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Abstract

Developmentof wirelesscommunicationsenablesthe
rise of networkingapplicationsin embeddedsystems.We-
b interactions,which are the mostspread, are nowadays
availableon wirelessPDAs1. Moreover, wecanobservea
developmentof ubiquitouscomputing. Basedon this con-
cept,manyworksaim to consideruser’s context aspart of
theparameters of theapplications.Thecontext notioncan
includetheuser’slocation,hissocialactivity. . .Takingpart
fromemergingtechnologiesenablingshortrangeanddirect
wirelesscommunications(which allow to definea proximi-
ty context), theaim of our studyis to designa new kind of
application,extendingtheWebparadigm:spontaneousand
proximateWebinteractions.

1. Intr oduction

Developmentof new hardware architecturesenabling
proximity wirelesscommunications,suchasBluetooth[7],
allows to envision direct information exchangesbetween
neighbouringnodessuch as PDAs. Indeed, PDAs can
nowadaysbe usedto storepersonalinformation. Assum-
ing usersdeclaresomeof this informationasfreelyaccessi-
ble,wecouldthenenvisagedirectexchangesof information
whentwo mobilePDAs meet(i.e. areableto communicate
together).

1PersonalDigital Assistant

Onepossibleapplicationof this new kind of networking
couldbeanextensionof theWeb interactions:a proximity
Web in which peoplemayspontaneouslycollectproximate
information,i.e. informationstoredonneighbouringPDAs.
Dueto users’mobility andto thevolatile aspectof thesys-
tem,suchanapplicationraisessomeproblemsthatarenot
handledby theclassicalWebarchitecture.In thispaper, we
proposeanarchitectureadaptedto theconstraintsof aprox-
imity Web.

This paperis organisedasfollows. Section2 describes
our objectivesandthe constraintswe have to take into ac-
count. In the third section,we highlight the mechanisms
weproposeto achieveour goals.Theforth sectionpresents
someof the unsolved problemsandremainingworks. Fi-
nally, we briefly remindthestudiesrelatedto our works in
section5 beforeconcluding.

2. Moti vations

As given above, we aim to enable spontaneousex-
changesof informationbetweenmobilePDAs. For simplic-
ity sake in thefollowing, we only considertheencounterof
two PDAs. However, theproposedmechanismscaneasily
beextendedto managemeetingsof severalPDAs. Wefocus
our work on the adaptationof the Web interactionsto this
mobileandspontaneousenvironment.

As anexample,wecouldconsidertheuseof aproximity
Web during a conferencewhereattendeesarecarrying P-
DAs equippedwith short-rangewirelesscommunicationfa-
cilities. Let usassumethateachattendeestoresinformation
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of interestonhisPDA. In theconferencecase,thiscouldbe
a setof Web pagesextractedfrom his projectWeb site. In
suchanenvironment,aproximity Websystemcouldcollect
interestinginformation(suchascommonresearchinterest-
s) from PDAs carriedby peoplemetduringtheconference.
Thespontaneousaspectof this systemmeansthatusersare
not disturbedneitherto definetheir topics of interestnor
whenproximaterequestsareperformed.

To supportsuchWeb interactions,threemain problems
haveto beaddressed:

� Users’ profiling. In orderto performautomaticallyrel-
evant requests,the user’s topicsof interesthave to be
discovered.For this purpose,thesystemhasto build a
user’sprofilewithoutresortingto externalinstructions.
To makeuseof thelocally storeddocumentsis a good
way to achievethis goal.

� Indexation of public information. PDAs have to au-
tomatically organisetheir public documentsin order
to enableefficient retrieval duringencounters.We be-
lievethatproviding athematicindexationof thestored
documentsis a goodmeanto speedup theexchanges.

� Spontaneousdiscovery of relevant information. The
way relevantremoteinformationis retrievedhasto be
defined.During theencounterof two persons,sucha
mechanismhasto performtheselectionof documents
to exchangeaccordingto the profile of eachprotago-
nist.

To addresstheseissues,we have to dealwith the con-
straintsinherentto themobilecomputingenvironment.In-
deed,comparedto workstations,PDAs suffer from alackof
computational,storageandenergy resources.Besides,we
have to managea totally distributedarchitecturesinceno
server is availableto storeall accessibleinformation. This
fact implies that eachPDA will have to act asboth server
(for its own information)andclient (with respectto remote
information). Finally, the communicationcapabilitiesare
directandbasedon temporarylinks (becauseof theuncon-
strainedmobility of theusers)insteadof a fixedinfrastruc-
tureasin thetraditionalWeb.

In order to meetour objectives in spite of thesecon-
straints,we have designedtwo mechanismswhich arede-
tailedin thenext section.

3. Designof a Proximity Web

To managethe processof spontaneousinformationdis-
covery, wechooseto resortto theWebmodelin whichdoc-
umentsarelabelledwith keywords.In orderto alleviatethe
spellingdivergences,keywordsmatchingmethodsusually

relieson closekeywordsmatchingmechanisms[6]. How-
ever, thesemechanismsseemsdifficult to adaptto our em-
beddedenvironment. Indeed,algorithmsusedto provide
suchaservicearequitegreedy:they arenotadaptedneither
to thepoor resourcesof appliancesnor to the limited com-
municationtimes. In orderto enablea searchprocessrun-
ningwithoutthisservice,weconsiderthatkeywordschosen
by usersto label their documentsaregot from a common
ontology. We couldassume,for example,thatuserscould
usea commonkeyword-basedclassificationof topics(such
anassumptionis realisticin thecaseof aconference).

Concerningthearchitecture,oursystemdissociatesitself
from theWeb: it reliesonpeer-to-peersymmetricalinterac-
tionsinsteadof theWebclient/servermodel.Indeed,during
anencounterbetweentwo mobilePDAs, eachnodehasto
find the remoteinformation matchingwith its profile. In
fact, asprofilesarededucedfrom public databases,the n-
odeshave to discover commoninterestson behalfof their
user. Sucha taskis typically performedmoreefficiently by
acooperativeschemethanby two independentclient/server
processes.We thereforechooseto focusour studyon such
interactions.

The designof this symmetricalmechanismis basedon
two main components.The first oneis the databaseman-
ager: it dealswith PDAs’ public database,which contains
thesetof public Web pages.Themanagerhasto extracta
user’s profile from this databasein orderto performsome
automaticallyrelevant requests.It alsohasto build a the-
maticindexationof thestoredWebpagesin orderto quick-
ly satisfyrequeststhePDA receives.
Thesecondcomponentis adistributedsearch engine: it or-
ganisestheinformationdiscoverybetweentwo PDAs using
informationprovidedby their databasemanager.

Thefollowing subsectionsaredevotedto thedescription
of thesetwo components.

3.1. The databasemanager

The public databaseof a PDA is the set of documents
its userdeclaresasfreely accessible.Assumingthesedoc-
umentsarerepresentativeof his interests,this databasecan
beusedto automaticallyprofile theuser. Theotherissueto
addressis the thematicindexation of documentsstoredin
suchadatabase.

To reachthesegoals,we adaptsomedatamining tech-
niques.Indeed,applyingsuchtechniqueson auser’spublic
databaseis a way to discover his main interestsin orderto
build asetof relevantrequeststhatcouldbeexecutedduring
futureencounters.Wedesignaprofiling scheme,whichcan
alsobeusedasanindexationstructurefor thepublic stored
documents.By this mean,we gatherin a singlestructure
theuser’s requestsandanindex for hispublic database.

Beforefurtherdescribingthis algorithm,we presentthe
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Figure 1. Data mining inde xation structures

genericdataminingmethod.

3.1.1.Data mining presentation. Datamining is usual-
ly usedto discoverhiddendependenciesbetweenobjectsof
hugedatabases.Thebasketmarketexampleis themostfre-
quentlyused. In this example,we considera supermarket
databasewhoserecordsareproductsboughtby customers.
Datamining canherebe usedto discover which products
areoften boughttogetherandwhich onesnever appearin
thesamemarket basket. Suchinformationcanthenbe ex-
ploitedto realisepromotionaloffers.

Let usintroducea few definitions.A setof
�

productsis
calledak-itemset. Thesupportof ak-itemsetis thenumber
of databaserecordscontainingit. Finally, a minimumsup-
port (called �������
	�� ) from which itemsetsareconsidered
asfrequentis definedby theuser.

The traditionaldatamining algorithmis the following.
A first passon a wholedatabaseenablesto discoverall fre-
quent1-itemsets(i.e. the frequentproducts). Finding the
frequent2-itemsets(the frequentsetsof two products)can
beachievedby only scanningthesetof frequent1-itemsets,
asshown in [1], andsoon . . .


 ����� ����������� ����������� ��� �!�"
X X X!$#
X!$%
X X X X!'&

X!$(
X X!$)
X X X!$*

X X!$+
X

Table 1. Database example

Example. Table1 shows an exampleof purchasesmade
in a supermarket(eachline correspondsto a purchase).
Considering�������
	 � equalto 3,webegin to searchfor fre-
quent1-itemsets.Thecountgivesus thefollowing results:, 
 ������- 5,

, �.���������/- 5,
, ���0��������- 5 and

, �0� �1- 2. So, the
frequent1-itemsetsare

, 
 �����/- , , �����������/- and
, �2�0�������/- .

To discover the frequent2-itemsets,we now only consider
the setof frequent1-itemsets:amongthe combinationsof
elementsin frequent1-itemsets,which onesarefrequent2-
itemsets? We have the following counts:

, 
 ����� 34�����5���'�6-
3,

, 
 ������34������������- 4 and
, �.����������34���0��������- 4. All theseset-

s are thereforefrequent. We proceedin the sameway to
discover thefrequent3-itemsets.Theonly onecontainedin
thisdatabaseis

, 
 ����� 3��.����������34���0��������- with asupportof 3.

3.1.2.Toward a profile-basedindexation scheme. The
mainapplicationof datamining is thediscoveryof frequent
itemsetsamongdatabases.This techniqueis hereappliedto
extract frequentsetsof keywordscharacterisingthe stored
documents.To achievethisgoal,weconsiderthesetof pub-
lic Web pagesof a PDAs asa database.Storeddocuments
thencorrespondto the databaserecordsandthe keywords
describingthemareviewedastheitemsof theserecords.
To profile theuser’s interests,we adaptthedatamining al-
gorithmin orderto supplya treestructureon frequentkey-
words(seeFigure1(a)). As only frequentsetsof keywords
areindexed,thestructurebuilt by thealgorithmprovidesa
goodrepresentationof theuser’smaininterests.Thisstruc-
turecanalsobeusedtoclassifythedocumentscharacterised
by thesefrequentkeywords(seeFigure1(b)): adocumentis
indexedfrom a nodeif the setof keywordsdescribingthis
nodeis includedin the setof keywordscharacterisingthe
document.Thus,thestructureprovidedby this methodcan
beexploitedasbothauser’sprofileandathematicindex for
publicdocuments.

Recallingtheexampleabove, we now describehow the
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Algorithm 1 Discoveryalgorithmof theinitiator

�.7��8�97���:;���2<
= subtrees>@?A7�7�<CB
send(��7��D�97���:;���2< )
repeat
�2	'E�:F����<
= subtrees>G��7��D�97���:;���2<CB
receive>G���2�97�<���:;���2<CB
<�76�H����I�:F����<J= select>G���2�97�<���:;���2<�3��.7��8�97���:;���2<CBLK
>M�����87�<���:F�5�2<$ND�2	$E�:;���2<CB
transfer>G76E�O ����<C�F����I���P���IJQ���7��R<�76�;�2��I :;���2<CB
�.7��8�87���:F�5�2<H=S�2	'E�:F����<�NT�����97�<���:F����<
if �����87�<���:;���2<VUWYX then

send> subtrees>G��7��D�97���:;���2<CBCB
end if

until �.7��D�97���:;���2< WZX

treestructureis obtained.A productlabelseachedge(and
its following node)of the structure. Thoselabelling the
first level of nodesareobtainedby consideringthefrequent
1-itemsets. Secondlevel nodesrepresentthe frequent2-
itemsets.They arelabelledby thekeywordcompletingtheir
parentitemset.
Frequent2-itemsetsare obtainedby combining two fre-
quent1-itemsets:secondlevel nodeshave thustwo poten-
tial parents.Amongthese,theonethatis electedis theone
with the associatedhighersupport(in the eventof support
equality, the alphabeticalorder is used). Thus,eachnode
hasonly oneparent,is reachedby only oneedgeand,con-
sequently, is labelledby a uniquekeyword.
In the transactionsindexation structure1(b), transactions
are indexed from eachnoderepresentinga k-itemsetthey
contain(so, a transactioncan be indexed from several n-
odes).

Memory management. The value of �������
	 � can be
usedto control the size of indexation structures. Indeed,
thesmallerthis value,thegreaternumberof frequentitem-
sets.Thus,by increasingthis thresholdwelimit thenumber
of frequentitemsetsand,in this way, thesizeof theprofile
decreases.By this mean,userscanadaptthe sizeof their
profile to theirPDA capabilities.
However, thisparameterhasto becarefullymanageddueto
its impacton the informationdiscovery performances:by
reducingtheaccuracy of its profile, a useralsoreducesthe
setof interestinginformationwhich couldbeautomatically
foundduringencounters.

3.2. A distrib uted search engine

Thespontaneousinformationdiscoveryprocessrelieson
theprofile-basedindexationstructuredescribedabove.This
discovery is graduallyperformedby computingsuccessive
intersectionsbetweentwo remoteprofiles. We first present

Algorithm 2 Discoveryalgorithmof thepassiveentity
��7��D�97���:;���2<
=[?J7�7�<
�2	$E�:;���2<\= subtrees>G�.7��8�87���:F����<CB
repeat

receive>M�����87�<���:;���2<CB
<�76�H����I :;���2<J= select>M�����87�<���:;���2<�3���7��D�97���:;���2<CBLK
>M�����97�<���:F����<$N9�2	'E�:F����<CB
transfer>G76ECO�����<C�F����I���P���IJQ���7��]<�76�H����I�:F�5�2<CB
�.7��8�87���:F����<H= subtrees>���	$E�:F�5�2<�NT�����87�<���:;���2<CB
�2	'E.:;���2<\= subtrees>@�.7��D�97���:;���2<CB
if �����87�<���:F�5�2<^UW_X then

send>@�.7��D�97���:;���2<CB
end if

until �.7��8�87���:F�5�2< W_X

a basicprotocolfor themutualinformationdiscovery. In a
secondpart,weproposeanimprovedscheme,whichmakes
useof therelevanceconcept.

3.2.1. A basic information discovery protocol. During
the encounterof two mobilePDAs, eachentity hasto dis-
cover amongthe remoteindexation structurewhich docu-
mentsare relevant to its user’s profile. Thoseconsidered
asrelevanthave thento bespontaneouslydownloaded.To
achieve this goal, our protocol looks progressively for the
intersectionsbetweenthetwo users’profiles.

Whenanencounterbetweentwo mobilePDAs, ` and a ,
occurs,themutualinformationdiscoveryprotocolis initiat-
ed.In ordertoperformthisdiscoveryin anefficientway, the
entitiesbegin by electinganinitiator for furtherexchanges.
Let usassumethat ` is theinitiator in thefollowing. Once
this first stepis completed,̀ sendsto a the set of key-
wordsdescribingthefirst level of its profile. As soonas a
receivessuchamessage,it canperformtheintersectionbe-
tweenits own first level profile andtheremoteone. a then
answers̀ with the descendingnodesof its calculatedin-
tersection.In its turn, ` computesa new intersectionbased
on a ’sanswerandtheprocessis repeateduntil thecomput-
ed intersectionis empty. Transmitteddocumentsarethose
indexedfrom thesuccessivecomputedintersections(taking
careto transferonly oncethosethataremulti-indexed).

Wholemechanismsaregivenby Algorithm 1 for theini-
tiatorandby Algorithm 2 for thepassiveentity.

Example. Figure2 presentsthecommunicationsgenerat-
edby theprocessof mutualinterestinginformationdiscov-
erybetweentwo entities̀ and a (assumingthat ` initiates
theexchange).
Asafirst step,̀ sendsto a thekeywordsof thefirst levelof
its profile (i). a thencomputestheintersectionbetweenthe
receivedinformationandits localprofile. It returnsto ` the
subtreeof eachnodeof the computedintersection(ii) and
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Figure 2. Common interests disco very mechanism

startsto transferthe Web pagesindexedfrom thesenodes.
In our example, a returnsto ` the set

,�� ����������3 � �������2��-
for the keyword ������� , the set

,�� � ��- for the keyword� �0������� andanleaf set(symbolisedby ! on thefigure) for
the keyword

� � � (which meansthat it belongsto the in-
tersectionbut hasno child). Basedon the a ’s answer, ` is
now ableto computeits first level intersection(this taskis
performedby the �����G����< functionin Algorithms1and2). A
keywordbelongsto this intersectionif thereceivedmessage
containsacorrespondingandnonemptyset(leavessetsare
consideredasnonempty). It canalsocomputesa new in-
tersectionwith its secondlevel nodes(iii) . It hasno

� ���������
keyword following ������� , so it notifies a by sendingit an
emptyset. Concerningthe keyword

� �0������� , it hasa cor-
respondingnodewith a child,

� ��� , that is returnedto a .
` hasequallya correspondingnodefor thereceived

� � �
keyword. As this lastnodelocally hasno child, ` sendsto
a aleafset.Finally, thereceivedleafsetonly indicatesthat
a hasno morekeywordcorrespondingto the ` ’s profile in
thispartof its indexationtree.
Theprocessthenrepeatsin thesamewayuntil anemptyin-
tersectionis calculatedandall relevantdocumentsaretrans-
ferred(iv).

Protocol impr ovements. This first protocol presents
somelimitations. Indeed,the only exchangeddocuments
are thosethat belong to strict profiles intersection. That
meansthat Web pagescan be transmittedas soonas one
commonkeyword is discovered,even if it is the only one
thatmatchesbetweentwo profiles.
Anotherlimitation appearswhenapartof aprofilematches
completelywith a remoteprofile. If the correspondingre-
moteprofile is deeperthanthe local one,it is highly likely
thatdocumentsindexedby correspondingdeeperremaining

nodesarealsorelevantfor thelocalprofile. However, using
ourbasicprotocol,suchdocumentsarenot exchanged.
Addressingtheselimitations canbe achieved by introduc-
ing a relevancecalculationbetweenprofiles (as it is used
by Web searchengines[6] betweenrequestsand indexed
documents).A way to computethis relevanceis basedon
theratioof commonkeywordsbetweendocumentsindexed
by the profiles. We adaptthis techniqueto the constraints
of mobile PDAs by applying it directly betweenthe pro-
file structures(insteadof indexeddocuments).A relevance
threshold(specifiedby theusers)is usedto distinguishin-
terestingdocumentsfrom others.Principlesof thisnew pro-
tocol areexposedin thenext subsection.

3.2.2.A relevance-basedinformation discovery protocol.
Thisprotocolroughlyfollowsthesameschemethantheba-
sic one.Thefirst differenceis theuseof therelevancecon-
cept. The discovery protocolassociateswith eachnodeof
the indexationstructurea relevancevaluethatmeasuresits
relevancewith respectto the remoteprofile. We thencon-
sidera nodeasrelevant if its relevanceis greateror equal
to the remoteuser’s relevancethreshold.The relevanceof
a node P is obtainedby computingthe quotientof the two
following parameters:

� the numberof matchedkeywordsin orderto reach P
(loweror equalto I �4�0<C�L>MP�B ).

� thelengthof theshortestpath(from theroot to a leaf)
passingthroughP .

We assumetherelevancevalueof theroot is 0.
The seconddifferenceis the way the intersectionset-

s are computed. Indeed,calculatedintersections(called� ���2	'I 7� /�$<����6�����.< ) now contain,for a givenlevel of a pro-
file, thesetof relevantnodesratherthanthestrict intersec-
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Figure 3. Relevance-based common interests disco very mechanism

tion of two remoteprofiles.
Theglobal schemeof this protocolis the following. Once
aninitiating entityhasbeenelected,communicatingentities
exchangetherelevancethresholdof their user. Then,asin
thepreviousscheme,theinitiating entity sendsto theother
its profile first level of keywords.In orderto enableremote
PDAs to calculaterelevancevalues,eachentity associates
with eachkeywordsenttheremainingnumberof keywords
in theshortestbranchof thispartof its profile. Usingthisin-
formation,entitiescancompute

� ����	�I 7� /�$<����6������< setsby
applyingthefollowing rules:

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

2. A nodedoesnot belongto theintersectionbut its rele-
vanceis greaterthanthethreshold.Its subtreeis local-
ly exploredaslong astherelevanceis greaterthanthe
threshold(assumingno morekeywordsarematched).

3. A nodedoesnot belongto theintersectionandits rel-
evanceis smallerthanthethreshold.Thesubtreeis no
longerexplored.

4. Finally, if aramificationof theremoteprofilehastotal-
ly matchedwith the local one,all documentsindexed
deeperhaveto betransmitted.

TransmittedWeb pagesare thoseindexed from nodes
whoserelevanceis greaterthantheuser’s threshold.

Example. Figure 3 presentsan exampleof information
discovery usingtherelevance-basedmechanism(assuming
the exchangeis initiated by ` ). The first step is the ex-
changeof the users’interestthreshold(i). Using this val-
ue,eachentitycanlocallydistinguishinterestingdocuments
from others.As asecondstep,̀ sendsits first level of key-
wordsto a . Eachkeyword(labellinganodeP ) of thismes-
sageis associatedwith the lengthof thepathfrom P to the
closestleaf (ii) in orderto enablea to computerelevance
values.
When a receivesthis message,it builds thesetof ` ’s rele-
vantnodesby calculatingtherelevancevalueof eachof its
first level nodes.Subtreesthatwill be furtherexploredare
thosethatbelongto thestricttreesintersectionandthoseob-
tainedfrom nodeswhoserelevanceis greaterthantheuser’s
threshold.Thesenodesarestoredin the

� ���2	'I 7� /�$<����6�����.<
set(iii) . Only documentsindexedfrom relevantnodesare
transferred.a thenreplies ` with theresultsof its compu-
tation: theset

,�� ���5���'�/3 � �0��������- obtainedfor thekeyword
������� , theset

,�� � ��- for
� �0������� anda leaf setfor

� � �
(iii) .
Basedon a ’s answer, ` can compute,in a single step,� ���2	'I 7� /�$<����6�����.< sets for its profile two first levels
(iv). For the first level, three keywords are put in the� ���2	'I 7� /�$<����6�����.< setbut theonly relevantoneis

� � � (the
othersnodesarebelongingto the strict intersection). For
thesecondlevel, the

� ����	'I�7� ��$<�����������< setcontainsonly t-
wo keywords,which arebothrelevant:

� ��������� and
� � � .

Moreover, ` candeducefrom thereceivedmessagethat a
hasno moredescendingnodefor

� �������2� : asthis keyword
is relevant, its subtreeis alsolocally exploredandthekey-
word

� � � on thethird level is alsoconsideredasrelevant.
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Oncethesecalculationsarecompleted,documentsfrom n-
odesäMå æ , ä@ç/æ , ä�è6æ and äGé æ aresentto a . Finally, ` repliesa
with subtreesobtainedfrom thelastcomputedintersection:
an empty set for

� ��������� , the keyword
� � � for

� �0�������
anda leafsetfor

� ��� .
When a receives this new message,it computesnew� �2��	'I�7� ��$<����6�2����< sets for its second and third pro-
file level basing its calculation on the last computed� �2��	'I�7� ��$<����6�2����< set. Three interesting keywords are
found on the secondlevel:

� ��������� , � ��������� and
� � � .

Although
� ��������� doesnot belongto the profiles intersec-

tion, its relevanceis greaterthan ` ’s threshold:its subtree
is thereforelocally further explored. This searchenables
the discovery of anotherrelevant nodeon the third level.
Thus,documentsto transferarethoseindexed from nodes
äGê�æ , ä�è/æ , äGë�æ and ä�ì�í�æ (v).

3.3. Overview of the architecture

Wearecurrentlydevelopingaprototypefor thearchitec-
ture describedabove. We chose,for our implementation,
to usePDAs with infraredcommunicationfacilities. The
prototypeis composedof four mainmodules.

Storage. This moduleis divided in two parts. The first
onemanagesthe storageof the public documentspresent
on a PDA, whenever indexed or not (recalling that public
documentsarenot all indexed). Thesecondonestoresthe
spontaneouslydownloadeddocuments.As resourcesof P-
DAs are limited, it is designedasa cache:only the most
recentlydownloadeddocumentsarekeptinside.

Database Manager. This module implementsthe data
mining mechanism(presentedin section3.1.2).It provides
anAPI thatpermitsto insert,to removeandto find indexed
documentsin adataminingbasedtreeandto discovercom-
monpartsbetweentwo treestructures.

Inf ormation Discovery. This moduleimplementstheal-
gorithmdescribedin section3.2.2. Its objective is thedis-
covery of commonpartsbetweenremoteprofiles and the
local one. For this purpose,it interactswith thecommuni-
cationmoduleto sendandreceive discovery messagesand
relevant documents.It also questionsthe information in-
dexationmodulein orderto performtheintersectionsets.

Communication. This last moduleensuresthe interface
with theinfraredcommunicationcard.

4. Future works

In this section,we briefly presentsomeaspectsof our
systemwhich will betheobjectof furtherresearches.

Firstly, we planto enableusersto specifydifferentcon-
straintsaboutthedocumentsto bespontaneouslydownload-
ed. For example,becauseof a small cachesize,usersmay
chooseto settlea per documentmaximumsize. Anoth-
er possibleconstraintis the type of the downloadeddocu-
ments.Indeed,variouskindsof documents(sounds,videos)
areoftenattachedto Webpagesandusersareprobablynot
interestedin downloadingthosethey cannot read.

Thespontaneousaspectof theexchangesraisestheprob-
lemof repetitiveencounters.For example,two personswill
probablymeetseveraltimesduringa sameconference.As-
sumingthey do not updatetheir setof public documents,
thesedifferentencounterswill leadto severalexchangesof
the samedata. Suchan example is a typical caseof re-
sourceswaste.Thatis whyamechanismableto distinguish,
in smallintervals,alreadydownloadeddocumentsfrom un-
known onesis required.

Finally, we notice that our prototype suffers from a
platform-basedproblem. Indeed,the useof infraredcom-
municationsrequirescommunicatingnodesto beeachone
in theline of sightof theother. With sucharestriction,com-
municationscannot happenspontaneously. As this aspect
of our study is particularly important,we plan to testour
work with Bluetoothcommunicationfacilities. This could
simply be achievedby rewriting a part of the communica-
tion module.

5. Relatedworks

Many researchesareledin theAd Hocnetworksarea[5].
This domainconsiderssetsof independentmobilenodese-
quippedwith wirelesscommunicationfacilities. However,
theseworks differ from ours by their objectives. Indeed,
they aim to allow nodesto communicateby providing rout-
ing schemeswhereaswe only considerdirect communica-
tions betweenneighbouringnodes. Another differenceis
that researchesin theAd Hoc networksareaonly focuson
routingprotocolswhereaswearealsodealingwith applica-
tions.

Ubiquitouscomputing[4] aimsto enableapplicationsto
accessto contextual information (user’s locationor activ-
ity) in order to adaptthe deliveredservicesto the current
situation. In the ParcTAB project[9], peoplecancommu-
nicatevia a cell-basedinfrarednetwork. Their position is
trackedandstoredin a centralisedlocalisationserver. Us-
ing this information, proximatedevices (suchasprinters)
canbe automaticallyselected.As in the ParcTAB project,
mostof theubiquitousworksarebasedon fixedinfrastruc-
tures(like fixed network accesspoints), unlike our study
which proposesa totally mobilesystem.

Anotherubiquitousstudy, theCoolTownproject[3], pro-
posesto associateWebpresenceto peopleandplaces.They
usethe Web architectureto spontaneouslyprovide people
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with accessto Web pagesrelatedto the placethey are lo-
cated. Although this work seemsquite close of ours, it
is distinguishablefrom it by at least two points. On the
onehand,whereasour prototypeis completelydistributed,
the CoolTown architecturerelieson servers(associatedto
places)to providepeoplewith anubiquitousaccessto Web
pages.On theotherhand,weaddresstheissueof thespon-
taneousrelevant information discovery (using users’pro-
files)whatis not treatedby theCoolTown study.

Finally, the Proem system [8] aims to enable, dur-
ing physicalencounters,directexchangesof user’s profile.
Their profile notionincludesa setof personalinformations
suchasphonenumbers,e-mail addressesor a list of inter-
ests. Although it dealswith a distributedarchitectureand
spontaneousinteractions,Proemdoesnotmanagesomeau-
tomaticuser’sprofiling.

6. Conclusion

In thispaper, weproposeanddesignanew kind of appli-
cationextendingtheWebparadigmto thedomainof direct
andproximatecommunications.Assumingthatapartof the
informationstoredon PDAs is freely accessible,we aim to
enablespontaneousexchangesof relevant Web pagesbe-
tweenmobileusers.

In order to achieve this goal, we designan algorithm
automaticallyproviding users’ profile (using their public
database)whichcanbeusedto index thepublicdocuments.
We alsoproposetwo protocolsenablingspontaneousinter-
estinginformationdiscovery.

Althoughwe believe our approachis promising,we are
awareof somecurrentlimitations of our work. Indeed,it
is actuallybasedon theuseof acommonontologybetween
all theusers.Suchan assumptionrestrictsthediffusionof
oursystemto confinedcommunities.

Thiswork is partof a largerstudy, theSIS(Spontaneous
InformationSystem) project[2], within which otheraspect-
s of proximateinteractions(suchascommunicationissues
[10]) areconsidered.
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