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Abstract

Thispaperexaminestheapplicationof reinforcementlearningto awire-
lesscommunicationproblem. The problemrequiresthat channelutil-
ity be maximizedwhile simultaneouslyminimizing batteryusage.We
presenta solution to this multi-criteria problemthat is able to signifi-
cantlyreducepowerconsumption.Thesolutionusesa variablediscount
factorto capturetheeffectsof batteryusage.

1 Introduction

Reinforcementlearning(RL) hasbeenappliedto resourceallocationproblemsin telecom-
munications,e.g.,channelallocationin wirelesssystems,network routing,andadmission
control in telecommunicationnetworks [1, 2, 8, 10]. Thesehave demonstratedreinforce-
ment learning can find good policies that significantly increasethe applicationreward
within the dynamicsof the telecommunicationproblems. However, a key issueis how
to treatthecommonlyoccurringmultiplerewardandconstraintcriteriain aconsistentway.

This paperwill focuson powermanagementfor wirelesspacketcommunicationchannels.
Thesechannelsareunlikewireline channelsin thatchannelquality is poorandvariesover
time, andoftenonesideof thewirelesslink is a batteryoperateddevice suchasa laptop
computer. In this environment,power managementdecideswhento transmitandreceive
soasto simultaneouslymaximizechannelutility andbatterylife.

A numberof power managementstrategieshave beendevelopedfor differentaspectsof
batteryoperatedcomputersystemssuchasthe harddisk andCPU [4, 5]. Managingthe
channelis differentin thatsomecontrolactionssuchasshuttingoff thewirelesstransmitter
make thestateof thechannelandtheothersideof thecommunicationunobservable.

In this paper, we considertheproblemof finding a power managementpolicy thatsimul-
taneouslymaximizestheradiocommunication’searnedrevenuewhile minimizing battery
usage.Theproblemis recastasastochasticshortestpathproblemwhich in turn is mapped
to a discountedinfinite horizonwith a variablediscountfactor. Resultsshow significant
reductionsin powerusage.
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Figure1: Thefivecomponentsof theradiocommunicationsystem.

2 Problem Description

The problemis comprisedof five componentsasshown in Figure1: mobile application,
mobile radio, wirelesschannel,basestationradio, andbasestationapplication. The ap-
plicationson eachendgeneratepacketsthataresentvia a radioacrossthechannelto the
radio andthenapplicationon the otherside. The applicationalsodefinesthe utility of a
givenend-to-endperformance.Theradiosimplementasimpleacknowledgment/retransmit
protocolfor reliabletransmission.Thebasestationis fixedandhasareliablepowersupply
andthereforeis not power constrained.The mobile power is limited by a batteryandit
canchooseto turn its radiooff for periodsof time to reducepower usage.Note thateven
with theradiooff, themobilesystemcontinuesto draw power for otheruses.Thechannel
addserrorsto the packets. The rateof errorsdependson many factorssuchas location
of mobileandbasestation,interveningdistance,andlevelsof interference.Theproblem
requiresmodelsfor eachof thesecomponents.To beconcrete,thespecificmodelsusedin
this paperaredescribedin thefollowing sections.It shouldbeemphasizedthat in orderto
focusonthemachinelearningissues,simplemodelshavebeenchosen.Moresophisticated
modelscanreadilybeincluded.

2.1 The Channel

Thechannelcarriesfixed-sizepacketsin synchronoustime slots.All packet ratesarenor-
malizedby the channelrateso that the channelcarriesonepacket per unit time in each
direction.Theforwardandreversechannelsareorthogonalanddo not interfere.

Wirelessdatachannelstypically have low errorrates.Occasionally, dueto interferenceor
signalfading,thechannelintroducesmany errors.Thisvariationis possibleevenwhenthe
mobileandbasestationarestationary. Thechannelis modeledby atwo stateGilbert-Elliot
model[3]. In this model,the channelis in eithera “good” or a “bad” statewith a packet
errorprobabilities��� and ��� where���
	���� . Thechannelis symmetricwith thesameloss
rate in both directions. The channelstaysin eachstatewith a geometricallydistributed
holdingtime with meanholdingtimes 
 � and 
 � timeslots.

2.2 Mobile and Base Station Application

Thetraffic generatedby thesourceis a bursty ON/OFF modelthatalternatesbetweengen-
eratingnopacketsandgeneratingpacketsatrate � ON . Theholdingtimesaregeometrically
distributedwith meanholding times 
 ON and 
 OFF. Thetraffic in eachdirectionis inde-
pendentandidenticallydistributed.

2.3 The Radios

The radioscantransmitdatafrom the applicationandsendit on the channelandsimul-
taneouslyreceive datafrom the other radio andpassit on to its application. The radios
implementa simple packet protocol to ensurereliability. Packets from the sourcesare
queuedin theradioandsentoneby one.Packetsconsistof a headeranddata.Theheader
carriesacknowledgements(ACK’s)with themostrecentpacketreceivedwithouterror. The
headercontainsa checksumsothaterrorsin thepayloadcanbedetected.Erroredpackets



ParameterName Symbol Value
ChannelErrorRate,Good � � 0.01
ChannelErrorRate,Bad ��� 0.20

ChannelHoldingTime,Good 
 � 100
ChannelHoldingTime,Bad 
 � 10

SourceOnRate � ON 1.0
SourceHoldingTime,On 
 ON 1
SourceHoldingTime,Off 
 OFF 10

Power, RadioOff � OFF 7 W
Power, RadioOn � ON 8.5W

Power, RadioTransmitting � TX 10 W
RealTimeMax Delay ������� 3

WebBrowsingTime Scale ��� 3

Table1: Applicationparameters.

causethereceiving radioto sendapacketwith a negativeacknowledgment(NACK) to the
otherradioinstructingit to retransmitthepacketsequencestartingfrom theerroredpacket.
TheNACK is sentimmediatelyevenif nodatais waitingandtheradiomustsendanempty
packet. Only unerroredpacketsaresenton to the application.The headeris assumedto
alwaysbereceivedwithout error� .
Sincethemobileis constrainedby power, themobileis consideredthemasterandthebase
stationtheslave. Thebasestationis alwaysonandreadyto transmitor receive. Themobile
canturn its radio off to conserve power. Every ON-OFF andOFF-ON transitiongenerates
a packet with a messagein the headerindicatingthe changeof stateto the basestation.
Thesemessagepacketscarryno data. The mobileexpendspower at threelevels—� OFF,� ON , and ��� � —correspondingto theradiooff, receiver on but no packet transmitted,and
receiveron packet transmitted.

2.4 Reward Criteria

Reward is earnedfor packetspassedin eachdirection. The amountdependson the ap-
plication. In this paperwe considerthreetypesof applications,an e-mail application,a
real-timeapplication,anda web browsing application. In the e-mail application,a unit
rewardis givenfor every packet receivedby theapplication.In thereal time applicationa
unit rewardis givenfor everypacketreceivedby theapplicationwith delaylessthan ������� .
The reward is zerootherwise.In thewebbrowsingapplication,time is importantbut not
critical. The valueof a packet with delay � is ��� � � � ���"!$# , where ��� is the desiredtime
scaleof thearrivals.

Thespecificparametersusedin this experimentaregivenin Table1. Theseweregathered
as typical valuesfrom [7, 9]. It shouldbe emphasizedthat this model is the simplest
modelthat capturesthe essentialcharacteristicsof the problem. More realisticchannels,
protocols,applications,andrewardscanreadilybe incorporatedbut for this paperareleft
out for clarity.

%
A packet errorrateof 20%impliesa bit errorrateof lessthan1%. Error correctingcodesin the

headercaneasilyreducethiserrorrateto a low value.Themainintentis to simplify theprotocolfor
this papersothattime-outsandothermechanismsdonot needto beconsidered.



Component States
Channel & good,bad'

Application & ON,OFF '
Mobile & ON,OFF '
Mobile & List of waitingandunacknowledgedpacketsandtheir currentdelay'

BaseStation & List of waitingandunacknowledgedpacketsandtheir currentdelay'
Table2: Componentsto SystemState.

3 Markov Decision Processes

At any giventime slot, ( , thesystemis in a particularconfiguration,) , definedby thestate
of eachof the componentsin Table2. The systemstateis *,+-�.)0/$($! wherewe include
thetime in orderto facilitateaccountingfor thebattery. Themobilecanchooseto toggle
its radiobetweentheON andOFF stateandrewardsaregeneratedby successfullyreceived
packets.Thetaskof the learneris to determinea radio ON/OFF policy thatmaximizesthe
total rewardfor packetsreceivedbeforebatteriesrunout.

Thebatterylife is not a fixedtime. First, it dependson usage.Second,for a givendrain,
thecapacitydependson how long thebatterywascharged,how long it hassatsincebeing
charged,the ageof the battery, etc. In short,the batteryrunsout at a randomtime. The
systemcanbemodeledasastochasticshortestpathproblemwherebythereexistsaterminal
state,*1� , thatcorrespondsto thebatteryemptyin whichnomorerewardis possibleandthe
systemremainspermanentlyatno cost.

3.1 Multi-criteria Objective

Formally, thegoalis to learna policy for eachpossiblesystemstatesoasto maximize243 �5*"!6+87 9;:< �.= �0> �?($! @@@@@ *�/BA�C,/
where 7D&�EGF *�/BAH' is the expectationover possibletrajectoriesstartingfrom state * using
policy A , > �.($! is therewardfor packetsreceivedat time ( , and I is thelasttimestepbefore
thebatteriesrun out.

Typically, I is very large and this inhibits fast learning. So, in order to promotefaster
learningweconvertthisproblemto adiscountedproblemthatremovesthevariancecaused
by therandomstoppingtimes.At time ( , givenaction J��?($! , while in state*K�?($! theterminal
stateis reachedwith probability ��LNM �.O �PJ��.($!$! . Settingthevalueof theterminalstateto 0, we
canconvertour new criterionto maximize:2 3 �5*Q!R+87 9TS< �.= �0> �.($! �VU �WX = � ��� � ��LNM X O �?J��.Y�!B!$! @@@@@ *�/BA C /
wherethe productis theprobability of reachingtime ( . In words,future rewardsaredis-
countedby � � � L �PJZ! , and the discountingis larger for actionsthat drain the batteries
faster. Thusamorepowerefficientstrategy will havea discountfactorcloserto onewhich
correctlyextendstheeffectivehorizonoverwhich rewardis captured.

3.2 Q-learning

RL methodssolve MDP problemsby learninggoodapproximationsto the optimal value
function,

20[
, given by the solution to the Bellman optimality equationwhich takes the



following form: 2 [ �P*Q!\+ ]D^`_�"a�b McL Oed 7 Lgf & > �5*�/BJ�/N*"hi!0jk�$� � � L �?JZ!$! 2 [ �5*1hG!�'ml (1)

where no�P*Q! is the setof actionsavailablein the currentstate * , > �P*�/BJ�/p* h ! is the effective
immediatepayoff, and 7 L f &KEq' is theexpectationoverpossiblenext states* h .
Welearnanapproximationto

2�[
usingWatkin’sQ-learningalgorithm.Bellman’sequation

canberewritten in Q-factoras

2 [ �5*"!r+ ]s^ _�"a�b McL O`t [ �5*�/BJZ! (2)

In every time stepthe following decisionis made.TheQ-valueof turningon in thenext
stateis comparedto the Q-valueof turningoff in the next state. If turningon hashigher
valuethemobileturnson. Else,themobileturnsoff.

Whateverour decision,we updateour valuefunctionasfollows: on a transitionfrom state* to * h on action J ,

t �P*�/BJZ!u+ �$� �wv ! t �P*�/BJZ!�j vyx > �5*�/BJ�/N* h !�jk�$� � � L �?JZ!$!z]s^`_� a�b M{Lgf O t �P* h /N|}!�~ (3)

wherev is thelearningrate.In orderfor Q-learningto performwell, all potentiallyimpor-
tantstate-actionpairs �P*�/NJe! mustbeexplored.At eachstate,with probability ���i� we apply
a randomactioninsteadof theactionrecommendedby theQ-value.However, we still use
(3) to updateQ-valuesusingtheaction | recommendedby theQ-values.

3.3 Structural Limits to the State Space

For theoreticalreasonsit is desirableto usea table lookup representation.In practice,
sincethemobile radiodecidesusinginformationavailableto it, this is impossiblefor the
following reasons.The stateof the channelis never known directly. The receiver only
observeserroredpackets.It is possibleto infer thestate,but,only whenpacketsareactually
receivedandchannelstatechangesintroduceinferenceerrors.

Traditionalpacketapplicationsrarelycommunicatestateinformationto thetransportlayer.
This stateinformationcouldalsobeinferred.But, giventhequickly changingapplication
dynamics,theapplicationstateis often ignored.For theparticularparametersin Table1,
(i.e. � ON +���� � ) the applicationis on if andonly if it generatesa packet so its stateis
completelyspecifiedby thepacketarrivalsanddoesnot needto beinferred.

Themostseriousdeficiency to acompletestatespacerepresentationis thatwhenthemobile
radio turnsOFF, it hasno knowledgeof statechangesin thebasestation.Evenwhenit is
ON, the protocoldoesnot have provisionsfor transferringdirectly the stateinformation.
Again, this impliesthatstateinformationmustbeinferred.

Oneapproachto thesestructurallimits is to useaPOMDPapproach[6] whichwe leaveto
futurework. In this paper, we simply learndeterministicpolicieson featuresthatestimate
thestate.

3.4 Simplifying Assumptions

Beyondthestructuralproblemsof theprevioussectionwemusttreattheusualproblemthat
thestatespaceis huge.For instance,assumingevenmoderatemaximumqueuesizesand
maximumwait timesyields �1��� � states.If oneconsiderse-mail like applicationswhere



Component Feature
Mobile Radio is radioON or OFF
Mobile Radio numberof packetswaitingat themobile
Mobile Radio wait timeof first packetwaitingat themobile

Channel numberof errorsreceivedin last4 time slots
BaseRadio numberof timeslotssincemobilewaslastON

Table3: DecisionFeaturesMeasuredby Mobile Radio

wait timesof minutes(1000’sof timeslot wait times)with many packetswaitingpossible,
thestatespaceexceeds�"�K� �B� states.Thuswe seeka representationto reducethesizeand
complexity of the statespace.This reductionis taken in two parts. The first is a feature
representationthatis possiblegiventhestructurallimits of theprevioussection,thesecond
is a functionapproximationbasedon thesefeaturevectors.

The featurevectorsare listed in Table3. Thesearechosensincethey aremeasurableat
the mobile radio. For functionapproximation,we usestateaggregationsinceit provably
converges.

4 Simulation Results

This sectiondescribessimulation-basedexperimentson themobileradiocontrolproblem.
For this initial study, we simplified the problemby setting� � +�� � +�� (i.e. no channel
errors).

Stateaggregationwasusedwith 4800aggregatestates.Thebatteryterminationprobability,� L �PJZ! wassimply ���Z�1����� where� is thepowerappropriatefor thestateandactionchosen
from Table1. This waschosento have anexpectedbatterylife muchlongerthanthetime
scaleof thetraffic andchannelprocesses.

Threepolicieswerelearned,onefor eachapplicationrewardcriteria.Theresultingpolicies
aretestedby simulatingfor �1��� time slots.

In eachtestrun, an upperandlower boundon the energy usageis computed.The upper
boundis thecaseof themobileradioalwayson� . Thelowerboundis a policy thatignores
therewardcriteriabut still deliversall thepackets.In thispolicy, theradiois off andpackets
areaccumulateduntil thelatterportionof thetestrunwhenthey aresentin onelargegroup.
Policiesarecomparedusingthenormalizedpowersavings.This is ameasureof how close
thepolicy is to thelowerboundwith 0% and100%beingtheupperandlowerbound.

Theresultsaregivenin Table4. Thetablealsolists theaveragerewardperpacketreceived
by theapplication.For thee-mailapplication,which hasno constraintson thepackets,the
averagerewardis identicallyone.

5 Conclusion

This papershowedthatreinforcementlearningwasableto learna policy thatsignificantly
reducedthe power consumptionof a mobile radio while maintaininga high application
utility. It useda novel variablediscountfactorthatcapturedtheimpactof differentactions
on batterylife. This wasableto gain50%to 80%of thepossiblepowersavings.�

Thereexist policiesthatexceedthispower, e.g.if they toggleONandOFFoftenandgeneratemany
notificationpackets.But, thealwayson policy is thebaselinethatwe aretrying to improve upon.



Application
Normalized

PowerSavings
Average
Reward

E-mail 81% 1
RealTime 49% 1.00

WebBrowsing 48% 0.46

Table4: SimulationResults.

In theapplicationthepaperuseda simplemodelof theradio,channel,battery, etc. It also
usedsimplestateaggregationandignoredthepartially observableaspectsof theproblem.
Futurework will addressmoreaccuratemodels,functionapproximation,andPOMDPap-
proaches.
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