI:Clustersetup

NodeName CPUCores CPUClockSpeed RAM
controller 16 2.30GHz 16GiB
node1 4 2.30GHz 6GiB
node2 8 2.30GHz 8GiB
node3 12 2.30GHz 16GiB
node4 16 2.30GHz 12GiB

TABLEII: ModelSizesandFLOPs

Model Size(MB) FLOPs
ResNet-50 97.66 MB 4billionFLOPs
RetinaNet 129.7 MB 3.8bilionFLOPs

Weevaluatetheeffectivenessofourcustomscheduler,
whichusesaRandomForestRegressor,XGBoostRegressor,
andMLPRegressortopredicttail-latencyforschedulingtasks
inamulti-nodeenvironment.Theevaluationscenario,referred
toastheimmediateschedulingscenario[19],simulatesreal-
worldconditionswhereinferencetasksarrivesequentially,one
afteranother,andareprocessedimmediatelywithoutdelay.
Thisimmediateschedulingscenariodemonstratestheneed
tohandlesingle-query,single-stream workloadstypicalof
real-timeapplications.Insuchscenarios,tasksareprocessed
assoonastheyarrive,requiringhighlyaccuratelatency
predictionstooptimizeschedulingdecisions.Followingthis
rationale,atotalof10podsisdeployedacrossthenodes.
Eachtaskconsistsofasingleinferencequerywithabatch
sizeof1,whicharrivesandisscheduledsequentially.Once
allpodsareassignedtonodes,weinitiatequeryexecutionina
singlestream,processingatotalof1024queriesperpod—the
recommendednumberofqueriesfromthe MLPerfInference
benchmark[11].

Duringtheschedulingprocess,regression modelspredict
P90latency, whichiseventuallyusedbytheschedulerto
assesstheplacementchoiceofpods.Thispredictionisbased
oninputfeaturessuchascorecount,frequency,and model
sizeandFLOPs.Themodels’performanceisassessedduring
ofline(training)andonline(inference)phasesusingtheRoot
MeanSquaredLogarithmicError(RMSLE)andRoot Mean
SquaredError(RMSE),aspresentedinTableIII.

TABLEIII:Regressorperformancemetrics

Model RMSLE RMSE
RandomForestRegressor 0.206 1.833
XGBoostRegressor 0.202 1.784
MLPRegressor 0.281 2.326

TherelativelylowRMSEvaluesrelectthenatureofour
single-query,single-streamworkload.Giventhelimitedrange
oflatencyvalues,whichareinherentlysmallduetothesingle-
samplebatchsize(ixedat1sampleperquery),theoverall
predictiontaskremainslesscomplex.Theperformanceofthe
modelsisfurtherinluencedbytherelativelysmallsizeof
the machinelearning modelsused—suchasResNet-50and
RetinaNet—whichsimpliiesthepredictionprocess.

UsingthemodelsinTableII,weproceededtotestoursolu-
tion.ThemetricswerecollectedusingPrometheus3,applying
theequation16:

AVG NP90=
(P90Latenciesforallpodsonthenode)

Numberofpodsonthenode
(16)

TheAVG NP90equationcalculatestheaverageP90latency
acrossallpodsdeployedonaparticularnode. Bysum-
mingtheP90latenciesofeachpodanddividingbythe
numberofpodsonthatnode, weobtainarepresentative
latencyvaluethataccountsfortheresourcecontentionand
workloadassignedtothatnode.Thiscalculationisexecuted
afterevery1024queries.Fortheirst1024queries,weplot
AVG NP90,asdepictedinFigure2, whichisastacked
barchartcomparingthedefault Kubernetesschedulerand

3https://prometheus.io/



(a)AVGNP90forResNet-50 (b)AVGNP90forRetinaNet

Fig.2:FigureshowsAVGNP90foreachcandidatemodel
ourcustomscheduler.Ourcustomschedulerusespredicted
latenciestomakemoreinformedschedulingdecisions,reduc-
ingAVGNP90latencyacrossthecluster. Moreover,inthe
plot,thedefaultKubernetesscheduler(representedbyblue
bars)doesnotaccountforpredictedtail-latencyorresource
contention,leadingtosuboptimalpoddistributionandhigher,
morevariableP90latencies.Thisineficiencyisparticularly
pronouncedonnodeswithfewercoresandlowerfrequencies,
wherecontentionfurtherexacerbateslatency.Incontrast,the
greenbarsillustratethesigniicantimprovementsachieved
withourcustomscheduler.Byusingregressionmodelsto
predictP90latency,ourschedulermakesmoreeficienttask
allocations,reducingbothmeanandvarianceoflatency.This
optimizationisespeciallybeneicialfornodeswithlimited
resources,whereaccuratelatencypredictionsarecrucial.

VI.CONCLUSION

Ourexperimentalresultshighlighttheeffectivenessofusing
predictivemodels—particularlyRandomForestandXGBoost
Regressors—forinferencescheduling,leadingtoloweraver-
ageP90latencyacrossdeployedinferencetasks.Thisval-
idationunderscorestheimportanceofhardware-awareand
model-awarescheduling mechanismsin moderninference-
servingsystems.However,thisstudyprimarilyfocusedon
single-streamworkloads,providingafoundationforfuture
research.Insubsequentwork,weaimtoextendthisscheduler
tosupportmulti-streamscenarios,varyingbatchsizes,anddy-
namicschedulingstrategies,furtherenhancingadaptabilityto
real-worldcloud-edgecomputingenvironments.Bybridging
thegapbetweenmodelcharacteristics,hardwareconstraints,
andinferencescheduling,our worklaysthegroundwork
for moreeficient,scalable,andlatency-awarescheduling
frameworks,ensuringoptimalperformanceforreal-timeAI
applications.
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