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Abstract-Theprotocoldesignofdevice-to-device(D2D)net­
works haveregainedresearchinterestinrecentyears,dueto
theincreasingnumberofnetworkingdevicesandthediverse
deploymentsettings.Mostofthenetworkoptimizationtasksare
fundamentallydifficultNP-hard problemsinwireless settings,
becausemanaging interferenceintroducescombinatorialcom­
plexity.Existingapproachesusegeneralheuristicalgorithmsfor
theunderlyinggraphproblems.While efficientandsimple,they
arenot adaptivetothechangingrequirementandpriorities
oftheserviceproviders,andmake nouseofthepastdatato
recognizeandexploittheinformationwithin.Inthispaper,we
studyarepresentativenetworkoptimizationtaskofmaximizing
thethroughput-basedsystemutilitythroughlinkschedulingin
a single-radio,single-channelD2D networks,andpropose a
learning-basedmethod toleveragepastexperiencetogenerate
a good schedulingpolicy. We combinethepatternmatching
capabilities provided fromrecurrentneuralnetworks (RNN)
andtheflexibilityinchangingenvironmentfromreinforcement
learning(RL).The algorithmisimplementedwith existing
softwareframeworksandtestedwithnumericalexperiments.We
findthatitsoverallsolutionqualityiscomparabletoexisting
heuristicswith variousnetworkscales,andreportanimproved
systemthroughputwith significantlowercomputationtime.
IndexTerms-device-to-devicenetwork,deeplearning,network

utilitymaximization

I.INTRODUCTION

Thenextgenerationcommunicationsystemwill gothrough

afundamentalchangeinitsparadigm.Inadditiontoproviding

higherdataratetomoreusers,itisenvisionedtobringconnec­

tivitytoheterogeneousdevices.Inanattempttoincreasethe

flexibilityandrobustnessofnetworkorganization,device-to­
device(D2D)communicationisapromisingcandidateactively

exploredinmany applications,includinginternet-of-things,

vehicle-to-vehiclenetworks.Although theupperlayersinthe

networkingstackmay changetheirfunctionandabstractions,

therearetwofundamentallimitationsthatrequirespecial
attentionindeployingwireless D2D networks:1)theamount

oforthogonalresourcesisincreasinglylimited,and2)the

userdevices'computationcapabilitycannotbepresumedto

increaseindefinitely,duetotheimpendingobsolescenceof

theMoore's lawsandtheproliferationoflow-costnetworked

smartdevices.Asaresult,howtoefficientlyschedulethescare
resourceswith loweroverheadtotheclientsisacriticalissue

indesigningfuturewireless networks.

Inatypicalsetting,D2D communicationstakeplacein
Gaussian interferencechannels,andthenetworkdesigneris

taskedtocoordinatethedevices'transmissionstomaximize

systemmetrics, oftenafunctionofsystemthroughput,subject

tominimum quality-of-servicerequirementsfortheindividual

links.Throughpowerallocation,transmitterstunetheirsignal

powerlevelstoaccommodateforthepathlossattenuation

andpreventjammingtheirneighbors;Intheworst caseall
transmittersareattheirmax powerwith verylowdatarate

achieved.

Asaresult,theintroductionoflinkschedulingisnecessary.

By selectingsubsetsoflinkstotransmitsimultaneously,the

seriouslyinterferingpairsaredesignateddifferenttimeslots
totransmit[1].Sincethedatarateisanon-linearfunctionof

SINR,evenifthelinksmust time-share,theimprovedSINR

leadstoasignificantgaininthecombinedsystemthroughput.

However, theD2D linkschedulingproblem presents a

significanttechnicalchallenge.Although itcanbearguedthat

schedulingisaspecialcaseofpowerallocation,withthelinks
notselectedsettotransmitatzeropower,tosolveitexactly

amounts tosolvinganintegercombinatorial optimization

problem, andhas been showntobeintheclassofNP­

hard.Researcheffortshavebeenondevelopingheuristicsthat

giveapproximatesolutions.The majorityofthemarebased
onfindingindependentsetsinaconflictgraph,which isa

representationoftheconflictrelationshipbetweenthelinks.

The exactstandardsfor"conlict"vary:inonework [2],it

definesconflictashavingtheirindividualSINRlowerthana

certainthresholdiftransmittingatthesametime;othersmay
defineitbasedonmore nodesorthephysicalproximity.These

standardsmay beotherwiseknownasthephysicalorprotocol

interferencemodels, butintheendtheschedulingisreduced

tofindinga maximal or maximum weighted independent

set(MWIS)ontheconflictgraph.This opensthedoorfor

applyingtheapproximation resultsfromthegraph theory
Iiterature[3].

Another more ad-hocthreadofresearchaimstodirectly

constructameasureoflinkimportance,usuallyasafunction

ofthelinkmetrics suchasinterferenceandsignalstrength.

Thebenefitsofsuchapproachesaretwofold:first,itiseasy
forbuildinggreedyheuristics- startwith anemptylinkset,

anditerativelyselectfromtheunchosenlinksalinkwith the

maximum measure, withoutconflictingtoomuch with chosen

ones;second,itisconvenienttoaddadditionalconstraints

suchasfairnessbetweenlinksorprioritybyaddingpenaltyor
bonusfactorsinthemeasurecalculation.Recentnovelschemes

[4]-[6]followthisroutetoachieveadditionalbenefit.
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has a pre-determined power

effective signal-to-interference­

then can be summarized as

(3)

(2)

where the signal xj
E(lxjI2) Po. The

plus-noise ratio (SINR)
r _ Ihi.;l2piPo
i - o-2W+~jE£\li Ihj..d2PkPO·

Forconvenience,we canusethelogarithmofthepower

with thebaseasPref:

Fig.1:Systemillustration

takesxastheinputandisparameterizedbyvectorO.

II.MODELS ANDSETTING

We areinterestedinthegeneralcaseofaD2D network,as

showninFig.1.AsetofcommunicationnodesN israndomly

distributedwithinasquarearea.Thetransmissiondemandsare

givenintheformofnodepairsJ:= {11,12,···,11£1}andeach
linkisatransmitterandreceivertuple:li={t(i),r(i)},ViE
{I,2,"',IJ:I}.Assume thateach node isequippedwith a
singleradiointerface,asthemulti-radio casecanbereduced

tothesingle-radiocasebyconvertingthenodeintoparallel

single-radionodes.Alltransmissionstakeplaceusingashared,

fixedblockofbandwidthW, andthesystemhastimeslots

which allowstimemultiplexing. We considertheco-channel

interferencetothereceivingnodes tobe thesumofall

transmittedsignalsfromothernodepairs.

Inordertomaximize thethroughput-basedsystemperfor­

mance, we assume thatthereare twodecisions tomake:

scheduling,bywhich a node pair decidesiftheyshould

communicateatall;powercontrol, where thetransmitting

nodesindividuallytunethetransmittingpowertoachievegood

overallsystemmetrics, throughsomeformofcoordinationor

informationsharing.

A commonlyadoptedreceivedsignalmodel isusedinthe

followingdiscussion. We usehi,jtodenotethe"out-pair"

channelstateinformation(CSI)fromthetransmitteroflink

itothereceiveroflinkj,andhiidenotesthe"in-pair"CSI
within thelinki.At areceivern'odeoflinkIi'thereceived
signalisthesumofalltheothertransmittersignalweighted

bytheCSIandthepowerlevelcontrolPi'plustheGaussian

receivernoisenirvN(O,a
2
):

Yi=Lhj,iy!PjXj+ni, (1)
jE£\I'i

Inthispaper,weareinterestedinageneralizationofthesec­

ondapproach.We explorethelatentrelationshipbetweenlink

metrics andschedulingdecisionsthroughtheuseofneural­

network based machine learningtechniques.Today neural

network-basedlearningalgorithmshavemade breakthroughs

inmany problemstraditionallyheldtobeinfeasible.While

we do not believe thatlearningalgorithmscan overcome

thecomplexityofNP-class problems,we considerthemto

holdpromisefornetworkdesignersbasedonthefollowing

observations.First,thedistributionofreal-world"best-subset"

typeofoptimization solutionsareconcentratedinasmall

regionina largesearch space. There isoften a pattern

thatcanbeexploited,butisnotcurrentlyappliedsincethe

currentsolutionsdo not make useofpast experience to

makefuturedecisions.Second,theengineeringpracticefavors

adaptability,andmachine learningalgorithmsfilltheneed,

while hand-tailoredheuristicrulestendtobedesignedwith

specificandfixedassumptionsinmind. Network researchers

areincreasinglymore interestedinfindingouthowmachine

learningcouldbeexploitedtohelpdiscoverways tooptimize

thenetwork. Their applicationinnetworkprotocoldesigns

havebeenexploredinmany areassuchasflowengineering,

routingandanomalydetection,wheretheirusagehasachieved

significantimprovement.

Focusingonthemaking schedulingdecisionsbasedonlink

information,ourwork combinestwoalgorithmiccomponents

fromthestate-of-the-artartificialneuralnetworks.Tothebest

ofourknowledgethisisthefirstwork combiningthesetwo

aspectstosolveawireless D2D networkschedulingproblem.

Thefirstpartisrecurrentneuralnetworkstoprocesssequential

data,digestingthesequenceoflinkdatatogiveanoutput

sequenceoflinkstouse.Thesecondpart,reinforcementlearn­

ing,isanalgorithmicframeworktoderivethebest-actionpol­

icyinaMarkov environmenttoaccumulatemaximum amount

ofrewards.Itisabletoguidethesequenceprocessingpart

toimproveoverrepeatedinteractionswith theenvironment,

whichcorrespondstomaximizingthesystem-throughputbased

utilityovertime.We showthroughsimulationsthatourscheme

canproducecomparablehigh-qualitysolutionscomparedwith

existingworks,andthatitachievessuchperformancewithless

computationtimewithouttheneedtohand-craftdatafeatures

orheuristicmetrics.

Therestofthepaperisorganizedasfollows:inSectionII

themathematicalmodel usedforthenetworkisintroducedand

abasicanalysisoftheproblemcomplexityisdemonstrated;

inSection IIIwe startfromconceptsofmachine learning

techniquesandgoeson toexplaintheeffectandworkings

ofeachpartofthedesign,andhowtheymatch ourproblem

underconsideration;inSection IVwe detailthenumerical

experimentstoverifytheproposedscheme'sachievedben­

efits,with acomparisontotheexistingalgorithms,andwe

summarizeourfindingsinthe thefinalsection.

Notes on mathematical notations:calligraphicletters(N)

denotesetswhile lower-caselettersdenotesinglevariables.

Bold-facelettersareusedtostressthatavariableisavector

ormatrix, andthenotationf(x;0)means thatthefunctionf



whereai,.iandbiarethelogarithmofthechannelandpower
controlmagnitude, andwe calltheformereffectivechannel
strength.
We useShannon'sinformationtheoreticformulatocalculate

theachievablerateperunitofspectrum resourceforanode

pair:

(4)

L
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Fig.2:SequenceProcessing.Boththeencoderandthedecoder

aremade upofmultiple layersofartificialneurons which

arenon-linearfunctions.The layersareconnectedbylinear
transformations.RNNhasitsstateasaninputtochangewith

theincomingnewinputs.

areallcontainedintheeffectivechannelstrengthvectors,soif

ameaningful mapping relationshipcouldbelearned,itapplies
tomany networkstates.

Processing suchsequentialtypeofdataisimplemented

with therecurrentneural network(RNN)structureswidely

usedinmachine translationtasks[9].The ideaofusing
RNNsistogiveanapproximatemeasureoftheconditional

probabilitydistributionoftheoutputsequencegiventheinput

sequence.Specifically,considerthateachentryinadatasetis

aninputandoutputpair(x,y),andtheinputisasequenceof

vectorsx=(Xl'X2,...,xn),where allx.;'svectorsofafixed
dimension,andtheoutputisanothersequenceofpotentially

differentlengthY= (YI'Y2,"',Yrn)'wherey,/scanhavea
differentdimensionthanthatofxi'

Inthissettingtheneural network findstheprobability
throughthetuningofitsparameterset9:

andtheachievableratevectorr= (rI'r2,...,rl£j)isdefined
asthealltheratesfromthenodepairs.

The design goal is to maximize the system utility,

which isthelong-termaverageoftheinstantutility rT:
limHoot'E}_U(rT)·The functionUisassumed tobe. T-I
concaveandnon-decreasingforeachcomponentintheinput.

Thisassumptionensuresthatwhenthismeasureismaximized,

allthecomponentsmust already be as largeas possible;

italsohasthegoodpropertythatwhen thesolutionspace

isconvex,theoptimumexistsandisunique.The inputof
theproblem consistsofall theeffectivechannel strength

x= {{al,l'...,al£I,I},{al,2,...,al£I,2},{a1,l£1'...,al£I,I£I}},
andtheschedulepolicyIT(x)returnsaseriesoflinksubsets
totransmit.We deferthepowerallocationtoalaterstepby

settingallbitozero,theoptimumschedulingwithin atime
horizonTisformulatedasanetwork utility maximization
(NUM)probleminthemost generalform:

1 T
maximize7rTLU(rT)

T=l

S.t.r
T
EJ(7r(x) \:IT (5)

,where J(7r(x)isthespaceoftheachievableratesgiventhe

linkinformationxunderaschedulingpolicyIT.After solving
thisproblem,thesystempowercanbefurtherloweredby

solvingforoptimumpowerallocationvectors,butitisoutside

thescopeofthispaper.

III.MACHINE-LEARNING BASEDSCHEDULING

Encode Decode

Theseparationofschedulingandpowerallocationprovides

agoodentrypointfortheintroductionofmachine learning

techniques:inrecentworks [7],ithas been showthatthe

schedulingdecisions often uses alimitednumberoflink

subsets.We notethatthesearchforsuitablesubsetsinanex­
ponentiallylargesearchspacebearsremarkablesimilaritywith

therecentsuccessfulapplicationofreinforcementlearningin

thefieldofgamingcontrol[8].Multi-layer neural networks

canbeuniversalapproximatorsgiventherightamountofdata

andpropertrainingmethod; thispropertycouldbeleveraged

foradaptingtothetrafficpatterninthesearchofgoodsubsets.

A.SequenceData PredictionwithRNN

Inour problem model, all theinformationneeded for

schedulingiscontainedintheeffectivechannelstrengthbe­

tweenalllinks.And theschedulingdecisionscanbeconve­

nientlyexpressedbyavectorYthatrepresentsthesubsetof

linkstobescheduled.This mapping relationshipshouldbe
stableagainstdifferentnetworkconfigurations:thephysical

locationsofthecommunicationnodesandthechannelstates

wheref(-;9)isaneuralnetworkandthefirstequalityderives
fromtheBayesianchainrule.

Thebasicstructureforsequenceprocessingisillustratedin

Fig.2,withtwoparts:TheencoderisanRNNwhichmaintains

aninternalstatethatchangesasittakesaninputXi'Astheen­
tireXisfedtoit,itsfinalinternalstatewillcontaininformation

derivedfromthewholesequence.Thedecoderneuralnetwork
takestheencoderstateastheinput,andsequentiallyproduces

theconditionalprobabilitiesP(YiIYi-I'..., YI'x).TheYvalue
with themaximum probabilityateachstepistakenasthe

inferreditemYi'

B. ReinforcementLearning

Another componentofourproposedschemeisreinforce­

mentlearning[10].Itisanalgorithmicframeworkforoptimiz­

inganagent'srewardsinanMarkov environment.Compared

with thesupervisedmethods where thetrainingisdonewith

existingbestcontrolaction,we considertheRL approachto
havethefollowingadvantagesinourproblemsetting:firstof

all,thesystemisleftonitsowntodiscoveragoodpolicywith



performancefeedback,andthetrainingcanpotentiallyexplore

betteralternativestoknownapproaches;second,itreducesthe

requirementoftrainingcasestobeprovidedwith highquality

targetsolutions,whichcanbeprohibitivelyinfeasibleinmany
difficultnetworkproblems;third,withnopreferenceforone

specificoptimizedtarget,RL frameworkscanbetailoredto

optimizedifferentsystemmetric.
IntheRL terms,ateachtimeslott,anagentisanentity

abletoperformactionsa(t)inasystem'senvironment.An
environmentisassumedtohaveaninternalstatess(t),with
Markovian property:thenextsystemstateisafunctionofthe

currentstateandactiononly,independentfromthehistory

when conditionedonthecurrenttimeinformation.Theagent

receivesarewardbasedontheenvironmentstateandaction,
andhisgoalistomaximize histotalrewardsovertime.
Sincetheagentdoesnotknowtheexactrelationshipgov­

erninghowmuch rewardonecanreceivegivenastateand
an action, itisnecessary tointeractwith thesystemfor

multiple roundsinorder toget an ideaand improvehis

policy7f(a(t)Is(t)),definedastheprobabilitydistributionof
actionstotakewhen givenacertainsystemstateobservation

(thedeterministicpolicyisaspecialcase).Thepolicyupdate
makes useofthestate-valuefunctiongiveninEq.(7),defined

asthesumofexpectedcurrentandfuturerewards,eithera

directsumoraexponentiallyweighted sumwhen thesystems

isatstateStoencourageatrade-offbetweenimmediateand

long-termbenefits.Thestate-actionvaluefunction,orQ-value

functionisdefinedwith theactionasanadditionalinput,and
isconnectedwith valuefunctionsthroughasummationover

actions.

thepolicyiteratively,performsapolicygradientdescenttofind

actionsbasedonthecritic'svalues.They aretwodifferent

neuralnetworkswith separateparameters,soineachiteration

therearetwoupdateoperations.

Theupdateoftheparametersintheactorandcriticnetworks

canbederivedastheapplicationofgradientdescentand

temporal-differencelearning:

T

e=e+exL \7elog7fg(St,at)(Lrt'-bt), (10)
t t'=t

whereexisthelearningrateandbtisthevalueprovidedby
thecriticasareference.

The abovetwocomponentsformthedata-drivenscheme

todevelopalinkschedulingmechanism. Thepolicynetwork

and thecritic value network are both made upofRNN

sequenceprocessingblocksdescribedinSection III-A,but

parameterized differently with BA andBe. Inthetraining
process,thestateisdefinedasSt= [x;Ut],whereutEZI£1is
vectorrecordinghowmany timeseachlinkhasbeenscheduled

sofar;thestatehasMarkovian properties,sinceitdependsonly

onthecurrentstateandaction.Theactionatisthevectorof

linksubsets,andtherewardrtisthesystemutilityU(rt).We
trainthenetworkswith abatchedprocess:ineachiteration,

we generateBcases,andforeachcasewe runthenetwork
forafixednumberoftimeslots,calculatingthesystemutility

andupdatethecoefficientsasneeded.Sincethepartslistedso
fararemade fromdifferentiableblocks,itcanbetrainedwith

gradientdescentmethods. Thetrainingalgorithmislistedin

Algorithm1.

Theabovemodelisamodel-freeone,meaning thattheagent
assumesnopriorknowledgeoftheenvironmentorreward,and

doesnotuseanyspecialknowledgeotherthanhisobservations

andrewardstodeviseapolicy.
Thesolutionqualityofthisframeworkdependsonhowwell

thevaluefunctionsorpolicydistributioncanbelearned.Asa

resulttherearetwoapproaches,oneistodirectlyoptimizethe

policyitself,andtheotheristoestimatetheQ-valuefunction.

And with neuralnetworks,thesefunctionsareparameterized,
and findinggood functionapproximations istranslatedto

searchingforthebestcoefficientsforthenetworklayers.
Thecurrentstate-of-the-artRL techniquesfavoramixture
ofboth,calledactor-critic[11].Itconsistsoftwoparts:critic

networkupdatesthevaluefunctionparameters,usuallyinthe

formofQ-valuefunctions;andtheactornetworkupdatesthe

policyparameteraccordingtotheinformationfromthecritic.

Ineachiterationthecriticnetworkpredictsthevalueofthe
currentpolicy,andisanestimationoftheQ-valuefunctionfor

theactortochooseactionsfrom.Theactornetworkimproves

00

V1r(s)=[1r[L,kRt+kls]
k=l
00

Q1r(s,a)=[1r[L,kRt+kls,a]
k=l

V1r(s)=L [1rQ1r(s,a)7f(als)
a

(7)

(8)

(9)

Algorithm1:Learning-BasedSchedulerTraining

Train(3,I,B) / /thetrainingset,maximum

trainingiterations,thebatchsize

ef-Pretrain(3)
/*supervisedtrainingoftheRNN in

(SectionIII-A)withgradientdescent */

forif-(l,...,1)do
sbrvGENERATECASE() VbE{l,2, ,B}
ab, rbrvRUNPOLlCy(sb) VbE{I,2, ,B}
f3bf-CRITIC(siIBe)
BAf-BA+ex13~:=l (rb- f3b)\70A10gPoA(a.;Isi)
/*gradientdescentupdate.usesthecritic

valueandcurrentreward */

Bef-Be+ex13~:=l \70JIf3b-rb(ab)11
2

/*gradientdescentupdateforcritic

network.usesthedistancewith reward*/

end

returnBA'Be

C. Data Ordering

AnissuerelatedtousingRNNisthattheresultisdependent

onthedataordering;Intheexperimentwefoundthattheinput
linkdataorderinghasasubtleeffectonthefinaloutput.It

isduetothefactthattheencoderitselfisahighly-nonlinear
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Fig.3:Diagramofthereinforcementlearning.

function,andcompositionsofthemareusuallynotequivalent;

thefinalencodedstatecontainsinformationonhowthedatais

ordered.Thisisusefulfordatawhere informationordermust

bedifferentiated,butundesirableinourcaseasitintroduces
unnecessaryorderdependenceandcanpotentiallyoverfit.

Tomitigate suchaneffect,anadditionalprocessingstep

[12]canbeaddedtomitigate this,with similarformstothe
attentionmechanism. Insteadofpassingthenewinputandthe

currentstate(whichonlycontainspartsoftheinputseenso

far)toanon-linearfunction,thisstepmixes allinputsateach

step:

Wt=softmax(f(xi,et)) Vi

et= let,Lw[xil
where etistheencoder'sinternalstate,andfunctionfis
aneural networkwith itsown setofparameters, andthis

functionisappliedforallXitogetavectorofthesamelength

asx.Andthefinalencoderstateisobtainedafterrepeatingthis

operationPtimes,whichispartofthehyperparameterstobe
determinedbeforetraining.Fromtheexpressionofeonecan

seethatitisinvariantunderthepermutationsofXibecausethe

alltheinputsarecombinedwithaweightWi' Thiseffectively
removesthetrainingdependenceontheinputdataorder.

IV.NUMERICALRESULTS

Weimplementthissystemwiththeexistingsoftwareframe­

workTensorflowinPython,andconductedexperimentstotest

itssystemperformance.We considerthetestingnetworkto
belocatedwithin asquareareaof1000meters sides,with

itsillustrationshowninFig. 1andtheparameterslistedin

Table1.Thecommunicationnodesarerandomlydistributed

withaminimumseparationof0.5mto30m.Althoughthelinks

areformedbyrandomlychosenpairs,thereisamaximumcap
onthedistancebetweenthetwonodes.Thisistopreventthe

caseswhere theeffectivelinkstrengthistooweak tomake

feasibletransmission.

We generate500configurationsinthismannerwiththetotal

amountofnodesnotexceeding200,thenrandomlychangethe

CarrierFrequency 2.4GHz

Bandwidth 10MHz

Maximum Power 20dbm

ReceiverNoise SpectralDensity -173dBm/Hz

Encoderlayers [256,256,256]

Batchsize 64

Pairdistance [0.5,30]

Train,validation,test 18000,1000,1000

TABLEI:ListofParametersUsed

linkstrengthformore variations.Theamountoftrainingcases
totalto20000,andthesystemutilityfunctionischosento

beanunweightedsumofalllinkthroughput.Forcomparison

purposes,weruntwoheuristicalgorithmsthatarereportedto

beefficientforsuchkindofproblems.One isbasedonthe

greedyapproximationofindependentsetonconflictgraphs

[2]togetabaselinecomparison;theotheristhelinkSINR
basedFlashLinQscheme[13].Theexperimentsaredoneona

workstation with amoderate computationalpower,usingIntel

i7-6700processorand16GB~, andthemodel training

partisdelegatedonanAmazonWeb Servicesp3.2xlargeGPU

computeinstance.
When thedataisusedinthelearning-basedsystem,we

dividethemintoseparatetraining,validationandtestsets.

Carehasbeentakentoensurethatonlythetrainingdatasetis

usedinthelearningprocessfortweakingtheparameters,and

thevalidationdataisusedforevaluatingthetrainingprocess
andhyperparametersetting,notinthelearningprocess.The

finalreportedmeasures arebasedonthetestdata,whichis

thepartthesystemhasneverseeninthetraining,andisused

tocheckwhether thesystemoverfits.
InFig.4weshowhowouralgorithmsachievegoodsystem

throughputwhen we varythenumberofsystemlinksinthe

testcasesandplottheiraverage.Ahighoverallthroughputis

observed,andthegainoverthegreedyheuristicisconsistent

acrossdifferentnumberofsystemlinks,with closeto50010
increasesinthelargesystemregime.Compared with the

other scheme,theperformanceison asimilarlevel;the
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V. SUMMARY

We proposealearning-basedalgorithmicframeworkfor

generating thelinkschedulingpolicyinaD2D network­

ingscenario.The problemismodeled asasequencedata
prediction,andcombinedwith theactor-criticreinforcement

learningtoimprovetherobustnessoftheschedulingpolicy.

Thefindingssuggestthatitisfeasibletodiscovercomplex

networkoptimizationpolicieswith comparableperformance

tosomeexistingapproachesandlowcomputationcost.The
algorithmiccomponentsoflearningsystemscanfindwide

applicationinnetworkprotocoldesigns,andwe expectmore

work tofurtherimprovetheirefficacyinthefuture.

1  2  3  4  5

CaseComputationTime(5)

Fig.4:The averagesystemthroughputwith theerrorbar

showingtherange.

Fig.5:The cumulativedistributionfunctionforthesystem

throughput,comparedwith existingheuristicsbasedschemes.

Graph more totheleftisbetter.

gaininperformanceisnotpronounced,possiblyduetoits

performanceclosetooptimalinthetestcases.Despite this,

thefindingsindicatethatthemachine learning-basedscheme
couldlearnareasonablygoodstrategy.However,thedownside

isreflectedontheverticalbarrepresentingtheerrorrange.

Thesolutionvarianceofobtainedwith theproposedscheme

canbesignificant.Thishasbeenanobservedissueinmany

reinforcementlearningbased methods and itneeds tobe
addressedwithadditionalvariancereductionmethodsinfuture

work.

Next we showasummaryofthecumulativedistribution

functionoftheaveragerunningtimetoachievesuchaper­

formanceinFig.5.For theproposedlearningmethod we

measure thetimeofmaking model inference,thatis,thestep

forthetrainedmodel tomakedecisions,andtheothermethods
aremeasured when themain iterationstartstoexcludethe

effectsofdataloading,Thankstothefactthattheinference

taskcan be massively parallelized onto GPU devices, the

learning-basedschemegenerallyworks veryfast.Theresults

suggestthatthereisaclearadvantageofcomputationtime,
withamedian computationtimereducedby57.3%and41.6%

respectively.
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