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Abstract—Schedulingfastuplinkgranttransmissionsforma-
chinetypecommunications(MTCs)isoneofthemainchallenges
offuturewirelesssystems.Inthispaper,anovelfastuplinkgrant
schedulingmethodbasedonthetheoryofmulti-armedbandits
(MABs)isproposed.First,asinglequality-of-servicemetricis
definedasacombinationofthevalueofdatapackets,maximum
tolerableaccessdelay,anddatarate.Sincefullknowledgeofthese
metricsforallmachinetypedevices(MTDs)cannotbeknown
inadvanceatthebasestation(BS)andthesetofactive MTDs
changesovertime,theproblemismodeledasasleeping MAB
withstochasticavailabilityandastochasticrewardfunction.
Inparticular,giventhat,ateachtimestep,theknowledgeon
thesetofactive MTDsisprobabilistic,anovelprobabilistic
sleeping MABalgorithmisproposedto maximizethedefined
metric.Analysisoftheregretispresentedandtheeffectof
thepredictionerrorofthesourcetrafficpredictionalgorithm
ontheperformanceoftheproposedsleeping MABalgorithm
isinvestigated. Moreover,toenablefastuplinkallocationfor
multiple MTDsateachtime,anovelmethodisproposedbased
ontheconceptofbestarmsorderinginthe MABsetting.
Simulationresultsshowthattheproposedframeworkyields
athree-foldreductioninlatencycomparedtoa maximum
probabilityschedulingpolicysinceitprioritizesthescheduling
of MTDsthathavestricterlatencyrequirements. Moreover,by
properlybalancingtheexplorationversusexploitationtradeoff,
theproposedalgorithmselectsthemostimportant MTDsmore
oftenbyexploitation.Duringexploration,thesub-optimalMTDs
willbeselected,whichincreasesthefairnessinthesystem,and,
alsoprovidesabetterestimateoftherewardofthesub-optimal
MTD.

IndexTerms—Machine Type Communications,Scheduling,
FastUplinkGrant, Multi-armedBandits,InternetofThings

I.INTRODUCTION

Thenext-generationofwirelessnetworksisexpectedto
supportInternetofThings(IoT)[2],[3]servicesandap-
plicationssuchasautonomousvehicles[4]andunmanned
aerialvehicles[5].ToenablesuchemergingIoTapplications,
next-generationwirelesssystems musthavenativesupport
formachinetypecommunications(MTCs).InMTC,alarge
numberofmachine-type-devices(MTDs)mustcommunicate
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smalldatapackets[6].Duetotheheterogeneousnatureof
IoTapplications,MTCdatapacketshavefundamentallynovel
requirementsintermsoflatency,reliability,andsecurity[7].In
particular,reducingthesignalingoverheadandlatency,while
avoidingrandomaccesschannelcongestionisanimportant
openproblemforMTC.
MTCaccessschemescanbecategorizedintothreegroups:
a)Coordinatedtransmission,inwhichMTDssendscheduling
requeststotheBSbyusingarandomaccessprocessand
theBSschedulesMTDs.Thisapproachcanbeinefficientfor
MTCsincethedatapacketsaresmalland,hence,thesignaling
todatapacketsizeratioislarge,b)grant-freetransmission,
inwhichMTDschoosearandomuplinkradioresourceand
transmittheirdatawithoutsendinganyschedulingrequest,
toreducethesignalingoverhead,andc)fastuplinkgrant,in
whichtheMTDsdonotsendrandomaccessbasedscheduling
requests,and,instead,theBSsendsanuplinkgranttoMTDs
basedonapredictionofthesetofactiveMTDs.Schemesa)
andb)cansufferfromseverecollisionsamongtransmissions
becausethenumberof MTDsisoften muchlargerthan
thenumberofavailableresources.Inamassive MTC[8]
scenario,collisionproblemsbecomeevenmorechallenging
toaddress.Theauthorsin[9]and[10]provideanextensive
overviewofseveralproposedsolutionsforsuchproblems.The
authorsin[11]usenon-orthogonalmultipleaccessforthe
randomaccessprocesssoastoidentifyrandomaccessrequests
from multiple MTDswiththesamepreamble.Correlation
betweentransmissionpatternsofdifferentMTDsisexploited
in[12]tooptimizetherandomaccessprocessbyreducingthe
collisions.Toavoidwastingradioresourcesinrandomaccess
collisions,theauthorsin[13]proposetoattachthe MTD
identityinformationinthephysicalrandomaccesschannel
whichwillpreventtheBSfromallocatinguplinkresources
todevicesthatcollided.Insummary,theworks[11]–[13]
arefocusedonoptimizingrandomaccessprocessfor MTC
andsolvingproblemsassociatedwithcollisions.Forgrant-free
transmission,in[14],theauthorspresentaresourceallocation
approachforamassivenumberofdeviceswithreliabilityand
latencyguarantees. Meanwhile,theworkin[15]presentsa
game-theoreticmodelforoptimizingthecoexistenceofMTDs
withcellularusersintheuplinkperiod.SinceIoTapplications
havediverserangeofQoSrequirements,dynamicresource
allocationisusedin[16]formissioncriticalMTC.Theauthors
in[17]provideadynamicQoSawareresourceallocationfor
narrowbandIoTnetworks.Althoughthesepriorsolutionscan
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improvetheperformanceof MTCs,coordinatedaccessstill
sufferfromheavysignalingoverheardandcollisions[8],[9],
[12],[13],[18].Moreover,grant-freetransmissionsstillalso
experiencenon-negligiblecollisions,particularlyinmassive
accessscenarios[14],[15],[19],[20].Themaindrawbackof
thispriorartisthatitreliessolelyonrandomaccessprocess
(forsendingschedulingrequestsincoordinatedtransmission
orsendingdatapacketsinthegrant-freescheme) whose
performanceisoptimalonlywhenthenumberofcompeting
devicesisequaltothenumberofavailableresources[21].This
clearlydoesnotholdinmassiveMTCcasessincethenumber
ofradioresourcesislimited,andhence,novelsolutionsare
neededtoaddresstheuplinkresourceallocationproblemfor
massiveMTCs.
Toaddressthechallengesofrandomaccesscongestion,

collisions,andhighsignalingoverhead,a middleground
fromthepointofviewoftheuplinkresourceallocation
methodbetweena)fullycoordinatedtransmissionbyusing
randomaccessbasedschedulingrequestsandb)grant-free
transmission,canbeachievedbyusingtheconceptthefast
uplinkgrant[22]and[23].Inthefastuplinkgrantscheme,
ifthe MTDshavedatatotransmit,theyproceedwiththe
transmission,otherwise,theradioresourceiswasted[23],
[24].Anoverviewofchallengesandopportunitiesofthefast
uplinkgrantisprovidedin[25].Asafirststeptoimplement
thefastuplinkgrant,onemustinvestigatetheproblemof
sourcetrafficprediction.Inthisregard,in[26],anMTDtraffic
predictionmethodbasedontheso-calleddirectedinformation
ispresentedforsourcetrafficprediction.Byusingthemethod
proposedin[26]upondetectionofanirregulartransmission,
asetoffutureactive MTDsfacingthesameeventcanbe
detected.Theauthorsin[27]proposeapredictiveresource
allocationschemeforevent-drivenMTCinwhichMTDsare
physicallylocatedacrossalinewheretheirtrafficpatterncan
bepredicted.
Thesecondstepafterpredictingthesourcetrafficisthe

optimalallocationofthefastuplinkgrants whichisthe
focusofthiswork.IftheBShasfullknowledgeofthe
QoSrequirementsofalltheMTDs,thistaskisrathertrivial.
However,inpractice,theMTDsmightnotrevealthenature
oftheapplicationtotheBS.Moreover,theQoSrequirements
oftheMTDsmightchangeatdifferenttimes,duetochanges
inchannelqualitybetweenthe MTDsandtheBSandthe
presenceofvariousapplicationsthatmustsenddatathrough
asingle MTD.Therefore,theBSmustperformfastuplink
grantallocation,withlimitedornopriorknowledgeabout
theQoSrequirementsoftheMTDs,andusetheinformation
revealedtotheBSafterthetransmissionforfuturefastuplink
grantallocationpurposes.Onesuitabletoolforsuchataskis
multi-armedbandit(MAB)theory.MABsareaclassofrein-
forcementlearningproblems[28]inwhichanagentinteracts
withanenvironmentandlearnsfromitsactions.MABshave
beenpreviouslyusedinwirelesscommunicationsproblems
(e.g.,see[29]whereareviewofapplicationsof MABsin
smallcellsisprovided.)Theauthorsin[30]use MABsfor
channelselectionindevice-to-device(D2D)communications
andin[31],MABsareusedfordistributeduserassociationin
energyharvestingsmallcellnetworks.MABisalsoproposed

formulti-userchannelallocationforcognitiveradionetworks
in[32].

The maincontributionofthispaperistoaddressthe
problemofoptimalfastuplinkgrantallocationwhenthe
numberofactivedevicesislargerthanthenumberofavailable
resources,thereisnopriorinformationaboutQoSrequirement
ofthe MTDs,andthesourcetrafficpredictionalgorithmis
imperfect. WeconsiderthattheBSisnotabletoperfectly
predictthesetoftheactive MTDsandhence,aprobability
ofactivityisassociatedwitheach MTDatanygiventime.
Therefore,theBShasprobabilisticknowledgeonthesetof
active MTDsandweproposeanovel MABalgorithmfor
allocatingthefastuplinkgrantundertheseconditions.The
contributionsofthispapercan,therefore,besummarizedas
follows:

• InordertocaptureadiversesetofQoSmetricsduring
scheduling,weintroduceacompoundQoSmetricthat
isacombinationofthree MTD-specificmetrics:a)the
valueofthedatapackets,b)maximumtolerableaccess
delay,andc)thedatarate. Weconcretelydefinethis
metricbyproposinganovelmethodtomodeltheaccess
delaybymappingittoavaluebetweenzeroandone
usingasigmoidfunctionknownasGompertzfunction.To
findtheoptimalMTDthattheBSmustscheduleateach
timeslot,anovelprobabilisticsleepingMABalgorithm
isproposed.Sleeping MABsareappropriatetoaddress
problemsinwhichthesetofofactiveMTDschangeover
time.Toaccountforimperfectsourcetrafficprediction
algorithm,weintroduceaBayesianinferencemechanism
attheoutputofthesourcetrafficpredictionalgorithmto
learnpredictionerrors.Theposteriorprobabilitiesofthe
Bayesianinferencemethodarethencombinedwiththe
conceptofupperconfidencebound(UCB)inthecontext
ofsleepingMABs.

• WerigorouslyanalyzetheregretoftheproposedMAB
algorithmanddecoupletheeffectofthe MTCsource
trafficpredictionerrorsandthelearningprocessonthe
regret.Weanalyticallyderivetheconditionsunderwhich
theerrorsinMTCsourcetrafficpredictionleadtoselect-
inganMTDwithlowerutilityvaluetherebyincreasing
theregretoftheproposedMABalgorithm.

• Simulationresultsshowthatforanysourcetrafficpre-
dictionalgorithmwithgoodaccuracy,theproposedal-
gorithmisoptimalsinceitachieveslogarithmicregret.
Forexample,theproposedframeworkachievesupto
three-foldimprovementintheaccessdelaycomparedto
abaselinerandomschedulingpolicy.

• WeextendtheproposedprobabilisticsleepingMABfrom
singleMTDselectiontoseveralMTDselectionbyusing
theconceptofbestorderingofbanditsandprovidean
algorithmforscenarioswhere multiple MTDscanbe
scheduledatanygiventime.Inthismethod,MTDswith
highestUCBvalueareselectedfortransmission,which
achievesmuchbetterperformanceintermsofdelayand
throughputcomparedtothebaselinemaximumprediction
probabilityallocationpolicy.Here,oursimulationresults
showtwo-foldperformanceimprovementintermsof
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Fig.1:Illustrationofsystemmodel.First,thesetofactive
MTDsarepredicted.Next,selected MTDsreceivethefast
uplinkgrantsandtransmittheirdata.

latencycomparedtoabaseline maximumprediction
probabilityallocationpolicy.

Therestofthepaperisorganizedasfollows.SectionII
presentsthesystemmodelandproblemformulation.InSection
III,weintroducetheproposedprobabilisticsleeping MAB
solutionanditsextensionto multiple MTDsandprovide
theregretanalysisandstudytheeffectofthesourcetraffic
predictionaccuracyontheperformanceoftheMABalgorithm.
NumericalresultsarepresentedinSectionIVandconclusions
aredrawninSectionV.

II.SYSTEMMODELANDPROBLEMFORMULATION

Considertheuplinkofacellularsystemcomposedofone
BSandasetM ofM MTDsthatuseafastuplinkgrant.
SchedulingisdoneattheBSandafastuplinkgrantissent
toeachscheduled MTD. Weassumethatthetotalavailable
bandwidthisdividedintoresourceblocks,eachofwhichisof
sizeW anddurationτ.Withoutlossofgenerality,weconsider
theproblemofselectingone MTDforthefastuplinkgrant
ateachtimedurationτ.Hereinafter,weuseiforindexing
MTDsand tfortime.Duetotheheterogeneousnatureof
IoTapplications,packetsareassumedtohavedifferentQoS
requirements.ThesystemmodelispresentedinFig.1.

A.PerformanceMetrics

Wenowdefinethreeperformancemetricsthatarecombined
tobuildasinglemetricthatisusedintheproblemformulation.
1)Valueofinformation:Attimet,foreach MTDi,we

definethevalueofinformationastheassessmentoftheutility
ofaninformationproductinaspecificusagecontext[33].
Hence,eachpacketthatarrivesatthequeueofanMTDiwill
haveanassociatedvaluevi(t).Accordingto[33],thisvalue
canbedeterminedbyrelativepairwisecomparisonofallIoT
applicationsandtheuseoftheso-calledanalytichierarchy
process(AHP)tocalculatetheimportanceweightforeach

packet.Thisnormalizedvalueisderivedintheformofa
percentageofimportance,andhencewechoosevi(t)∈[0,1].
2) Maximumtolerableaccessdelay:Delayinawireless
communicationnetworkconsistsofdifferentcomponents:Pro-
cessingdelayTpwhichisafunctionofhardwareandsoftware
usedbytheMTDs,queuingdelayTq,andtransmissiondelay
Ttwhichpertainstothedelayforthetransmissionofthe
datapacketsthroughthephysicalmedium.Oncethedatais
transmittedandreceivedattheBS,thetimeneededforthe
packettotraveltothefinaldestinationthroughanetwork
ofwireless,wired,orfiberlinkiscalledroutingdelayTr.
Finally,theaccessdelayTa,whichisthemainfocusofthis
work,isthetimedurationfromthemomentthatthepacket
isreadyfortransmission,untiltheMTDreceivestheuplink
resourceblockstotransmitthepacket.Foreachdatapacket
of MTDi,weconsideramaximumtolerableaccessdelay
di(ts)definedasthetotaldelaythatcanbetoleratedfrom
thetimeinstancetsatwhichthedatapacketisreadytobe
transmittedattheMTDqueueuntilitisscheduledtobesent.
Tocalculatethetotalaccessdelaythatcanbetoleratedforeach
MTD,wefirstassumethatalltheotherdelaycomponentsare
modeledandsubtractedfromthetotaltolerabledelayofthe
packet.WeassumeTpandTttobeconstantsincethepackets
aresmallandalwaysgeneratedbythesamedevices,andthe
MTDsareeitherstationaryorhavelowmobility.Mostofthe
MTDshavesparsepacketarrivalsattheirlocalbufferand
wecanconsiderthattheservicetimeisconsiderablyshorter
thanthepacketinter-arrivaltimes.Therefore,thequeuingtime
resultingfromotherpacketsinthebufferofeach MTDis
consideredtobenegligible.Moreover,eachIoTdevicemight
betransmittingdatafromvariousapplications.Forexample,
thereareIoTsensorsthattransmitfivedifferentdatasuchas
temperature,humidity,light,movementandCO2levels.Each
oftheseapplicationscanhavedifferentdelayrequirements.
Onceallthedelaycomponentsaremodeled,wecancalculate
themaximumtolerableaccessdelayasfollows:

Ta=Ttotal−Tt−Tp. (1)

DuetothefactthatthevaluesofTtotal,Tr,Tt,andTp
areconstantandthateachapplicationthatistransmitting
throughthe MTD mighthavedifferentQoSrequirements,
themaximumtolerableaccessdelayforeach MTDwillbe
differentatanygiventime.Moreover,onceapacketisinthe
MTDqueueandwaitsfortoaccessthechannel,aftereach
timestepofwaiting,itstolerableaccessdelaywillbeshorter.
Therefore,thepacketsofeach MTD mighthavedifferent
tolerableaccessrequirementsatdifferenttimes.
3)Throughput:OnceeachsignalisreceivedattheBS,the
signal-to-noiseratio(SNR)is:

γi(t)=
qi(t)|hi(t)|

2

WN0
, (2)

wherehi(t)representthechannelbetweenMTDnodeiand
theBS.N0isthepowerspectraldensityofthenoise,W is
thebandwidthofthetransmissionchannel,andqi(t)isthe
transmitpowerofMTDi.Thechannelismodeledashi(t)=
ai(t).gi(t)wheregi(t)∼CN(0,1)representsthesmall-scale
Rayleighfading,assumedtobeindependentatdifferenttimes.
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Largescalefadingisincludedinai(t)=10
ai,dB(t)

10 where
ai,dB(t)=PLdB+XσwithPLdBandXσdenotingthepath
lossandlog-normalshadowingwithvarianceσ. Weusethe
3GPPpathlossmodelfromtheBStoMTDs[34]whichis
givenbyPLdB=128.1+37.6log(d).Subsequently,therate
isgivenby:

Ci(t)=Wlog1+
qi(t)|hi(t)|

2

WN0
. (3)

B.ProblemFormulation

WefirstnormalizeCi(t)aswellasthemaximumtolerable
accessdelaytoavaluewithintherange[0,1].Wedefinethe
normalizedrateusingthefollowingorder-preservingmapping
functionfrom[0,∞]to[0,1]:

Cni(t)=
Ci(t)

φ+Ci(t))
, (4)

whereφcanbeanypositivenumber. Weuseφ=Cavwhere
Cavistheapproximatetheaveragerateofthesystemthat
iscalculatedbyaveragingtheapproximate minimumand
maximumpossibleratefrom MTDstotheBS. Weusethe
closestMTDtotheBSwithaline-of-sightfadingmodelfor
themaximumrate.Fortheminimumrate,weusethepathloss
modelwithmaximumshadowfadingforthefarthest MTD.
Notethatonecoulduseanypositivenumberforφinthis
normalizationequation,however,sincesmallervalueswould
pushthenormalizedthroughputtowardsone,wechoseCav
whichleadstoabetterspreadingofvaluesin[0,1].
Tonormalizethe maximumtolerableaccessdelay, we

useamappingfrommaximumtolerableaccessdelaytoa
numberin[0,1]usingafunctiong(di(t)).Todothis,weuse
Gompertzfunction[35]withslightmodifications,whichisan
asymmetricsigmoidfunctionthatiswidelyusedingrowth
modeling.Therationalebehindusingthisfunctionisthatit
ispossibletocontrolthepointatwhichthevalueofthe
functionstartstodecreaseaswellasthesteepnessofthecurve.
Gompertzfunction[35]isgivenbyw(t)=ae−be

−ct

,where
parameteradefinestheasymptoteofthefunction,bsetsthe
displacementalongthetimeaxis,andcdeterminesthegrowth
rateorthesteepnessofthefunction.TheGompertzfunctionis
anincreasingfunctionintime.Moreover,sincesmallervalues
ofthemaximumtolerableaccessdelaymeanthatthe MTD
hasdelay-sensitivedatatotransmit,andhence,itshouldhave
ahighervalueintheutilityfunction,wemodifytheGompertz
functiontocreateanewfunctionthatisdecreasingwithtime,
asfollows:

g(di(t))=a−ae
−be−cdi(t). (5)

Fig.2showstheplotofthe modifiedGompertzfunction
forsomedifferentvaluesofthecontrolparameters. Any
schedulingalgorithmperformsbetterintermsofdelayifit
selectsMTDswithsmallermaximumtolerableaccessdelay,
whichistheonethatmaximizesfunctiong(di(t)).Foreach
MTD i∈ M,wecannowdefineautilityfunctionthat
combinesalloftheQoSmetrics:

Ui(t)=αvi(t)+βC
n
i(t)+γg(di(t)).
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Fig.2:ModifiedGompertzfunctionformodelinglatencyfor
differentvaluesofthecontrolparameters.

In(6),α,β,andγareweightparametersusedtomodifythe
importanceofeachmetricwithα+β+γ=1.Thiscombined
QoSmetricisusedtohandlemultipleobjectivesandtradeoffs
betweenthem[36].Valuesofα,β,andγcanbederivedby
usingpairwisecomparisonofdifferentQoSmetricsandusing
AnalyticHierarchyProcess[37].Thebestperformanceattime
tisachievedifanMTDk∈K⊆ Misselectedsuchthat:

k=argmax
i∈K

Ui(t),

s.t. Ci(t)≥ρ,

di≥t−ts,

(7)

whereKisthesetofactive MTDsandρisratethreshold
requiredfordatatransmission.Ifvi(t),hi(t),di(t),andthe
setofactive MTDsareavailabletotheBS,solving(7)is
straightforward.However,inreal-worldnetworks,havingsuch
informationattheBSisimpracticalduetothefollowing
reasons.First,MTDsshouldsendaschedulingrequesttothe
BSusingperiodicallyavailablerandomaccessslots.Sending
schedulingrequestsin MTCisnotoptimalsinceit:a)will
mostlikelyfailinmassiveaccessscenario,b)requireslarge
signalingoverheadcomparedtothesmalldatapacketsize,and
c)increasesthelatency.Thismotivatesthedevelopmentofa
predictiveresourceallocationscheme,wherethesetofactive
MTDsispredictedattheBS.Second,foroptimalperformance
inthesystem,theBSmustknowthechannelstateinformation
(CSI)oftheMTDs,theirdatavalues,andtheirexactlatency
requirements.Clearly,inpractical MTDnetworks,theBS
doesnothavefullknowledgeontheparametersofthemetric
definedin(6).Forexample,sincethedatapacketsaresmall,
havinginstantaneousCSIattheBSrequiressignalingover-
headthatisalmostequaltothedatasize,whichisnaturally
inefficient.Moreover,asdiscussedearlier,thetolerableaccess
delayandvalueofthedatapacketscanbedifferenteachtime.
Therefore,itisappropriatetosolveproblem(7)usingonline
learningmethodswithlimitedornoinformation[28]atthe
BS.Inthiscasethelearningalgorithmcanlearnthestatistical
propertiesoftheCSI,thetolerableaccessdelay,andthevalue
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ofthedatapacketsovertime.Next,weproposeanovelonline
algorithmbasedonMABtheory[28]tosolve(7).

III.PROPOSEDMULTI-ARMEDBANDITFRAMEWORKAND
ALGORITHM

A. MABtheoryandMABproblemformulation

Inamulti-armedbanditproblem,aplayer(decisionmaker),
pullsanarmfromasetofavailablearms(selectsanaction
fromasetofavailableactions).Eacharmgeneratesareward
afterbeingplayed,basedonadistributionthatisnotknownto
thedecisionmaker–thedecisionmakeronlyobservesthere-
wardoftheselectedarm.Theaimoftheplayeristomaximize
acumulativerewardorminimizeacumulativeregret.Regret
isdefinedasthedifferencebetweentherewardofthebest
possiblearmateachgameinstant,andthegeneratedreward
ofthearmthatisplayed.
Letθ(t)betherewardofplayinganarmfromthesetof
armsKattimet,andletθ∗(t)=max

i∈K
θi(t)bethehighest

possiblerewardthatcouldbeachievedattimetfromtheset
ofallarmsi∈K.TheregretuptotimeTisdefinedas[28]:

R(T)=E
T

t=1

θ∗(t)−
T

t=1

θ(t), (8)

wheretisthediscretetimeindexandtheexpectationis
takenovertherandomchoicesofthealgorithmaswellas
therandomnessinrewardallocation.Inourproblem,each
MTDisseenasanarmintheMABsettingsandtheBSisthe
playerthatselectsthebestarmateachtimeandafterplaying
thatarm,receivesarewardthatisgeneratedbythemetric
definedin(6).Hence,therewardthatisgeneratedbyeach
MTDi∈ Mis:

θi(t)=1[di>t−ts]1[Ci(t)>ρ]Ui(t), (9)

where1(.)isanindicatorfunctionthatisequalto1when
theargumentofthefunctionholdsand0otherwise.Indicator
functionsareusedtoshowthattherewardofthealgorithm
attimesteptforselectingMTDiis0underthefollowing
conditions:

• Ci(t)<ρ,i.e,theachievedthroughputfallsbelowthe
definedthresholdandthepacketcannotbetransmitted
successfully.Thisoftenhappenswhenthechannelquality
betweenMTDiandtheBSisbelowacertainlevel.

• di(t)<t−ts.Here,tiisthetimethatMTDiisselected
fortransmissionandtsisthetimewhenMTDihada
packetreadyfortransmission.Hence,t−tsisthenumber
oftimestepsthatMTDihaswaitedtoreceivetheuplink
grant.Naturally,ifdi(t)<t−ts,thentheMTDpackets
willbedroppedandtherewardattheBSforselecting
MTDiwillbe0.

ThegoaloftheBSistomaximizeitscumulativereward
overtime.Tosolvesuchaproblem,thenaturalsolutionis
tofindthebestpossiblearmandplayitallthetime.This
requiresplayingalloftheavailablearmsformanytimesto
findtheirexpectedvalue.However,randomlyselectingarmsin
theprocessoflearningishighlysuboptimal.Hence,anMAB
algorithmfindsthearmswithhigherrewardsandchooses

themmoreoften,whichisknownasexploitationofthose
arms.Atthesametime,an MABalgorithmshouldexplore
alltheotherarmsenoughtimestofindtheirexpectedvalue
moreprecisely.Thisisknownastheexplorationversusex-
ploitationtradeoff.Severalmethodsexisttosolvetheproblem
ofexploration/exploitation.Oneofthemostpopularsolution
approachesforthe MABproblemisbasedontheconcept
ofupper-confidencebound(UCB).Inthismethod,theMAB
algorithmateachtimetplaysanarmx(t)suchthat:

x(t)=argmax
i∈K

zi(t)

ni(t)
+

ψlnt

ni(t)
(10)

wheretisthetimestep,ni(t)isthenumberofthetimesthat
armiwasplayedintheprevioustimestepsuptot−1,zi(t)is
thesumoftherewardsofplayingarmiuptotimet,andψis
aparameterthatprovidesatradeoffbetweenexplorationand
exploitation.Largervaluesofψleadtoahigheramountof
exploration.WewillnextusetheUCBconceptinourproposed
probabilisticsleeping MABalgorithmtoprovideatradeoff
betweenexplorationandexploitation.IntheUCBmethod,an
intervalisdefinedaroundtheaverageofthereceivedrewards

fromeacharm.Thisconfidenceinterval ψlnt
ni(t)

dependson

thenumberofthetimesthatanarmwasplayedandthetotal
numberofthetimesthatalgorithmisrunning.Themoreone
armisplayed,theUCBvaluebecomessmaller.Thismeans
thattheempiricalmeanisclosertotherealexpectedvalueof
thearm.

B.SleepingBanditsandProposedAlgorithm

InclassicalMABproblems,itisassumedthatallofthearms
areavailabletobeplayedatalltimeinstants.However,forthe
MTCfastuplinkgrantschedulingproblem,thisassumptionis
notvalidsince MTDswillhaveasmallnumberofpackets
andusually,aftereachtransmission,theybecomeidlefor
sometime.Hence,weconsiderascenarioinwhich,theset
ofavailablearmsvariesovertime.Thistypeofproblems
arecalledsleeping MABproblems[38].Inourproblem,
sincetheavailabilityofthe MTDsfollowsthedistribution
oftheirtraffic,andtherewardcanbedescribedby(9),we
havesleepingbanditswithstochasticactionavailabilityand
stochasticrewards.Theauthorsin[38]provideanalgorithm
named AUERthataddressessuchproblemsandachieves
optimalregret.However,AUERisonlyapplicabletosleeping
MABproblemsinwhichthesetofavailablearmsisperfectly
knowntothedecision makerinadvance.Inourproblem
formulation,suchanassumptionwillnothold.Therefore,we
proposeanovelsolution,summarizedinAlgorithm1.Here,
weconsiderthattheBShasapredictionalgorithm(e.g.,such
asthoseproposedin[39],[26],and[40])todeterminetheset
ofactiveMTDsateachgiventime.Thisalgorithmprovides
thesetofactiveMTDswithacertainprobability.Thatis,each
MTDihasaprobabilityλi(t)ofbeingactiveattimet.Inthis
problem,sincetheavailabilityofthe MTDsisprobabilistic,
theselected MTDmightnotbeactive,whichwillleadto
0rewardandawasteofresources.Therefore,tosolvethe
optimizationproblemin(7)weproposean MABalgorithm
thattakessuchaprobabilityofbeingactiveintoaccount.Any
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Algorithm1TheprobabilisticsleepingMABalgorithm.

Initializezi,niforalli∈[n],initializet
fort=1toTdo
if∃j∈Kts.t.nj=0then
Playarmx(t)=j

else
CalculatetheposteriorprobabilityΛi(t)forallMTDs
Play arm x(t) =

argmaxi∈Kt(Λi(t))
zi(t)

ni(t)
+ ψlogt

ni(t)

end
ifx(t)isanavailablearm(x(t)=0)then
observepayoffθx(t)
zx(t)←zx(t)+θx(t)(t)

nx(t)←nx(t)+1

t←t+1
else
zx(t)←zx(t)
nx(t)←nx(t)
t←t
end

errorinthesourcetrafficpredictionalgorithmthatprovides
thesetofactive MTDswillaffecttheperformanceofthe
proposedsleepingMABalgorithm. Wefirstdefinetwotypes
ofpredictionerrorsthatwilllaterbeusedintheproposed
algorithmandtheregretanalysisinSectionIII-C:

1)Forany MTDthatisactiveattimetwithprobability
ofbeingavailableλi(t),thepredictionerrorwillbe1−
λi(t).IfanoptimalMTDisactiveandhashighprediction
error,thatMTDmightnotbescheduledandsomesub-
optimal MTDjwillbescheduledinstead,whichwill
leadtoregretµi(t)−µj(t).µi(t)andµj(t)representthe
rewardsofarmiandarmjrespectively. Weusee1to
capturethisevent.

2)Foranynon-active MTDjthatisinthesetKt,the
predictionerrorisλj(t).Ifanynon-active MTDjis
improperlyselectedduetohighpredictionerrorinstead
ofanoptimalMTDi,thenthereturnedrewardiszero,
and,thehence,regretisµi(t).Thisisthehighestamount
ofregretthatcanhappenatanygiventime. Wedenote
thiseventbye2.

ForanyMTDthatisselectedfortransmission,e2willbe
immediatelyobserved.Thismeansthatifthenon-activearmis
playedduetoahighprobabilityoferror,itwillbeseenbythe
BS.Moreover,e2inprevioustimestepscanalsobeobserved
bytheBSbysimplyobservingthetimestepwhenthereceived
packetwasgenerated.Forexample,ifapacketwasreceived
attimesteptandwasgeneratedktimestepsearlier,then,
theBScanobservethisandinferthat,inthekprevioustime
steps,thepredictionalgorithmhasmadeamistakeinproviding
theprobabilityofactivityfor MTDiinallcasesforwhich
λi(t)=1.Moreover,whenevertheMABalgorithmselectsan
MTDwithpredictionprobabilityλi(t)andreceivesareward,

itcanobservethatthepredictionalgorithmhadanerror1−
λi(t).Here,weconsidertheprobabilityofbeingactiveas
sideinformationtohelpinselectingthebestpossibleMTD
fortransmission.Tothwartthepredictionerrorse1ande2
andachievehigheraccuracy,weproposetouseaBayesian
approachtoinfertheactivitystatusofeachMTDatanygiven
time.Forthis,letforeach MTDi,wedefinethefollowing
posteriorprobabilityofbeingactiveas:

Λi(t):=Pi,a(iisactive|λi(t))=
P(λi(t)|active)P(active)

P(λi(t))
,

(11)
wheretheposteriorprobabilityPi,a(iisactive|λi(t))repre-
sentstheprobabilitythatthearmiisactiveattimetgiven
thattheprobabilityofbeingactivethatisprovidedbythe
predictionalgorithmisλi(t),thelikelihoodP(λi(t)|active)
representstheprobabilitythatthepredictionalgorithmwill
provideλi(t)forMTDiwhiletheMTDisactive,theprior
probabilityP(active)istheprobabilitythatMTDiisactive,
andthemarginallikelihoodP(λi(t))istheprobabilityof
providingλi(t)for MTDibythesourcetrafficprediction
algorithm.Sinceλi(t)canbeacontinuousvariable,weuse
binningtoconvertittoadiscretevaluewhichisthenused
incalculatingtheposteriorprobabilities.Inourproposed
algorithm,theBSateachtimeselectsan MTDx(t)such
that:

x(t)=argmax
i∈Kt
(Λi(t))

zi(t)

ni(t)
+

ψlogt

ni(t)
, (12)

wherezi(t)isthesumofrewardsof MTDi,ni(t)isthe
numberofthetimesthatMTDiwasselectedandwasactive,
andtisthetotalnumberofthetimesthattheselectedMTD
wasactive.KtisdefinedasthesetofactiveMTDsattime
t.IncontrasttotheoriginalUCBmethod,weonlycount
thenumberoftimesthattheselectedMTDwasactive.This
ensuresthatthestatisticalaverageandtheUCBvaluesare
calculatedcorrectly.SincetheavailabilityoftheMTDsinset
Kthaveassociatedprobabilities,theerroroftheprediction
attheBSwillpropagatetothe MAB.Thismeansthatthe
performanceofthesleeping MABwillsuffersincesome
selectedMTDsforthefastuplinkgrantmightnotbeactive.
Lesserrorinthepredictionalgorithmwillleadtoabetter
performanceoftheprobabilisticsleeping MAB.However,
sincetheerrorinthepredictionalgorithmcanleadtoselecting
thesub-optimalarm,andifthepredictionalgorithmmakesthe
sameerrorontheoptimalarmmanytimesinarow,thesub-
optimalarmwillbeplayedwhichcanleadtoalinearincrease
inregret.TermΛi(t)ensuresthatthepreviousmistakesofthe
sourcetrafficpredictionaretakenintoaccountwhileusing
thecurrentprobabilityofbeingactivethatisprovidedby
thesourcetrafficpredictionalgorithm.Thiswillalleviatethe
performancedegradationduetopossibleconsecutivemistakes
bythesourcetrafficpredictionalgorithm.Forexample,ifan
optimalarmihasasmallλi(t)formanytimesteps,onceit
isplayedduetohigherUCBvalue,(recallthattheUCBvalue
increasesbytime),theproposedBayesianapproachwillinfer
thatthe MTDimightbeactiveandthereforeitwillhave
higherΛi(t).Inasimilarmanner,ifthepredictionalgorithm



7

assignsahighprobabilityofbeingactivemanytimestoa
non-active MTD,valueofΛi(t)forthat MTDwillbelow,
andtherefore,itwillhavealowerx(t)andwillbeselected
lessoften.NotethatsincetheBayesianapproachminimizes
theerror[41],then,foranygivenpredictionalgorithm,our
proposedapproachwillachievethebestpossibleperformance.
ThisalgorithmwilleventuallyselectMTDswithhighervalues
oftheutilityfunctionandahigherchanceofbeingactivewhile
balancingthetradeoffbetweenexplorationandexploitation.

C.RegretAnalysisoftheProposedAlgorithm

Next,weprovidetheanalyticalregretanalysisofthepro-
posedprobabilisticsleepingMAB.Wederivetheupperbound
oftheregretandderivetherelationbetweentheaccuracy
ofthesourcetrafficprediction methodandtheregretof
ourproposedalgorithm.Throughoutthissection,weusethe
followingsetup.ConsideraMABscenariowithnarms,where
µ1>µ2>...>µn,withµibeingtheexpectedvalueofthe
rewardsofarmi. WedefinetherandomvariableNi,jasthe
numberoftimesarmjwasplayedwhilesomearminset
I={1,...,i},(i<j)couldhavebeenplayed. Wedefine
∆i,j=µi−µj,whichisalwayspositive.Theexpectedvalue
oftheregretcanbeexpressedas:

R(T)=E




n

j=2

j−1

i=1

(Ni,j−Ni−1,j)∆i,j



+E[µ1(t)]f(e2)T

=
n

j=2

j−1

i=1

E[Ni,j](∆i,j−∆i+1,j)+E[µ1(t)]f(e2)T.

(13)
N0,j=0and∆j,j=0forallj[38].Inthefollowing,ni(t)is
thenumberoftimesthatarmiisplayeduntiltimetandTis
thetotaltimethatthealgorithmhasbeenrunning.Moreover,
inthefollowing,̂µk(t)showstheaveragereceivedrewardof
armkuptotimet.Next,wederivethenumberoftimes
thatpredictionerrorevente2happenswithfunctionf(e2).
First,wepresenttheconcentrationboundsthatareusedinthe
regretanalysis.Theseboundsshowthattheprobabilitythat
theestimatedvalueoftherewardofanarmwillbewithinthe
confidenceboundsusedbythesleepingMABalgorithm.

Lemma1.Giventhedefinitionsofµk,̂µk(t),andnk(t),the
followingholds:

P µ̂k(t)−
ψlnt

nk(t)
≤µk≤µ̂k(t)+

ψlnt

nk(t)
=

P µk−
ψlnt

nk(t)
≤µ̂k(t)≤µk+

ψlnt

nk(t)
≥1−

2

t2ψ
.

(14)

Proof.WestartfromChernoff-Hoeffdinginequalitywhere
µ̂k(t)arestrictlyboundedbytheintervals[0,1]andconsider-

ingtheconfidencebound ψlnt

nk(t)
,theinequalitycanbegiven

by

P |̂µk(t)−µk|≥
ψlnt

nk(t)
≤2exp −nk(t)

ψlnt

nk(t)

2

.

(15)
Aftersimplifications,weprovethelemma.

ThislemmaisusedinTheorem1whereweanalyzethe
regretboundsoftheproposedprobabilisticsleeping MAB
solutionpresentedinAlgorithm1.Inourproposed MAB
algorithm,asuboptimalarmisselectedinsteadoftheoptimal
arminthefollowingcases:a)The MABalgorithmdoes
nothaveanaccurateestimateoftherewardsofeacharm.
Thismostlyhappensduringtheinitiallearningphase,b)A
suboptimalarmisselectedbecauseofpredictionerrore1,or
c)Zerorewardisreturnedduetopredictionerrore2.Clearly,
casesa)andb)fortheregretareafunctionoftheaccuracy
ofthepredictionalgorithm. Wedecoupletheeffectofthe
predictionerrorsofthesourcepredictionalgorithmfromthe
uncertaintyoftheMABalgorithmabouttheexpectedvaluesof
therewardsofeachMTD.Weshowthatpredictionerrorscan
leadtolinearregretwithrespecttothetotalrunningtimeofthe
algorithmwithacoefficientthatisafunctionoftheprediction
error.However,suchacoefficientbecomesverysmallfora
sourcetrafficpredictionalgorithmwithhighaccuracy,and
therefore,makethelineartermverysmall.

Theorem1.Theregretoftheprobabilisticsleeping MAB
algorithmisatmost:

R(T)≤ 4ψlnTΛav+O(1)+f(e1)T

×
n

j=2

j−1

i=1

1

(Λiµi−Λjµj)
2 Λiµi−Λi+1µi+1

2

+E[µ1(t)]f(e2)T

≤ 8ψlnTΛav+O(1)+f(e1)T

×
n−1

j=1

1

(Λj+1µj+1−Λjµj)
2 +E[µ1(t)]f(e2)T.

(16)
wheref(e2)andf(e2)becomeverysmallasaresultof
Bayesianinference,Λavistheaveragevalueoftheposterior
probabilitygivenbytheBayesianinferencemethodforall
MTDsandΛjistheaveragevalueoftheposteriorprobability
forarmj.

Proof.TheproofisgiveninAppendixA.

Thistheoremshowsthattheperformanceoftheproposed
sleepingMABalgorithmisafunctionoftheaccuracyofthe
predictionsthataredoneinthepreviousstep.Thistheorem
showsthat,forasourcetrafficpredictionalgorithmwithgood
accuracy,afterthelearningperiod,thesleepingMABwillbe
abletoselectthemostimportant MTDanditcanachieve
logarithmicregret.In MABproblems,logarithmicregret,as
comparedtolinearregretshowsthatthealgorithmshasbeen
abletolearnthearmswithhigherrewardandthegapbetween
theselectedarmandthebestarmhasbecomesmaller[28].
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InourMTCsetting,thismeansthat,ourofthesetofactive
MTDs,theonewithbestcombinationoflatencyrequirements,
wirelesschannelquality,andhighvaluewillbeselected.
Clearly,wecanchangethecoefficientsoftherewardthat
wehavedefinedin(6)togivehigherprioritytotheQoSof
interest.

D. MultipleMTDselection

Intheprevioussections,wehavestudiedthesleepingMAB
algorithmforthefastuplinkgrantallocationproblem.Most
MABalgorithmsaredevelopedforselectingonearmata
time.However,inpracticalwirelesssystems,atanygiven
time,therearemultipleradioresourcesblockthatcouldbe
allocatedtothe MTDs,andhence,thenetworkmayneed
toselectmorethanone MTDforresourceallocation.Here,
weextendtheproposedsleepingMABalgorithmformultiple
arms. Weassumethattherearelradioresourceblocksin
thefrequencydomainthatcanbeallocatedforlMTDs.In
ordertodothis,sincethecriteriainselectingthebestMTD
intheprobabilisticsleeping MABalgorithmwasthe MTD
withhighestUCBvalue,weextendourmethodsbyselecting
lhighestUCBvaluesateachtimestep.Thismethodfollows
theconceptofbestorderingofarmsinMABtheory,inwhich,
thearmsareorderedbasedontheirimportancetobeselected
[28].Ifweassumethatthearmsareselectedonebyone,after
selectingthebestMTD,forthenextselection,wemustchoose
thenextarmwithhighestUCBvalue.Hence,theorderingof
theUCBvaluesandselectingthebestlMTDsisaverynatural
extensiontotheproposedprobabilisticsleeping MAB. We
shouldmentionthatateachtimestep,alloftheMTDsthatare
activeforthefirsttimeareselectedfirst,andthenotherMTDs
aresortedbasedontheirUCBvalue.Thisproposedmethod
ofmultipleMTDselectionissummarizedinAlgorithm2.

IV.SIMULATIONRESULTS

Inthissection,wepresentsimulationresultstoshowthe
abilityoftheproposedmethodstolearntheQoSrequirements
oftheMTDswithnopriorknowledgeaboutthem.

A.SingleMTDselection

Weconsiderasinglecircularcellsystemwherethesimu-
lationparametersaregiveninTableI.Allstatisticalresults
areaveragedoveralargenumberofindependentruns.Each
MTDhasarewarddistributionwithexpectedvalueUi∈(0,1)
thatshouldbeestimatedattheBS.Thevalueofthereward
functionchangesduetothefollowingreasons.First,the
achievedrateateachtimechangesduetochangesinthe
channelquality.Second,themaximumtolerableaccessdelay
mightchangeatdifferenttimessincethepacketintheMTD
mightfacevariousdelays. Moreover,each MTDcansend
packetsfromvariousapplicationswithdifferentdatavalues.
Intheutilityfunction,valuesα=0.2β=0.3,andγ=0.5
areinitiallyused.Asneeded,wechangetheparametersof
themodifiedGompertzfunctionfromFig.2basedonthe
maximumaccessdelayrequiredinthesystemtohavean
accuratemodelingofthelatency.

Algorithm2MultipleMTDselection

Initializezi,ni,niforalli∈[n],initializet
fort=1toTdo
if∃i∈Ats.t.ni=0andni=0then
Playallarmswithx(t)=iorsetb=numberofarms

withni=0andni=0
else
CalculatetheposteriorprobabilityΛi(t)forallMTDs
Order the arms in descending oder by

Λi(t)
zi
ni
+ ψlogt

ni
andselectthe (l− b)first

arms
end
ifx(t)isanavailablearm(x(t)=0)then
Forallavailablearms,observepayoffθx(t)
zx(t)←zx(t)+θx(t)
nx(t)←nx(t)+1

t←t+1
else
forallnon-availablearmsdo
zx(t)←zx(t)
nx(t)←nx(t)
t←t

end

TableI:Simulationparameters.

Parameter Value
Cellradius 500m
Bandwidth 360kHz
TotalnumberofMTDs 500
NumberofactiveMTDs 50
NoisefigureatBSandMTA 2dB
CUtoBSpathlossmodel 128.1+36.7log(d[km])
Noisespectraldensity -174dBm/Hz
Log-normalshadowfading 10dB

InFig.3,weseta=1,b=8,andc=0.0.3,andweshow
theregretresultingfromtheproposedBayesiansleepingMAB
algorithm.Ourresultsarecomparedto:a)Ahighestproba-
bilityschedulingpolicy,b)Thecasewhentheavailabilityof
theMTDsisnottakenintoaccountintheselectionprocessof
(12)andonlyUCBvaluesareused,c)Ascenarioinwhichthe
predictioniserrorfree,andd)whenthevalueλi(t)isdirectly
multipliedtotheUCBvalue,ande)acasewhereahigher
predictionerrorisconsideredforthesourcetrafficprediction.
Fig.3clearlyshowsthatthemaximumprobabilityallocation
ofradioresourceshaslinearregretwhichis muchworse
comparedtothelogarithmicregretachievedbytheproposed
solution.Fig.3alsoshowsthattheproposedenhancementof
ouralgorithmdonebyusingtheBayesianmethodprovides
uptothree-foldimprovementintheperformancecomparedto
usingthesleepingMABwithoutmodification.Moreover,Fig.
3showsthattheBayesianapproachcanfindthemistakeof
thesourcetrafficpredictionalgorithmasithasmuchbetter
performancecomparedtothecasewhenweonlymultiplythe
sideinformationtotheUCBvalues.Thebaselinemaximum
probabilitypolicyperformsverypoorlyintermsofregretas
seenfromFig.3sinceitsregretincreaseslinearlywithtime.

InFig.4,weconsiderα=β=0andγ=1tostudy
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Fig.3:RegretresultingfromtheproposedBayesiansleeping
MABcomparedtothecaseinwhichsourcetrafficprediction
ismultipliedwiththeUCBvalue,Bayesiansleeping MAB
withhigherpredictionerrror,classicsleepingMABwithno
probabilitytakenintoaccount,sleeping MABwithperfect
prediction,and maximumprobabilityallocation.(a=1,
b=8,andc=0.0.3)

theperformanceintermsoflatency.Themaximumtolerable
accessdelayisconsideredtobeavaluein[1,300]msand
wesettheparametersofthemodifiedGompertzfunctionto
a=1,b=13,andc=0.025withthetimehorizonT=106.
Foreveryvalueofthemaximumtolerableaccessdelayin
thesystem,theaveragetolerableaccessdelaythatisachieved
byamaximumprobabilityallocationpolicyiscomparedto
theBayesiansleepingMABalgorithm.FromFig.4,wecan
seethatthemaximumprobabilityallocationofthefastuplink
grantachievesadelaythatisequaltotheaveragedelayof
thenetwork.Thisisduetothelawoflargenumberswhen
theaveragevalueoftherandomselectionsapproachesthe
expectedvalueofthesampledexperiment.Incontrast,the
proposedalgorithmisabletoselectMTDswithstricterlatency
requirements.The maximumtolerableaccessdelayofthe
MTDselectedbytheproposedalgorithmisalmosttwotimes
smallerthanthatoftherandomlyselected MTD.Notethat
thisschedulingpolicynotonlydecreasestheaveragelatency
ofthesystembutisalsoabletosatisfytheindividuallatency
requirementsofeachMTDbyprioritizingtheschedulingof
MTDswithstrictrequirements.

ThescatterplotofthelatencyoftheselectedMTDateach
timeispresentedinFig.5(a)fortheproposedsleepingMAB,
andinFig.5(b)forthemaximumprobabilityallocationcase.
Wesetthemaximumtolerableaccessdelayto100msandthe
parametersofthemodifiedGompertzfunctiontoa=1,b=7,
andc=0.07.Eachdotinthesefigurescorrespondstothe
maximumtolerableaccessdelayoftheselected MTD.For
anytimestepduringwhichtheselectedMTDwasnotactive,
themaximumlatencyof100
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msisplotted.Fig.5(a)shows
theeffectivenessofthesleepingMABalgorithminoptimizing
latencywhileprovidingfairnessinthesystem.FromFig.5(a),
wecanseethat,initially,thedotsareuniformlydistributed

Fig.4:Averagemaximumtolerableaccessdelayofthese-
lected MTDinfastuplinkgrantallocationusingsleeping
MABscomparedtorandomallocationofuplinkgrant.

whichmeansthattheMTDsarerandomlyselected.However,
afterlearning,theintensityofthedotsforMTDswithstricter
latencyrequirementsismuchhigherthanthatofthe MTDs
withlargerdelayrequirement.ClearlydelaysensitiveMTDs
arescheduledmoreoften.However,afterthelearningperiod,
thealgorithmwillkeepschedulingMTDswithlargerlatency
requirements.Thisincreasestheaccuracyoftheinformation
attheBSaboutthelatencyrequirementsofallMTDsandalso
providesfairness.Moreover,ifthelatencyrequirementsofan
MTDhaschangedovertime,thealgorithmcandiscoverthat
andstartschedulingthat MTDaccordingly.FromFig.5(b),
wecanseethatamaximumprobabilityschedulingalgorithm
selectsthelatencycompletelyrandomlyatalltimesandthe
performanceofthesystemismuchworsethantheproposed
sleepingMAB.
InFig.6, wepresentthescatterplotoftheachieved
throughputofthesystemateachtimestepfortheproposed
sleepingMABandthemaximumprobabilityallocationpolicy.
Here,wehavesetα=γ=0andβ=1.Thebandwidth
isconsideredtobe360kHzandthetransmitpowerofall
theMTDsissetto10dBm.ItisclearfromFig.6thatthe
maximumpredictionprobabilityallocationpolicy,onaverage,
achievesalowerrateandtheproposedmethodyieldsmuch
betteraverageperformance.

B. MultipleResourceBlocks

Inthissection,weprovidetheresultsforselectingmultiple
MTDsbyusingAlgorithm2.Here,weconsiderthatallthe
devicesrequirethesameamountofresourcesandoneresource
blockisenoughfortransmittingthepacketofeachMTD.For
eachfailedtransmission,weconsiderthedevicetobeavailable
inthenexttimestep.
First,weprovidetheregretofthealgorithmtostudyits
performance.Weseta=1,b=8,andc=0.03,andtheutility
functionvaluesα=0.2β=0.3,andγ=0.5.Weassumethat
thereare500MTDsinthesystemand,ateachtime,50MTDs
areactiveand20MTDscanbescheduledateachtime.The
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(a)ProbabilisticsleepingMABwithψ=1 (b)Maximumprobabilityallocation

Fig.5:RequiredaccessdelayoftheselectedMTDateachtimeduringtheentirelearningperiod.Thisfigureshowshowour
proposedmethodcanoptimizethesystemwhileprovidingfairness.(a=1,b=7,andc=0.07)

(a)ProposedprobabilisticsleepingMAB (b)Maximumprobabilityallocation

Fig.6:ScatterplotoftheachievedthroughputofthesystemateachtimestepfortheproposedsleepingMABcomparedto
maximumprobabilityallocationpolicy.

regretoftheproposedprobabilisticsleepingMABiscompared
tothemaximumprobabilitybaselinescenario,thescenario
whentheprobabilityofbeingactiveisdirectlymultipliedto
theUCBvalue,sleepingMABwithonlyusingUCBvalues,
andperfectprediction.Fig.7showsthattheproposedmethod
achieveslogarithmicregret.Weobservethatcomparedtothe
maximumprobabilityallocationpolicy,theregretachievedby
ourproposedprobabilisticsleepingMABisnearlythreeand
fourtimeslowerforthetwodifferentprobabilityintervalsthat
weconsidered.Fig.7naturallyconfirmsthattheperfectpre-
dictionschemeachievesthebestperformance.Wecanclearly
seefromthisfigurethattheproposedBayesianapproachcan
minimizetheerrorsofthesourcetrafficpredictionalgorithm
andtherefore,achievenearoptimalperformance.
InFig.8,wepresenttheaveragedelayoftheselected

MTDswithα=β=0andγ=1.Themaximumtolerable

accessdelayisconsideredtobeavaluein[1,300]msand
wesettheparametersofthemodifiedGompertzfunctionto
a=1,b=13,andc=0.025withthetimehorizonT=106.
ItisclearthattheproposedprobabilisticsleepingMABalgo-
rithmisabletoprovidemuchbetteraverageachievedaccess
delayinthesystem.Onemustnotethattheachievedaverage
accessdelayisalmostconstantforanyvalueofthemaximum
tolerabledelay,sincetheselect MTDsareaveraged.This
showsthat,inreal-timesystems,byincreasingthenumber
of MTDs,ourproposedsolutionachievesalmostatwo-fold
improvedperformancecomparedtobaselinemethods.Thisis
aninterestingresultsinceitshowsthat,foramassiveaccess
scenario,ourproposedmethodisabletoachieveverylow
accessdelay.Incontrast,conventionalrandomaccessbased
systemsexperienceexcessivedelaysduetocollisions.
InFig.9,ascatterplotoftheaverageaccessdelayof
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Fig.7:Regretresultingfromtheproposedprobabilisticsleep-
ing MABcomparedtosleeping MABformultipleresource
blockswithprediction,sleepingMABwithperfectprediction,
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Fig.8:Averageachieveaccessdelayinthesystemforallthe
selectedMTDs.(a=1,b=13,andc=0.025)

theselected MTDsispresentedforourproposedsolution
comparedtoa maximumpredictionprobabilityallocation
policy. Wesetthemaximumtolerableaccessdelayto100
ms,andtheparametersofthemodifiedGompertzfunctionto
a=1,b=7,andc=0.07.EachdotinFig.9capturesthe
averageofthemaximumtolerableaccessdelayoftheselected
MTDs.From9,wecanclearlyobservethattheproposed
sleepingMABachievesabetterperformanceandcanimprove
theaveragelatencyinthesystem.Moreover,thereisabalance
betweenselectingtheMTDswiththemoststrictaccessdelay
requirementsandexploringotherMTDstoprovidefairness,
whichcanbedonebychangingψ.

V.CONCLUSIONS

Inthispaper,wehaveintroducedanovelsleeping MAB
frameworkforoptimalschedulingof MTDsusingthefast

uplinkgrant.First,wehavedevisedamixedQoSmetricbased
onacombinationofthevalueofthedata,rateofthelink,
andmaximumtolerableaccessdelayofeachMTD.Second,
wehaveusedthatmetricasarewardfunctionina MAB
frameworkwhosegoalistofindthebestMTDateachtime
forscheduling. Moreover,wehaveconsideredanimperfect
sourcetrafficpredictionwhereeachMTDinthesetofactive
MTDshasaprobabilityofbeingactive.Then, wehave
proposedaprobabilisticsleepingMABframeworktosolvethe
problemoffastuplinkgrantallocation. Wehaveanalytically
studiedtheregretoftheproposedprobabilisticsleepingMAB
and wehaveshownhowtheerrorsinthesourcetraffic
predictionalgorithmimpacttheperformanceoftheproposed
sleepingMABcomparedtothecaseofperfectsourcetraffic
prediction. Moreover,wehaveextendedthesleeping MAB
algorithmforselecting multiplearmsateachtimetouse
itinscenarioswheremorethanone MTDisscheduledat
eachtime.Simulationresultshaveshownthattheproposed
algorithmperformsmuchbetterthanthemaximumprediction
probabilityallocationpolicy,andcanachievealmostthree-fold
performancegainintermsoflatencyandthroughput.Tothe
bestofourknowledge,thisisthefirstpaperthataddressesthe
optimalallocationofthefastuplinkgrantforMTC.

APPENDIXA
PROOFOFTHEOREM1

Proof.Toderivetheregretforouralgorithm,weneedto
boundtheregretarmbyarm. Weneedtofindtheexpected
valueofthenumberofthetimesthateacharmwasplayed,
whenthatarmwassuboptimal.Thatis,whatistheexpected
numberoftimesNi,jthatarmjwasplayedwhilesomeother
armi∈I,i=jcouldhavebeenplayed.Assumethatarm
jwasalreadyplayedQi,jtimeswhilesomeotherarmi∈I
wasavailable.Thetotalnumberoftimesthatarmjwasplayed
afterithasalreadybeenplayedQi,jisgivenbyLi,jandcan
bewrittenas:

Li,j=

T

t=Qi,j+1

t

s=Qi,j+1

P[(xt=j)∧(jisplayedstimes)∧(I=∅)]

≤
T

t=Qi,j+1

t

s=Qi,j+1

P(xt=j)∧(nj(t)=s)

∧ ∀ik=1 Λk(t)̂µk(t)+
ψlnt

nk(t)
≤ Λj(t)̂µj(t)+

ψlnt

s

≤
T

t=Qi,j+1

t

s=Qi,j+1

P∀ik=1 Λk(t) µ̂k(t)+
ψlnt

nk(t)
≤

Λj(t) µ̂j(t)+
ψlnt

s
(17)

Toanalyzethis,wedefinetwoeventsE1andE2asfollows:

E1:=∀
i
k=1 Λk(t) µ̂k(t)+

ψlnt

nk(t)
≤

Λj(t) µ̂j(t)+
ψlnt

nj(t)
,

(18)
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Fig.9:Scatterplotoftheaverageaccessdelayofthesystem.(a=1,b=7,andc=0.07)

and,forallk∈{j}∪I:

E2:=µ̂k(t)∈ µk−
ψlnt

nk(t)
,µk+

ψlnt

nk(t)
. (19)

E2meansthataveragereceivedrewardforeacharmisnot
furtherawaythantherealvalueofexpectedvalueofthe
rewardofeacharm,withina marginoftheUCBvalue.
Wehavedefined E2sinceitwillhelpusinevaluatingthe
accuracyofourestimationoftherewardforeacharm.After
conditioningE1onE2,wehave:

P[E1]=P[E1|E2]P[E2]+P[E1|E
c
2]P[E

c
2]≤P[E1|E2]+P[E

c
2].

(20)

FromLemma1,theprobabilityofoccurrenceofE2foreach
armis1−1/t2ψ,and,thus,forallk∈{j}∪Iwehave:

P[Ec2]=
2(i+1)

t2ψ
. (21)

NowwecanevaluateE1afterconditioningonE2.EventE1
willhappenifatleastoneofthefollowingconditionshold
[42]:

I)Wearegrosslyoverestimatingthevalueofarmj:

A1:=Λj(t)̂µj(t)>µj+
ψlnt

nj(t)
. (22)

BycarefullyevaluatingeventsE1andE2,wecanobserve
thatP[A1|E2]=0.Notethatthisoverestimationisevaluated
consideringtheworstcasescenariowithΛj(t)=1.

II) Wearegrosslyunderestimatingthevaluesofallofthe
armsinI,whichcanbecapturedbythefollowingevent:

A2,1:=∀
i
k=1 Λk(t)̂µk(t)<µk−

ψlnt

nk(t)
. (23)

ForPk(t) 1,thistermneverholdswhenconditionedonE2,
i.e,P[A2,1|E2,Pk(t) 1]=0.However,forPk<1,armk
willbegrosslyunderestimatedunderthefollowingcondition:

A2,2:=∀
i
k=1 Λk(t)<

µk−
ψlnt

nk(t)

µ̂k(t)
. (24)

Thismeansthat,forallarmsinI,theprobabilityofbeing
active(whilethearmisactuallyactive)solowthatthe
probabilisticUCBvalueislowerthantherealexpectedvalue
ofthearm.However,A2,2isnotsufficientforincurringregret
andanotherconditionmustholdforarmj:theprobabilityof
beingactivemustbehighenoughsuchthatitsprobabilistic
UCBvalueiswithintheconfidenceintervalaroundthereal
expectedvalue,i.e.,wemusthave:

A2,3:=Λj(t)>

µj−
ψlnt

nj(t)

µ̂j(t)
. (25)

SinceforselectingthesuboptimalarmjbothA2,2andA2,3
musthold,wedefinetheevent:

A2,4=A2,2∧A2,3, (26)

and,thus,ifA2,4occurs,asuboptimalarmjmightbeplayed
whichleadtoincreaseintheaccumulatedregret. Weshould
statethatA2,4isindependentofE2.
III)Theexpectedvalueofthearmsjandkarenearlyequal.
Whentheexpectedvaluesoftwoarmsareclosetoeachother,
followingtwoconditionswillleadtochoosingasuboptimal
arm:a)whenevertheconfidenceintervalofthesuboptimalarm
islargeand,hence,thesuboptimalarmhashigherUCBvalue
comparedtotheoptimalarm,orb) WhentheUCBvalueof
theoptimalarmislargerthanthesuboptimal,buttheoptimal
armhaslowerprobability,and,thereforethesuboptimalarm
isselected.Thesetwoconditionscanbeexpressedby:

A3,1:=Λjµj+2
ψlnt

nj(t)
>Λkµk. (27)
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Afterrearranging(27),tochoosetheoptimalarm,thefollow-
ingconditionisneededfortheconfidenceinterval:

ψlnt

nj(t)
<
Λkµk−Λjµj

2
. (28)

Now,inorderfortheconditionin(28)tohold,wemustplay
armjenoughtimestohaveanexactestimateofitsvalue:

Qi,j>
4ψlnT

(Λkµk−Λjµj)
2 . (29)

Thismeansthat,conditionedonE2,afterplayingarmjfor
Qi,jtimes,A3,1willneverhappensincetheconfidenceinter-
valsaresmallenough.ThereforewehaveP[A3,1|E2]=0.
Now,wecanwrite(17)as:

Li,j≤
T

t=Qi,j+1

t

s=Qi,j+1

P[A1|E2]+

P[A2,1|E2]+P[A2,4|E2]+P[A3,1|E2]+P[E
c
2].

(30)
WehavealreadyseenthatP[A1|E2]=0,P[A2,1|E2]=0,
andP[A3,1|E2]=0.Moreover,P[A2,4|E2]=P[A2,4]since
theprobabilityofanMTDbeingactiveisindependentofthe
eventE2.AsobservedfromLemma1,wehaveP[E

c
2]=

2(i+1)/t2ψ,andsinceE3hasoccurred,(30)simplifiesto:

Li,j≤
T

t=Qi,j+1

t

s=Qi,j+1

P[A2,4]+
T

t=Qi,j+1

t

s=Qi,j+1

2(i+1)

t2ψ

(31)

=
T

t=Qi,j+1

t

s=Qi,j+1

P[A2,4]+O(nT
−ψ) (32)

=O(1)+
T

t=Qi,j+1

t

s=Qi,j+1

P[A2,4]. (33)

Itisimpossibletoderiveaclosed-formexpressionforthe
numberoftimesthateventA2,4happenssincetheconfidence
intervalandaccuracyoftheestimatedaverageforeacharm
changesateachtime.However,wecanconcludethatthe
numberoftimesthatA2,4happensisalinearfunctionof
timeTmultipliedbyacoefficientthatisthefunctionof
thepredictionerrorf(e1).Thiscoefficient,willbeavery
smallvaluesinceBayesianinferenceminimizestheerror,and
theposteriorprobabilitieswillbeasaccurateaspossibleand
eventsinA2,2andA2,3willhavesmallprobabilities.There-
fore,theprobabilityofeventA2,4,whichisamultiplicationof
probabilitiesofA2,2andA2,3willbeverysmall.Clearly,as
timeincreases,theBayesianmethodwillbeabletomakevery
smallmistakesininferringthevaluesofΛi(t),andtherefore,
f(e2)willeventuallybeverysmall.Therefore,wehave:

E[Ni,j]≤
4ψlnT

(Λiµi−Λjµj)
2 +O(1)+f(e1)T (34)

WecannowexactlycalculateQi,j.Tothisend,weneedto
countthetotalnumberoftimesthatagivenarmwasselected

thatthisarmwasavailable,whichisequaltothetotalnumber
oftimesthatwehaveselectedanarmmultipliedbyprobability
oftheavailabilityofthatarm,i.e.,

nj
nj
=E[Λj(t)]=Λj⇒nj=njΛj ∀j∈A,

t

t
=E[Λj]=Λav⇒t=tΛav.

(35)

Therefore,wecanupperboundNi,jas:

E[Ni,j]≤
4ψln(TPav)

(Λjµi−Λjµj)
2 +O(1)+f(e1)T. (36)

Bypluggingthisin(13),wecanconclude:

R(T)≤ 4ψlnTΛav+O(1)+f(e1)T

×
n

j=2

j−1

i=1

1

(Λiµi−Λjµj)
2 Λiµi−Λi+1µi+1

2

+E[µ1(t)]f(e2)T

≤ 8ψlnTΛav+O(1)+f(e1)T

n−1

j=1

1

(Λj+1µj+1−Λjµj)
2 +E[µ1(t)]f(e2)T.

(37)
SincetheBayesianinferencewilleventuallyoptimizethe
accuracyofthesourcetrafficpredictionalgorithm,and,there-
fore,theerroroftheposteriorprobabilitieswillbeminimized.
Asaresults,theprobabilityofselectinganMTDthatisnot
availablewillbecomeverysmall,andtermtof(e2)willbea
verysmallnumber.Thisconcludestheproof.
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