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Abstract

Developmentof wirelesscommunicationsenablesthe
rise of networkingapplicationsin embeddedystems\W\e-
b interactions, which are the mostspread, are nowadays
availableon wirelessPDAs . Moreover, we canobservea
developmenbf ubiquitouscomputing Basedon this con-
cept,manyworksaim to consideruser’s contet as part of
the parametes of the applications. Thecontext notioncan
includetheuserslocation,hissocialactivity. .. Takingpart
fromemepgingtednolagiesenablingshortrangeanddirect
wirelesscommunicationgwhich allow to definea proximi-
ty context), the aim of our studyis to designa new kind of
application,extendingthe Web paradigm: spontaneouand
proximateWeb interactions.

1. Intr oduction

Developmentof newv hardware architecturesenabling
proximity wirelesscommunicationssuchasBluetooth[7],
allows to ervision direct information exchangesbhetween
neighbouringnodessuch as PDAs. Indeed, PDAs can
nowadaysbe usedto storepersonalinformation. Assum-
ing usersdeclaresomeof thisinformationasfreely accessi-
ble,we couldthenenvisagedirectexchange®f information
whentwo mobile PDAs meet(i.e. areableto communicate
together).

1personaDigital Assistant

Onepossibleapplicationof this new kind of networking
could be an extensionof the Web interactions:a proximity
Webin which peoplemay spontaneouslgollect proximate
information,i.e. informationstoredon neighbouring?DAs.
Dueto users’mobility andto the volatile aspecbf the sys-
tem, suchan applicationraisessomeproblemsthat arenot
handledby the classicaMeb architectureln this paperwe
proposeanarchitectureadaptedo theconstraintof a prox-
imity Weh

This paperis organisedasfollows. Section2 describes
our objectvesandthe constraintawve have to take into ac-
count. In the third section,we highlight the mechanisms
we proposeto achieve our goals.Theforth sectionpresents
someof the unsolhed problemsandremainingworks. Fi-
nally, we briefly remindthe studiesrelatedto our worksin
section5 beforeconcluding.

2. Moti vations

As given above, we aim to enable spontaneousex-
change®f informationbetweermobile PDAs. For simplic-
ity sale in thefollowing, we only considerthe encounteof
two PDAs. However, the proposednechanismganeasily
beextendedo managaneetingof severalPDAs. Wefocus
our work on the adaptatiorof the Web interactionsto this
mobileandspontaneousrvironment.

As anexample we couldconsidetthe useof a proximity
Web during a conferencenvhere attendeesre carrying P-
DAs equippedwith short-rangavirelesscommunicatiorfa-
cilities. Let usassumehateachattendeestoresnformation



of intereston his PDA. In theconferenceasethis couldbe
a setof Web pagesextractedfrom his projectWeb site. In
suchanervironment,aproximity Websystemcouldcollect
interestinginformation(suchascommonresearchnterest-
s) from PDAs carriedby peoplemetduringthe conference.
The spontaneouaspecbf this systemmeanghatusersare
not disturbedneitherto definetheir topics of interestnor
whenproximaterequestsre performed.

To supportsuchWeb interactions threemain problems
have to beaddressed:

e Users’ profiling. In orderto performautomaticallyrel-
evantrequeststhe users topicsof interesthave to be
discovered.For this purposethe systemhasto build a
usersprofilewithoutresortingto externalinstructions.
To make useof thelocally storeddocumentss a good
way to achiese this goal.

e Indexation of public information. PDAs have to au-
tomatically organisetheir public documentsn order
to enableefficient retrieval during encounters\We be-
lievethatproviding athematicindexationof thestored
documentss agoodmeanto speedup theexchanges.

e Spontaneousliscovery of relevant information. The
way relevantremoteinformationis retrieved hasto be
defined. During the encounteiof two personssucha
mechanisnhasto performthe selectionof documents
to exchangeaccordingto the profile of eachprotago-
nist.

To addresgheseissues,we have to deal with the con-
straintsinherentto the mobile computingervironment. In-
deedcomparedo workstationsPDAs suffer from alack of
computationalstorageandenegy resources.Besideswe
have to managea totally distributed architecturesinceno
sener is availableto storeall accessiblénformation. This
factimplies thateachPDA will have to actasboth sener
(for its own information)andclient (with respecto remote
information). Finally, the communicationcapabilitiesare
directandbasedn temporarylinks (becaus®f theuncon-
strainedmobility of the users)insteadof a fixedinfrastruc-
tureasin thetraditionalWeh

In orderto meetour objectvesin spite of thesecon-
straints,we have designedwo mechanismsvhich arede-
tailedin thenext section.

3. Designof a Proximity Web

To managehe processof spontaneousformationdis-
covery, we chooseo resortto theWebmodelin which doc-
umentsarelabelledwith keywords.In orderto alleviatethe
spelling divergenceskeywords matchingmethodsusually

relieson closekeywordsmatchingmechanism$6]. How-

ever, thesemechanismseemdifficult to adaptto our em-
beddedervironment. Indeed,algorithmsusedto provide
suchaservicearequitegreedy:they arenotadaptecheither
to the poorresource®f appliancesor to the limited com-
municationtimes. In orderto enablea searchprocessun-

ning withoutthis service we considethatkeywordschosen
by usersto label their documentsare got from a common
ontology. We could assumefor example,thatuserscould
usea commonkeyword-baseatlassificatiorof topics(such
anassumptioris realisticin the caseof a conference).

Concerninghearchitecturepur systemdissociate#self
from theWeb: it relieson peerto-peersymmetricalnterac-
tionsinsteadof theWebclient/servemodel.Indeed during
anencountembetweenwo mobile PDAs, eachnodehasto
find the remoteinformation matchingwith its profile. In
fact, asprofilesare deducedrom public databaseshe n-
odeshave to discorer commoninterestson behalf of their
user Suchataskis typically performedmoreefficiently by
acooperatie schemehanby two independentlient/sener
processesWe thereforechooseto focusour studyon such
interactions.

The designof this symmetricalmechanisnis basedon
two main components.The first oneis the databaseman-
ager: it dealswith PDAs’ public databaseywhich contains
the setof public Web pages.The managehasto extracta
users profile from this databasén orderto performsome
automaticallyrelevant requests.It alsohasto build a the-
maticindexationof the storedWeb pagesn orderto quick-
ly satisfyrequestshe PDA receves.
Thesecondcomponents adistributedseach engine it or-
ganisegsheinformationdiscovery betweertwo PDAs using
informationprovidedby their databasenanager

Thefollowing subsectionsredevotedto thedescription
of thesetwo components.

3.1 The databasemanager

The public databasef a PDA is the setof documents
its userdeclaresasfreely accessible Assumingthesedoc-
umentsarerepresentatie of his intereststhis databasean
be usedto automaticallyprofile theuser The otherissueto
addressds the thematicindexation of documentsstoredin
suchadatabase.

To reachthesegoals,we adaptsomedatamining tech-
nigues.Indeed applyingsuchtechnique®n a users public
databasés a way to discover his maininterestsn orderto
build asetof relevantrequestshatcouldbeexecutedduring
futureencountersWe designa profiling schemewhich can
alsobeusedasanindexationstructurefor the public stored
documents.By this mean,we gatherin a single structure
theusersrequestandanindex for his public database.

Beforefurther describingthis algorithm,we presenthe



Cheese Crigps wine
[{cheese}j [{crisps}j [ {wine} ]
jge

Crisps
[{cheese, crisps} [{cheese, Wine}D [{crisps, wine} ]

Wine

[{Wine, cheese, crispsB

(a) Products

Wine
isps

[{Ti, 73,75, T, T7}j [{Tl, 73,74, T6, T7}j [{Tl, T2,73,T5, Te}j

Crisp ine Wine

({Tl, T3, T6, T7} ) ({Tl, T3, T5, T6} ) ({Tl, T3, Tﬁ}j

Wine

{T1, T3, 76}

(b) Transactions

Figure 1. Data mining inde xation structures

genericdatamining method.

3.1.1.Data mining presentation. Datamining is usual-
ly usedto discover hiddendependencieketweerobjectsof
hugedatabasesThebaslet marketexampleis the mostfre-
guentlyused. In this example,we considera supermarit
databasevhoserecordsareproductsboughtby customers.
Datamining can herebe usedto discover which products
are often boughttogetherand which onesnever appearn
the samemarket baslet. Suchinformationcanthenbe ex-
ploitedto realisepromotionaloffers.

Let usintroducea few definitions.A setof k productsis
calledak-itemset The supportof a k-itemsetis thenumber
of databaseecordscontainingit. Finally, a minimumsup-
port (called MinSup) from which itemsetsareconsidered
asfrequents definedby the user

The traditional datamining algorithmis the following.
A first passon awhole databasenablego discoverall fre-
guentl-itemsetgi.e. the frequentproducts). Finding the
frequent2-itemsetgthe frequentsetsof two products)can
beachievedby only scanninghesetof frequentl-itemsets,
asshavnin [1], andsoon...

wine | crisps | cheese | ham
T X X X
T X
T3 X X X X
T, X
Ts X X
Ts X X X
T X X
TS X

Table 1. Database example

Example. Tablel showvs an exampleof purchasesnade
in asupermarkt(eachline correspondso a purchase).
ConsideringM inSup equatlto 3, we begin to searctor fre-
guentl-itemsets.The countgivesusthefollowing results:
{wine} 5, {crisps} 5, {cheese} 5 and{ham} 2. So,the
frequentl-itemsetsare {wine}, {crisps} and {cheese}.
To discover the frequent2-itemsetswe now only consider
the setof frequentl-itemsets:amongthe combinationof
elementsn frequentl-itemsetsywhich onesarefrequent2-
itemsets? We have the following counts: {wine, crisps}
3, {wine, cheese} 4 and{crisps, cheese} 4. All theseset-
s are thereforefrequent. We proceedin the sameway to
discoverthefrequent3-itemsetsTheonly onecontainedn
thisdatabasés {wine, crisps, cheese} with asupportof 3.

3.1.2. Toward a profile-basedindexation scheme. The
mainapplicationof dataminingis thediscovery of frequent
itemsetsamongdatabasesThistechniquéas hereappliedto
extractfrequentsetsof keywords characterisinghe stored
documentsTo achievethis goal,we considetthesetof pub-
lic Web pagesof a PDAs asa databaseStoreddocuments
thencorrespondo the databaseecordsandthe keywords
describinghemareviewedastheitemsof theserecords.
To profile the users interestswe adaptthe datamining al-
gorithmin orderto supplya treestructureon frequentkey-
words(seeFigurel(a)). As only frequentsetsof keywords
areindexed, the structurebuilt by the algorithmprovidesa
goodrepresentationf the users maininterests.This struc-
turecanalsobeusedo classifythedocumentgharacterised
by thesdrequentkeywords(seeFigurel(b)): adocuments
indexedfrom a nodeif the setof keywordsdescribingthis
nodeis includedin the setof keywords characterisinghe
document.Thus,the structureprovided by this methodcan
beexploitedasbothausers profile andathematicdndex for
publicdocuments.

Recallingthe exampleabove, we now describehow the



Algorithm 1 Discovery algorithmof theinitiator

Algorithm 2 Discovery algorithmof the passie entity

common List < subtree6Root)
send¢ommonList)
repeat
subList < subtreetcommon List)
receve(remoteList)
toSendList < selectremoteList, commonList) U
(remoteList N subList)
transfefobjects indexed from toSendList)
commonList < subList N remoteList
if remoteList # () then
sendsubtreeécommon List))
end if
until commonList = ()

commonList < Root
subList + subtreeécommon List)
repeat
receve(remoteList)
toSendList + selectremoteList, commonList) U
(remoteList N subList)
transfefobjects indexed from toSendList)
commonList <+ subtree6subList N remoteList)
subList + subtreetcommon List)
if remoteList # () then
sendcommonList)
endif
until commonList = {)

treestructureis obtained.A productlabelseachedge(and
its following node) of the structure. Thoselabelling the
firstlevel of nodesareobtainedby consideringhefrequent
1-itemsets. Secondlevel nodesrepresenthe frequent2-
itemsetsThey arelabelledby thekeyword completingtheir
parentitemset.

Frequent2-itemsetsare obtainedby combiningtwo fre-
guentl-itemsets:secondevel nodeshave thustwo poten-
tial parents Amongthese the onethatis electeds the one
with the associatedhighersupport(in the eventof support
equality the alphabeticabrderis used). Thus,eachnode
hasonly oneparent,is reachedy only oneedgeand,con-
sequentlyis labelledby a uniquekeyword.

In the transactiongndexation structure1(b), transactions
areindexed from eachnoderepresenting k-itemsetthey
contain(so, a transactioncan be indexed from several n-
odes).

Memory management. The value of MinSup can be

usedto control the size of indexation structures. Indeed,
the smallerthis value,the greatemumberof frequentitem-

sets.Thus,by increasinghis thresholdwe limit thenumber
of frequentitemsetsand,in this way, the sizeof the profile

decreasesBy this mean,userscan adaptthe size of their

profile to their PDA capabilities.

However, this parametehasto be carefullymanagediueto

its impacton the informationdiscovery performanceshy

reducingthe accuray of its profile, a useralsoreduceghe

setof interestinginformationwhich could be automatically
foundduringencounters.

3.2 A distrib uted search engine

Thespontaneoumformationdiscovery processelieson
theprofile-basedndexationstructuredescribedibove. This
discovery is graduallyperformedby computingsuccessie
intersectiondetweentwo remoteprofiles. We first present

a basicprotocolfor the mutualinformationdiscovery. In a
secondart,we proposeanimprovedschemewhichmakes
useof therelevanceconcept.

3.2.1. A basic information discovery protocol. During
the encounteiof two mobile PDAs, eachentity hasto dis-
cover amongthe remoteindexation structurewhich docu-
mentsarerelevantto its users profile. Thoseconsidered
asrelevanthave thento be spontaneouslgowvnloaded.To
achieve this goal, our protocollooks progressiely for the
intersectiondbetweerthetwo users’profiles.

Whenanencountebetweertwo mobilePDAs, A andB,
occursthe mutualinformationdiscovery protocolis initiat-
ed. In orderto performthisdiscoveryin anefficientway, the
entitiesbeagin by electinganinitiator for furtherexchanges.
Let usassumehat A is theinitiator in thefollowing. Once
this first stepis completed,A sendsto B the setof key-
wordsdescribingthefirst level of its profile. As soonasB
recevessuchamessagef canperformtheintersectiorbe-
tweenits own first level profile andtheremoteone. B then
answersA with the descendingnodesof its calculatedin-
tersectionln its turn, A computesa new intersectiorbased
on B’sanswerandtheprocesss repeatedintil thecomput-
edintersectionis empty Transmitteddocumentsarethose
indexedfrom the successie computedntersectiongtaking
careto transferonly oncethosethataremulti-indexed).

Whole mechanismaregivenby Algorithm 1 for theini-
tiator andby Algorithm 2 for the passie entity.

Example. Figure2 presentdhecommunicationgenerat-
ed by the procesof mutualinterestinginformationdiscov-
ery betweertwo entitiesA andB (assuminghat A initiates
theexchange).

As afirststep,A sendgo B thekeywordsof thefirst level of
its profile (i). B thencomputegheintersectiorbetweerthe
recevedinformationandits local profile. It returnsto A the
subtreeof eachnodeof the computedntersection(ii) and



Entity B’s profile

Messages exchanges

{Wine,Cheese,Ham}

Entity A’s profile

-
-

(i)

{Crisps,Cheese} {Ham} {!}

0]

{t {Ham} {1}

(iv)

Y

(ii) Intersect = {Wine,Cheese,Ham}
Transfer objects from nodes <2,4,5>

(iv) Intersect = { }
Transfer objects from nodes <7,9>

y

(iii) Intersect = {Cheese,Ham}
Transfer objects from nodes <2,3,4,5,7>

Figure 2. Common interests disco very mechanism

startsto transferthe Web pagesindexed from thesenodes.
In our example, B returnsto A the set{Crisps, Cheese}
for the keyword Wine, the set{Ham} for the keyword
Cheese andan leaf set(symbolisedoy ! on thefigure)for
the keyword Ham (which meanghatit belongsto the in-
tersectiorbut hasno child). Basedonthe B’s answer A is
now ableto computeits first level intersection(this taskis
performedby the select functionin Algorithms1and2). A
keywordbelongdgo thisintersectionf therecevedmessage
containsa correspondingindnonemptyset(leavessetsare
consideredasnon empty). It canalsocomputesa new in-
tersectiorwith its secondevel nodedii) . It hasno Crisps
keyword following Wine, soit notifies B by sendingit an
emptyset. Concerningthe keyword Cheese, it hasa cor
respondingnodewith a child, Ham, thatis returnecto B.
A hasequallya correspondingnodefor the receved Ham
keyword. As this lastnodelocally hasno child, A sendso
B aleafset.Finally, thereceivedleaf setonly indicateshat
B hasno morekeyword correspondingo the A’s profilein
this partof its indexationtree.

Theprocesghenrepeatsn thesameway until anemptyin-
tersectioris calculatedcandall relevantdocumentsiretrans-
ferred(iv).

Protocol improvements. This first protocol presents
somelimitations. Indeed,the only exchangeddocuments
are thosethat belongto strict profiles intersection. That

meansthat Web pagescan be transmittedas soonas one

commonkeyword is discovered,evenif it is the only one

thatmatchedetweertwo profiles.

Anotherlimitation appearsvhena partof a profile matches
completelywith a remoteprofile. If the correspondinge-

moteprofile is deepetthanthelocal one, it is highly likely

thatdocumentsndexedby correspondingleeperemaining

nodesarealsorelevantfor thelocal profile. However, using
our basicprotocol,suchdocumentsrenot exchanged.
Addressingtheselimitations canbe achiezed by introduc-
ing a relevancecalculationbetweenprofiles (asit is used
by Web searchengines[6] betweenrequestsand indexed
documents).A way to computethis relevanceis basedon
theratio of commonkeywordsbetweerdocumenténdexed
by the profiles. We adaptthis techniqueto the constraints
of mobile PDAs by applyingit directly betweenthe pro-
file structureqinsteadof indexeddocuments)A relevance
threshold(specifiedby the users)is usedto distinguishin-
terestingdocumentgrom others.Principlesof thisnew pro-
tocol areexposedn the next subsection.

3.2.2.A relevance-basednformation discovery protocol.
This protocolroughlyfollows the sameschemehanthe ba-
sic one. Thefirst differenceis the useof therelevancecon-
cept. The discovery protocolassociatesvith eachnodeof
theindexation structurea relevancevaluethat measure#s
relevancewith respecto the remoteprofile. We thencon-
sidera nodeasrelevantif its relevanceis greateror equal
to the remoteusers relevancethreshold. The relevanceof
anodez is obtainedby computingthe quotientof the two
following parameters:

e the numberof matchedkeywordsin orderto reachz
(loweror equalto depth(z)).

¢ thelengthof the shortespath(from therootto aleaf)
passinghroughz.

We assumeherelevancevalueof therootis 0.

The seconddifferenceis the way the intersectionset-
s are computed. Indeed, calculatedintersections(called
Pseudolntersect) now contain,for a givenlevel of a pro-
file, the setof relevantnodesratherthanthe strict intersec-
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(iii) PseudolIntersect = {Wine,Cheese,Ham}
Transfer objects from nodes <2,4,5>
Relevance calculation = Wine[50],Crisps[0],Cheese[50],Ham[100]

(v) PseudoIntersect = {Crisps,Cheese,Ham}
Transfer objects from nodes <6,7,9>
Relevance calculation = Crisps[50],Cheese[100],Ham[100]

Pseudolntersect = {Cheese}
Transfer objects from node <10>
Relevance calculation = Cheese[33]

Figure 3. Relevance-based common

tion of two remoteprofiles.

The global schemeof this protocolis the following. Once
aninitiating entity hasbeenelectedcommunicatingntities
exchangethe relevancethresholdof their user Then,asin
the previous schemetheinitiating entity sendso the other
its profile first level of keywords. In orderto enableremote
PDAs to calculaterelevancevalues,eachentity associates
with eachkeyword senttheremainingnumberof keywords
in theshortesbranchof this partof its profile. Usingthisin-
formation, entitiescancomputePseudoIntersect setshy
applyingthefollowing rules:

1. A nodebelongsto the remoteprofile andto the local
one. We have to explore the subtreeof this node. In
orderto achievethis goal,thecorrespondingubtreds
transmitted.

2. A nodedoesnotbelongto theintersectiorbut its rele-
vanceis greatetthanthethreshold.lts subtreas local-
ly exploredaslong astherelevanceis greaterthanthe
threshold(assumingio morekeywordsarematched).

3. A nodedoesnot belongto theintersectiorandits rel-
evanceis smallerthanthethreshold.The subtreés no
longerexplored.

4. Finally, if aramificationof theremoteprofile hastotal-
ly matchedwith the local one,all documentsndexed
deepehaveto betransmitted.

TransmittedWeb pagesare thoseindexed from nodes
whoserelevanceis greatetthanthe usersthreshold.

(iv) PseudolIntersect = {Wine,Cheese,Ham}
Transfer objects from node <4>
Relevance calculation = Wine[50],Cheese[50],Ham[100]

Pseudolntersect = {Cheese,Ham}
Transfer objects from nodes <5,7>
Relevance calculation = Cheese[100],Ham[50],Ham[100]

Pseudolntersect = {Ham}
Transfer objects from node <8>
Relevance calculation = Ham[66]

interests disco very mechanism

Example. Figure 3 presentsan example of information
discovery usingthe relevance-basethechanisn{assuming
the exchangeis initiated by A). The first stepis the ex-
changeof the users’interestthreshold(i). Using this val-
ue,eachentity canlocally distinguishinterestingdocuments
from others.As asecondstep,A sendsts first level of key-
wordsto B. Eachkeyword (labellinganodez) of thismes-
sageis associatedvith thelengthof the pathfrom z to the
closestleaf (ii) in orderto enableB to computerelevance
values.

When B recevesthis messageit builds the setof A’srele-
vantnodesby calculatingthe relevancevalueof eachof its
first level nodes.Subtreeghatwill be further exploredare
thosethatbelongto thestricttreesintersectiorandthoseob-
tainedfrom nodeswvhoserelevanceis greateithantheusers
threshold.Thesenodesarestoredin the Pseudolntersect
set(iii) . Only documentsndexed from relevantnodesare
transferred.B thenreplies A with theresultsof its compu-
tation: theset{Crisps, Cheese} obtainedfor thekeyword
Wine, theset{ Ham} for Cheese andaleafsetfor Ham
(iii) .

Basedon B’s answer A can compute,in a single step,
PseudoIntersect sets for its profile two first levels
(iv). For the first level, three keywords are put in the
Pseudolntersect setbuttheonly relevantoneis Ham (the
othersnodesare belongingto the strict intersection). For
thesecondevel, the Pseudolntersect setcontainsonly t-
wo keywords,which arebothrelevant: Cheese and Ham.
Moreover, A candeducerom therecevedmessagehat B
hasno moredescendingiodefor Cheese: asthis keyword
is relevant, its subtreeis alsolocally exploredandthe key-
word Ham onthethird level is alsoconsideredisrelevant.



Oncethesecalculationsarecompleteddocumentdrom n-
odes(4), {(5), (7) and(8) aresentto B. Finally, A repliesB
with subtree®btainedfrom thelastcomputedntersection:
an empty setfor Crisps, the keyword Ham for Cheese
andaleaf setfor Ham.

When B receves this nev message,it computesnewn
PseudoIntersect sets for its second and third pro-
file level basing its calculation on the last computed
PseudoIntersect set. Three interesting keywords are
found on the secondlevel: Crisps, Cheese and Ham.
Although Crisps doesnot belongto the profilesintersec-
tion, its relevanceis greaterthan A’s threshold:its subtree
is thereforelocally further explored. This searchenables
the discovery of anotherrelevant nodeon the third level.
Thus,documentgo transferare thoseindexed from nodes
(6), (7), (9) and(10) (v).

3.3 Overview of the architecture

We arecurrentlydevelopinga prototypefor thearchitec-
ture describedabore. We chose,for our implementation,
to use PDAs with infrared communicationfacilities. The
prototypeis composeaf four mainmodules.

Storage. This moduleis divided in two parts. The first

one manageshe storageof the public documentgpresent
on a PDA, whenever indexed or not (recalling that public

documentsarenot all indexed). The secondone storesthe

spontaneouslgownloadeddocuments As resource®f P-

DAs arelimited, it is designedasa cache: only the most
recentlydownloadeddocumentsarekeptinside.

Database Manager. This module implementsthe data
mining mechanisn{presentedn section3.1.2).It provides
anAPI thatpermitsto insert,to remove andto find indexed
documentsn adatamining basedreeandto discorercom-
mon partsbetweertwo treestructures.

Information Discovery. This moduleimplementshe al-

gorithmdescribedn section3.2.2. Its objectve is the dis-
covery of commonpartsbetweenremoteprofiles and the
local one. For this purposeijt interactswith the communi-
cationmoduleto sendandreceie discosery messageand
relevant documents. It also questionsthe information in-

dexationmodulein orderto performtheintersectiorsets.

Communication. This last moduleensureghe interface
with theinfraredcommunicatiorcard.

4. Futur e works

In this section,we briefly presentsomeaspectsof our
systemwhichwill bethe objectof furtherresearches.

Firstly, we planto enableusersto specifydifferentcon-
straintsaboutthedocumentso bespontaneouslgiowvnload-
ed. For example,becausef a smallcachesize,usersmay
chooseto settlea per documentmaximum size. Anoth-
er possibleconstraintis the type of the downloadeddocu-
ments.Indeed yariouskindsof documentgsoundsyideos)
areoftenattachedo Web pagesandusersare probablynot
interestedn downloadingthosethey cannotread.

Thespontaneouaspecbf theexchangesaiseshe prob-
lem of repetitive encounterskor example,two personswill
probablymeetseveraltimesduringa sameconferenceAs-
sumingthey do not updatetheir setof public documents,
thesedifferentencountersvill leadto severalexchange®f
the samedata. Suchan exampleis a typical caseof re-
sourcegvaste.Thatis why amechanisnableto distinguish,
in smallintervals,alreadydownloadeddocumentgrom un-
known onesis required.

Finally, we notice that our prototype suffers from a
platform-basedroblem. Indeed,the useof infrared com-
municationsrequirescommunicatinghodesto be eachone
in theline of sightof theother With sucharestriction,com-
municationscannot happenspontaneouslyAs this aspect
of our studyis particularlyimportant,we planto testour
work with Bluetoothcommunicatiorfacilities. This could
simply be achiered by rewriting a part of the communica-
tion module.

5. Relatedworks

Many researcheareledin theAd Hocnetworksared5].
This domainconsiderssetsof independenmobile nodese-
quippedwith wirelesscommunicatiorfacilities. However,
theseworks differ from ours by their objectives. Indeed,
they aimto allow nodesto communicatdy providing rout-
ing schemesvhereasve only considerdirect communica-
tions betweenneighbouringnodes. Another differenceis
thatresearchem the Ad Hoc networks areaonly focuson
routingprotocolswherease arealsodealingwith applica-
tions.

Ubiquitouscomputing[4] aimsto enableapplicationgo
accesdo contetual information (users location or activ-
ity) in orderto adaptthe deliveredservicesto the current
situation. In the ParcTAB project[9], peoplecancommu-
nicatevia a cell-basednfrared network. Their positionis
tracked and storedin a centralisedocalisationsener. Us-
ing this information, proximatedevices (suchas printers)
canbe automaticallyselected.As in the ParcTAB project,
mostof the ubiquitousworks arebasedon fixedinfrastruc-
tures (like fixed network accesspoints), unlike our study
which proposes totally mobile system.

Anotherubiquitousstudy theCoolTown project[3], pro-
posedo associat&\Vebpresencéo peopleandplaces.They
usethe Web architectureto spontaneouslyprovide people



with accesgo Web pagesrelatedto the placethey arelo-
cated. Although this work seemsquite close of ours, it
is distinguishablefrom it by at leasttwo points. On the
onehand,whereaour prototypeis completelydistributed,
the CoolTown architecturerelies on seners (associatedo
places}o provide peoplewith anubiquitousaccesso Web
pagesOntheotherhand,we addressheissueof the spon-
taneousrelevant information discovery (using users’ pro-
files) whatis nottreatedby the CoolTown study

Finally, the Proem system[8] aims to enable, dur
ing physicalencountersgirectexchangeof users profile.
Their profile notionincludesa setof personainformations
suchasphonenumberse-mail addressesr a list of inter-
ests. Although it dealswith a distributed architectureand
spontaneoumteractionsProemdoesnot managesomeau-
tomaticusers profiling.

6. Conclusion

In this paperwe proposeanddesignanew kind of appli-
cationextendingthe Web paradigmto the domainof direct
andproximatecommunicationsAssumingthatapartof the
informationstoredon PDAs is freely accessiblewe aimto
enablespontaneougxchangef relevant Web pagesbe-
tweenmobileusers.

In orderto achieve this goal, we designan algorithm
automaticallyproviding users’ profile (using their public
databaseyhich canbeusedto index the publicdocuments.
We alsoproposewo protocolsenablingspontaneoumter-
estinginformationdiscovery.

Although we believe our approacltis promising,we are
aware of somecurrentlimitations of our work. Indeed,it
is actuallybasedn theuseof acommonontologybetween
all the users.Suchan assumptiorrestrictsthe diffusion of
our systemto confinedcommunities.

Thiswork is partof alargerstudy the SIS (Spontaneous
InformationSysteqproject[2], within which otheraspect-
s of proximateinteractions(suchascommunicationssues
[10Q]) areconsidered.
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