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Abstract

This paperexamineghe applicationof reinforcementearningto awire-

lesscommunicationproblem. The problemrequiresthat channelutil-

ity be maximizedwhile simultaneouslyminimizing batteryusage. We
presenta solutionto this multi-criteria problemthat is able to signifi-

cantlyreducepower consumptionThe solutionusesa variablediscount
factorto capturethe effectsof batteryusage.

1 Introduction

Reinforcementearning(RL) hasbeenappliedto resourceallocationproblemsin telecom-
municationsg.g.,channelallocationin wirelesssystemsnetwork routing, andadmission
controlin telecommunicatiometworks[1, 2, 8, 10]. Thesehave demonstratedeinforce-
ment learning can find good policies that significantly increasethe applicationreward
within the dynamicsof the telecommunicatiomproblems. However, a key issueis how
to treatthecommonlyoccurringmultiple rewardandconstraintriteriain a consistentvay.

This paperwill focuson power managemerfor wirelesspacketcommunicatiorchannels.
Thesechannelareunlike wireline channelsn thatchannelguality is poorandvariesover

time, and often oneside of the wirelesslink is a batteryoperateddevice suchasa laptop

computer In this environment,power managementlecidesvhento transmitandreceve

soasto simultaneouslynaximizechanneltility andbatterylife.

A numberof power managemenstratgies have beendevelopedfor differentaspectsof

batteryoperateccomputersystemssuchasthe harddisk and CPU [4, 5]. Managingthe
channeis differentin thatsomecontrolactionssuchasshuttingoff thewirelesstransmitter
male the stateof the channelndthe othersideof the communicatiorunobserable.

In this paper we considerthe problemof finding a powver managemenpolicy that simul-

taneouslymaximizesthe radiocommunicatiors earned-evenuewhile minimizing battery
usage Theproblemis recastasa stochastishortespathproblemwhichin turnis mapped
to a discountednfinite horizonwith a variablediscountfactor Resultsshowv significant
reductionsn power usage.
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Figurel: Thefive component®f theradiocommunicatiorsystem.

2 Problem Description

The problemis comprisedof five componentsasshowvn in Figure 1: mobile application,
mobile radio, wirelesschannel,basestationradio, and basestationapplication. The ap-
plicationson eachendgeneratgacletsthatare sentvia a radio acrosghe channelto the
radio andthenapplicationon the otherside. The applicationalso definesthe utility of a
givenend-to-engerformanceTheradiosimplementasimpleacknavledgment/retransmit
protocolfor reliabletransmissionThebasestationis fixedandhasa reliablepower supply
andthereforeis not power constrained.The mobile power is limited by a batteryandit
canchooseto turnits radio off for periodsof time to reducepower usage.Notethateven
with theradio off, the mobile systemcontinuego draw power for otheruses.The channel
addserrorsto the paclets. The rate of errorsdependson mary factorssuchaslocation
of mobile andbasestation,interveningdistance andlevels of interference.The problem
requiresmodelsfor eachof thesecomponentsTo be concretethe specificmodelsusedin
this paperaredescribedn thefollowing sections It shouldbe emphasizedhatin orderto
focusonthemachindearningissuessimplemodelshave beenchosenMore sophisticated
modelscanreadilybeincluded.

2.1 TheChannd

The channekarriesfixed-sizepacketsin synchronousime slots. All paclet ratesarenor-
malizedby the channelrate so that the channelcarriesone paclet per unit time in each
direction. Theforwardandreversechannelsareorthogonaknddo notinterfere.

Wirelessdatachanneldypically have low errorrates.Occasionallydueto interferenceor
signalfading,the channeintroduceamary errors.This variationis possibleevenwhenthe
mobileandbasestationarestationary Thechanneis modelecby atwo stateGilbert-Elliot
model[3]. In this model,the channelis in eithera “good” or a “bad” statewith a paclet
error probabilitiesp, andp, wherep, < py. Thechannels symmetricwith the sameloss
ratein both directions. The channelstaysin eachstatewith a geometricallydistributed
holdingtime with meanholdingtimesh, andh; time slots.

2.2 Maobileand Base Station Application

Thetraffic generatedby the sourceis a bursty on/OFF modelthatalternatedetweergen-
eratingno paclketsandgeneratingacletsatratergy. Theholdingtimesaregeometrically
distributedwith meanholdingtimeshon andhopg. Thetraffic in eachdirectionis inde-
pendentndidentically distributed.

2.3 TheRadios

The radioscantransmitdatafrom the applicationand sendit on the channeland simul-
taneouslyreceve datafrom the otherradio and passit on to its application. The radios
implementa simple paclet protocolto ensurereliability. Packets from the sourcesare
gueuedn theradioandsentoneby one. Packetsconsistof a headeranddata. The header
carriesacknavledgement$ACK'’s)with themostrecentpacletrecevedwithouterror. The
headercontainsa checksunsothaterrorsin the payloadcanbe detected Erroredpaclets



ParameteName Symbol| Value
ChanneError Rate,Good Dy 0.01
ChanneError Rate,Bad Db 0.20
ChanneHolding Time, Good hyg 100
ChanneHolding Time, Bad hp 10
SourceOn Rate TON 1.0
SourceHolding Time, On honN 1
SourceHolding Time, Off hoFF 10
Pawer, RadioOff Porr TW
Powver, RadioOn Pon 8.5W
Pawver, Radio Transmitting Pry n0ow
RealTime Max Delay dmaz 3
WebBrowsingTime Scale do 3

Tablel: Applicationparameters.

causehereceving radioto senda packetwith a neggative acknaviedgment{NACK) to the
otherradioinstructingit to retransmithe paclet sequencstartingfrom theerroredpaclet.
TheNACK is sentimmediatelyevenif no datais waiting andtheradiomustsendanempty
paclet. Only unerroredpacletsare senton to the application. The headelis assumedo
alwaysberecevedwithouterror'.

Sincethemobileis constrainedy power, themobileis consideredhe masterandthebase
stationtheslave. Thebasestationis alwaysonandreadyto transmitor receve. Themobile
canturn its radio off to consere power. Every ON-OFF and OFF-ON transitiongenerates
a paclet with a messageén the headerindicatingthe changeof stateto the basestation.
Thesemessag@acletscarry no data. The mobile expendspower at threelevels—Pof,
Pon, and P,,—correspondingo theradio off, recever on but no paclket transmittedand
recever on packettransmitted.

2.4 Reward Criteria

Reward is earnedfor paclets passedn eachdirection. The amountdependson the ap-
plication. In this paperwe considerthreetypesof applications,an e-mail application,a
real-timeapplication,and a web browsing application. In the e-mail application,a unit
rewardis givenfor every pacletrecevedby the application.In therealtime applicationa
unitrewardis givenfor every pacletrecevedby theapplicationwith delaylessthand,;, 4. -
Therewardis zerootherwise.In the web browsing application time is importantbut not
critical. The valueof a paclet with delayd is (1 — 1/dy)?, whered, is the desiredtime
scaleof thearrivals.

The specificparametersisedin this experimentaregivenin Tablel. Theseweregathered
astypical valuesfrom [7, 9]. It shouldbe emphasizedhat this modelis the simplest
modelthat captureghe essentiatharacteristic®f the problem. More realisticchannels,
protocols,applicationsandrewardscanreadily be incorporatecbut for this paperareleft
outfor clarity.

LA paclet errorrateof 20%impliesa bit errorrateof lessthan1%. Error correctingcodesin the
headercaneasilyreducethis errorrateto alow value. The mainintentis to simplify the protocolfor
this papersothattime-outsandothermechanismslo not needto be considered.



Component States

Channel {good,bag
Application {ON,OFF}

Mobile {ON,OFF}

Mobile {List of waiting andunacknaevledgedpacletsandtheir currentdelay}
BaseStation | {List of waitingandunacknaevledgedpacletsandtheir currentdelay}

Table2: Componentso SystemState.

3 Markov Decision Processes

At ary giventime slot, ¢, the systemis in a particularconfiguration;z, definedby the state
of eachof the componentsn Table2. The systemstateis s = (z,t) wherewe include
thetime in orderto facilitate accountingfor the battery The mobile canchooseto toggle
its radiobetweerthe oN andoFF stateandrewardsaregeneratedby successfullyeceved
paclets. Thetaskof the learneris to determinea radio ON/OFF policy that maximizesthe
total rewardfor pacletsrecevedbeforebatteriesun out.

The batterylife is not a fixedtime. First, it dependn usage.Secondfor a givendrain,
the capacitydepend®n how long the batterywaschaged,how long it hassatsincebeing
chaged, the ageof the battery etc. In short,the batteryrunsout at a randomtime. The
systencanbemodeledasastochastichortespathproblemwherebythereexistsaterminal
state s, thatcorrespondso the batteryemptyin which no morerewardis possibleandthe
systenremainspermanenthat no cost.

3.1 Multi-criteria Objective

Formally, the goalis to learna policy for eachpossiblesystemstatesoasto maximize

o)

where E{-|s, 7} is the expectationover possibletrajectoriesstartingfrom states using
policy m, ¢(t) is therewardfor pacletsrecevedattimet, andT is thelasttime stepbefore
thebatteriesun out.

T

J*(s)=FE { Zc(t)

t=0

Typically, T is very large andthis inhibits fastlearning. So, in orderto promotefaster
learningwe corvertthis problemto a discountegroblemthatremovesthevariancecaused
by therandomstoppingtimes. At time ¢, givenactiona(t), while in states(t¢) theterminal

stateis reachedvith probabilityp,; (a(t)). Settingthevalueof theterminalstateto 0, we

cancorvertour new criterionto maximize:

oS} t—1
J(s) =E { > et) [T = pagny(a(r)) sm} ;
t=0 7=0

wherethe productis the probability of reachingtime ¢. In words, future rewardsaredis-
countedby 1 — ps(a), andthe discountingis larger for actionsthat drain the batteries
faster Thusamorepower efficient stratgyy will have adiscountfactorcloserto onewhich
correctlyextendsthe effective horizonover which rewardis captured.

3.2 Q-learning

RL methodssolve MDP problemsby learninggoodapproximationgo the optimal value
function, J*, given by the solutionto the Bellman optimality equationwhich takes the



following form:

J(s) = max, [Es{c(s,a,s") + (1 = ps(a)) J*(s)}] @
where A(s) is the setof actionsavailablein the currentstates, (s, a, s') is the effective
immediatepayof, andE {-} is the expectationover possiblenext statess’.

Welearnanapproximatiorto J* usingWatkin’s Q-learningalgorithm.Bellmans equation
canberewrittenin Q-factoras

T = max Q(s.a) @

In every time stepthe following decisionis made. The Q-valueof turningon in the next
stateis comparedo the Q-valueof turning off in the next state. If turningon hashigher
valuethe mobileturnson. Else,the mobileturnsoff.

Whatever our decisionwe updateour valuefunctionasfollows: on atransitionfrom state
s to s’ onactiona,

Qs,a) = (l—v)Q(s,a)+7(C(s,a,8’)+(1—ps(a)) max Q(s',b)) @3)

bEA(s")

wherev is thelearningrate. In orderfor Q-learningto performwell, all potentiallyimpor-
tantstate-actiorpairs(s, a) mustbeexplored. At eachstate with probability0.1 we apply
arandomactioninsteadof the actionrecommendedy the Q-value. However, we still use
(3) to updateQ-valuesusingthe actionb recommendedy the Q-values.

3.3 Structural Limitsto the State Space

For theoreticalreasonst is desirableto usea table lookup representation.In practice,
sincethe mobile radio decidesusinginformationavailableto it, this is impossiblefor the
following reasons. The stateof the channelis never known directly. The recever only
obseneserroredpaclets.lt is possibleto infer the state but, only whenpaclketsareactually
recevedandchannektatechangesntroduceinferenceerrors.

Traditionalpaclketapplicationgarelycommunicatestateinformationto thetransportayer.
This stateinformationcould alsobe inferred. But, giventhe quickly changingapplication
dynamics the applicationstateis oftenignored. For the particularparameterén Table1,
(i.e. ron = 1.0) the applicationis on if andonly if it generates paclet soits stateis
completelyspecifiedby the pacletarrivalsanddoesnot needto beinferred.

Themostserioudeficieny to acompletestatespaceaepresentatiois thatwhenthemobile
radioturns ofr, it hasno knowledgeof statechangesn the basestation. Evenwhenit is
ON, the protocoldoesnot have provisionsfor transferringdirectly the stateinformation.
Again, thisimpliesthatstateinformationmustbeinferred.

Oneapproacho thesestructurallimits is to usea POMDPapproach6] whichwe leave to
futurework. In this paperwe simply learndeterministicpolicieson featureghatestimate
the state.

3.4 Simplifying Assumptions

Beyondthestructuralproblemsof the previoussectionwe musttreattheusualproblemthat
the statespaces huge. For instance assumingeven moderatemaximumqueuesizesand
maximumwait timesyields 102° states. If one considerse-mail like applicationswhere



Component Feature
Mobile Radio is radio ON or OFF
Mobile Radio numberof packetswaiting atthe mobile
Mobile Radio | wait time of first paclet waiting atthe mobile
Channel numberof errorsrecevedin last4 time slots
BaseRadio | numberof time slotssincemobilewaslastoN

Table3: DecisionFeaturedvieasuredby Mobile Radio

wait timesof minutes(1000's of time slot wait times)with mary packetswaiting possible,
the statespacesxceedsl 01 states. Thuswe seeka representatioto reducethe sizeand
compleity of the statespace. This reductionis takenin two parts. Thefirst is a feature
representatiothatis possiblegiventhe structurallimits of the previoussection thesecond
is afunctionapproximatiorbasedn thesefeaturevectors.

The featurevectorsarelisted in Table3. Theseare chosensincethey are measurableat
the mobile radio. For function approximationwe usestateaggreyationsinceit provably
corverges.

4 Simulation Results

This sectiondescribesimulation-baseéxperimentson the mobile radio control problem.
For this initial study we simplified the problemby settingp, = p = 0 (i.e. no channel
errors).

Stateaggreyationwasusedwith 4800aggreyatestates.Thebatteryterminationprobability,

ps(a) wassimply P/1000 whereP is thepowerappropriatéor thestateandactionchosen
from Table 1. Thiswaschoserto have anexpectedbatterylife muchlongerthanthetime

scaleof thetraffic andchannelprocesses.

Threepolicieswerelearned pnefor eachapplicationrewardcriteria. Theresultingpolicies
aretestedby simulatingfor 10 time slots.

In eachtestrun, anupperandlower boundon the enegy usagels computed.The upper
boundis the caseof the mobileradioalwayson?. Thelower boundis a policy thatignores
therewardcriteriabut still deliversall thepaclets.In this policy, theradiois off andpaclets
areaccumulatedintil thelatterportionof thetestrunwhenthey aresentin onelargegroup.
Policiesarecomparedisingthenormalizedpower savings. Thisis ameasuref how close
thepolicy is to thelower boundwith 0% and100%beingthe upperandlower bound.

Theresultsaregivenin Table4. Thetablealsolists theaveragerewardperpacletreceved
by the application.For the e-mailapplication,which hasno constraintson the paclets,the
averagerewardis identicallyone.

5 Conclusion

This papershavedthatreinforcementearningwasableto learna policy thatsignificantly
reducedthe power consumptionof a mobile radio while maintaininga high application
utility. It useda novel variablediscountfactorthatcapturedheimpactof differentactions
on batterylife. This wasableto gain50%to 80% of the possiblepower sazings.

2Thereexist policiesthatexceedthis power, e.g.if they toggleonandoFroftenandgeneratenary
notificationpaclets. But, the alwayson policy is the baselineghatwe aretrying to improve upon.



Aoplication Normaliz_ed Average
PP Pawver Savings Reward
E-mall 81% 1
RealTime 49% 1.00
Web Browsing 48% 0.46

Table4: SimulationResults.

In the applicationthe paperuseda simplemodelof theradio,channel battery etc. It also
usedsimplestateaggreyationandignoredthe partially obsenableaspectof the problem.
Futurework will addressnoreaccuratamodels functionapproximationandPOMDPap-
proaches.
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