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Abstract— The convergence of the wir eline telecom, wir eless
telecom, and internet networks and the services they provide
offers tr emendousopportunities in services personalization. The
Privacy-ConsciousPersonalization (PCP) framework, developed
previously at Bell Labs, usesa high-speed rules engine during
call processingto interpret a combination of incoming requests,
user data, and user preferences in order to provide context-
aware, requester-targeted, and preferences-driven responsesto
those requests(e.g., deciding whether to share a user's location
with a given requester, what to show as the end-user's availability
to a given requester, where to forward an incoming call). This
paper describes key aspects of a new initiati ve at Bell Labs,
called Intuiti ve Network Applications (INA), which will combine
human factors and automated learning techniques, in order to
gather and apply user data and preferences,to enable effective
adaptation to end-user needs with minimal disruption to her.
The focus of this paper is on applications which involve the
interaction of an end-user with her social network, i.e., family,
friends, colleagues,customers, etc. The paper describes (i) key
requirements,(ii) a high-level architectural framework, and (iii)
somespeci�c dir ectionscurr ently under exploration for �lling out
the framework.

I . INTRODUCTION

Driven by innovations in the World Wide Web, and in
the evolution of telecom networks towards an all-IP core,
the wireline telecom,wirelesstelecom,and internetnetworks
are converging. Increasingly, servicesthat were traditionally
available on one network or anotherwill becomeavailable in
a more ubiquitous manner, on any device (or devices) that
the end-usershappento have at their disposal at a given
time. At a more fundamentallevel, pro�le and other data
(including presence,location,addressbooks,preferences)will
be available acrossnetwork and service boundaries,which
suggeststhatin principleservicescanincorporaterich, context-
awarepersonalizationbasedon the full wealth of information
available. Achieving this goal, in the context of telecomnet-
workswith their requirementsfor high reliability, performance,
andscalability, involvesahostof issuesbeyondthosetypicalof
a single,isolatedweb-hostedapplication.Duringcall and/orre-
questprocessing,thePrivacy-ConsciousPersonalization(PCP)
framework [1], [2] developedat Bell Labs, useshigh-speed
datamediation[3] and the high-speedVortex rulesengine1 to
interpret a combinationof incoming requests,user data,and

1This engine,now a Lucent product,is called the `Lucent VortexTM rules
engine'; in [1], [2] the enginewasreferredto asthe `Houdini'.

userpreferencesin order to provide personalizedresponsesto
thosecalls/requests.A key challengein the PCP framework
concernsthe issue of how to gather user data (e.g., buddy
relationships)andpreferences(e.g.,underwhat circumstances
is Michael “available” to Sally, and by which means).Ex-
pectingthe end-userto �ll in numerousweb forms with this
information, all in one sitting, is obviously untenable.This
paperdescribesselectedelementsof a new initiative at Bell
Labs,calledIntuitive Network Applications(INA), which will
combinehumanfactorsandautomatedlearningtechniques,in
orderto gather(andapply)userdataandpreferencesin orderto
adapteffectively andwith minimal interruptionto theenduser.
Thefocushereis ondescribing(i) key requirements,(ii) ahigh-
level architecturalframework, and(iii) somespeci�c directions
currentlyunderexploration for �lling out the framework.

The PCP framework and INA approachare relevant to a
broad variety of converged applicationsand services.In this
paperwe focuson servicesthat involve relationshipsandinter-
actionsbetweenan end-userandpeoplein his socialnetwork,
e.g., family, friends, colleagues,etc. A representative service
is availability. This serviceis a natural extensionof current
presenceservices,suchasIM presence(in which end-usersor
an end-userdevice explicitly setsa single presenceindicator,
such as `present'or `away', which is typically sharedto all
membersof a buddy list) andnetwork presence(in which raw
connectivity to the network is indicated,againto all members
of a buddy list). In contrast,in our view, anavailability service
should be (i) context-aware, (ii) requester-targeted,and (iii)
preferences-driven.By context-aware,we meanthattheservice
cantake into accountthe end-user's currentcontext, including
dynamic information such as presenceon various devices,
location, and current usageof the devices, and more static
information, such as buddy lists and relationships,calendar
entries,perhapscorporatedirectory. By requester-targeted,we
meanthat the answerprovided may dependon the personor
servicethat is makingthe availability request;it is alsouseful
to indicate degreesof availability to different requesters.By
preferences-driven,we meanthat the answerprovided should
re�ect the preferencesof the end-userin connectionwith his
currentcontext, the request,and the requester.

Thereare a myriad of other serviceswherecontext-aware,
requester-targeted, preference-driven decisions are needed.
Theseincludelocationsharing(both whetherto sharelocation
andto whatgranularity),call-forwarding,variouskindsof pro-1-4244-0166-6/06/$20.00 @2006IEEE



activealerting(e.g.,traf�c, mailboxstatus– whether, whenand
how to alerttheend-user),andmore,broadlyfeatureinteraction
resolution.Although not a focusof the currentpaper, another
areafor suchdecisionsis in pro-active, targetedadvertising.

While the focus of the PCP framework was on the de-
velopmentof network infrastructureto enablenear-realtime,
personalizeddecisions, the focus of the INA effort is on
how to gatheror learn the end-users'preferences.This issue
is examined from four perspectives (i) automatedlearning
techniquesto gatherpreferencesin ways largely transparent
to the user; (ii) human factors techniquesto minimize the
(perceived)inconvenienceto usersof explicit gatheringof data
and preferences;(iii) security and privacy concerns,so that
end-usersclearlyunderstandandcontrolwhatdatais gathered,
how it is used,andwhenit is destroyed;and(iv) network-level
architecturalrealization,sothattherequireddatagatheringand
learningalgorithmscan be achieved in the context of highly
scalable,highly reliable, and near-realtime performance.An
additionalchallenge,in the context of convergednetworks, is
achieving the correctbalancebetweenlearningand decision-
making at the edgeof the network (e.g., in a laptop or cell-
phone)vs. in a morecentralizedlocation(e.g.,wheredatafrom
multiple devicesandnetworks is morereadily available).

The INA project lies at the intersectionbetweenpersonal-
izationresearchandubiquitouscomputingresearch,andbrings
new aspectsto eachof these.As with ubiquitouscomputing
(e.g., [4]), there is an emphasison the holistic view of end-
users,theseveralnetworks they employ, andthemany devices
they use.A key challengein INA is to effectively (i) collect
information from thesenetworks and devices, (ii) synthesize
this information,both in bulk andin realtime,and(iii) deliver
personalizationdecisionsat the right times to the right places
(network, device). In this regard, both PCP and INA can be
viewedasa layeron top of the raw ubiquitouscommunication
abilities provided by the emerging converged networks. As
with much of the researchon servicespersonalization(e.g.,
[5], [6]), a key goal is to (a) learnend-userpreferencesand/or
behaviors aseffortlesslyaspossible,and(b) �nd ef�cient ways
to adaptbasedon whatwaslearned,possiblyin differentparts
of the network and on diversedevices.A key factor in many
casesis our focus on requester-targeteddecisions,which is
at the level of binary relationshipsbetweenend-users,rather
than the more unary relationshipbetweenthe network and
individualend-users(e.g.,in connectionwith contentdownload
behaviors). In particular, while similarities betweendifferent
users are still important, in the case of requester-targeted
servicespersonalization,the level of differentiationbetween
end-usersand their relationshipsto other end-usersis more
intricate than in traditionalservicespersonalization.

I I . EXAMPLE: PERSONALIZED AVAILABIL ITY

This section illustrates key aspects of context-aware,
requester-targeted,preferences-driven personalization,through
a concreteexample and somegeneralremarksabout it. The
example is focusedon a personalizedavailability service,as
introducedin Section I. The example can be viewed as an
extensionof currentlyavailableproductsthat enableoneend-

user to view, from a single application (e.g., on their cell-
phone),thepresenceof friendsandcolleagueson theirmultiple
devices (cf., [7], [8]). The focus hereis on providing to end-
userstheability to protectandcontrol thepresence/availability
information that is sharedwith others, through the use of
automaticreasoninginsidethenetwork (asopposedto repeated
explicit, manualpresencesettingsthroughthe day). We stress
that the PCPapproach[1], [2] providesa carrier-grade(ultra-
reliable,near-real-time)framework for supportingthe kinds of
personalizationdescribedhere.

Theconcreteportionof theexamplepresentedhereis based
on an extensionof the “FriendsNight Out” suiteof prototype
demosdevelopedby Lucent [9], which are usedto illustrate
the kinds of blended services that can be created in the
emerging convergednetwork. Theextension,calledFNO-PCP,
was developedin late 2005 and has beenshown at various
tradeshows since.

A. A day in Michael's life

We introduce here some aspectsof the FNO-PCPdemo,
and provide more detail in Section III below. The focus is
Michael,an of�ce-worker with two devices– an of�ce phone,
a mobilephonewith IM andvoice.Thedemoalsoinvolveshis
co-worker Tom and a non-co-worker friend Sally. The demo
highlightshow Michael'savailability to Tom andSally changes
as he goesthroughhis day. The demois focusedon discrete
choices(e.g., available by cell phoneor not available by cell
phone),and doesnot incorporatelevels of availability (e.g.,
availableby cell phonebut only for urgentmatters).

According to Michael's preferences,when he is in his
“working” context, he is available to co-workers via any of
his devices, but not available to non-co-worker friends. If
Michael is working, and then receives a phone call (which
might be known through event noti�cations from a switch
or PBX), he becomesavailable to his co-workers only by
IM. This might be re�ned, so that if Michael is on a call
with a superior(accordingto a corporatedirectory), then he
becomesunavailable even by IM. If Michael goes into a
meeting(asmight be indicatedthrougha calendarentry), then
Michael might becomecompletelyunavailable to co-workers,
but remainavailable to Sally via cell phone.After work, and
perhapsduring lunchbreak,Michaelmaybecomeavailableby
cell phoneto friends, including Sally and including perhaps
co-workerswho arealsopersonalfriends.

Of course,no systemfor automaticallyinferring an end-
user's requester-targetedavailability will be 100% correct.In
the FNO-PCP demo this is addressedin two ways. First,
Michaelcanoverridenetwork inferences,e.g.,by “telling” the
network thathewill work beyondnormalhours,or “telling” the
network to permit a form of availability to Sally not normally
permitted(e.g.,becausethey areplanninga rendezvousfor that
evening). Second,Michael can adjust his preferencesat any
time; theseare re�ected immediatelyin subsequentdecisions
madeby the network aboutavailability values.

I I I . PCP: A FOUNDATION FOR PERSONALIZATION

This sectionbrie�y reviews theBell LabsPrivacy-Conscious
Personalization(PCP) framework [1], [2], that can support
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Fig. 1. High-level architectureof PCPand INA frameworks

carrier-grade(ultra-reliable)context-aware,requester-targeted,
preferences-driven personalization.The PCP framework pro-
vides a versatile basis for highly re�ned servicespersonal-
ization, and is thus an appropriatefoundationupon which to
develop learningtechnologiesin supportof servicespersonal-
ization.

Figure1 depictsthekey componentsof thePCPframework.
(For now, ignore the box in the center-right of the picture,
labeled“INA Framework”.) The �gure shows end-usersgain-
ing access,via various devices, to a variety of personalized
applicationssuchasAvailability, LocationSharing,etc.These
rely on thePCPframework for thepersonalizeddecisions,and
PCPitself relieson the high-speeddatamediationcapabilities
of the Lucent DatagridTM product [3] to obtain neededdata
from thenetwork (andpossiblyfrom trustedcorporateentities,
etc.) (This could be extendedto obtain datafrom less-trusted
entities,e.g.,usingtheLiberty Alliance DataServiceTemplate
(DST) standard).

Threeprimarycomponentsareshown within thePCPframe-
work. One of theseis the store of PersonalizationData and
Preferences.We illustrate thesenotionswith referenceto the
FNO-PCPdemoexampleof SectionII. First, we note that a
broad variety of pro�le data about Michael may be relevant
to deciding his availability. The more static information in-
cludesMichael's addressbook with somebuddy relationship
information (e.g., Sally is a friend), corporatedirectory (to
infer co-worker relationships,which the addressbook might
not contain),andMichael's calendar. Thedynamicinformation
includes the statusof different devices (e.g., on-call and to
whom), and also the location of Michael's cell phone).We
note that someof this data can be easily gatheredfrom the
network or other places (e.g., many of�ce workers record
most of their meetingsin an electronic calendar),whereas
other data might be relevant only to certain personalized
applications(e.g., buddy relationshipinfo). We refer to the
latter aspersonalizationdata.

The FNO-PCPdemo also illustrates the use of end-user
(personalization) preferences. In the example,Michael's pref-
erencesinclude things “if it' s between9 and 5 and I'm in
Murray Hill, thenassumethat I'm in working context”; “when
I'm in working context thenmake me availableto co-workers
but not to non-co-worker friends”; and“if I'm working andon
thephoneto my bossor in ameeting,thenmakemecompletely

Fig. 2. Fragmentof web form; part of a preferencespalette
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Fig. 3. Exampleof DecisionFlow in a PreferencePalette

unavailableto others”.

A. PreferencePalettes

An underlying principle of the PCP framework is that
there is no “one-size-�ts-all” approachto personalizingan
application involving social networks. This is becausethere
is suchdiversity amongpeople.Instead,we proposefocusing
on multiple market segmentsof end-users,e.g.,students,road-
warriors, of�ce workers, home-makers, etc. We expect that
the level of technicalsophisticationand the criteria usedfor
personalizationwill vary from segment to segment. In PCP,
the notion of preferencepalette(called“preferencestemplate”
in [1]) refersto the collectionof artifactsusedto provide per-
sonalizationfor a singlemarket segment.A preferencepalette
will include the web (and cell-phone)forms used to gather
end-userpersonalizationdata and preferences,the database
schemafor holding that information, the family of associated
datausedin the decisionmaking,the LucentVortexTM ruleset
used to interpret the available data when requestsneeding
personalizationarrive, anda DecisionFlow (describedbelow).

As just one example,Figure 2 shows part of a web form
that might be usedin a preferencespalettefor of�ce workers
such as Michael in the FNO-PCP demo scenario. In this
form, which is relevant to situationswhen Michael is in the
Work “Activity”, Michael can input (or modify) preferences
concerninghow his availability should be managedwhen in
different“Sub-Activities”. Eachrow of thetablecanbeviewed
asa personalizationpreference,andin this preferencespalette,
they are to be interpreted in a top-to-bottom fashion. To
illustrate brie�y , e.g., if he is in a call he is only available
by mobile IM; and if Michael is in a meeting, then he is
available to Sally by cell phone,but not by other means.We
note that each row of this table, while correspondingto a
“preference”,canbe storedasa tuple in a relationaldatabase;
moregenerally, in PCPeachpreferencecanbe representedas
somedata structure(tuple, nestedtuple, etc.), which is then
interpretedby associatedLucentVortexTM rules.

B. Interpreting data and preferences

Returning to Figure 1, the other two componentsof the
PCP framework are the Lucent VortexTM Rules Engine,and



a family of InterpretationRules. (The arrows here indicate
the principle direction in which information �o ws.) When a
personalizeddecision is needed,the Lucent VortexTM Rules
Engineusesthe InterpretationRulesto guidetheprocessingof
the incomingrequest(including identifying informationabout
the requester),the network (and other) context information
available from Lucent DatagridTM, and the Personalization
DataandPreferences.In this manner, the PCPframework can
provide high-speed,on-demandinterpretationof the incoming
requestaccordingto context, userdataandpreferences.

TheLucentVortexTM RulesEngineis basedonaproduction-
systemstyleruleslanguage(see[10]), similar in somerespects
to ILOG [11]. But, with LucentVortexTM, anengineeringtrade-
off wasmade,betweenexpressivepowerandtheresponse-time
requirementstypical of the telecomenvironment.In particular,
theLucentVortexTM ruleslanguagesupportsforwardchaining
but no cycles,which enablesrapid execution.Indeed,Lucent
VortexTM wasengineeredto executetypical decisionswithin a
millisecondor so[2], sothattheoverall time it takesto process
datavia Lucent VortexTM is comparableto the time taken to
make a single databasedip. Throughprototypingefforts, we
have found the Lucent VortexTM languageto meet the needs
for personalizingseveralconvergedservices,includingmostof
thosementionedin SectionI.

C. DecisionFlows

The use of chaining and intermediatevariablesin Lucent
VortexTM providesthebasisfor a naturalstructuringof rulesets,
where the rules de�ning each intermediatevariable form a
natural module.Becauseof the acyclicity property on rules,
thereis a naturaldirectedacyclic graph(DAG) that connects
all of the intermediatevariables.

Figure 3 depicts the Decision Flow associatedwith the
preferencespaletteusedin the FNO-PCPdemoof SectionII.
Here,onethreadof reasoningdeterminesContext andthenSub-
Context, andaseparatepathdeterminesRequester-Relationship
(e.g.,spouse,manager, family, friend,co-worker).Finally, these
are combinedto obtain the Availability Vector. As discussed
in Section IV below, the Decision Flow provides a natural
vehicle for providing end-userswith a high-level explanation
of why the network made a certain decision (e.g., why is
Michael available to a co-worker when he is in a meeting?)
(A DecisionFlow might includeall of the variablesusedin a
LucentVortexTM ruleset,but in practicewe expectthata more
abstractedDecisionFlow will be moreusefulto end-users,for
the purposeof explaining how the network madea decision.)

IV. LEARNING OF FACTS AND PREFERENCES

A key goal of the INA project is to apply humanfactors
and machinelearning techniquesto dramatically reducethe
quantityof personalizationdataandpreferencesthatend-users
mustself-provision,while still gainingtheadvantagesof richly
personalizeddecisionsin the network. The key componentsof
the proposedINA systemare illustrated on the right side of
Figure 1. There is a Learning Log, and a Learning Module,
which can accessboth the LearningLog and additionaldata
from the network (e.g., additional log data).There is also a

UserInteractionmodule,which canbe usedto querythe end-
useraboutpreferencesor behaviors. Of course,this is highly
generic.WhatmakesINA uniqueis theway thatwe will focus
thelearningtasks,sothatexisting techniquesmight beapplied,
andsothatuserswill beableto understand,at leastat a coarse
level, why decisionsare made,and also be able to adjust the
systembehavior in a variety of circumstances.

A. Using PCP to focusthe learning tasks

In the general case, learning about a user's preferences
concerningconverged servicessuch as Availability is vastly
openended.Further, it may be dif�cult to quickly accumulate
learningsetsthataresuf�ciently largeto do adequatelearning.
Finally, no learningsystemis 100%accurate,andso it will be
useful to solicit guidancefrom the end-userat varioustimes.
For thesereasons,we feel that it is usefulto let humandesign-
ers provide someinitial structurefor the personalizationtask,
so that learningalgorithmswill be able to reachconclusions
morequickly andaccurately. In particular, whenusingINA in
connectionwith personalizationof a particularapplication,it is
assumedthatvariousmarketsegmentshavebeenidenti�ed, and
that for eachsegmenta teamof humandesignershascreated
an appropriatepreferencespalette, including the web forms
to gatherpersonalizationdata and preferences,the Decision
Flow, and the Lucent VortexTM rulesetfor interpretingall of
the relevant data.

A preferencespalettecan be usedin two ways to structure
the learningand the interactionwith the end-user. In the �rst
approach,the network attemptsto learn valuesfor �lling in
the web forms of the preferencespalette.This might include
inferring thesigni�canceof variousrelationships(e.g.,via how
often an end-useranswersphonecalls from anotherend-user,
of determiningthevaluesandsequencingof preferencetuples,
suchas thoseillustrated in Figure 2). We note that different
known learningtechniquesmight bemoresuitablefor different
kinds of personalizationdata and preferences.A topic for
investigationis to determinewhich learningalgorithmswork
bestfor �lling out differentpartsof the preferencespalette.

In this approach,the resultsof the learningwill be written,
by the learning module, into the PersonalizationData and
Preferencesstore, as indicatedby the solid arrow. (We also
show a dottedarrow to the InterpretationRules;however, we
view thelearningof thoserulesto bemuchmoreambitious.)It
is assumedthatend-usersknow or will learnaboutthedifferent
web forms and how their data is combined.In this case,the
Decision Flow of the preferencespalette may be useful in
providing a high-level view of how the decision-makinggoes.

We mention here a second,slightly more open-endedap-
proach to using machine learning in the context of PCP.
Here, for eachnode of the Decision Flow, the value for the
variableassociatedto thatnodeis determinedby a setof rules
(acting on the input and previously inferred values).As an
alternative, imaginethatfor someof theintermediatevariables,
we abandonthe associatedLucentVortexTM rules,andsimply
apply a known machinelearning technique.At this “micro”
level of the decision processit may be acceptableto use
a learning approach,such as Bayesiannets, for which it is



dif�cult to explain how decisionsare made.Implementation
of this approachcould be done with the Lucent VortexTM

RulesEngine,but might involve the useof highly expressive
“support” functions to act on the results of the learning.
However, it might be more natural to modify the architecture
of PCP, to have all the decision-makingbe conductedby
an interoperationof Lucent VortexTM and various learning
algorithmdecisionprocedures.

B. Pre-populationof Preferences

Whenuserssubscribeto a service,especiallypaid services,
they will expect thoseservicesto be useful to them from the
momentthey subscribe.This is an interestingconundrumfor
a systembasedon learningthroughobservation. What do we
do on day 1, whenwe have no observationsavailable?

A naturalsolution is to try to pre-populatethe neededdata
with reasonabledefaults, and evolve those defaults through
learning.However, thereis not one single set of defaults that
will provide a level of customizationto everyone.A solution
to this probleminvolvesrealizingthat differentpopulationsof
usershave relatedyet individualizedpreferences,asdiscussed
in III-A. Then, if the learningsystemcould know that a user
was,for example,a high schoolstudent,thenit couldstartwith
templatesof preferencepalettesand �ll in the values faster
as they becomeavailable. In our work, we are observingand
studying the communicationshabits of different populations,
gatheringdata from several populationgroupsto createtheir
default palettes[12]. At installation time, the systemwould
then ask usersto self-identify as associatingwith a speci�c
population,and set preferencepalettesbasedon thoseinputs.
This would give usersa signi�cant level of customizationfrom
day one,aswell asacceleratethe learningprocess.

C. Obtaininguserdata

Multiple sourcesneedto bequeriedto obtainall therequired
factors to baselearning on. Some placeswhere data might
come from can be the call sessionmanager(e.g., call logs,
location), enterprisedata (e.g., calendar),subscriberpro�le
data (e.g., addressbook), and even the end-user's device
(e.g., ring/vibrate settings,location in caseof GPS-enabled
phones).Hence, ef�cient mechanismsare neededto moni-
tor/query/aggregatethis data.

The datarequiredfor analysis(i.e., learninga user's behav-
ior) can also be broadly categorized into bulk dataand real-
time data.Bulk datarefersto datathat is canbe queriedin an
of�ine modewith no real-timeperformancepenaltyexceptthat
requiredfor generatingthedata.Examplesof this kind of data
include call logs. Real-timedata is useror network datathat
is beingqueriedin real-time,in orderto generatedecisionsfor
thatuser. Examplesincludeinformationaboutthecurrentcall a
useris involved in, theparticipantsof thecall, the relationship
of the participantsto thecaller, userlocation,device presence,
etc. Monitoring or queryingthis datahasa direct correlation
to the scalabilityandresponsivenessof the given application.

D. Privacy of userdata

There is increasingsocial awarenessof the importanceof
privacy of user information, along with a need for service

providers to have explicit privacy policies on how the user
informationcanbe usedandshared.Privacy requirementscan
vary widely dependingon theuserpopulation;differentmarket
segmentsmay have different privacy constraints;e.g., enter-
prise worker vs. residentialconsumer, different age groups,
differentcountries.

The user should be allowed to determinewhich (if any)
information can be queriedand logged,and under what cir-
cumstances(e.g., only between9-5pmfor the �rst 4 weeksof
activating a service).The systemmust presentthesechoices
(“privacy SLA”) to the user in a mannerthat the user will
be comfortablewith. The user will have to relinquish some
privacy by authorizingthe serviceprovider to monitor, record
and analyzesomeactivities, while obtainingfrom the service
provider someassurancesas to how the information will be
used,andwhenit will be deleted.We arecurrentlysurveying
usersin differentpopulationsto identify the featuresthat must
be includedin a privacy SLA.

The serviceshouldbe able to degradegracefullyunderthe
situationwheresomeor all of the information requiredto do
accuratelearning is not available (e.g., due to non-disclosure
by the user). In such caseshowever, the user can also be
queriedfor informationat appropriatemoments.For example,
a restaurant-locatorapplicationcan sendan SMS to a userto
checkif he is willing to disclosehis locationthis time, andthe
usercanrespondbackvia the samemechanism.

E. How to representthe learnedpreferences

Therearemultiple issuesto considerwhendetermininghow
to representthe learnedpreferences.The requirementswhen
consideringa particular representationare: it should be easy
to incrementallyaddor remove learnedpreferences;it should
be easyto incorporateexplicit userpreferences;it shouldbe
possibleto representboth absolutefactsas well as probabil-
ities; it shouldbe ef�cient to interpret thesepreferences;and
the systemshouldbe able to scaleto (potentially)millions of
users.

Basedon pastwork, we think that a relationaldatabasecan
be an effective solutionthat addressesthe above requirements.
The model and semanticsof learnedpreferencesis then gov-
ernedby the DB schemachosen.(This would be an extension
of the databaseschemain the preferencespalette.)Note that
other languagesfor representingfacts (e.g., RDF) could be
mappedto an RDBMS schemaas well. Finally, we note that
Lucent VortexTM could executethe logic that interpretsthese
preferenceswith probabilities.

F. Interacting with the User

To increasethe con�dence in the learnedrules, it will be
useful to query the user for assistance.We proposesetting
two probability thresholdsfor queryingthe user, andpossibly
allowing the user some control over these thresholds.The
userwill be queriedonly when the belief in a preferencelies
betweenthesetwo thresholds.We envision queryingthe user
for thecandidatesthataremostlikely to berelevant(i.e., those
whose preferencerules are most likely to trigger) at times
that are convenient for the user. In fact, one of the user's



preferencesmay be exactly ”when is it OK to botherme with
preferencesettings”,and even that preferencecan be learned
with continuedobservation.

In addition to the incrementalpresentationof new learned
behaviors to the user, the useralso needsto have the ability
to examine and edit all the learned behaviors. The forms
provided by the preferencepalettesarenaturalfor this. These
forms togetherwith the DecisionFlow will help the end-user
understanddecisionsmadeby the network.

V. PRELIMINARY RESULTS

While this paperis primarily to outlinea new project,we are
con�dent that statisticalanalysisand machinelearning tech-
niquescan be usedto derive useful, personalizedpreference
information for telecommunications.A small pilot study is
underway, using phone usagedata collected from a Lucent
site's PBX system.(All the phone numberswere one-way
hashedto prevent loss of privacy.) The pilot study aims at
understandingthe commonality, persistence,andpredictability
of usagepatternsfor individualor groupsof users.The�ndings
can then drive the designof preferencecharacterizationsand
continuouslearning.

A. Recognition of commoncalling patternsin the population

We �rst investigatedwhether users can be divided into
groups (clusters)sharing a common calling pattern.This is
especiallyusefulwhenthe datacollectedfor someindividuals
are sparse,which is often the casefor a typical employee's
daily calling behavior. Clustering would allow ”borrowing”
information from other individuals. The idea is also well-
known in recommendationalgorithms[13].

We countedthe numberof calls initiated in every 5 minute
period for one month (September2005), obtaining the time
seriespresentedin Figure4. Spectralanalysisshoweda strong
daily cycle, with peaks every day at 10 a.m. and 2 p.m.
This motivated our trial of clustering using both Singular
ValueDecomposition(SVD) andfunctionaldataanalysistech-
niques.(Singular value decompositionis as an ef�cient and
convenient dimensionreduction techniquethat was used to
analyzecall center data in [14].) Both techniquesrevealed
consistentclustering results– distinct clustersare noted for
weekdayand weekend/holidaycalling patterns.We show the
resultsfor functionalclusteringanalysisin Figure5. (Notethat
Monday the 5th was Labor Day—hence,its similarity to the
weekend.) This method can be extendedto study cycles in
other units such as a hourly pattern.This preliminary study
leadssigni�cant plausibility to our hypothesisof SectionIV-
B that useful telecommunicationspatternscanbe identi�ed in
groupsof users(e.g., students,of�ce workers) that can help
pre-populateuserpreferences.

Analysis of phoneusagefor different usergroupshasalso
beenpursuedin the Reality Mining project at MIT' s Media
Lab, wheremobile communicationactivities arerecordedand
studiedin detail for a groupof 100 volunteersfrom the MIT-
relatedacademiccommunity, resultingin interestingdiscover-
ies aboutthe socialbehavior [15]. Techniquesinvolved in the
analysisinclude hidden Markov chain, entropy characteriza-
tion, and eigen-decomposition.This prior work also showed
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Fig. 5. ClusterDendrogramgeneratedfrom FunctionalClusteringAnalysis

signi�cant similarities in groupbehavior (e.g., professors,un-
dergraduates,graduatestudents)—leadingfurther credenceto
our hypothesisof SectionIV-B. We expectthat thesemethods
will alsoplay an importantrole in our study.

B. Tracking an individual user's calling pattern

While behavior patternanalysisfor the whole populationis
helpful for bootstrapping,the framework of the INA project
emphasizescalling patternanalysisfor an individual user. In
thePBX data,eachcalling recordincludessix variables:coded
sourcenumber, call-start date, call-start time, call duration,
codeddestinationnumberand call type which comprisessix
categories,INB (inbound),INFO (information),INT (internal),
INTL (international),LCL (local), LD (long distance),and
NC (no charge). A typical user's call patternis presentedon
Figure 6. Figure 6 is a calendarplot starting on Thursday,
September1. Each large block standsfor one day and is
labeledwith the date and the total numberof calls for that
day (in parenthesis).For instance,33 calls were made on
September1. Within eachblock, the y-axis indicatesthe call
type made,while the x-axis indicatesthe hour of the day. If
two consecutive calls areof the sametype, this will appearas
a �at line segment,while a vertical jump indicatesthat thetwo
consecutive callsareof differenttypes.We canseethatsimilar
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numbersand types of calls are madeon the sameweekday.
We believe this lendssigni�cant credibility to our hypothesis
that useful patternscan be identi�ed for individual users.We
are acquiring larger PBX data sets to further con�rm our
hypothesisand allow us to detectmore sophisticatedpatterns
(e.g., most likely numbersto call next).

VI . RELATED WORK

ThePCPframework andtheexampleapplicationshave been
describedpreviously [1], [2]. This work extendsour prior work
by initiating a programof learning the preferencesthat are
necessaryfor PCP.

Numerousefforts exist on making cell phonesmore aware
of their context, learning the user's routinesand responding
appropriately (e.g., not ringing during certain times) [16].
The eWatch work performsunsupervisedmachinelearningto
independentlyclustersensorquantitiesfrom multiple sensors
(i.e., light, skin temperature,microphone,accelerometer)into
unlabeledcontexts. We allow the systemto questionthe end
user, andtheenduserto view andmanuallyedit learnedrules.
Otherwork [17] usesusercalendarinformationto infer context
andcon�gure acell phoneto theappropriatering/vibratemode.
We too use calendarinformation (and more) to determinea
user's context.

ClixSmart Navigator adaptsthe menu structureof a WAP
portal to reducetheamountof time endusersnavigatelooking
for content.It keepstrack of the links traversedfor a given
menustructureandusesa simpleBayesianmodel to estimate
the likelihoodof eachpossiblesite pagebeingtheonedesired
by anenduser. [5] ConstrainedQueryPersonalizationrewrites
end user queries to take into accountuser preferencesand
context to help users �nd personalizedcontent quickly via
a mobile device [6]. They solve an optimization problem of
maximizingdegreeof userinterestin resultswhile minimizing
costandbringing backan appropriateresultsize.

VI I . CONCLUSIONS

This paperlaysout a structuredframework for applyingma-
chinelearningtechniquesfor personalizationof convergedser-
vicesthatinvolveanend-user'ssocialnetwork. This framework

enablesexisting, targeted learning techniquesto be applied,
while still beingableto provide end-userswith an explanation
of why decisionswere madeand with the ability for them to
adjustwhat is learned.

Many issuescan be explored from this startingpoint. The
primary thread, of course, is to identify speci�c learning
techniquesthat are effective for learning different kinds of
personalizationdataandpreferences.Another interestingarea
is to developtechniquesto “merge” preferencepalettes,e.g.,to
enablea combinationof palettesfor StudentsandYoung-Of�ce-
Workers. This might be accomplishedthroughsomeform of
algebraon the palettes,or through a more run-time based
blendings;in any casea key requirementis that the Decision
Flow andpersonalizationpreferencesof the mergedpalettebe
palatableto the end-user. Another area is to generalizethe
form of information to be learned,moving from preferences
(which are typically tuples in a database)to actual rules or
interpretationlogic; associative datamining techniquesmight
be relevant here.We arecurrentlyobservingandstudyingthe
communicationpatternsof different groupsof usersto learn
gooddefault valuesfor preferencepalettesfor thesegroups.
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