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Abstract　Asacombinationofedgecomputingandartificialintelligence,edgeintelligencehasbecomeapromisingtechniqueand

provideditsuserswithaseriesoffast,precise,andcustomizedservices．Inedgeintelligence,whenlearningagentsaredeployedon

theedgeside,thedataaggregationfromtheendsidetothedesignatededgedevicesisanimportantresearchtopic．Consideringthe

variousimportanceofenddevices,thispaperstudiestheweighteddataaggregationprobleminasinglehopendＧtoＧedgecommuniＧ

cationnetwork．Firstly,tomakesurealltheenddeviceswithvariousweightsarefairlytreatedindataaggregation,adistributed

endＧtoＧedgecooperativeschemeisproposed．Then,tohandlethemassivecontentiononthewirelesschannelcausedbyenddeＧ

vices,amultiＧarmedbandit(MAB)algorithmisdesignedtohelptheenddevicesfindtheirmostappropriateupdaterates．DiffeＧ

rentfromthetraditionaldataaggregationworks,combiningtheMABenablesouralgorithmahigherefficiencyindataaggregaＧ

tion．Withatheoreticalanalysis,weshowthattheefficiencyofouralgorithmisasymptoticallyoptimal．Comparativeexperiments

withpreviousworksarealsoconductedtoshowthestrengthofouralgorithm．
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１　Introduction

AsacombinationofedgecomputingandartificialintelliＧ

gence,edgeintelligence(EI)hasdevelopedrapidlyinrecent

yearsandgainedincreasingattentionfromindustrialandacaＧ

demicresearch[１Ｇ３]．Byoffloadingthecomputingtasksfrom

thecloudtotheedge,EIsignificantlyreducesitscommunicaＧ

tionlatencycomparedtotraditionalcloudcomputing[４]．BeＧ

sides,withthehelpofartificialintelligence,edgenodescan

provideuserswithflexibleandcustomizedservicesafteraseＧ

riesofcomplexcomputingbasedonmachinelearningmodels．

Tosupportthecomputingtasksontheedgeside,thedata

ofenddevicesshouldbeaggregatedtothedesignatededgedeＧ

vicesrapidly．Thus,thedataaggregationisafundamentaland

importantresearchtopicinEI[５]．Asabranch,theweighted

dataaggregationadditionallyconsiderstheweightofdatain

aggregation．Thus,itismorerealisticandflexible．Atypical

exampleisthatsomeemergencymessagesshouldhavehigher

prioritiesonintelligenttransportationsystems[６]．

Ingeneral,theexisting weighteddataaggregationapＧ

proachescanbedividedintotwocategories:centralizedand

distributed．Inthecentralizedscheme,acentralizednodeisreＧ

sponsibleforschedulingallthedataaccordingtotheglobalinＧ

formationofthenetwork[７Ｇ１０]．Althoughthecentralized meＧ

thodishighlyefficient,itrequiresthatthecentralizednode

shouldhaveaglobalview ofthe weightsandnumberof

nodes,andundertakeaheavycomputingtaskforthecentraＧ

lizedcontrol．Thus,itisnotsuitableforlargeＧscaleedgeintelＧ

ligencescenarios．

Inthedistributedscenario,withoutacentralizedcontrol,

thecontentiononthewirelesschannelisacriticalproblem．

Specifically,inasinglehopwirelesschannelwithphysicalinＧ

terferenceconstraint,twonodessimultaneouslytransmitting
mayfail,causingacollisionandnoonecansucceed．Toresolve

thecontentionfromadistributedview,lettingnodestransmit

withaprobabilityisagoodchoice,andtwoclassicalchannel

utilizationmethodshavebeenproposed:onewithstatictransＧ

missionprobability[１１]andanotheronewithadaptivetransＧ

missionprobability[１２]．

Inthestaticmethod,nodestransmitwithafixedtransＧ

missionprobabilityafterthenumberoftransmittingnodesis

estimated．Inotherwords,theefficiencyoftransmissioninthe

staticmethodhighlyreliesontheaccurateestimationofthe

numberofnodes,whichishardinlargeＧscaleedgeintelligence



scenarios．Differentfromthestaticmethod,nodesintheadapＧ

tivemethodkeepchangingtheirtransmissionprobabilityacＧ

cordingtothefeedbackfromthewirelesschannel．ForexamＧ

ple,thefamousexponentiallybackＧoffscheme[１２Ｇ１３]．Withsuch

anadaptivetransmissionscheme,itispossiblefornodesto

findsomesuboptimaltransmissionprobabilities．Whereas,the

adaptiveschemewillcausesomeconstantfluctuationonchanＧ

nelutilization,makingitdifficulttoachievehighefficiency[１３]．

Additionally,therealsoexistafewhybriddataaggregaＧ

tionapproaches[１４Ｇ１６],buttheyarenotsuitableforedgeintelliＧ

gencescenariosbecausethecentralizednodesintheseworks

stillneedcertainglobalinformation．Therefore,wehavethis

question:whetherthere exists a distributed approach to

achievehighefficiencyandfairnessintheweighteddataagＧ

gregationwithoutknowingtheglobalinformation?

Inthispaper,weanswerthisquestionpositivelybyproＧ

posinga distributed weighted data aggregation algorithm

basedonthemultiＧarmedbandit．Specifically,weconsiderthe

weighteddataaggregationfromnendnodestoanedgenodein

anendＧtoＧedgenetwork withthephysicalinterferenceconＧ

straintoftheedgeintelligencescenario．Theweightofeach

endnodevariesfrom１toW accordingtoitsimportance．The

morecriticalthenodeis,thelargeritsweightwillbe,andits

datashouldhaveahigherpriorityintheaggregationprocess．

Whenwestudytheweighteddataaggregationproblem,

efficiency,fairness,andprivacyissuesshouldbeconsidered．

Specifically,theefficiencyrequiresthattheedgedevicereＧ

ceivesthedatapacketsfromtheenddevicesasmuchaspossiＧ

bleineachtimeinterval;fairnessmeanstheendnodeswith

largerweightshouldhaveahigherpriorityindataaggregaＧ

tion;fromaprivacyview,theweightofnodesshouldbekept

aslocalinformation．

Toaddresstheseissues,adistributeddataaggregationalＧ

gorithmisproposedinthispaper．Specifically,anendＧtoＧedge

cooperativeframeworkisproposedinouralgorithm,toensure

thefairnessandprotecttheprivacyofnodes．A multiＧarmed

banditschemeisdeployedontheedgedevicetomaximizethe

channelutilization,whichguaranteesfastdataaggregationin

ouralgorithm．Itisworthnotingthattherearealreadysome

studiesusingthemultiＧarmedbandittheorytosolvethedata

aggregationproＧblem,mainlyofwhichfocusonthespectrum

selectionunder multiＧchannelornodeselectioninasingle

channel[１７Ｇ１９]．Whereas,ourworkfocusesonhowtousethe

MABforfast,fair,andprivatedataaggregationinasingle

channelwirelessnetwork．

Tothebestofourknowledge,thispaperisthefirstone

tosolvethedistributedweighteddataaggregationinasingle

channelwithphysicalinterferenceconstraintsbyusingthe

multiＧarmedbanditmodel．Specifically,weproposeadistribuＧ

tedalgorithmthatusesaMABschemetomaximizetheeffiＧ

ciencyofdataaggregation,andbasesonanendＧtoＧedgecoopeＧ

rativeframeworktoguaranteethefairnessandprivacyof

weightedendnodes．TheefficiencyofouralgorithmisasympＧ

toticallyoptimalintermsofdataaggregation．Boththeoretical

analysisandnumericalsimulationsarepresentedtoshowthe

performanceofouralgorithm．

TheremainingpartsofthispaperareorganizedasfolＧ

lows．InSection２,wesummarizetherelatedworkondataagＧ

gregation．InSection３,themodeloftheendＧtoＧedgecommuＧ

nicationnetworkandtheweighteddataaggregationproblem

areformulated．InSection４,wedescribethechallengesinalＧ

gorithmdesign,redefinetheproblemfromtheperspectiveofa

multiＧarmedbandit,andgiveadetaileddescriptionofourdisＧ

tributedweighteddataaggregationalgorithm．InSection５,

theoreticalanalysisisgiventoshowtheefficiencyandcorrectＧ

nessofouralgorithm．Theexperimentalresultsarepresented

inSection６．Finally,thispapergetsconcluded．

２　RelatedWork

Asafundamentalbuildingblock,dataaggregationhasa

longresearchhistoryinwirelesssensornetwork[２０Ｇ２３],andbeＧ

comesanindispensableprocessinedgeintelligence[２４]．AcＧ

cordingtotheworkingmodeofnodes,thepreviousworkson

dataaggregationalgorithmscanbedividedintothreecategoＧ

ries:centralized,distributed,andhybrid．InthecentralizedalＧ

gorithm,thereisacentralizednodeinthenetworktocontrol

thedataaggregationprocessesamongallnodeswiththehelp
ofglobalinformation[７Ｇ１０,２２Ｇ２３]．Forexample,S．Randhawaand

G．P．GuptabothadoptahierarchicalＧclusterＧbasedaggregaＧ

tionmethod,wherenodesaredividedintodifferentclusters

andthenetworkallocatesaclusterheadfortheimplementaＧ

tionofdataaggregation[７Ｇ８]．Forweighteddataaggregation,S．

AbbasiＧDaresariproposedaclusteringＧbased weightedcomＧ

pressivedataaggregation(WCDA)approachandappliedthe

WCDAtoeachclustertoreducethenumberofinvolvednodes

duringeachcompressivesamplingmeasurement[２５]．M．Razzaq

proposedaschemethatcalculatesaweightfunctionforthe

clusterheadselectionprocessandweightsalinkcostusing
traditionalDijkstraalgorithm．Thisschemecanenhancethe

throughputandreduceenergyconsumptionintheclusterＧ

basednetwork[２６]．

Inthedistributeddomain,allnodesexecutethesamedata

aggregationalgorithmindependently．A mainconcernofthe

distributeddataaggregationishowtoavoidcollisions[２７Ｇ３１]on

thechannelanddestination．In [２８],theauthorsproposeda

distributedandrandomizedalgorithmtobuildamessageagＧ

gregationtree,andusedthegeographicallocationofthenodes

toavoidinterference．Thus,dataaggregationanddisseminaＧ

tionintheblockchainsystemcanberealized．However,inthis

paper,theauthorsdonotconsidertheweightofthemessage．
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Inrecentyears,extensiveresearchaboutdistributedfederated

learninghasnoticedthattheweighteddataaggregationcan

speedupthetrainingprocessofthemodelandreducethetrafＧ

ficloadofthenetwork[３０Ｇ３１]．However,theseworksrarelyfoＧ

cusonthespecificimplementationoftheweighteddataaggreＧ

gationalgorithmunderthenetworkwiththephysicalinterfeＧ

renceconstraint．

Therearerelativelyfewstudiesondistributedweighted

dataaggregation．Becausetheweight,asprivateinformation,is

onlyknown bythenodeitself,ensuringfairnessbetween

nodeswithdifferentweightsisnoteasy．A．B．AlexandruproＧ

posedasolutionthatinvolvestwolayersofencryptionbased

onthelearningwitherrorsproblemandcanprotecttheprivaＧ

cyofpacketbyusinghomomorphicencryption[３２]．Indelayed

sensornetworks,R．Adachiproposedscalablecommunication

lawswhereeachnodecompensatescommunicationdelaysof

thereceiveddata,andaggregatesthesedatawiththeconsiderＧ

ationofweightcoefficients[３３]．

ThehybridalgorithmisacombinationoftheabovecenＧ

tralizedanddistributedmodes,suchasCooperativedataagＧ

gregation Algorithms[１４],Centralized energyallocation and

Distributedenergyallocationalgorithms[１５]．Forexample,S．

XiaodesignedacentralizedalgorithmtofindanearＧoptimal

energyallocationstrategyandadoptedadistributed method

fordataaggregation[１５]．

Severalresearchinrecentyearshasalsoconsideredthe

useof multiＧarmedbanditstosolvedataaggregationproＧ

blems[１７Ｇ１９]．However,thesestudiesaremoreconcernedwith

theallocationofspectrumandtheselectionofclientsinfedeＧ

ratedlearninganddonotgiveadefinitesolutionfortheconＧ

tentionresolutioninasinglechannel．

Inthispaper,weuseadistributedalgorithmtorealizethe

weighteddataaggregationinanendＧtoＧedgecommunication

network．Comparedwiththepreviousdistributedalgorithms,

theMABisadoptedinouralgorithmsothatthenodeswith

variousweightscanfindthemostappropriatetransmission

probabilityindataaggregation．Thus,efficiency,fairness,and

privacycanbeobtainedinouralgorithm．

３　ModelandProblemDefinition

Inthissection,weconsiderapracticalcaseofweighted

dataaggregationinanendＧtoＧedgecommunicationnetwork．

Specifically,nendnodesarearbitrarilydeployedinacircle

withtheedgenodeasthecenterandtheradiusR,whereRis

themaximumtransmissionrangeofallnodes．EndnodesconＧ

tinuouslycollectinformationfromtheenvironmentandaggreＧ

gatedatatotheedgenode．LetV representthesetofend

nodes．Weassumethateachendnodehassufficientdatathat

isdividedintoequalsizepackets．Atthebeginningofeach

slot,eachendnodecanchoosetotransmitadatapackettothe

edgedevice．Whethertheedgedevicecanreceiveanddecode

thedatapacketisformulatedinthefollowingcommunication

model．Edgenodevalsohasanintegerofwv∈[１,W]asits

weightwhereWistheupperboundofweight．Thelargerthe

weight,theearlierdatacollectedbythisnodeshouldbeaggreＧ

gatedtotheedgenode．TheexecutionofouralgorithmisdiＧ

videdintomultiplesynchronizedslots,andeachslotisaminiＧ

mumtimesliceforanodetotransmit．

３．１　CommunicationModel

InasingleＧhopwirelessnetwork,thedistancebetweenany
endnodeandedgenodedoesnotexceedR．ThenodescommuＧ

nicateinahalfＧduplexmanner,thatis,ineachslot,thenodes

canchoosetosendamessageorlistentothechannel,butcanＧ

notdoboth．ConsideringtheactualwirelessnetworkenvironＧ

ment,thesignalstrength willgraduallyattenuatewiththe

propagationdistance,andatthesametime,multiplesignals

willbesuperimposedatthereceivingend．Tobetterdescribe

thisphenomenon,weusetheSINR (Signaltointerference

plusnoiseratio)modeltodescribethesignalstrengthinthe

wirelesschannel．Specifically,forcommunicationfromutov,

thefollowingequationissatisfied:

Signal(u,v)＝Pu/d(u,v)α (１)

SINR(u,v)＝ Signal(u,v)
∑

w∈S/{u}
Signal(u,v)＋N

(２)

Intheaboveequation,Signal(u,v)representsthesignal

strengthfromufeltbyv．Puisthetransmitpowerofnodeu,

d(u,v)istheEuclideandistancebetweenuandv,andαisthe

pathlossexponentdeterminedbythemediumandsomeother

factorsinenvironment．Whenvistryingtodecodeamessage

fromu, ∑
w∈S/{u}

Signal(u,v)istheinterference,whereSisthe

setofnodestransmittingsimultaneouslywithu,andNisthe

ambientnoise．Weconsiderthatthetransmissionfromutov

issuccessfulwhenSINR(u,v)≥β,whereβ＞１isthethreshＧ

olddeterminedbyhardware．

３．２　ProblemDefinition

Weconsidertheweighteddataaggregationfromnend

nodesto１edgenodeinasingleＧhopwirelessnetwork．Each

endnodevhasanintegerkv∈[１,W]torepresentitsweight．

Iisatimeinterval,consistingofsufficienttimeslots．Foreach

nodev,letmv bethenumberofitspacketsreceivedbythe

edgenodeintheintervalI．Then,ourweighteddataaggregaＧ

tionistoletendnodesfindtheirspecifictransmissionprobaＧ

bilities,to maximizetheefficiencyofdataaggregation with

fairnessandprivacyconstraints．A mathematicalformulation

isgiveninthefollowing:

objective:Max ∑
v∈V

mv

s．t．mv:mu＝Θ(wv:wu)

b(v,u)＝０∀v,u∈V

(３)

whereb(v,u)＝０ifandonlyiftheweightofvisunknowntou．

５１YifeiZOU,etal．:DistributedWeightedDataAggregationAlgorithminEndＧtoＧEdgeCommunicationNetworksBasedonMultiＧarmedBandit



Otherwise,b(v,u)＝１．

３．３　CapabilityandKnowledgeofNodes

WeassumethatallnodesadoptauniformpowerallocaＧ

tionstrategy[１１],thatis,allnodesuseaconsistentpowerPto

transmit．Inordertoensurethatanytwonodesuandvina

singleＧhopnetworkcancommunicatewitheachother,weasＧ

sume P
d (u,v)α≥Nβ．TheedgenodeisequippedwithaphysiＧ

calcarriersensingfunction,ifthenodechoosestolistentothe

channel,itcanobtainthecurrentsignalstrength．Weassume

thattheambientnoiseNisfixed．Therefore,thenodecandisＧ

tinguishthreestatesofthechannelaccordingtothesignal

strengthandreceivedinformation:

(１)Idlechannel:signalstrengthequaltoN．
(２)Successfultransmission:thenodehassuccessfullyreＧ

ceivedtheinformationfromthetransmittednode．
(３)Busychannel:signalstrengthisgreaterthanNandno

messageisreceived．

Inouralgorithm,allnodesknowtheuniformpowerP,

theSINRparameterα,β,theambientnoiseN,anditsown

weight．However,thenodesknownothingaboutthetopology
ofthenetworkandothernodes．

４　DistributedWeightedDataAggregationAlgorithm
basedonMAB

　　Inthissection,wediscussthemainchallengesindesigＧ

ningahighlyefficient,fair,andprivatedistributedweighted

dataaggregationalgorithm．Atthesametime,weredefinethe

problemfromtheperspectiveofmultiＧarmedbandits,andgive

adetaileddescriptionofourdistributedweighteddataaggreＧ

gationalgorithm．

４．１　ChallengesandSolutions

Sincetheweightofanodeisonlyknownbyitself,howto

satisfytheweightedfairnesswhileguaranteeingprivacyproＧ

tectionisadifficultproblemtosolve．Inthepreviousweighted

dataaggregationalgorithms,therealizationofweightedfairＧ

nessreliesontheknowledgeoftheweightsofothernodes,

butthisdestroystheprincipleofprivacyprotection．ThepriＧ

vacyconstraintmakesallcentralizedanddistributedrandom

algorithmsbasedonthesumofweightsinvalid[９,１１,２５,２８]．

Tosolvetheaboveproblem,wedesignanendＧtoＧedgecoＧ

operativeframework．Specifically,theedgenodemaintainsa

stemprobabilitypeforallendnodes．Ineachslot,theedge

nodewillbroadcastthestemprobabilitypetoalltheenddeＧ

vices．Theendnodevtransmitswiththeprobabilityofpv＝

min １
２

,pe∗wv( ) inthetransmissionslot,wherewvisthe

weightofv．Usingthismethod,wecanensurethatthetransＧ

missionprobabilityofanodeisproportionaltoitsweight．

AnotherproblembroughtaboutbythissimpleandeffecＧ

tivemethodisthecontentionresolution．Morespecifically,

howtochooseanappropriatestemprobabilitype? Obviously,

alargerpe willcause morenodestotransmitatthesame

time,resultinginthecollisioninthewirelesschannel．Onthe

contrary,asmallerpewillcausenonodetransmitting,whichis

awasteofthechannel．Thepreviousworkgenerallyusesthe

binarybackoffmethodtoadjustpe dynamicallyaccordingto

thestateofthechannel．Butthedisadvantageofthismethodis

thatpe willconstantlyfluctuate,soitisdifficulttoachievea

highlyefficientchannelutilization[１２Ｇ１３]．

Toovercomethisproblem,wefirstprovethattheoptimal

choiceofstemprobabilityis１/W
∧
(Theorem１),whereW

∧

isthe

sumofallnodeweights．Therefore,ourgoalistofindaninteＧ

gerithatisascloseaspossibletologW
∧

anduse１/２iasthe

stemprobability．WetreatthechoiceofiasamultiＧarmed

banditproblemwhereiisclosertologW
∧
,therewardofchooＧ

singiisgreater．Togetanapproximaterangeofi,weadopt

anadaptivemethodthatcanfindanintervalcontainingtheopＧ

timalsettingwithhighprobability．Besides,weusetheideaof

dichotomytodesignaweightedεＧgreedystrategy,inwhichthe

probabilityofchoosingdifferentarmsisweightedduringexＧ

ploration．DuetotheadoptionofthemultiＧarmedbandit,after

aperiodofexploration,wecanalwayskeeptheoptimalchanＧ

nelutilizationwiththeprobabilityof１－ε,outperformingthe

binarybackoffmethod．Besides,comparedwiththetraditional

εＧgreedystrategy,theweightedmethodcanexplorethosearms

withgreaterrewardsearlier,thusreducingtheregretforeach

decision．

４．２　ProblemRedefinition

Asstatedabove,oneofthecoreproblemstobesolvedis

howtofindanintegerithatiscloseenoughtolog W
∧

．

Throughtheadaptivemethod,wecanfindanintervalL＝

[left,right]withleft＜logW
∧

＜right．Therefore,wecanconＧ

siderthechoiceofiasaKarmedbanditproblem,whereK＝
(right－left)＋１andeacharmcorrespondstoanintegerin

L．Whentheedgenodechoosesthearmofintegeri,endnodes

willusestemprobabilitype＝１/２itotransmititsdatapacket．

Ifitstransmissionsucceeds,therewardobtainedinMABis１．

Otherwise,therewardis０．Weassumethattherewardofeach

armisKprobabilitydistributions‹D１,D２,􀆺,DK›,withthe

expectationof‹μ１,μ２,􀆺,μK›andthevarianceof‹σ２
１,σ２

２,􀆺,

σ２
K›．Obviously,Di obeystheBernoullidistributionwithpaＧ

rameterp,wherepistheprobabilityofsuccessfultransmisＧ

sionwhenpe＝１/２i．

Thus,ourproblemcanberedefinedasminimizingthetoＧ

talregretofMAB．Weassumethatthearmselectedbyround

tisj(t)andrj(t)isthecorrespondingreward．Letμ∗ ＝max
(μ１,μ２,􀆺,μK )isthemaximumexpectedreward,thenina
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sufficientlylongperiodT,ourgoalistominimizethetotalexＧ

pectedregretRT,thatis:

minRT＝T∗μ∗ －∑
T

t＝１
rj(t) (４)

４．３　MABＧbasedAlgorithm

Ourdistributedweighteddataaggregationalgorithmwith

multiＧarmedbandit(DWDAＧMAB)isshowninAlgorithm１
and２whichbothconsistsofmultiplesynchronousrounds,and

eachroundconsistsofthreesynchronousslots,tolistentothe

channelortransmitamessage．

Specifically,eachendnodevwilllistentochannelinthe
firstslot．Ifvsuccessfullyreceivedthestem probabilitype

fromtheedgenode,itwillconductamappingprocess,i．e．

pv＝min{wv∗pe,１/２}．Inthesecondslot,vrandomlyselects

adatapacketfromitsdataandtransmitsitwithprobability

pv．Inthethirdslot,nodevwilljudgewhetherthetransmisＧ

sionsucceedsaccordingtothefeedbackfromtheedgenode,

andifthetransmissionissuccessful,itwillremovethepacket

fromitslocaldata．

Foredgenodeu,itscoretaskistofindanintegerithatis

asclosetologW
∧

aspossiblewiththehelpofMAB．Beforethe

MABprocess,weneedtouseAlgorithm３todeterminethe
approximaterangeofiandtheexplorationweightsforeach

arm．Specifically,Algorithm３canbedividedintotwokeystaＧ

geswiththreeslotsineachsynchronizedround．Thefirst

stageiscalledtheadaptivestage(thefirstwhileloopinAlgoＧ
rithm３),anditsroleistofindasearchintervalLcontaining

logW
∧

．Atthebeginning,u maintainsanintegeri＝１．Inthe
firstslotofeachround,ubroadcaststhestemprobabilitype＝

１/２i．Inthesecondslot,uadjustiaccordingtothestateofthe
channel．Itwilldoubleiwhenthechannelisnotidle．The

thirdslotistogivefeedbackonthesuccessfullyreceivedmesＧ

sage．Whenthechannelisidle,uendsthefirstphaseandwe

cangetanintervalL＝[i/２,i∗２]containinglogW
∧

withhigh

probability．Thesecondstageistodeterminetheexploration

weightofeachintegerinLinMAB．Specifically,itisaprocess

inwhichucontinuouslybisectsL．WeusethebisectionmethＧ

odtofindanexploration weightarrayEP．Specifically,u
broadcastsstemprobabilitype＝１/２mid,wheremidisthemidＧ

pointofthecurrentinterval．Whenthechannelisidle,thenext
intervalis[low,mid],otherwiseitis[mid,high],wherelow
andhighrepresenttheleftandrightendpointsofthecurrent

interval．WedeterminethesearchweightofeachintegerinL
accordingtoitsfrequencyofoccurrencesinthesecondstage．
Algorithm１　DWDAＧMABforendnodev
Initialization:Qv＝Ø;

Slot１:

１．Listentochannel;

２．ifreceiveamessageMu＝{pe}

３．　 pv＝min{wv∗pe,１/２};

４．endif

Slot２:

５．RandomlyselectapacketMvfromitslocaldata;

６．TransmitMvwithprobabilitypv;

Slot３:

７．Listentochannel;

８．ifreceiveaACKuandu＝v

９．　 RemoveMvfromQv;

１０．endif

Algorithm２　DWDAＧMABforedgenodeu
Initialization:pe＝０;

１．[L,EW]＝SearchandWeight();

２．reward(j)＝０forintegeri∈L;

Slot１:

３．X＝１or０withprobabilityεand１－ε;

４．ifX＝１

５．　 pe＝１/２iwithprobabilityofEW(i)whereintegeri∈L;

６．else

７．pe＝１/２iwherei＝argmax(reward)andi∈L;

８．endif

９．Broadcastpe;

Slot２:

１０．Listentochannel;

１１．Updatereward(j);

Slot３:

１２．ifreceiveamessageMvinslot２

１３．　BroadcastanACKv;

１４．endif

Algorithm３　SearchandWeight
Initialization:i＝１;

Phase１:

１．whiletrue

Slot１:

２．　pe＝１/２i;

３．　 BroadcastMu←{pe};

Slot２:

４．　 Listentochannel;

５．　 ifsenseanidlechannel;

６．　　 break;

７．　 else

８．　　 i＝i∗２;

９．　 endif

Slot３:

１０．　ifreceiveamessageMvinslot２

１１．　　BroadcastanACKv;

１２．　endif

１３．endwhile

１４．L＝[i/２,i∗２];

１５．low＝i/２,high＝i∗２;

１６．count[low:high]＝{０};

Phase２:

１７．whilelow＋１＜high

Slot１:

１８．　count(j)＋＋;(j∈[low:high])

１９．　mid＝ (low＋high)\２ ;
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２０．　BroadcastMe←{pe＝１\２mid};

Slot２:

２１．　Listentochannel;

２２．　ifsenseanidlechannel;

２３．　　high＝mid;

２４．　else

２５．　　low＝mid;

２６．　endif

Slot３:

２７．　ifreceiveamessageMvinslot２

２８．　　BroadcastanACKv;

２９．　endif

３０．endwhile

３１．EW＝ count[low:high]
sum(count[low:high]);

ReturnL,EW

ThestageofMABisaprocessofexplorationandexploiＧ
tationabouti．WedesignaweightedεＧgreedystrategy．SpeciＧ
fically,uchoosesiwiththelargestrewardwithprobability
１－ε．uwillchoosetoexploretheintegerinLwithprobability
ε,andiischosenwithprobabilityEW(i)．EachroundofMAB
isalsodividedintothreesynchronizedslots．Inthefirstslot,u
broadcaststhestemprobabilitype＝１/２i．Inthesecondslot,u
listentochannelandgetareward．Then,uwillupdateitsestiＧ
mateofthereward．Forexample,forintegeri,reward(i)

shouldbeupdatedtoacc_reward(i)/t(i)whereacc_reward(i)

istheaccumulativerewardofarmiandt(i)isthenumberof
roundsarmiwasexplored．Thethirdslot,consistentwiththe

previousstatement,isstillafeedbackprocess．Wesummarize
allimportantvariablesinthepaperinTable１．

Table１　Importantvariables

Parameters Definition
n Numberofendnodes
V Setofallendnodes
W Upperboundofallweights
wv Weightofendnodev

W
∧ Sumofallweights
K Numberofarms
RT Totalexpectedregret
pe Stemprobability
pv Transmissionprobabilityofnodev
ε ExplorationrateinMAB

Attheendofthissection,wegivethefollowingtheorems

aboutthecorrectnessandefficiencyofthealgorithm,andthe

proofsofthesetheoremswillbegiveninthenextsection．

Theorem１　LetPr(X＝１)betheprobabilitythatonly
oneendnodechoosestotransmit．Then,thecloserpeisto１/

W
∧
,thelargerPr(X＝１)isandPr(X＝１)getsmaximized

whenpe＝１/W
∧

．

Theorem２　Weconsideraweighteddataaggregationwith

nendnodesandanedgenode,whereeachend nodehas

enoughdatatobeaggregatedtotheedgenodeandaweight

varyingwithin[１,W]．ByexecutingourDWDAＧMABalgoＧ

rithmforasufficientlongtime,thefollowingpropertiesare

satisfied:

(１)HighEfficiency:afterexecutingthealgorithmforsufＧ

ficientlongrounds,wecanobtaintheoptimalchannelutilizaＧ

tionwithprobabilityof１－ε．

(２)WeightedFairness:letp
∧
ibetheprobabilitythatthe

packetofendnodeiisreceivedontheedgeside．Then,forany

twoendnodesi,j,wehave:p
∧
i:p

∧
j＝Θ(wi:wj)．

(３)PrivacyProtection:theweightofeachnodeiskeptas

localandprivateknowledgeonlyknownbyitselfintheexecuＧ

tionofouralgorithm．

５　AlgorithmAnalysis

Inthissection,weprovedTheorem１and２．

５．１　ProofforTheorem１

Letf(pe)＝Pr(X＝１|pe)denotetheprobabilitythat

onlyoneendnodechoosestotransmitwhenstemprobability
ispe．Then,wehave:

f(pe)＝∑
u
pu∗∏

v≠u
(１－pv)

＝∑
u

pu

１－pu
∗∏

u
(１－pu) (５)

Letg(pe)＝∏
u

(１－pu)．Then,thederivativeoff(pe)

canbewrittenas:

df(pe)
dpe

＝∑
u

pu

(１－pu)２g(pe)＋
dg(pe)
dpe

∗ pu

１－pu[ ] ,where

dg(pe)
dpe

＝g(pe)∗ －∑
u

pu

１－pu( ) (６)

Wecanfinddf(pe)
dpe pe＝１/W

∧ ＝０．Whenpe＜１/W
∧
,wehave

df(pe)
dpe

＞０andwhenpe＞１/W
∧
,wehavedf(pe)

dpe
＜０．ThereＧ

fore,whenpe ＝１/W
∧
,Pr(X＝１)isgreatestandwhenpeis

closerto１/W
∧
,thePr(X＝１)isgreater．HerewehavesucＧ

cessfullyprovedLemma１．

５．２　ProofforTheorem２

ProofforHighEfficiency．Theefficiencyofthealgorithm

dependsonthechoiceofthestemprobability,sowefirstanaＧ

lyzethehelpoftheAlgorithms３inchoosingthestemprobaＧ

bilityinlemma１．

Lemma１　Algorithm３willbeexecutedforO(loglogW
∧
)

roundswithhighprobability．AfterAlgorithm３stops,wecan

getanintervalLoflengthθ(logW
∧
)andlogW

∧

∈L．WecanalＧ

sogetanexplorationweightarrayEP,wherethelargerEP
(i),thebetterchannelthroughputwithpe＝１/２i．

Proof:Letrandom variance X denotethenumberof

transmittednodesinaspecificround．Thus,wheni＜１
２∗log

W
∧
,wehave:Pr(X＝０)＝∏

u
１－wu

２i( ) ≤e－W
∧

≤１
n．Wheni＞２∗

８１ ComputerScience 计算机科学 Vol．５０,No．２,Feb．２０２３



logW
∧
,wehave:E(X)≥ １

W
∧ ．AccordingtoMarkov’sinequaliＧ

ty,weknowPr(X≥１)≤
１

W
∧ ≤１

n．

Theabovetwoconclusionsshowthatwheni＜ １
２ ∗

logW
∧
,thechannelwillnotbeidlewithhighprobability．On

thecontrary,wheni＞２∗logW
∧
,thechannelwillbeidlewith

highprobability．Therefore,thefirstwhileloopofAlgorithm

３willstopwheni∈[１
２∗logW

∧
,２∗logW

∧
]withhighprobaＧ

bility．Consideringiwillbedoubledineachround,thefirst

whileloopwillstopafterθ(loglogW
∧
)rounds．Besides,wecan

provethat|L|＝ i
２

,i∗２[ ] ＝θ(logW
∧
)andlogW

∧

∈L．At

thesametime,sincetheinitialbisectionintervalisL,thesecＧ

ondwhileloopwillendafterθ(loglogW
∧
)rounds．Herewe

successfullyprovethetimecomplexityofAlgorithm ３．We

nextprovideabriefanalysisoftheprocessofdichotomy．

WedenotemidjasthemidpointofthejＧthdichotomy．A

roundofdichotomyisgoodifandonlyiflogW
∧

isinthediＧ

chotomyintervalofroundj＋１．Similartotheproofabove,we

have:when|midj－logW
∧

|＞c,Pr(roundjisgood)≥１－１
２c ．

Thisconclusiontellsusthatwhenmidjisfurtherawayfrom

logW
∧
,wehaveagreaterprobabilityofmakingagoodbisecＧ

tion．Forexample,whenc＝θ(loglogW
∧
),theprobabilityoferＧ

rordoesnotexceed１/logW
∧

．Fromthis,wecangetthatthe

closertheintegeriistologW
∧
,themorelikelyitwillappearin

thebisectionprocess．CombiningtheresultsinTheorem１,we

canprovethatthelargerEP(i),thebetterthetransmission

efficiencywithpe＝１/２i．

Lemma２　Afteraperiodofexploration,wecanobtain

theoptimalchannelthroughputwithprobabilityof１－ε．The

regretofouralgorithmisO(T)whereTistheexecutiontime

andlowerthanthetraditionalεＧgreedystrategy．

Proof:SincethesearchrangeofMABincludeslogW
∧
,and

therewardcorrespondingtologW
∧

isthelargest．Therefore,

afteraperiodofexplorationwecanalwaysfindthearm with

thelargestrewardwithprobability１－ε．Besides,sinceweuse

a weightedexplorationprocess,thosearmswithlargerreＧ

wardswillbeexploredearlier．Clearly,theregretwillbelower

thanthetraditionalεＧgreedystrategy．TheanalysisoftheupＧ

perboundoftheregrethasbeengiveninthepreviousstudＧ

y[３４],sothedetailedanalysiswillnotbeshowninthispaper．

ProofforWeightedFairness．Letpibethetransmission

ofendnodeiinaspecificround．Obviously,foranytwodifＧ

ferentendnodesi,j,wehave:p
∧
i＝pi∗∏

u≠i
(１－pu)andp

∧
j＝

pj∗∏
u≠j

(１－pu)．Consideringinthetransmissionslot,pi＝min

{wi∗pe,１/２}andpj ＝min{wj ∗pe,１/２}．Therefore,p
∧
i:

p
∧
j＝wi∗(１－pj):wj∗(１－pi)＝Θ(wi:wj)for(１－pi)and

(１－pj)arebothvariablesin １
２

,１[ ] ．
ProofforPrivacyProtection．Sincetheweightofthenode

isonlyknownbyitself,itisobviousthatthealgorithmcan

protecttheprivacyofthenode．

６　ExperimentalResults

Inthissection,weshowtheperformanceofourDWDAＧ
MABalgorithm．Wemeasuretheefficiencyofouralgorithm

fromtheperspectivesofcommunicationandmultiＧarmedbanＧ

dits,respectively．Besides,wetakethechannelthroughputand

generatedregretinthetraditionalMABprocessasmetrics．

Wediscusstheeffectofthenumberofendnodesnandthe

explorationrateεontheabovemetrics．ComparativeexperiＧ
mentsshowthatouralgorithm outperformspreviouswork

bothinchannelthroughputandregret．
６．１　ParameterSetting

Intheexperiment,nendnodesarearbitrarilydistributed
inacircleareawiththeedgenodeasthecenterandtheradius

R．NotethatR＝２００misthemaximumtransmissionrangeof
nodes．Therefore,suchadeploymentmakessureasinglehop
endＧtoＧedgecommunication network．The number of end

nodesnandtheexplorationratevarywithin[２０００,５０００]and
[０．０５,０．２],respectively．Consideringthattheupperboundof

weightsandthedistributionofweightswillnotdirectlyaffect
theeffectofthealgorithm,weassumethattheweightsofall

nodesareintegersandobeyauniformdistributionU(１,１００)．

Wesummarizethesettingsofsomeimportantparametersin
Table２．Withoutlossofgenerality,foreachreportedresult,

weperformedthesimulationover１００runsforanaveragedreＧ

sult．Wesummarizethesettingsofsomeimportantparameters
inTable２．

Table２　ParametersinExperiment

Parameters& Values
n＝[２,３,４,５]∗１０３ ε＝[１,２,３,４]∗０．０５

R＝２００m N＝１．０
α＝３ β＝１．５

W＝１００ wv~U(１,１００)andwv∈z

６．２　PerformanceEvaluation

Since wehavedefinedthe weighted dataaggregation

problemfromtheperspectiveofcommunicationand multiＧ

armedbandits,respectively,wechoosethroughputandregret

asmetricsforpresentation．ThethroughputreflectstheutiliＧ
zationrateofchannelduringasufficientlylargeinterval,and

theregretreflectsthegapbetweentheactualchoiceandthe

theoreticaloptimalchoice．
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FromtheFig．１(a),wecanfindthatasthenumberof

roundsincreases,thethroughputofouralgorithm keepsinＧ

creasingandgraduallyremainsaround０．３３４．Bycomparing

thefoursubgraphs,wecanfindthatnhaslittleeffectonstaＧ

blevalueofthroughputwhentheexplorationrateεisfixed

butcanaffecttheconvergencespeedofthroughput．

Whenwekeepnunchanged,fromFig．１toFig．４,wecan

findthatastheexplorationrateεincreases,thethroughput

willconvergefaster,buttheconvergedthroughputwillbe

lower．Forexample,thestablevalueofthroughputinFig．１(a)is

０．３３４,whileitis０．２９７inFig．４(a)withε＝０．２０．ItisbeＧ

causetheincreasedexplorationrateensuresthatthealgorithm

canexploreallthearmsfaster,butitalsoleadstounderutiＧ

lizationoftheoptimalsolution,whichreducesthethroughput．

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．１　Throughputwhennvariesandε＝０．０５

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．２　Throughputwhennvariesandε＝０．１０

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．３　Throughputwhennvariesandε＝０．１５

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．４　Throughputwhennvariesandε＝０．２０

　 　Intheexperimentaboutthroughput,wechoosethe

εＧgreedystrategyandthebinarybackoffstrategy[１０Ｇ１１]for

comparison．Bycomparison,wecanseethatcomparedtothe

εＧgreedystrategy,thethroughputofouralgorithmconverges

fasterandthestablevalueishigherthanthatoftheεＧgreedy
strategy．ThisisbecauseourweightedεＧgreedystrategycan

explorethosearms withgreaterrewardsearlier．Compared

withbinaryＧbackoff,ouralgorithmcanobtainbetterthroughＧ

putafteraperiodofexploration．

OurnextexperimentevaluatestheefficiencyofthealgoＧ

rithmfromtheperspectiveofaMABmachine．Thereasonfor

theaboveconclusioncanbebetterexplainedfromtheperspecＧ

tiveoftheregret．

Fig．５－Fig．８showtheeffectsoffourdifferentvaluesof
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nonthetotalregretper１００roundswhentheexplorationrate

ε＝０．０５,０．１０,０．１５,０．２０,respectively．ThexＧaxisrepresents

thenumberofroundsexecutedinMAB,andtheyＧaxisrepreＧ

sentstotalregretper１００rounds．

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．５　Totalregretper１００roundswhennvariesandε＝０．０５

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．６　Totalregretper１００roundswhennvariesandε＝０．１０

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．７　Totalregretper１００roundswhennvariesandε＝０．１５

(a)n＝２０００ (b)n＝３０００ (c)n＝４０００ (d)n＝５０００

Fig．８　Totalregretper１００roundswhennvariesandε＝０．２０

　　FromFig．５,wecanseethatwhentheexplorationrateis
fixed,theregretintheinitialstagewillbelargerwiththeinＧ
creaseofn,whichindicatesthattheexplorationtimeinMAB
needstobelonger．Whenwefixn,wefindthatastheexploraＧ
tionrateincreases,thetotalregretalsoincreases,becausethe
probabilityofexplorationerrorincreases．Atthesametime,by
comparingwiththetraditionalεＧgreedyalgorithm,wecanobＧ
viouslyseethesuperiorityofouralgorithminregret．

Conclusion　ThispaperstudiestheweighteddataaggreＧ
gationprobleminendＧtoＧedgecommunicationnetworks．Based
onanendＧtoＧedgecooperativeframeworkandamodifiedMAB
scheme,weproposeadistributedalgorithmthatisefficient,

fair,andprivateonsolvingthe weighteddataaggregation
problem．Comparedwiththepreviousworks,ourworkisthe

firstonesolvingthedistributedweighteddataaggregationina
singlewirelesschannelwithphysicalinterferenceconstraints
basedona MAB model．Extendingourworktothemobile
scenarioswillbeourworkinthefuture．
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