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Abstract. Thispapergivesabrief overviev abouthe Al methodsindtechniques
we have developedfor building ubiquitouswebinformationsystemsThesemeth-
odsfrom areasof madine learning logic programming knowledg representa-
tion and multi-agent systemsre discussedn the context of our prototypicalin-
formationsystemMIA. MIA is a webinformationsystemfor mobile userswho
areequippedwith a PDA (Palm Pilot), a cellular phoneanda GPSdevice or cel-
lular WAP phone It captureshe mainissuesof ubiquitouscomputing:location
awarenessanytimeinformationaccessandPDA technolagy.

1 Intr oduction
Nowadays the biggestbut alsothe mostchaoticand unstructuredsourceof informa-
tion is the World-Wide-Weh 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-toothtechnologiesywearablecomputingunits, integrationof GPS,PDA and
telecommunicatiodevices)onemajorproblemis thatof intelligentinformationextrac-
tion from the WWW. Insteadof overwhelmingthe mobile userwith documentgound
on the web, we want to offer her the shortprecisepieceof informationsheis really
interestedn. For example,if sheis on the road,looking for a restauranta goodin-
formationsystemwill presenthe addressesf the nearbyrestaurantsetrieved online
from the web that matchher preferredcuisine.Certainconditionsmusthold for such
a system:it mustbe aware of the userlocation, it hasto reactdirectly to the users
requestsit shouldpreseninformationfound sofar wheneerthe userasksfor it. Fur
thermorethe information should be extractedonline from the web without requiring
specialpreparedvebpageqlik e pageswith specialtaggingor additionalservices)For
thesetasks,we have developedmethodsfrom variousartifical intelligent (Al) areas,
like madine learning, logic programming knowled@ representatiorand multi-agent
systems

Thispapemwewill giveabrief overview aboutAl methodsandtechniquesor build-
ing ubiquitousweb informationsystemsPrototypicallywe have testedthesemethods
in our systemMIA-TheMobile InformationAgent The mainintentionof this paperis:
1) to show thatit is alreadypossibleto implementubiquitouswebinformationsystems.
2) thatAl techniquesrevery suitableto solve theemenging problems.

2 TheMIA System

MIA is a multi-agent[15] basednformationsystemfocusingon the retrieval of short
and precisefactsfrom the web, at anytime with fastqueryresponsdimes. It moni-
tors the position of the mobile usersand autonomouslyupdateshe subjectof search



wheneer necessaryChangesnay occurwhenthe usertravelsto a differentlocation,
or whenshechangeshersearchinterestsThis sectionis organizedasfollows: Section
2.1describedriefly thethreebasiccomponent®f MIA. A moredetailedintroduction
to the Al methodsusedin the spideragentis givenin Section2.2. We concludethis
sectionwith anexampleMIA session.

2.1 Architecture
TheMIA systemis separatedhto threebasiccomponentgFigure1) which are:Mobile
Agents ServerandMulti-AgentSystem
The Mobile Agent: A mobilecomputingde-
vice, the useris equippedwith, that allows
to estimateits geographicaposition andto
communicatavirelesslywith asenerlocated
ontheinternet.CurrentlyweuseaPDA, GPS-
***************************** ! recevver andmobile phone.We aredevelop-
? fffffffffffffff | ing a mobile agentthat usesonly a mobile
phonewith WAP support.Sofar, the system
knowstwo waysto gettheinformationabout
the currentposition of the user:It canread
outaGPS-deice, or theusercanaddherpo-
sition manually Although we wantto have
anautomatedvayto getthegeographicabo-
sition of the user using GPShassomeseri-
ous shortcomingsThe GPSdoesnot work
within closedrooms,andit doesnotwork too
Fig. 1. systemarchitecture well in placeswith lots of buildings around.
This is especiallyincorvenientbecausehe
userwill be mainly interestedn usingthe systemin populatedareadike inner cities,
wherewe have only badperceptiorof GPSsignals.Thereis anelegantwayto overcome
this problem.The mobile phoneknows aboutthe“cell* it is currentlyconnectedo. We
aregoingto usethis informationto determinethe positionof the user(Section4).

Currentlythe MIA prototypeworkswith GPSsupportandmanuallygiven position

information. The geographicatoordinationgleliveredby the GPSdevice areresohed
by the localizationagent. Thisagentalsokeepstrack of the userand estimatesiearby
cities.
The Serwer: The gatavay to the core of the multi-agentbasedretrieval system.The
HTTP protocolis usedto communicateHTML andWML pageswith themobileagents.
The Agents The core of the information system.It consistsof several interacting
agents.The currentprototypeworks with threedifferentagenttypes:useragent (user
modelingandmonitoring),localizationagentandspideragent (intelligentweb search
andretrieval).

To find information relevant at the currentgeographicapositionin regardto the
interestsf the userwe have to distinguishbetweertwo differenttypesof information
we haveto searchthewebfor: the Topic andthe Extract The Topicsarewebpageson-
taining informationrelatedto the users interestsandcurrentcity (e.g.Chineserestau-
rantsin Heidelbeg). The Extract is informationaboutthe topic itself, e.g.addresses,
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Agents

< - Init / request agent
<+—» Communicate



time-tablesor descriptionsDescriptionsabouttopicsandassociate@xtractshaveto be
presenin eachusermodel,the profile.
Many web sitesare structurechierarchi-
cally, from the genericto the specific.MIA’s
i . Benno, below I have listed all your defined search profiles.
methodto defineuserprofilescaptureghese

hierarchicaktructuresThesestructureplay

number of profiles: 1
active profile: trip

. . . . tri
animportantrole in the spideralgorithm,as I [T e e G
wewill seein Section2.2.We modelthetopic e B e
by constrainedeyword lists. Thatis, givena Kol — ot e o]

Rneipe only faddress]

keyword, a setof constraintoperatorsonly,
not, oneof, andfurther constraintkeywords,
wedefinetopicslik e:restauantonly chinese
The extractcanbe choserfrom a predefined
setdueto theinformationextractioncapabil-
ities. Currentlythe MIA prototypesupportsthe only operatorandthe addressextract.
MIA allows a userto have severalpersonalizegrofiles,whereeachprofile may consist
of severaltopics.Figure2.1 shavs oneprofile titled trip consistingof five topicswhere
eachtopicis assignedhe extractaddress Furthermorghe usercanchangeher profile
whene&er shewantsto, evenduringinformationretrieval. The useragentis responsible
for propagatinghangesn the currentuserprofile to all agents.

[MIA-Home] [Profile] [Monitor Agents] [Stop Agents] [Query Agents

Fig. 2. Profile Configuration

2.2 Al Methodsfor Intelligent Web Information Retrieval
This sectiongivesan overview aboutthe artificial intelligencebasedtechniquesised
by the spideragentto find, classifyandextractinformationfrom theweh

Spidering Thefirst stepof theinformationretrieval processs to find web pagescon-
taining information abouta specialtopic (Section2). In contrastto existing search
engines,our approachsearchegor relevant web pagesonline. Thuswe call this ap-
proachspidering insteadof indexing web documentglueto estimatedwvord frequen-
ciesandbuilding indexed databases/Ne determinethe relevang/ of a web document
by its contet, givenby its relationto otherpagesOur approachs asfollows: We in-
terpretthe WWW asa directedgraphwhereweb pagesare nodesand hyperlinksare
verticeslabeledwith a URL andan associatedext. Assumewe are given somekey-
wordsandsomestartpagegentry points). We saythat we have found a relevantweb
pagepx dueto the keywordsif, startingat oneof the startpagespp we canfind a path
P = (po,l1, p1,12,---,lx, Px) With nodesp; andverticesl; labeledwith the URL andas-
sociatedext, suchthat: 1) every vertex label of this pathcontainsat leastonekeyword
2) every keyword mustat leastoccuroncein oneof theverticeslabels.This basicidea
canbeimprovedasfollows: If we aresearchindor a site containinginformationabout
Chineserestaurantin Heidelbeg, andwe follow a pathwherel; (thelabelof thefirst
edgein this path)contains‘heidelbeg”, I, to 1o contain“restaurant”andl,1 contains
“chinese” thislastlink is very unlikely to have still somethingo do with “heidelben”,
although“heidelbeg” occurredsomavhereon this path. Thereforewe introducea pa-
rameteMMKD the“maximumkeyword distancedefininga context radiusfor thegiven
keywords.In a similar way, we cut off the searchpathsif we departtoo far from the
lastoccurrencef akeyword: If akeywordhasnotoccurredn thelastKN labelsin our
path,we will notfollow this pathary further. This parameteKN is calledthe “kick out



number”.Hencewe candefineour approachasfollows: GivenM a setof entry points
andK a setof keywords. Startingwith a po € M we returnalink Iy iff thereexistsa
cycle free pathP = (po,l1, p1,12,.--,lx, Px) With nodesp; (web pages)ndverticesl;
(hyperlinksconnectinghe pagesksuchthat:

- VIj:1<j<Xx wneK:wyiscontainedn thelabelof |

- YwWneK dlj:x—MKD < j < X: Wnis containedn thelabelof I

- Vwm€eK VIg:KN<k<x 3lj:k=KN < j<k: wyis containedn the label
0f|j

We canfind suchpathswith amodifiedbestfirstseach strateyy by usingthementioned
keyword distanceas the parameterfor a cost function similar to standardinformed
searchalgorithms[11]. We look at the accordingpathsof eachlink to decidewhich
link of asetof links is the onenearesto a possiblegoalandchosethelink whosepath
hasthe minimal keyword distance.

Example:A spideragentssearchesvith the two keywords “restaurant”and “chi-
nese”’andhastwo links I1j andlyj it would follow next. Looking at the pathsP;, =
(PL0,11,1,---,11) andP = (p2,0,12,1,. .., 2,j) it seeghat“restaurantoccurredasttime
inlyi—1 andlz j_1, whereaschinese"wasin I1j_» andlz j_3. The“keyword distances”
to thefirstlink arelessandtheagentwill preferto follow |1 next.

Web Page Classification Adding a text classificationcomponenimprovesboth the
effectivenessandthe efficiency of the system.About 96% of the web pagesprovided
by our spideralgorithmdo not containaddressedf we canfilter out (partsof) these
irrelevant web pages,we canincreasethe speedof the systemsignificantly The ef-
ficiengy is improved, becausehe information extraction componenigetssomemore
informationwhichit canfacilitatein its taskto extractinformationfrom awebpage.So
far, ourinformationextractionagentcanextractaddresseBom awebpage.For this, it
hasa variety of methodsavailable.Somemethodsarerather“strict” (extractionsome-
timesfails, althoughaddressnformationis available),somearerather“loose” (wrong
positveson pageghatdo not containaddresses)Vith the additionalinformationfrom
the classifier the information extractioncomponentanmake a betterdecisionwhich
methodto use.If the classifiergivesa high confidencen the quality of the web page,
the informationextractionagentwill alsotry “loose” methodswvhenthe “strict” meth-
odsfail. If it is notlik ely thatawebpagecontainsaddressegheinformationextraction
agentwill notuse“loose” methodsbut simply abandorthe page.

We useArtificial NeuralNetworksfor text classification.The network architecture
we have chosens afully connectedack-propagatiofeed-fornardnetwork [12] with
100inputnodes 50 hiddennodesand?2 outputnodesWe mapthewebpagesontothe
inputnodedn thefollowing way: With eachof aselectiorof 100words,aninputnodeis
associatedf awebpagecontainsoneof thesewords,thecorrespondingnputnodehas
1-actiation;otherwisejt has0O-activation. Theoutputnodesepresentheclassification
“web pagecontainsan address"and “web pagedoesnot containan address”In the
training phase the appropriateoutput nodeis setto 1, andthe other outputnodeis
setto 0. In the recognitionphase the documentis put in the classwhoseassociated
outputnodehasthehigheractivation. Theneuralnetwork is trainedoffline on 3000pre-
classifiedpagesThesepagesareauthentiovebpagegatheredy thespideralgorithm.



The network hasbeentraineduntil the error did no longerdeclineon anindependent
setof another3000pre-classifiegpagesAfter the training, 98% of the pagesrom the
training setareclassifiedcorrectly This excellentclassificationresultis partly dueto
the distribution of web pages:About 95% of the web pagesthat are gatheredby the
spideragentdo not containaddressesOn the positive examplesthe onethat contain
addresseaye getarecognitionrateof about60%.

Thel00wordsthatareusedto give arepresentationf awebpagehave beenchosen
by selectingthose100wordsfrom all the wordsappearingn the web pagesrom the
training setwhich containthe mostinformation[2], i.e. the wordsthat allow bestto
distinguishbetweerpagedhatcontainaddressandpagedhatdonotcontainaddresses.

Machine Learning for Information Extraction To extract informationfrom web
pagest is eithernecessaryo undestandthe documentwhich would involve semantic
text analyzatiortechniquesor to find relevantinformationby recognizingits underly-
ing syntacticakepresentatiorBecausdinguistically motivatedattemptscontainingse-
manticalandsyntacticalparsingfail on webdocumentgHTML documents)it makes
moresensdo usethe specialtext formattingandannotatingstrings(tags) of thesedoc-
umentsto recognizeandextractrelevantinformation.

We usethe syntaxbasedapproachof automaticallylearningextractionprocedures
(wrappers[16]) describedin [5,13,14]. Similar approachesising machinelearning
techniquesfor the automaticwrapperconstructionare describedin [1,4,7]. To ex-
tract information, we can assumespecialtext partsto be delimitersmarking the be-
ginning andthe end of the relevantinformationto be extracted.Thusthe key idea of
ourlearningalgorithmis: Givena setof exampleextractionsfor awebpage.e.g.some
addressefrom a setof addressetisted on the page,we collect the surroundingtext
parts(anchors) of eachcomponenbf the exampleaddresgname,street.telefon,...)
andlearn a generalpatternfor eachof theseandcors. Combiningtheselearnedpat-
ternswith someadditional constraintsresultsin a learnedwrapperfor the intended
informationextractiontask.We canillustratethe generaideaof learningwrapperdor
IE asfollows: If a userreadsa web pagecontaininga list of addressesshe might
think of a relation like: addres§Name Sred, Telefon). The instancesof this rela-
tion are the information that can be found in the list shavn on the particularweb
page(e.g.addresgAsia Haspelgasse2,29713). Now we askthe userto determine
someinstanceqtext tuples)of this particularrelation,which are containedin the list
(e.g<"Asia”,"Haspelgass@”,“29713">)). Theseinstancewill be our positive setof
examplesE™. The learningtaskis to find a definition for the relation addresssuch
that all examplesfrom E* andall otherlisted addresseare instancesof the relation
address This meanswve haveto learnanextractionprocedurehatis ableto extractthe
instancesn E* andremaininginstancegpresentean the page Thereforewe usegen-
eralizationtechniquedasedon Anti-Unification [10,6] in combinationwith methods
adoptedrom theareaof inductivelogic programmind?9]. For furtherdetailsthereader
is referredto [13,5].

Themajorproblemwe areconfrontedwith in thecontext of MIA is thelack of avail-
ableexamples.Becausedhe classifierprovidesunknavn web pagesto the systemwe
cannotdetermineary exampleswhich areneededor learning.To overcomethis prob-
lemwe developedalearningalgorithmthatderivesits examplesy meansf knowledg



representationN KR) techniquesThatis, we modelour structural(syntactical)knowl-

edgeaboutaddressewith alogical KR languageandareableto querythis knowledge
baseto derive exampleghatcanbeusedasinputto amodifiedlearner This allowsusto

learnwrappersevenfor unknonvn pagesWe call this approachearning from metaex-
amples For the automaticconstructiorof addressvrappersthis techniqueshowvs very
promisingresults.

2.3 Example MIA Session

Let usdemonstrat¢he generabehaior andfunctionality of MIA by a smallexample.
Imagineyou planto take a trip, but you arestill a bit unsureaboutthe cities you will
visit. During a journey you areinterestedn addressesf hotels,restauranteffering
Chineecuisine,cultural institutionslik e theaterscinemasand pubs.Athomeyou tell
MIA your interestsvia its standardveb browserinterface(Figure2.1), or with theweb
browserinstalledon your PDA.

Startingyour journey, you selectthe mia application
storedonthePDA andyou activateyour profile. Fromnow
onyourmobiledeviceswill contactheMIA senerviathe |[Fos 4225000 M 42000

Street:

cellular phoneanda dial-up internetconnectionrandwill  féity:  heideiberg
transmityour currentgeographicaposition. This happens Retion: w none

in preselectedime intervals without ary further userin-  [china-restaurant

teraction.Onceyou initiated your profile andthe serer  |iiataesiagzes el
retrievesthefirst positionupdatesit tellsthematchmalker |....... :

. Restaurant China - Town Hauptstr
aboutthe requestsentby the mobile user The extended |z7d.a1i7 Heideibera 062214
matchmaler decidesto initiate a useragentand several
spideragentsto fulfill your requestlIf thereare already
agentsactive for you, it informs your useragentto keep Fig. 3. PDA Results
track of changef your locationor of your searchinter-
ests.Although searchinterestsare usually definedbefore the trip, they can also be
changed'on the road”. Whene&/er you move your new locationis reportedto the user
agent,who will communicatewith the localizationagent.The localizationagentre-
solvesthe geographicatoordinateso the nameof the nearestity. Now theuseragent
will inform theactive spideragentsaaboutthe percevedchangesThespideragentswill
startto look for web pagesaboutyour topicsof interestin your currentcity.

After awhile you drive througha very nicetown. You decideto stayfor sometime.
Soit is time to askMIA whatit hasfound for you. All you have to do is: take your
PDA, selectyour mia applicationandclick on the button get results(Figure 3). The
useragents queriedfor theinformationit hasfound sofar. It will askall active spider
agentdor theirresults Becausevery agentconstantlylistensif arequesis senttoit, it
immediatelypausests taskandtriesto answettheincomingrequestTheresultsfound
sofararereturneddirectly to the useragentandfinally to the mobileusers PDA.

i

3 Logic Programming BasedAgent Technology

Onekey issueof MIA’s architectureis to uselogic asprogramminglanguag€g8] for
agentsandasagentcommunicatiorlanguageThis techniqueallows agentsto control
andqueryotheragentdn aflexible andvery dynamicway.



The initialization andassignmenof agentss handledby the matchmalker. This is
aspecialagentwhosejob is to matchinformationsearchingandinformationproviding
agents.Thusit keepstrack whatagentsareactive, for which userandwhat their task
is. We useanextendedmatchmaler concepthatcheckswith simplesubsumptioriech-
niquesif incomingrequestsanbe splittedandhandledby alreadyactive agentsThis
techniquds mainly usedfor the spideragentslt preventsthe systemfrom having more
thanoneagentsearchingor the sametopic.

The functionality (basictask) of eachagent
Mobile Agent retrieve(l)
UserID: 123

is describedby a logic program.For example,
oneof theseprogramsdescribehow to searcththe
. weh Theknowledgeacquiredoy theagents add-

I\ ['Asia’,'Haspelgasse 2','29713'] lookup . . .
e’ edto its uniform knowledge base the interface
base The interfacebaseprovidesa commonin-
formation exchangelevel for differenttypes of
agents.This is useful,becausehe agentsdo not

necessariknow which rule of the otheragents
programcanbe activated.

Whenever an agentreceves a requestfrom
anotheragent,its actualbasictask (proof) is in-
terruptedand the incoming query is processed.
Potentially every rule of the agentgprogramcan
now be fired by this query but the commonway
is to define someuniform predicateg(interface

Matchmaker

retrieve(

User Agent

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

retrieve(lnf{)')' -
knowledge(user(ID)))
ask(spider,ID,knowledge(result(Info))).

I\['Asia’,'Haspelgasse 2','29713']

knowledge(result(l))

Spider Agent

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

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

knowledge(result(['Asia’,'Haspelgasse 2','297137)).

... logic programm ...

base)ike knowledg, statustask whichdescribe
the inner stateof the agent,andinformationac-
quired. If anagenttrustsa specialagent,it can

tell him which other services(rules of its built-
in logic program)it canusein laterqueries.An-
otherinterestingpointis to allow anagentto add
knowledgin formofrulesto anotheragentdogic

Fig. 4. AgentCommunication

program.

Eachagenthasa fixed setof communicatiorrules which are similar to KQML
[3], for exampleask(AgntType UserlD, Query) command(AgntType UserlD, Com-
mand) assert(Agntlype UserlD, Info), etc. Executingsuchan communicatiorrule
resultsin consultingthe matchmaler if anagentof type AgentTypeis active for a user
UserlD. If thisis the casetheagentwill communicatairectly with theactive agent.If
not, the matchmaler will initiate an appropriateagent,andthe calling agentwill send
initial commandso theinitiatedagent.

Onemajoradwantageof usinginterruptabldogic programmingoasedagentds the
possibility to provide anytimeinformationaccessThatis, when&er an agentist still
working, but alreadyfound someinformation,we do not have to wait until it hascom-
pletedits task. Instead,we are ableto interruptits basictaskand queryits interface
baseto retrieve theresultsfound sofar. Afterwards,we sendhim backto work. Thisis
essentiafor a mobile informationsystemnamelyto provide the userarytime andas
fastaspossiblewith new information.Example(Figure4): The user123sendsanin-



formationretrieve requesto the MIA system.This queryis sendfrom the matchmaler
to the useragentUA for user123 Becauseevery incomingrequestis interpretedas
an proof obligation,the UA's rule: retrieve(l) :- knowledg(user(ID)),ask(spiderID,
knowledg(result(l)))will beusedto proofthequeryretrieve(l). Applying thisrule re-
sultsin executingthe communicationule ask(spiderl23,knowledg(result(l)))which
resultsin askingthe matchmaler for active agentsof type spiderfor user123. In our
smallexample,we assumehatthereis a spideragentactive for the user123searching
for addressesf Chineerestaurant$n Heidelbeg, andthatits interfacebaseconsists
of one addressound so far: knowledg(result(['Asia‘, ‘Haspelgasse?’, ‘29713Y)).
Thusthe queryknowledg( result(l)) sentto it resultsin the computedanswerknowl-
edee(result([‘Asia’, ‘Haspelgasse’, ‘29713')). Finally the UA hasfulfilled its proof
obligationandsendgheanswerretrieve(['Asia’, ‘Haspelgass’, ‘29713']) to themo-
bile agent.

4 Conclusion& Future Work

We shawvedin brief detail (Section2.2) how threemajor Al disciplines,namelylogic
programming madine learning and multi-agent systemscan be combinedto build
ubiquitousinformation systems A generalagentarchitecturebasedon interruptable
logic programmingechniguego implementanytimeinfo acceshiasbeenpresentedn
Section3. We gave a shortintroductionhow to useexisting hardware,namelya Palm
Pilot, a GPSsystemanda cellular phoneto build an mobile computingunit providing
locationawarenessarnytime informationaccessandwirelesscommunication\We also
pointedouttheproblemsconcerninghe GPSpositionestimatiorandtheincornvenience
of theprototypicalsetupconsistingof threeseparatedevices.Thesdeadsto our future
plans(Section4.1).

Oneimportantpoint to emphasizas the capabilityof MIA to retrieve information
from unmodifiedweb pagesWe arenot limited to specialsearchrdomainsandwe can
usethewholewebasinformationdatabaseSo our systemprovidesaccesdo uptodate
online information. Thoughwe describean ubiquitoussystemhere,MIA canalsobe
usedasancity informationsystemfor the stationaryuserwith aPCathome.

4.1 Future Work
Currently we extend the pure keyword basedweb searchalgorithm (Section2.2 by
deductvereasoningrocessethatderive relatedtermsof a keyword from anontology
Constraintkeyword lists in combinationwith deductive ontology basesallows us to
enrichthe retrieval processwith domainspecificknowledge.A topic like restauants
notchinesecanthenbedeductvely resolhedto queriedik erestauantsfrend or italian.

Sofar, we have only usedoffline training for web pageclassificationSection2.2).
In thefuture,we will alsotrainthenetworksonline,creatingtruly adaptingagents For
onlinetraining, the feedbackof the extraction agentis usedto adaptthe network. The
web page togethemwith the resultfrom the extractionagent,is usedasa new teaching
input patternfor the neuralnetwork.

We have startedto work on an elegantway to overcomethe problemsrelatedwith
a GPSbasedocalization(Section2.1). The cellular phoneprovidesinformationabout
thecell it is connectedo. A cell is the areasenedby oneof the fixed basisstationsof
the telephonenetwork. But usingthe informationaboutthe basisstationthe phoneis



connectedo, anda databas@boutthe geographicapositionof the basisstations,we
candeterminethe positionof the userfairly accuratelyBy this method,we do not get
the high resolutionof GPS(about5 meters) but this doesnot really harmthe system,
becauseve can not usethe high resolutionof GPSaryway, sincethe resolutionof
reasonablypricedmapsis significantlylower thantheresolutionof GPS.

At the momentwe areswitchingfrom HTML to XML. Thiswill allow usnotonly
to sene HTML pagesput also pagesin otherformats.Most importantly we will be
ableto sene pagesn WML, thestandardlocumenformatfor WAP-devices.
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