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Abstract. Thispapergivesabrief overview abouttheAI methodsandtechniques
wehavedevelopedfor buildingubiquitouswebinformationsystems.Thesemeth-
odsfrom areasof machine learning, logic programming, knowledge representa-
tion andmulti-agentsystemsarediscussedin thecontext of our prototypicalin-
formationsystemMIA. MIA is a web informationsystemfor mobileusers,who
areequippedwith a PDA (PalmPilot), acellular phoneanda GPSdevice or cel-
lular WAP phone. It capturesthemain issuesof ubiquitouscomputing:location
awareness, anytimeinformationaccessandPDA technology.

1 Intr oduction
Nowadays,the biggestbut alsothe mostchaoticandunstructuredsourceof informa-
tion is the World-Wide-Web. Making this immenseamountof information available
for ubiquitouscomputingin daily life is a greatchallenge.Besideshardware issues
for wirelessubiquitouscomputing,that still are to be solved (wirelesscommunica-
tion, blue-toothtechnologies,wearablecomputingunits, integrationof GPS,PDA and
telecommunicationdevices)onemajorproblemis thatof intelligentinformationextrac-
tion from theWWW. Insteadof overwhelmingthemobileuserwith documentsfound
on the web, we want to offer her the shortprecisepieceof informationsheis really
interestedin. For example,if sheis on the road,looking for a restaurant,a good in-
formationsystemwill presentthe addressesof the nearbyrestaurantsretrievedonline
from the web that matchher preferredcuisine.Certainconditionsmusthold for such
a system:it must be aware of the userlocation, it hasto reactdirectly to the user’s
requests,it shouldpresentinformationfoundsofar whenever theuserasksfor it. Fur-
thermorethe informationshouldbe extractedonline from the web without requiring
specialpreparedwebpages(likepageswith specialtaggingor additionalservices).For
thesetasks,we have developedmethodsfrom variousartifical intelligent (AI) areas,
like machine learning, logic programming, knowledge representationandmulti-agent
systems.

Thispaperwewill giveabrief overview aboutAI methodsandtechniquesfor build-
ing ubiquitouswebinformationsystems.Prototypicallywe have testedthesemethods
in our systemMIA-TheMobile InformationAgent. Themainintentionof this paperis:
1) to show thatit is alreadypossibleto implementubiquitouswebinformationsystems.
2) thatAI techniquesareverysuitableto solve theemergingproblems.

2 The MIA System
MIA is a multi-agent[15] basedinformationsystemfocusingon the retrieval of short
andprecisefactsfrom the web, at anytime with fast query responsetimes. It moni-
tors the positionof the mobile usersandautonomouslyupdatesthe subjectof search



whenever necessary. Changesmayoccurwhenthe usertravels to a differentlocation,
or whenshechangeshersearchinterests.This sectionis organizedasfollows:Section
2.1describesbriefly thethreebasiccomponentsof MIA. A moredetailedintroduction
to the AI methodsusedin the spideragentis given in Section2.2. We concludethis
sectionwith anexampleMIA session.

2.1 Ar chitecture
TheMIA systemis separatedinto threebasiccomponents(Figure1) whichare:Mobile
Agents, ServerandMulti-AgentSystem.

The Mobile Agent: A mobilecomputingde-
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vice, the useris equippedwith, that allows
to estimateits geographicalposition and to
communicatewirelesslywith aserverlocated
ontheinternet.CurrentlyweuseaPDA, GPS-
receiver andmobilephone.We aredevelop-
ing a mobile agentthat usesonly a mobile
phonewith WAP support.Sofar, thesystem
knowstwo waysto gettheinformationabout
the currentposition of the user:It can read
outaGPS-device,or theusercanaddherpo-
sition manually. Although we want to have
anautomatedwayto getthegeographicalpo-
sition of the user, usingGPShassomeseri-
ous shortcomings:The GPSdoesnot work
within closedrooms,andit doesnotwork too
well in placeswith lots of buildingsaround.
This is especiallyinconvenientbecausethe

userwill be mainly interestedin usingthe systemin populatedareaslike innercities,
wherewehaveonly badperceptionof GPSsignals.Thereis anelegantwayto overcome
thisproblem.Themobilephoneknowsaboutthe“cell“ it is currentlyconnectedto. We
aregoingto usethis informationto determinethepositionof theuser(Section4).

CurrentlytheMIA prototypeworkswith GPSsupportandmanuallygivenposition
information.Thegeographicalcoordinationsdeliveredby theGPSdeviceareresolved
by the localizationagent.Thisagentalsokeepstrackof the userandestimatesnearby
cities.
The Server: The gateway to the coreof the multi-agentbasedretrieval system.The
HTTPprotocolis usedto communicateHTML andWMLpageswith themobileagents.
The Agents: The core of the information system.It consistsof several interacting
agents.Thecurrentprototypeworkswith threedifferentagenttypes:useragent (user
modelingandmonitoring),localizationagentandspideragent (intelligentwebsearch
andretrieval).

To find information relevant at the currentgeographicalposition in regardto the
interestsof theuserwe have to distinguishbetweentwo differenttypesof information
wehaveto searchthewebfor: theTopicandtheExtract. TheTopicsarewebpagescon-
taining informationrelatedto theuser’s interestsandcurrentcity (e.g.Chineserestau-
rantsin Heidelberg). The Extract is informationaboutthe topic itself, e.g.addresses,



time-tablesor descriptions.Descriptionsabouttopicsandassociatedextractshaveto be
presentin eachuser-model,theprofile.

Many web sitesarestructuredhierarchi-

Fig.2. ProfileConfiguration

cally, from thegenericto thespecific.MIA’s
methodto defineuserprofilescapturesthese
hierarchicalstructures.Thesestructuresplay
an importantrole in thespideralgorithm,as
wewill seein Section2.2.Wemodelthetopic
by constrainedkeywordlists.Thatis, givena
keyword, a set of constraintoperatorsonly,
not, oneof, andfurtherconstraintkeywords,
wedefinetopicslike:restaurantonlychinese.
Theextractcanbechosenfrom a predefined
setdueto theinformationextractioncapabil-
ities. Currentlythe MIA prototypesupportsthe only operatorandthe addressextract.
MIA allowsauserto haveseveralpersonalizedprofiles,whereeachprofilemayconsist
of severaltopics.Figure2.1showsoneprofile titled trip consistingof fivetopicswhere
eachtopic is assignedtheextractaddress. Furthermoretheusercanchangeherprofile
whenevershewantsto, evenduringinformationretrieval.Theuseragentis responsible
for propagatingchangesin thecurrentuserprofile to all agents.

2.2 AI Methods for Intelligent Web Inf ormation Retrieval
This sectiongivesan overview aboutthe artificial intelligencebasedtechniquesused
by thespideragent to find, classifyandextractinformationfrom theweb.

Spidering Thefirst stepof theinformationretrieval processis to find webpagescon-
taining information abouta specialtopic (Section2). In contrastto existing search
engines,our approachsearchesfor relevant web pagesonline. Thuswe call this ap-
proachspidering, insteadof indexing webdocumentsdueto estimatedword frequen-
ciesandbuilding indexed databases.We determinethe relevancy of a web document
by its context, givenby its relationto otherpages.Our approachis asfollows: We in-
terpretthe WWW asa directedgraphwhereweb pagesarenodesandhyperlinksare
verticeslabeledwith a URL andan associatedtext. Assumewe aregiven somekey-
wordsandsomestartpages(entrypoints).We saythatwe have founda relevantweb
pagepx dueto thekeywordsif, startingat oneof thestartpagesp0 we canfind a path
P ��� p0 � l1 � p1 � l2 �������	� lx � px 
 with nodespi andverticesl i labeledwith theURL andas-
sociatedtext, suchthat:1) every vertex labelof this pathcontainsat leastonekeyword
2) every keywordmustat leastoccuroncein oneof theverticeslabels.This basicidea
canbeimprovedasfollows: If we aresearchingfor asitecontaininginformationabout
Chineserestaurantsin Heidelberg, andwe follow a pathwherel1 (the labelof thefirst
edgein this path)contains“heidelberg”, l2 to l10 contain“restaurant”andl11 contains
“chinese”,this lastlink is veryunlikely to havestill somethingto dowith “heidelberg”,
although“heidelberg” occurredsomewhereon this path.Thereforewe introducea pa-
rameterMKD the“maximumkeyworddistance”definingacontext radiusfor thegiven
keywords.In a similar way, we cut off the searchpathsif we departtoo far from the
lastoccurrenceof akeyword: If akeywordhasnotoccurredin thelastKN labelsin our
path,we will not follow this pathany further. ThisparameterKN is calledthe“kickout



number”.Hencewe candefineour approachasfollows: GivenM a setof entrypoints
andK a setof keywords.Startingwith a p0 � M we returna link lx if f thereexists a
cycle free pathP ��� p0 � l1 � p1 � l2 �������	� lx � px 
 with nodespi (web pages)andverticesl j

(hyperlinksconnectingthepages)suchthat:

– 
 l j : 1 � j � x � wm � K : wm is containedin thelabelof l j

– 
 wm � K � l j : x � MKD � j � x : wm is containedin thelabelof l j

– 
 wm � K 
 lk : KN � k � x � l j : k � KN � j � k : wm is containedin the label
of l j

Wecanfind suchpathswith amodifiedbestfirstsearch strategy by usingthementioned
keyword distanceas the parameterfor a cost function similar to standardinformed
searchalgorithms[11]. We look at the accordingpathsof eachlink to decidewhich
link of a setof links is theonenearestto a possiblegoalandchosethelink whosepath
hastheminimalkeyworddistance.

Example:A spideragentssearcheswith the two keywords“restaurant”and“chi-
nese”andhastwo links l1 � i and l2 � j it would follow next. Looking at the pathsP1 �
� p1 � 0 � l1 � 1 ��������� l1 � i 
 andP2 ��� p2 � 0 � l2 � 1 ��������� l2 � j 
 it seesthat“restaurant”occurredlasttime
in l1 � i � 1 andl2 � j � 1, whereas“chinese”wasin l1 � i � 2 andl2 � j � 3. The“keyworddistances”
to thefirst link arelessandtheagentwill preferto follow l1 � i next.

Web PageClassification Adding a text classificationcomponentimprovesboth the
effectivenessandthe efficiency of the system.About 96% of the web pagesprovided
by our spideralgorithmdo not containaddresses.If we canfilter out (partsof) these
irrelevant web pages,we can increasethe speedof the systemsignificantly. The ef-
ficiency is improved,becausethe informationextractioncomponentgetssomemore
informationwhich it canfacilitatein its taskto extractinformationfrom awebpage.So
far, our informationextractionagentcanextractaddressesfrom awebpage.For this, it
hasa varietyof methodsavailable.Somemethodsarerather“strict” (extractionsome-
timesfails,althoughaddressinformationis available),somearerather“loose” (wrong
positiveson pagesthatdonotcontainaddresses).With theadditionalinformationfrom
theclassifier, the informationextractioncomponentcanmake a betterdecisionwhich
methodto use.If theclassifiergivesa high confidencein thequality of thewebpage,
the informationextractionagentwill alsotry “loose” methodswhenthe“strict” meth-
odsfail. If it is not likely thatawebpagecontainsaddresses,theinformationextraction
agentwill notuse“loose” methodsbut simply abandonthepage.

We useArtificial NeuralNetworksfor text classification.Thenetwork architecture
we have chosenis a fully connectedback-propagationfeed-forwardnetwork [12] with
100input nodes,50 hiddennodes,and2 outputnodes.We mapthewebpagesontothe
inputnodesin thefollowingway:With eachof aselectionof 100words,aninputnodeis
associated.If awebpagecontainsoneof thesewords,thecorrespondinginputnodehas
1-activation;otherwise,it has0-activation.Theoutputnodesrepresenttheclassification
“web pagecontainsan address”and“web pagedoesnot containan address”.In the
training phase,the appropriateoutput nodeis set to 1, and the other output nodeis
set to 0. In the recognitionphase,the documentis put in the classwhoseassociated
outputnodehasthehigheractivation.Theneuralnetwork is trainedoffline on3000pre-
classifiedpages.Thesepagesareauthenticwebpagesgatheredby thespideralgorithm.



The network hasbeentraineduntil the error did no longerdeclineon an independent
setof another3000pre-classifiedpages.After thetraining,98%of thepagesfrom the
training setareclassifiedcorrectly. This excellentclassificationresult is partly dueto
the distribution of web pages:About 95% of the web pagesthat aregatheredby the
spideragentdo not containaddresses.On the positive examples,the onethat contain
addresses,wegeta recognitionrateof about60%.

The100wordsthatareusedto givearepresentationof awebpagehavebeenchosen
by selectingthose100wordsfrom all thewordsappearingin thewebpagesfrom the
training setwhich containthe most information[2], i.e. the words that allow bestto
distinguishbetweenpagesthatcontainaddress,andpagesthatdonotcontainaddresses.

Machine Learning for Inf ormation Extraction To extract information from web
pagesit is eithernecessaryto understandthedocument,whichwould involvesemantic
text analyzationtechniques,or to find relevantinformationby recognizingits underly-
ing syntacticalrepresentation.Becauselinguisticallymotivatedattemptscontainingse-
manticalandsyntacticalparsingfail on webdocuments(HTML documents),it makes
moresenseto usethespecialtext formattingandannotatingstrings(tags) of thesedoc-
umentsto recognizeandextractrelevantinformation.

We usethesyntaxbasedapproachof automaticallylearningextractionprocedures
(wrappers[16]) describedin [5, 13,14]. Similar approachesusing machinelearning
techniquesfor the automaticwrapperconstructionare describedin [1,4,7]. To ex-
tract information,we can assumespecialtext partsto be delimitersmarking the be-
ginning andthe endof the relevant informationto be extracted.Thusthe key ideaof
our learningalgorithmis: Givenasetof exampleextractionsfor a webpage,e.g.some
addressesfrom a setof addresseslisted on the page,we collect the surroundingtext
parts(anchors) of eachcomponentof theexampleaddress(name,street,telefon,. . . )
and learna generalpatternfor eachof theseanchors. Combiningtheselearnedpat-
ternswith someadditionalconstraintsresultsin a learnedwrapperfor the intended
informationextractiontask.We canillustratethegeneralideaof learningwrappersfor
IE as follows: If a userreadsa web pagecontaininga list of addresses,shemight
think of a relation like: address� Name� Street � Telef on
 . The instancesof this rela-
tion are the information that can be found in the list shown on the particular web
page(e.g.address� Asia� Haspelgasse2 � 29713
 ). Now we ask the userto determine
someinstances(text tuples)of this particularrelation,which arecontainedin the list
(e.g.� “Asia”,“Haspelgasse2”,“29713” � )). Theseinstanceswill beour positive setof
examplesE � . The learningtask is to find a definition for the relation addresssuch
that all examplesfrom E � andall other listed addressesare instancesof the relation
address. Thismeanswehaveto learnanextractionprocedurethatis ableto extractthe
instancesin E � andremaininginstancespresentedon thepage.Thereforewe usegen-
eralizationtechniquesbasedon Anti-Unification [10,6] in combinationwith methods
adoptedfrom theareaof inductivelogic programming[9]. For furtherdetailsthereader
is referredto [13,5].

Themajorproblemweareconfrontedwith in thecontext of MIA is thelackof avail-
ableexamples.Becausethe classifierprovidesunknown webpagesto thesystem,we
cannotdetermineany examples,whichareneededfor learning.To overcomethisprob-
lemwedevelopedalearningalgorithmthatderivesits examplesby meansof knowledge



representation(KR) techniques.That is, we modelour structural(syntactical)knowl-
edgeaboutaddresseswith a logical KR languageandareableto querythis knowledge
baseto deriveexamplesthatcanbeusedasinput to amodifiedlearner. Thisallowsusto
learnwrappersevenfor unknown pages.We call this approachlearningfrommetaex-
amples. For theautomaticconstructionof addresswrappers,this techniqueshowsvery
promisingresults.

2.3 ExampleMIA Session

Let usdemonstratethegeneralbehavior andfunctionalityof MIA by a smallexample.
Imagineyou plan to take a trip, but you arestill a bit unsureaboutthe citiesyou will
visit. During a journey you are interestedin addressesof hotels,restaurantsoffering
Chineecuisine,cultural institutionslike theaters,cinemasandpubs.Athomeyou tell
MIA your interestsvia its standardwebbrowserinterface(Figure2.1),or with theweb
browserinstalledon yourPDA.

Startingyour journey, you selectthe mia application

Fig.3. PDA Results

storedonthePDA andyouactivateyourprofile.Fromnow
onyourmobiledeviceswill contacttheMIA servervia the
cellular phoneanda dial-up internetconnectionandwill
transmityourcurrentgeographicalposition.Thishappens
in preselectedtime intervals without any further userin-
teraction.Onceyou initiated your profile and the server
retrievesthefirst positionupdates,it tells thematchmaker
aboutthe requestsentby the mobile user. The extended
matchmaker decidesto initiate a useragentand several
spideragentsto fulfill your request.If therearealready
agentsactive for you, it informs your useragentto keep
trackof changesof your locationor of your searchinter-
ests.Although searchinterestsare usually definedbefore the trip, they can also be
changed“on theroad”. Whenever you move your new locationis reportedto theuser
agent,who will communicatewith the localizationagent.The localizationagentre-
solvesthegeographicalcoordinatesto thenameof thenearestcity. Now theuseragent
will inform theactivespideragentsabouttheperceivedchanges.Thespideragentswill
startto look for webpagesaboutyour topicsof interestin yourcurrentcity.

After awhile youdrivethroughaverynicetown. Youdecideto stayfor sometime.
So it is time to askMIA what it hasfound for you. All you have to do is: take your
PDA, selectyour mia applicationandclick on the button get results(Figure3). The
useragentis queriedfor theinformationit hasfoundsofar. It will askall activespider
agentsfor their results.Becauseeveryagentconstantlylistensif arequestis sentto it, it
immediatelypausesits taskandtriesto answertheincomingrequest.Theresultsfound
sofararereturneddirectly to theuseragentandfinally to themobileuser’sPDA.

3 Logic Programming BasedAgent Technology
Onekey issueof MIA’s architectureis to uselogic asprogramminglanguage[8] for
agentsandasagentcommunicationlanguage.This techniqueallows agentsto control
andqueryotheragentsin a flexible andverydynamicway.



The initialization andassignmentof agentsis handledby the matchmaker. This is
a specialagentwhosejob is to matchinformationsearchingandinformationproviding
agents.Thusit keepstrack what agentsareactive, for which userandwhat their task
is. Weuseanextendedmatchmakerconceptthatcheckswith simplesubsumptiontech-
niquesif incomingrequestscanbesplittedandhandledby alreadyactive agents.This
techniqueis mainlyusedfor thespideragents.It preventsthesystemfrom having more
thanoneagentsearchingfor thesametopic.

The functionality (basictask) of eachagent

UserID: 123

Mobile Agent
Matchmaker

User Agent

...

Spider Agent

... logic programm ...

knowledge(user(123)).
knowledge(profile(trip)).
knowledge(loc(heidelberg)).
status(active).

retrieve(Info) :- 
knowledge(user(ID)))

...

knowledge(user(123)).
knowledge(profile(trip)).
knowledge(loc(heidelberg)).

knowledge(result([’Asia’,’Haspelgasse 2’,’29713’])).

status(searching).
task(find(’Restaurant’,’Chinesisch’,addresses)).

ask(spider,ID,knowledge(result(Info))).

retrieve(I)

I \ [’Asia’,’Haspelgasse 2’,’29713’]

I \ [’Asia’,’Haspelgasse 2’,’29713’]

retrieve(I)

knowledge(result(I))

lookup
spider
agent

Fig.4. AgentCommunication

is describedby a logic program.For example,
oneof theseprogramsdescribehow to searchthe
web. Theknowledgeacquiredby theagentisadd-
ed to its uniform knowledgebase,the interface
base. The interfacebaseprovidesa commonin-
formation exchangelevel for different types of
agents.This is useful,becausethe agentsdo not
necessarilyknow which rule of theotheragent’s
programcanbeactivated.

Whenever an agentreceives a requestfrom
anotheragent,its actualbasictask(proof) is in-
terruptedand the incoming query is processed.
Potentially, every rule of theagentsprogramcan
now befired by this query, but thecommonway
is to define someuniform predicates(interface
base)likeknowledge, status, task, whichdescribe
the inner stateof the agent,and informationac-
quired. If an agenttrustsa specialagent,it can
tell him which otherservices(rulesof its built-
in logic program)it canusein laterqueries.An-
otherinterestingpoint is to allow anagentto add
knowledgein formof rulestoanotheragentslogic

program.

Eachagenthasa fixed set of communicationrules which are similar to KQML
[3], for exampleask(AgentType, UserID, Query), command(AgentType, UserID,Com-
mand), assert(AgentType, UserID, Info), etc. Executingsuchan communicationrule
resultsin consultingthematchmaker if anagentof typeAgentTypeis active for a user
UserID. If this is thecase,theagentwill communicatedirectlywith theactiveagent.If
not, thematchmaker will initiate anappropriateagent,andthecalling agentwill send
initial commandsto theinitiatedagent.

Onemajoradvantageof usinginterruptablelogic programmingbasedagentsis the
possibility to provide anytimeinformationaccess.That is, whenever an agentist still
working, but alreadyfoundsomeinformation,we do not have to wait until it hascom-
pletedits task. Instead,we areable to interrupt its basictaskandquery its interface
baseto retrieve theresultsfoundsofar. Afterwards,we sendhim backto work. This is
essentialfor a mobile informationsystem,namelyto provide the useranytime andas
fastaspossiblewith new information.Example(Figure4): Theuser123sendsan in-



formationretrieve requestto theMIA system.This queryis sendfrom thematchmaker
to the useragentUA for user123. Becauseevery incoming requestis interpretedas
an proof obligation,the UA’s rule: retrieve(I) :- knowledge(user(ID)),ask(spider, ID,
knowledge( result(I)))will beusedto proof thequeryretrieve(I). Applying this rule re-
sultsin executingthecommunicationruleask(spider, 123,knowledge(result(I)))which
resultsin askingthe matchmaker for active agentsof type spiderfor user123. In our
smallexample,we assumethatthereis a spideragentactive for theuser123searching
for addressesof Chineerestaurantsin Heidelberg, andthat its interfacebaseconsists
of oneaddressfound so far: knowledge(result( [‘Asia‘, ‘Haspelgasse2‘, ‘29713‘])) .
Thusthequeryknowledge( result(I))sentto it resultsin thecomputedanswer:knowl-
edge(result([‘Asia‘, ‘Haspelgasse2‘, ‘29713‘])) . Finally theUA hasfulfilled its proof
obligationandsendstheanswerretrieve([‘Asia‘, ‘Haspelgasse2‘, ‘29713‘]) to themo-
bile agent.

4 Conclusion& Future Work
We showed in brief detail (Section2.2) how threemajor AI disciplines,namelylogic
programming, machine learning and multi-agent systemscan be combinedto build
ubiquitousinformation systems.A generalagentarchitecturebasedon interruptable
logic programmingtechniquesto implementanytimeinfo accesshasbeenpresentedin
Section3. We gave a shortintroductionhow to useexisting hardware,namelya Palm
Pilot, a GPSsystemanda cellularphoneto build anmobilecomputingunit providing
locationawareness,anytime informationaccessandwirelesscommunication.We also
pointedouttheproblemsconcerningtheGPSpositionestimationandtheinconvenience
of theprototypicalsetupconsistingof threeseparateddevices.Theseleadsto our future
plans(Section4.1).

Oneimportantpoint to emphasizeis the capabilityof MIA to retrieve information
from unmodifiedwebpages.We arenot limited to specialsearchdomains,andwe can
usethewholewebasinformationdatabase.Sooursystemprovidesaccessto uptodate
online information.Thoughwe describean ubiquitoussystemhere,MIA canalsobe
usedasancity informationsystemfor thestationaryuserwith aPCathome.

4.1 Futur eWork
Currently we extend the pure keyword basedweb searchalgorithm (Section2.2 by
deductivereasoningprocessesthatderiverelatedtermsof akeyword from anontology.
Constraintkeyword lists in combinationwith deductive ontology basesallows us to
enrichthe retrieval processwith domainspecificknowledge.A topic like restaurants
notchinesecanthenbedeductivelyresolvedtoquerieslikerestaurantsfrenchor italian.

Sofar, we have only usedoffline trainingfor webpageclassification(Section2.2).
In thefuture,wewill alsotrain thenetworksonline,creatingtruly adaptingagents. For
onlinetraining,thefeedbackof theextractionagent is usedto adaptthenetwork. The
webpage,togetherwith theresultfrom theextractionagent,is usedasa new teaching
inputpatternfor theneuralnetwork.

We have startedto work on anelegantway to overcometheproblemsrelatedwith
a GPSbasedlocalization(Section2.1).Thecellularphoneprovidesinformationabout
thecell it is connectedto. A cell is theareaservedby oneof thefixedbasisstationsof
the telephonenetwork. But usingthe informationaboutthe basisstationthe phoneis



connectedto, anda databaseaboutthe geographicalpositionof thebasisstations,we
candeterminethepositionof theuserfairly accurately. By this method,we do not get
thehigh resolutionof GPS(about5 meters),but this doesnot really harmthesystem,
becausewe can not usethe high resolutionof GPSanyway, sincethe resolutionof
reasonablypricedmapsis significantlylower thantheresolutionof GPS.

At themomentwe areswitchingfrom HTML to XML. This will allow usnot only
to serve HTML pages,but alsopagesin other formats.Most importantly, we will be
ableto servepagesin WML, thestandarddocumentformatfor WAP-devices.
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