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1 Introduction

Our posterconsiderstheuseof machinelearningagentsto
autonomouslyand continually selectamongwirelessac-
cessservicesavailable to a user. Our context is the Per-
sonalRouterproject; a technicalresearchprogramaimed
at reshapingthe wirelessnetwork accessmarket towards
greatercompetitionanddiversity[CW00]. By allowing po-
tential suppliersto easily advertiseserviceofferings in a
given area,and allowing usersto transparentlyand con-
tinually discover, negotiatetermsfor, andswitch between
availablenetwork services,weaimto greatlylower thebar-
riersto entryin thewirelessservicemarket, creatinga rich
ecosystemof largeandsmallserviceproviderswith differ-
entofferings,capabilities,andbusinessmodels.

A critical function within the PR vision is that of ser-
vice selection. The PersonalRouter, acting on behalf of
its user, must intelligently, intuitively, and autonomously
selectfrom amongthe availableservicesthe onethat best
meetsits user’s needs.It mustdo this transparently, with-
out involving, bothering,or distractingits user. Its taskis
difficult – acceptableservicechoicedependsnot only on
the featuresand cost of the service,but also on the con-
text of the situation,including suchdynamicvariablesas
the applicationsthe useris running and the user’s higher
level goals. Beyond this, thesetof availableservicesmay
changerapidly with time and the user’s location, requir-
ing thePRto choosenew servicesfrequently. Without this
automaticselectioncapability, userscouldnot possiblyre-
spondto theconstantlychangingsetof servicesandappli-
cationdemands.

Previous approachesto wirelessserviceselection, in-
cludingstaticpoliciesandmanualselection,areinadequate.
Staticpoliciescannotaccommodateindividual userprefer-
ences,andusersarereluctantto constantlyinteractwith a
userinterfacefor manualselection,particularly in rapidly
changingandcomplicatedwirelessserviceenvironments.

Theseconsiderationsmotivateus to explore a machine
learningapproach,in whichanintelligentagentlearnsuser
preferencesandmakesselectionsautomaticallyon behalf

of the user with minimal user involvement. Our poster
presentsthis approachin three parts. First, we give an
overview of thechallenges,complexity, andimportanceof
theserviceselectionproblemandtheassumptionswemake
aboutthenetwork anduser. Next wepresentanarchitecture
for serviceselectionin thePRanddescribeits components.
Finally we illustratetheperformanceof our systemin dy-
namicandpartiallyunobservablenetwork environments.

2 Network Services

Serviceprovidersmayoffer a wide varietyof network ser-
vices. We characterizetheseservicesin termsof service
profiles. We chooseto describeservicesin termsof a two
token bucket profile [Yan02],price per second,andprice
perbyte.Thetwo bucketprofileconsistsof anaveragedata
rate,a burst size,anda refill interval, enablingit to more
accuratelycapturethe quality characteristicsof a service
that matterto the user. Serviceprofilescandescribehigh
andlow bandwidthservices,burstinessover differenttime
scales,aswell asdifferentpricingplans.

Thework describedin this posterassumestheavailabil-
ity of accurateserviceprofilesandthatthePRhasawayof
discoveringthesetof servicesavailable.Thesecapabilities
areimplementedby othermodulesin thePRsystem.

3 System Architecture

The PR agentcomprisesfour componentsto addressthe
problemof serviceselection:aserviceevaluatorthatlearns
how theuserperceivestheservicecurrentlyin use,aservice
change controller thatdecideswhento switchservicesand
which oneto select,a servicevaluepredictor to estimate
thevalueto theuserof servicesnot yet experiencedby the
agent,anda userinterfacethatpresentsinformationto the
userandpassesuserfeedbackto theothercomponents.To-
gether, thesecomponentsallow thePRto learnthevalueof
servicesfrom userfeedback,adaptto changinguserneeds,
andestimatethevalueof new services[FLWP03].
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3.1 User Interface

For theuserinterface(UI) to beeffective, it mustbe intu-
itiveandunobtrusive. At aminimum,theusermustbeable
to providefeedbackabouttheirsatisfactionwith thecurrent
serviceandto indicatewhetherthey desirea higherquality
or a lower costservice.In addition,to helpguidethePR’s
decisionswe alsoallow themto indicatetheir tolerancefor
trying new services.ThustheUI presentstheuserwith four
buttons:better, indicatingdissatisfactionwith thequalityof
thecurrentserviceandrequestinga higherquality service;
cheaper, expressingdissatisfactionwith costandrequesting
a lower costservice;explore more; andexplore less. From
thesebuttonpresses,theUI needsto extract four valuesto
useasinput into theothercomponents:��� , ��� , ��� , and
��� , the amountto changethe quality estimate,costesti-
mate,the weightingbetweenquality andcost,andexplo-
ration level, respectively. The userinterfacealso informs
theuserof thecostandqualityof thecurrentservice.

3.2 Service Evaluator

The agent’s selectionsshouldultimately be basedon user
preferences,so we chooseto evaluateservicesin termsof
userperceived costandquality. We take a reinforcement
learning basedapproach,updatingquality and cost esti-
matesbasedon user feedback,allowing the PR to learn
individual userpreferenceswithout dependingon service
advertisements.Sinceuserperceptionsof cost and qual-
ity maydependon featuresof theusercontext suchasthe
currentapplication,thePRmaintainsseparateestimatesfor
eachusercontext, averagingthe ��� and��� valuesfrom the
UI usinganexponentiallyweightedmoving average.

3.3 Change Controller

Thechangecontrollerdecideswhento switchservicesand
whichservicesto selectbasedon informationfrom theser-
vice evaluatorandfrom theuserinterface.It combinesthe
quality and cost estimatesfrom the serviceevaluatorlin-
earlyusingthe ��� valuesfrom theUI to computea utility	 . The changecontroller thenselectsa servicestochasti-
cally basedonaGibbssoftmaxdistributionof theestimated
utility of theavailableservices,wheretheprobabilityof se-
lectingaservice
�� with utility 	�
 
�� fromthesetof available
services� is givenby theexpression

�������������
�! #" � ��� � �$���

The exploration level of the serviceevaluator and the
user’s willingnessto exploreaffect thethetemperaturepa-
rameter% , changingthefrequency with which thePRran-
domly switchesservices.We chosethis type of selection
policy becauseit caneffectively balancetheneedto explore

untriedserviceswith thedesireto selectthehighestutility
services.

3.4 Service Value Predictor

Using the evaluatorallows the agentto learnthe valueof
individual serviceprofiles,but doesnot help it selectfrom
servicesthe userhasnot yet experienced.To improve se-
lectionswhennew servicesareencountered,thePRforms
a modelof userutility to predictthevalueof new services
basedon previous user feedbackand the currentservice
profile. Of the many possibleapproachesto the predic-
tion problem,includinglinearregressionandinterpolation,
wechooseto usemultilayerneuralnetworks(NN) because
they can learn to approximateany function given enough
training data. The PR maintainsa separateNN for each
usercontext, onefor quality andonefor cost. TheseNN
learna mappingfrom serviceprofilesto estimatedquality
andcostbasedon the ��� and ��� from theUI.

4 Results and Evaluation

Weimplementedaprototypeof thePRin softwareandhave
evaluatedit usingsimulations,showing that our approach
caneffectively learnamodelof userpreferencesevenwhen
new serviceprofilesareencounteredandwhenservicede-
scriptionsareincomplete.We have alsobegun to testour
systemwith realusersto evaluateits performancein more
realisticscenarios.
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