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Abstract

This papergives a brief overview about Al methods
andtechniguesve have developedfor building ubiqui-
tousweb informationsystems.Thesemethodsfrom ar-
easof madinelearning, logic programming knowledg
representatiorand multi-agent systemarediscussedn
the context of our prototypicalinformationsystemMIA.
MIA is awebinformationsystemfor mobile userswho
areequippedwith a PDA (Palm Pilot), a cellular phone
anda GPSdevice or cellular WAP phone It captureghe
main issuesof ubiquitouscomputing: location aware-
nessanytimeinformationaccesandPDA technolagy.

1 Intr oduction

Nowadays, the biggestbut also the most chaotic and
unstructuredsourceof informationis the World-Wide-
Weh Makingthisimmenseamountof informationavail-
able for ubiquitouscomputingin daily life is a great
challenge. Besideshardware issuesfor wirelessubig-
uitous computing, that still areto be solved (wireless
communicationblue-toothtechnologieswearablecom-
puting units, integration of GPS,PDA andtelecommu-
nication devices) one major problemis that of intelli-
gentinformationextractionfrom the WWW. Insteadof
overwhelmingthe mobile userwith documentfgoundon
the web, we want to offer her the short precisepiece
of information sheis really interestedin. For exam-
ple, if sheis on the road, looking for a restauranta
good information systemwill presentthe addressesf
thenearbyrestaurantsetrievedonlinefrom thewebthat
match her preferredcuisine. Certain conditionsmust
hold for sucha system: it must be aware of the user
location, it hasto reactdirectly to the users requests,
it shouldpreseninformationfound sofar whenever the
userasksfor it. Furthermorehe informationshouldbe
extractedonline from the webwithout requiringspecial

preparedveb pageg(lik e pageswith specialtaggingor
additional services). Thus we are not limited to spe-
cial web providersor a single classof web documents,
but can potentially use the whole web as information
source.Theseaspectganbesummarizedindertheterm
of ubiquitousinformation agents:wherever the useris
locatedshewill be ableto contactthe multi-agentin-
formationsystemandaskfor informationwithout spec-
ifying any additionaldetailsto successfullyretrieve in-
formation. For thesetasks,we have developedmethods
from variousatrtificalintelligent(Al) areaslike madine
learning, logic programming knowled@ representation
andmulti-agentsystems

This paperwill give a brief overview aboutAl meth-
odsandtechniquegor building ubiquitouswebinforma-
tion systems Prototypicallywe have testedthesemeth-
odsin our systemMIA-The Mobile Information Agent
The mainintentionof this paperis: 1) to show thatit is
alreadypossibleto implementubiquitousweb informa-
tion systems.2) that Al techniquesarevery suitableto
solve theemeping problems.

2 The MIA System

MIA is a multi-agent[17] basednformationsystemfo-
cusingon the retrieval of shortand precisefactsfrom
the web relevantto the currentcity a useris locatedat.
MIA supportsthree differentusertypes: 1) A mobile
userequippedvith aPDA, GPSandmobilephone.2) A
mobileuserequippedvith aWAP capablenobilephone
andadditionallya PDA and3) A stationaryuserwith a
PC and standardweb-bravser The mobile versionof
MIA monitorsthe position of the mobile usersand au-
tonomouslyupdateshe subjectof searchwhenever nec-
essary Changesmay occurwhenthe usertravelsto a
differentlocation, or when she changesher searchin-
terests.In the stationaryor mobile versionswithout au-



tomatic positionestimation the usermanuallyspecifies
thecity to retrieve informationabout.

This sectionis organizedasfollows: Section2.1 de-
scribesbriefly the three basiccomponentof MIA. A
moredetailedintroductionto the Al methodsusedin the
spideragentis givenin Section2.2. We concludethis
sectionwith anexampleMIA session.

2.1 Architecture

The MIA systemis separatednto three basic compo-
nents(Figure 1) which are: Mobile Agents Serverand
Multi-AgentSystem

Localization
Agent

< > |nit / request agent
<+—» Communicate

Figurel: systemarchitecture

The Mobile Agent. A mobile computingdevice, the
useris equippedwith, that allows to estimateits geo-
graphicalpositionandto communicatevirelesslywith a
sener locatedon the internet. Currentlywe usea PDA,
GPS-receier and mobile phone. We are developinga
mobile agentthat usesonly a mobile phonewith WAP
support. So far, the systemknows two waysto getthe
information aboutthe current position of the user: It
canreadout a GPS-deice, or theusercanaddher posi-
tion manually Althoughwe wantto have anautomated
way to getthe geographicaposition of the user using
GPShassomeseriousshortcomingsThe GPSdoesnot
work within closedrooms,andit doesnotwork too well
in placeswith lots of buildings around. This is espe-
cially incorvenientbecausehe userwill be mainly in-
terestedn usingthe systemin populatecareadike inner
cities, wherewe have only bad perceptionof GPSsig-
nals. Thereis aneleggantway to overcomethis problem.
The mobile phoneknows aboutthe “cell” it is currently

connectedo. We are going to usethis informationto
determinehe positionof the user(Sectior4).

Currentlythe MIA prototypeworkswith GPSsupport
andmanuallygivenpositioninformation. Thegeograph-
ical coordinationsdeliveredby the GPSdevice arere-
solved by the localization agent.Thisagentalso keeps
trackof theuserandestimatesearbycities.

The Sewer: The gatevay to the core of the multi-

agentbasedretrieval system. The HTTP protocol is

usedto communicateHTML, WML or plain text pages
with the mobile agents,dependingon the document
type requestedy the client. Thereforeall output (e.qg.

forms,results)is specifiedasXML documentswhichis

thendynamicallygeneratedndtransformednto there-

guesteddocumentype of theclient.

The Agents Thecoreof theinformationsystem It con-

sistsof severalinteractingagents.The currentprototype
workswith threedifferentagenttypes: useragent (user
modelingandmonitoring),localizationagentandspider
agent(intelligentweb searchandretrieval).

To find informationrelevantat the currentgeographi-
cal positionin regardto theinterestf theuserwe have
to distinguishbetweenwo differenttypesof information
we haveto searchthewebfor: the Topic andthe Extract
TheTopicsarewebpagesontaininginformationrelated
to the users interestsand current city (e.g. Chinese
restaurantsn Heidelbeg). The Extract is information
aboutthe topic itself, e.g. addressegjme-tablesor de-
scriptions. Descriptionsabouttopicsand associatedx-
tractshave to be presenin eachusermodel,the profile.
Many web sitesare structuredhierarchically from the

Show Search Profiles | MiIA]

Benne, below 1 have listed all your defined search profiles.

number of profiles: 1
active profile: trip

: trip
Topic Relation Features Information
Restaurant .only [Chinesisch] [address]
Hotel only il [address]
Kino only il [address]
Kultur only [Theater] [address]
Kneipe only il [address]

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

Figure?2: Profile Configuration

genericto the specific.MIA’s methodto defineuserpro-
files captureghesehierarchicalstructures.Thesestruc-
turesplay animportantrole in the spideralgorithm, as
we will seein Section2.2. We modelthe topic by con-
strainedkeyword lists. Thatis, given a keyword, a set
of constrainbbperatoronly, not, oneof, andfurthercon-
straintkeywords,we definetopicslike: restauant only
chinese The extract can be chosenfrom a predefined



setdueto the information extraction capabilities. Cur-
rently the MIA prototypesupportshe only operatorand
the addressextract. MIA allows a userto have several
personalizegrofiles,whereeachprofile may consistof
several topics. Figure 2.1 shavs one profile titled trip
consistingof five topicswhereeachtopicis assignedhe
extract address Furthermorethe usercan changeher
profile whenerer shewantsto, even during information
retrieval. The useragentis responsibldor propagating
changesn the currentuserprofile to all agents.

2.2 Al Methods for Intelligent Web Information
Retrieval

This sectiongivesanoverview abouttheartificial intelli-
gencebasedechniquesisedby the spideragentto find,
classifyandextractinformationfrom theweh

Spidering

The first stepof the information retrieval processis to
find web pagescontaininginformation abouta special
topic (Section2). In contrastto existing searchengines,
our approachsearchedor relevant web pagesonline.
Thuswe call this approactspidering insteadof index-
ing web documentsdue to estimatedword frequencies
and building indexed databasesWe determinethe rel-
evang of a web documentby its contet, given by its
relationto otherpages.Our approactis asfollows: We
interprethe WWW asadirectedgraphwherewebpages
arenodesandhyperlinksareverticedabeledwith aURL
andanassociatedext. Assumewe aregivensomekey-
wordsand somestartpagegentry points). We saythat
we have found a relevant web pagepx dueto the key-
wordsif, startingat oneof thestartpagesp, we canfind
apathP = (po,l1, p1,l2,...,lx, px) with nodesp; andver-
ticesl; labeledwith the URL andassociatedext, such
that: 1) every vertex label of this pathcontainsat least
onekeyword 2) every keyword mustat leastoccuronce
in oneof the verticeslabels. This basicideacanbeim-
proved as follows: If we are searchingfor a site con-
taininginformationaboutChineserestauranté Heidel-
berg, andwe follow a pathwherel; (thelabelof thefirst
edgein this path) contains“heidelbeg”, I» to I3 con-
tain“restaurant’andl;1 contains‘chinese” this lastlink
is very unlikely to have still somethingo do with “hei-
delbeg”, although*heidelbeg” occurredsomeavhereon
this path. Thereforewe introducea parameteMKD the
“maximum keyword distance”defininga context radius
for the given keywords. In a similar way, we cut off
thesearchpathsif we departtoo farfrom thelastoccur
renceof akeyword: If akeyword hasnotoccurredn the
lastKN labelsin our path,we will not follow this path
ary further This parameteiKN is calledthe “kick out
number”.Hencewe candefineour approachasfollows:
GivenM a setof entry pointsandK a setof keywords.

Startingwith a po € M wereturnalink Iy iff thereexists
acyclefreepathP = (po,l1, p1,l2,---.,lx, px) with nodes
pi (webpagespndverticed j (hyperlinksconnectinghe
pagesksuchthat:

o Vlj:1< j<x TJwnmeK: wyiscontainedn the
labelof [

e Ywme K 3Jlj:x—MKD < j < X:wpis contained
in thelabelof [;

o YWWneK VI:KN<k<x dlj:k—KN<j<k:
W, is containedn thelabelof [

We canfind suchpathswith a modifiedbestfirst search
stratgy by using the mentionedkeyword distanceas
the parametefor a costfunctionsimilar to standardn-
formedsearchalgorithmg[13]. Welook attheaccording
pathsof eachlink to decidewhich link of a setof links
is the onenearesto a possiblegoal and chosethe link
whosepathhasthe minimal keyword distance.

Example:A spideragentssearchesvith thetwo key-
words “restaurant”and“chinese”and hastwo links |y
and Izj it would follow next. Looking at the paths
Pr = (p10,/1,1,---,11i) and P2 = (pzp,l21,---,l2) it
seesthat “restaurant”occurredlast time in I1j_; and
[2,j—1, whereas'chinese”wasin Ipj_» andlj_3. The
“keyword distances”to the first link are less and the
agentwill preferto follow I1; next.

Web PageClassification
Adding a text classificationcomponentimproves both
theeffectivenessandtheefficiency of thesystem About
96% of the web pagesprovidedby our spideralgorithm
do not containaddresseslf we canfilter out (partsof)
theseirrelevantweb pageswe canincreasehe speedf
the systemsignificantly Theefficiency is improved,be-
causethe information extraction componenigetssome
more information which it can facilitate in its task to
extract information from a web page. So far, our in-
formationextractionagentcanextractaddresseffom a
web page. For this, it hasa variety of methodsavail-
able.Somemethodsarerather“strict” (extractionsome-
times fails, althoughaddressnformationis available),
someare rather“loose” (wrong positiveson pagesthat
do not containaddresses)With the additionalinforma-
tion from the classifier the informationextractioncom-
ponentcanmalke a betterdecisionwhich methodto use.
If the classifiergivesa high confidencen the quality of
theweb page theinformationextractionagentwill also
try “loose” methodswhenthe “strict” methoddail. If it
is not likely thata web pagecontainsaddresseghein-
formationextractionagentwill notuse“loose” methods
but simply abandorthe page.

We use Artificial Neural Networks for text classifi-
cation. The network architecturewe have chosenis a



fully connectedack-propagatiofeed-forward network

[14] with 100input nodes50 hiddennodes,and?2 out-

put nodes.We mapthe web pagesontotheinput nodes
in the following way: With eachof a selectionof 100

words,aninput nodeis associatedIf a web pagecon-

tainsone of thesewords, the correspondingnput node
hasl-activation;otherwisejt has0O-activation. The out-

putnodegepresentheclassificatiorfweb pagecontains
anaddressand“web pagedoesnot containanaddress”.
In the training phase the appropriateoutputnodeis set
to 1, andtheotheroutputnodeis setto 0. In therecogni-
tion phasethe documentis putin the classwhoseasso-
ciatedoutputnodehasthe higheractivation. The neural
network is trainedoffline on 3000 pre-classifiedhages.
Thesepagesareauthentiovebpagesgyatheredy thespi-

der algorithm. The network hasbeentraineduntil the

errordid no longerdeclineon anindependensetof an-

other3000pre-classifiepbages.After thetraining, 98%

of thepagedrom thetrainingsetareclassifiedcorrectly

Thisexcellentclassificatiorresultis partlydueto thedis-

tribution of web pages: About 95% of the web pages
thatare gatheredby the spideragentdo not containad-

dressesOn the positive examples the onethat contain
addressesye getarecognitionrateof about60%.

The 100 wordsthat are usedto give a representation
of aweb pagehave beenchoserby selectingthose100
words from all the words appearingin the web pages
from thetrainingsetwhich containthe mostinformation
[4], i.e. thewordsthatallow bestto distinguishbetween
pageghatcontainaddressandpageghatdo notcontain
addresses.

Machine Learning for Information Extraction

To extractinformationfrom webpagest is eitherneces-
saryto undeistandthe documentwhich would involve
semantictext analyzationtechniques,or to find rele-
vantinformation by recognizingits underlyingsyntac-
tical representatiorBecausdinguistically motivatedat-
temptscontainingsemanticaindsyntacticaparsingfail
on web document§HTML documents)it makesmore
senseto usethe specialtext formatting and annotating
strings(tags) of thesedocumentdo recognizeand ex-
tractrelevantinformation.

We usethe syntaxbasedapproachof automatically
learningextractionproceduregwrapperg18]) described
in [7, 15, 16]. Similar approachesisingmachinelearn-
ing techniquedfor the automaticwrapperconstruction
are describedin [3, 6, 9]. To extract information, we
can assumespecialtext partsto be delimiters mark-
ing the beginning and the end of the relevant informa-
tion to be extracted. Thusthe key idea of our learn-
ing algorithmis: Given a set of example extractions
for a web page,e.g. someaddressefrom a setof ad-
dressedisted on the page,we collect the surrounding

text parts(anchors) of eachcomponenbf the example
address(name, street, telefon, ...) andlearn a gen-
eral patternfor eachof theseanchors. Combiningthese
learnedpatternsvith someadditionalconstraintgesults
in alearnedwrappetrfor theintendednformationextrac-
tion task. We canillustrate the generalidea of learn-
ing wrappersfor |IE asfollows: If a userreadsa web
pagecontaininga list of addressesshe might think of
a relation like: addres§Name Sred, Telefon). The
instancesof this relation are the information that can
be found in the list shovn on the particularweb page
(e.g. addresgAsia Haspelgasse2,29713). Now we
asktheuserto determinesomeinstancegtext tuples)of
this particularrelation, which are containedin the list
(e.g<"Asia”,"Haspelgasse®”,“29713">)). Thesein-

stanceswill be our positive setof examplesE*. The
learning task is to find a definition for the relation
addresssuchthat all examplesfrom E* andall other
listed addressesre instancesof the relation address
Thismeansve haveto learnanextractionprocedurehat
is ableto extractthe instancesn E* andremainingin-

stancegresentean the page. Thusthe overall taskis
that of automaticprogramsynthesisto build wrappers.
More specificwe usegeneralizatiotechniquedasedn
Anti-Unification [12, 8] in combinationwith methods
adoptedfrom the areaof inductive logic programming
[11]. For furtherdetailsthereaderis referredto [15, 7].

Themajorproblemwe areconfrontedwith in thecon-
text of MIA is the lack of availableexamples.Because
theclassifiemprovidesunknavn webpagedo thesystem,
we cannotdetermineany exampleswhichareneededor
learning. In the previous describedstandardsettingfor
learningwrapperghe useror teacheiprovidesexamples
to the system,but in MIA suchan interactionis notin-
tended.

To overcomehis problemwe developedalearningal-
gorithmthatderivesits exampleshy meanf knowledg
representationN KR) techniques.Thatis, we modelour
structural(syntactical)knowledgeaboutaddressesvith
alogical KR languageandareableto querythis knowl-
edgebaseto derive examplesthat canbe usedasinput
to a modifiedlearner This allows usto learnwrappers
evenfor unknowvn pages We call this approacHearning
from metaexamples For the automaticconstructionof
addressvrappersthis techniqueshows very promising
results.

2.3 Example MIA Session

Let us demonstratehe generalbehaior and function-
ality of MIA by a small example. Imagineyou plan to
take atrip, but you arestill a bit unsureaboutthe cities
you will visit. During a journey you are interestedin
addressesf hotels,restaurantsffering Chineecuisine,
cultural institutionslike theaters cinemasand pubs.At



homeyou tell MIA your interestsvia its standardweb
browserinterface(Figure2.1), or with theweb browser
installedon your PDA. Startingyourjourney, you select

Fos: 4925000
Street:

Mg d2000 E

City:

]
|
Heidelberg 06221 £ 23713 §

Figure3: PDA Results

the mia applicationstoredon the PDA andyou activate
your profile. Fromnow onyourmobiledeviceswill con-
tactthe MIA sener via the cellular phoneanda dial-up
internetconnectionandwill transmityour currentgeo-
graphicalposition. This happensn preselectedime in-
tervals without ary further userinteraction. Onceyou
initiatedyour profile andthe sener retrievesthefirst po-
sition updatesit tells the matchmalker aboutthe request
sentby the mobile user The extendedmatchmaler de-
cidesto initiate a useragentandseveral spideragentgo
fulfill yourrequestlf therearealreadyagentsactive for
you, it informsyour useragentto keeptrack of changes
of your location or of your searchinterests. Although
searchinterestsare usually definedbeforethe trip, they
canalsobechangedon theroad”. Whenever you move
your new locationis reportedo the useragentwho will
communicatewith the localizationagent. The localiza-
tion agentresohesthe geographicatoordinatego the
nameof the nearestity. Now theuseragentwill inform
the active spider agentsaboutthe perceved changes.
The spideragentswill startto look for web pagesabout
your topicsof interestin your currentcity.

After awhile youdrivethroughavery nicetown. You
decideto stayfor sometime. Soit is time to ask MIA
whatit hasfound for you. All you have to do is: take
your PDA, selectyour mia applicationandclick on the
button get results(Figure 3). The useragentis queried
for theinformationit hasfoundsofar. It will askall ac-
tive spideragentsfor their results. Becauseavery agent
constantiflistensif arequests sentto it, it immediately
pausests taskandtriesto answertheincomingrequest.
Theresultsfound sofar arereturneddirectly to the user
agentandfinally to the mobileusers PDA.

3 Logic Programming BasedAgent Tech-
nology

Onekey issueof MIA'sarchitectures to uselogic aspro-
gramminglanguag€g10] for agents[1, 2] andasagent
communicatiodanguage.This techniqueallows agents
to controland query otheragentsin a flexible andvery
dynamicway.

Theinitialization andassignmenof agentds handled
by the matchmaler. Thisis a specialagentwhosejob is
to matchinformationsearchingandinformationprovid-
ing agents. Thusit keepstrack what agentsare active,
for which userand what their taskis. We usean ex-
tendednatchmalkrconcepthatcheckswith simplesub-
sumptiontechniquesf incomingrequestsanbesplitted
andhandledby alreadyactive agents.This techniques
mainly usedfor the spideragentslt preventsthe system
from having morethanoneagentsearchingor the same
topic.

Mobile Agent retrieve(l)
(—g Matchmaker
UserlD: 123
I\['Asia’,’Haspelgasse 2','29713’] logkup
. spider
retrieve(l) |agent
User Agent
knowledge(user(123)).

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

retrieve(lnfc.J‘). -
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 ...

Figure4: AgentCommunication

The functionality (basic task) of eachagentis de-
scribedby a logic program. For example,one of these
programsdescribehow to searchthe weh The knowl-
edgeacquiredoy theagents addedo its uniformknowl-
edgebase,the interfacebase The interfacebasepro-



videsa commoninformation exchangelevel for differ-
enttypesof agents. This is useful, becausehe agents
do not necessariljknow which rule of the otheragents
programcanbeactivated.

Whenever an agentreceves a requestfrom another
agent,its actualbasictask(proof) is interruptedandthe
incomingqueryis processedPotentially every rule of
the agentsprogramcannow be fired by this query but
the commonway is to definesomeuniform predicates
(interfacebase)like knowledg, status task which de-
scribethe inner stateof the agent,and information ac-
quired. If anagenttrustsa specialagent,it cantell him
which otherserviceqrulesof its built-in logic program)
it canusein laterqueries. Anotherinterestingpointis to
allow anagentto add knowledg in form of rulesto an
otheragentdogic program o catchtheideaof teaching
knowledgeor behaior amongagents.

Each agent has a fixed set of communication
rules which are similar to KQML [5], for example
ask(AgntType UserID, Query) command(AgntType
UserlD, Command) assert(AgntTypg UserID, Info),
to: queryfor informationfrom the interface-basetrig-
gerarule of theagentdogic programmor to assserhew
informationto anagentsnterface-baseExecutingsuch
an communicatiorrule resultsin consultingthe match-
maler if anagentof type AgentTypeis active for a user
UserlD. If this is the case the agentwill communicate
directly with the active agent. If not, the matchmaler
will initiate an appropriateagent,andthe calling agent
will sendinitial commandgo theinitiatedagent.

Onemajoradwantageof usinginterruptabldogic pro-
grammingbasedagentss the possibilityto provide any-
time informationaccess.Thatis, wheneer an agentist
still working, but alreadyfoundsomeinformation,we do
not have to wait until it hascompletedits task. Instead,
we areableto interruptits basictaskandqueryits inter-
facebaseto retrieve theresultsfoundsofar. Afterwards,
we sendhim backto work. Thisis essentiafor amobile
informationsystemnamelyto provide the userarnytime
andasfastaspossiblewith new information. Example
(Figure4): The user123 sendsaninformationretrieve
requesto the MIA system.This queryis sendfrom the
matchmaler to the useragentUA for user123 Because
everyincomingrequesis interpretedasanproofobliga-
tion, the UA'srule: retrieve(l) :- knowledg(user(ID)),
ask(spider ID, knowledg( result(l))) will be usedto
proof the query retrieve(l). Applying this rule results
in executing the communicationrule ask(spider 123,
knowledg(result(l)))whichresultsin askingthematch-
maler for active agentsof type spiderfor user123. In
our small example, we assumethat there is a spider
agentactive for the user 123 searchingfor addresses
of Chineserestaurantsn Heidelbeg, andthatits inter-

facebaseconsistsof one addresfound so far: knowl-
edee(result([‘Asia’, ‘Haspelgasse’, ‘29713')). Thus
the query knowled@(result(l)) sentto it resultsin the
computedanswer: knowled@(result(['Asia‘, ‘Haspel-
gasse2', ‘297137)). Finally the UA hasfulfilled its
proof obligation and sendsthe answerretrieve(['Asia’,
‘Haspelgasse’, ‘'29713])) to themobileagent.

4 Conclusion& Future Work

We shaved in brief detail (Section2.2) how threema-
jor Al disciplines,namelylogic programming madine
learning and multi-agent systemscan be combinedto
build ubiquitousinformation systems.A generalagent
architecturebasedon interruptablelogic programming
techniquego implementanytimeinfo accesshasbeen
presentedn Section3. We gave a shortintroduction
how to useexisting hardware, namelya Palm Pilot, a
GPS systemand a cellular phoneto build an mobile
computingunit providing location awarenessanytime
information accessand wirelesscommunication. We
alsopointedout the problemsconcerninghe GPSposi-
tion estimatiorandtheincorvenienceof theprototypical
setupconsistingof threeseparatedevices. Theseleads
to our future plans(Section4.1).

Oneimportantpoint to emphasizés the capabilityof
MIA to retrieve informationfrom unmodifiedwebpages.
We are not limited to specialsearchdomains,and we
canusethe whole web asinformationdatabaseSo our
systemprovidesaccesgo upto dateonline information.
Thoughwe describeanubiquitoussystemhere MIA can
alsobe usedasan city information systemfor the sta-
tionaryuserwith aPCathome.

4.1 FutureWork

Currentlywe extendthe purekeyword basedvebsearch
algorithm (Section 2.2) by deductve reasoningpro-

cesseghat derive relatedtermsof a keyword from an
ontology Constraintkeyword lists in combinationwith

deductve ontologybasesllows usto enrichtheretrieval

processwith domainspecificknowledge. A topic like

restauantsnot chinesecanthenbedeductvely resohed
to queriedik e restauantsfrend or italian.

Sofar, we have only usedoffline trainingfor webpage
classification(Section2.2). In the future, we will also
trainthenetworksonline,creatingtruly adaptingagents
For onlinetraining, the feedbackof the extraction agent
is usedto adaptthe network. The web page,together
with the resultfrom the extraction agent,is usedas a
new teachingnput patternfor the neuralnetwork.

We have startedto work on an elegantway to over-
cometheproblemgelatedwith aGPSbasedocalization
(Section2.1). The cellular phoneprovidesinformation
aboutthecell it is connectedo. A cell is theareasened
by one of the fixed basisstationsof the telephonenet-



work. But usingthe informationaboutthe basisstation

thephoneis connectedo, anda databas@aboutthe geo-

graphicabpositionof thebasisstationswe candetermine
thepositionof theuserfairly accuratelyBy thismethod,

we do not getthe high resolutionof GPS(about5 me-

ters), but this doesnot really harmthe system because
we cannotusethehighresolutionof GPSarnyway, since

theresolutionof reasonablypricedmapsis significantly

lowerthantheresolutionof GPS.
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