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Abstract
This paper gives a brief overview about AI methods
andtechniqueswe have developedfor building ubiqui-
touswebinformationsystems.Thesemethodsfrom ar-
easof machinelearning, logic programming, knowledge
representationandmulti-agentsystemsarediscussedin
thecontext of our prototypicalinformationsystemMIA.
MIA is a webinformationsystemfor mobileusers,who
areequippedwith a PDA (Palm Pilot), a cellular phone
andaGPSdeviceor cellular WAPphone. It capturesthe
main issuesof ubiquitouscomputing: location aware-
ness, anytimeinformationaccessandPDA technology.

1 Intr oduction
Nowadays,the biggestbut also the most chaotic and
unstructuredsourceof information is the World-Wide-
Web. Makingthisimmenseamountof informationavail-
able for ubiquitouscomputingin daily life is a great
challenge. Besideshardware issuesfor wirelessubiq-
uitous computing,that still are to be solved (wireless
communication,blue-toothtechnologies,wearablecom-
puting units, integrationof GPS,PDA andtelecommu-
nication devices) one major problemis that of intelli-
gentinformationextractionfrom the WWW. Insteadof
overwhelmingthemobileuserwith documentsfoundon
the web, we want to offer her the short precisepiece
of information she is really interestedin. For exam-
ple, if she is on the road, looking for a restaurant,a
good information systemwill presentthe addressesof
thenearbyrestaurantsretrievedonlinefrom thewebthat
match her preferredcuisine. Certainconditionsmust
hold for sucha system: it must be aware of the user
location, it hasto reactdirectly to the user’s requests,
it shouldpresentinformationfoundsofar whenever the
userasksfor it. Furthermorethe informationshouldbe
extractedonlinefrom thewebwithout requiringspecial

preparedweb pages(like pageswith specialtaggingor
additional services). Thus we are not limited to spe-
cial web providersor a singleclassof web documents,
but can potentially use the whole web as information
source.Theseaspectscanbesummarizedundertheterm
of ubiquitousinformationagents:wherever the useris
locatedshewill be able to contactthe multi-agentin-
formationsystemandaskfor informationwithout spec-
ifying any additionaldetailsto successfullyretrieve in-
formation. For thesetasks,we have developedmethods
from variousartifical intelligent(AI) areas,likemachine
learning, logic programming, knowledge representation
andmulti-agentsystems.

This paperwill give a brief overview aboutAI meth-
odsandtechniquesfor building ubiquitouswebinforma-
tion systems.Prototypicallywe have testedthesemeth-
ods in our systemMIA-TheMobile InformationAgent.
Themain intentionof this paperis: 1) to show that it is
alreadypossibleto implementubiquitousweb informa-
tion systems.2) that AI techniquesarevery suitableto
solve theemergingproblems.

2 The MIA System
MIA is a multi-agent[17] basedinformationsystemfo-
cusingon the retrieval of short and precisefactsfrom
the web relevant to the currentcity a useris locatedat.
MIA supportsthreedifferent user types: 1) A mobile
userequippedwith aPDA, GPSandmobilephone.2) A
mobileuserequippedwith aWAP capablemobilephone
andadditionallya PDA and3) A stationaryuserwith a
PC and standardweb-browser. The mobile versionof
MIA monitorsthe positionof the mobile usersandau-
tonomouslyupdatesthesubjectof searchwhenevernec-
essary. Changesmay occurwhen the usertravels to a
different location, or when shechangesher searchin-
terests.In thestationaryor mobileversionswithout au-



tomaticpositionestimation,theusermanuallyspecifies
thecity to retrieve informationabout.

This sectionis organizedasfollows: Section2.1 de-
scribesbriefly the threebasiccomponentsof MIA. A
moredetailedintroductionto theAI methodsusedin the
spideragentis given in Section2.2. We concludethis
sectionwith anexampleMIA session.

2.1 Ar chitecture
The MIA systemis separatedinto threebasiccompo-
nents(Figure1) which are: Mobile Agents, Serverand
Multi-AgentSystem.
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Figure1: systemarchitecture

The Mobile Agent: A mobile computingdevice, the
user is equippedwith, that allows to estimateits geo-
graphicalpositionandto communicatewirelesslywith a
server locatedon the internet.Currentlywe usea PDA,
GPS-receiver andmobile phone. We aredevelopinga
mobile agentthat usesonly a mobile phonewith WAP
support. So far, the systemknows two waysto get the
information about the current position of the user: It
canreadout a GPS-device,or theusercanaddherposi-
tion manually. Althoughwe want to have anautomated
way to get the geographicalpositionof the user, using
GPShassomeseriousshortcomings:TheGPSdoesnot
work within closedrooms,andit doesnotwork toowell
in placeswith lots of buildings around. This is espe-
cially inconvenientbecausethe userwill be mainly in-
terestedin usingthesystemin populatedareaslike inner
cities, wherewe have only badperceptionof GPSsig-
nals.Thereis anelegantway to overcomethis problem.
Themobilephoneknows aboutthe“cell“ it is currently

connectedto. We are going to usethis information to
determinethepositionof theuser(Section4).

CurrentlytheMIA prototypeworkswith GPSsupport
andmanuallygivenpositioninformation.Thegeograph-
ical coordinationsdeliveredby the GPSdevice are re-
solved by the localizationagent.Thisagentalso keeps
trackof theuserandestimatesnearbycities.
The Server: The gateway 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 requestedby the client. Thereforeall output (e.g.
forms,results)is specifiedasXML documents,which is
thendynamicallygeneratedandtransformedinto there-
questeddocumenttypeof theclient.
The Agents: Thecoreof theinformationsystem.It con-
sistsof severalinteractingagents.Thecurrentprototype
workswith threedifferentagenttypes:useragent (user
modelingandmonitoring),localizationagentandspider
agent(intelligentwebsearchandretrieval).

To find informationrelevantat thecurrentgeographi-
calpositionin regardto theinterestsof theuserwe have
to distinguishbetweentwo differenttypesof information
wehaveto searchthewebfor: theTopicandtheExtract.
TheTopicsarewebpagescontaininginformationrelated
to the user’s interestsand current city (e.g. Chinese
restaurantsin Heidelberg). The Extract is information
aboutthe topic itself, e.g. addresses,time-tablesor de-
scriptions.Descriptionsabouttopicsandassociatedex-
tractshave to bepresentin eachuser-model,theprofile.
Many web sitesare structuredhierarchically, from the

Figure2: ProfileConfiguration

genericto thespecific.MIA’smethodto defineuserpro-
files capturesthesehierarchicalstructures.Thesestruc-
turesplay an importantrole in the spideralgorithm,as
we will seein Section2.2. We modelthe topic by con-
strainedkeyword lists. That is, given a keyword, a set
of constraintoperatorsonly, not,oneof, andfurthercon-
straintkeywords,we definetopicslike: restaurant only
chinese. The extract can be chosenfrom a predefined



setdueto the informationextractioncapabilities. Cur-
rently theMIA prototypesupportstheonly operatorand
the addressextract. MIA allows a userto have several
personalizedprofiles,whereeachprofile mayconsistof
several topics. Figure2.1 shows oneprofile titled trip
consistingof fivetopicswhereeachtopic is assignedthe
extract address. Furthermorethe usercan changeher
profile whenever shewantsto, evenduring information
retrieval. The useragentis responsiblefor propagating
changesin thecurrentuserprofile to all agents.

2.2 AI Methods for Intelligent Web Inf ormation
Retrieval

Thissectiongivesanoverview abouttheartificial intelli-
gencebasedtechniquesusedby thespideragent to find,
classifyandextractinformationfrom theweb.

Spidering
The first stepof the information retrieval processis to
find web pagescontaininginformation abouta special
topic (Section2). In contrastto existing searchengines,
our approachsearchesfor relevant web pagesonline.
Thuswe call this approachspidering, insteadof index-
ing web documentsdue to estimatedword frequencies
andbuilding indexed databases.We determinethe rel-
evancy of a web documentby its context, given by its
relationto otherpages.Our approachis asfollows: We
interprettheWWW asadirectedgraphwherewebpages
arenodesandhyperlinksareverticeslabeledwith aURL
andanassociatedtext. Assumewe aregivensomekey-
wordsandsomestartpages(entry points). We saythat
we have found a relevant web pagepx due to the key-
wordsif, startingatoneof thestartpagesp0 wecanfind
apathP ��� p0 � l1 � p1 � l2 ��������� lx � px 	 with nodespi andver-
tices l i labeledwith the URL andassociatedtext, such
that: 1) every vertex label of this pathcontainsat least
onekeyword 2) every keyword mustat leastoccuronce
in oneof theverticeslabels.This basicideacanbe im-
proved as follows: If we are searchingfor a site con-
taininginformationaboutChineserestaurantsin Heidel-
berg, andwe follow apathwherel1 (thelabelof thefirst
edgein this path) contains“heidelberg”, l2 to l10 con-
tain“restaurant”andl11 contains“chinese”,this lastlink
is very unlikely to have still somethingto do with “hei-
delberg”, although“heidelberg” occurredsomewhereon
this path.Thereforewe introducea parameterMKD the
“maximumkeyword distance”defininga context radius
for the given keywords. In a similar way, we cut off
thesearchpathsif we departtoo far from thelastoccur-
renceof akeyword: If akeywordhasnotoccurredin the
last KN labelsin our path,we will not follow this path
any further. This parameterKN is called the “kickout
number”.Hencewe candefineourapproachasfollows:
GivenM a setof entrypointsandK a setof keywords.

Startingwith a p0 
 M wereturna link lx if f thereexists
acycle freepathP ��� p0 � l1 � p1 � l2 ��������� lx � px 	 with nodes
pi (webpages)andverticesl j (hyperlinksconnectingthe
pages)suchthat:


�� l j : 1 � j � x � wm 
 K : wm is containedin the
labelof l j


�� wm 
 K � l j : x � MKD � j � x : wm is contained
in thelabelof l j


�� wm 
 K � lk : KN � k � x � l j : k � KN � j � k :
wm is containedin thelabelof l j

We canfind suchpathswith a modifiedbestfirst search
strategy by using the mentionedkeyword distanceas
theparameterfor a costfunctionsimilar to standardin-
formedsearchalgorithms[13]. Welook at theaccording
pathsof eachlink to decidewhich link of a setof links
is the onenearestto a possiblegoal andchosethe link
whosepathhastheminimal keyworddistance.

Example:A spideragentssearcheswith thetwo key-
words“restaurant”and“chinese”andhastwo links l1 � i
and l2 � j it would follow next. Looking at the paths
P1 ��� p1 � 0 � l1 � 1 ��������� l1 � i 	 and P2 ��� p2 � 0 � l2 � 1 ��������� l2 � j 	 it
seesthat “restaurant”occurredlast time in l1 � i � 1 and
l2 � j � 1, whereas“chinese”was in l1 � i � 2 and l2 � j � 3. The
“keyword distances”to the first link are less and the
agentwill preferto follow l1 � i next.

Web PageClassification
Adding a text classificationcomponentimproves both
theeffectivenessandtheefficiency of thesystem.About
96%of thewebpagesprovidedby our spideralgorithm
do not containaddresses.If we canfilter out (partsof)
theseirrelevantwebpages,we canincreasethespeedof
thesystemsignificantly. Theefficiency is improved,be-
causethe informationextractioncomponentgetssome
more information which it can facilitate in its task to
extract information from a web page. So far, our in-
formationextractionagentcanextractaddressesfrom a
web page. For this, it hasa variety of methodsavail-
able.Somemethodsarerather“strict” (extractionsome-
times fails, althoughaddressinformation is available),
somearerather“loose” (wrong positiveson pagesthat
do not containaddresses).With theadditionalinforma-
tion from theclassifier, the informationextractioncom-
ponentcanmake a betterdecisionwhich methodto use.
If theclassifiergivesa high confidencein thequality of
thewebpage,theinformationextractionagentwill also
try “loose” methodswhenthe“strict” methodsfail. If it
is not likely thata webpagecontainsaddresses,the in-
formationextractionagentwill not use“loose” methods
but simply abandonthepage.

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



fully connectedback-propagationfeed-forwardnetwork
[14] with 100 input nodes,50 hiddennodes,and2 out-
put nodes.We mapthewebpagesontothe input nodes
in the following way: With eachof a selectionof 100
words,an input nodeis associated.If a web pagecon-
tainsoneof thesewords,the correspondinginput node
has1-activation;otherwise,it has0-activation. Theout-
putnodesrepresenttheclassification“web pagecontains
anaddress”and“web pagedoesnotcontainanaddress”.
In the trainingphase,theappropriateoutputnodeis set
to 1, andtheotheroutputnodeis setto 0. In therecogni-
tion phase,thedocumentis put in theclasswhoseasso-
ciatedoutputnodehasthehigheractivation. Theneural
network is trainedoffline on 3000pre-classifiedpages.
Thesepagesareauthenticwebpagesgatheredby thespi-
der algorithm. The network hasbeentraineduntil the
errordid no longerdeclineon anindependentsetof an-
other3000pre-classifiedpages.After thetraining,98%
of thepagesfrom thetrainingsetareclassifiedcorrectly.
Thisexcellentclassificationresultis partlydueto thedis-
tribution of web pages:About 95% of the web pages
thataregatheredby the spideragentdo not containad-
dresses.On the positive examples,the onethat contain
addresses,wegeta recognitionrateof about60%.

The 100 wordsthat areusedto give a representation
of a webpagehave beenchosenby selectingthose100
words from all the words appearingin the web pages
from thetrainingsetwhichcontainthemostinformation
[4], i.e. thewordsthatallow bestto distinguishbetween
pagesthatcontainaddress,andpagesthatdonotcontain
addresses.

Machine Learning for Inf ormation Extraction
To extractinformationfrom webpagesit is eitherneces-
saryto understandthe document,which would involve
semantictext analyzationtechniques,or to find rele-
vant informationby recognizingits underlyingsyntac-
tical representation.Becauselinguisticallymotivatedat-
temptscontainingsemanticalandsyntacticalparsingfail
on web documents(HTML documents),it makesmore
senseto usethe specialtext formattingandannotating
strings(tags) of thesedocumentsto recognizeandex-
tractrelevantinformation.

We usethe syntaxbasedapproachof automatically
learningextractionprocedures(wrappers[18]) described
in [7, 15, 16]. Similar approachesusingmachinelearn-
ing techniquesfor the automaticwrapperconstruction
are describedin [3, 6, 9]. To extract information, we
can assumespecial text parts to be delimiters mark-
ing the beginning and the endof the relevant informa-
tion to be extracted. Thus the key idea of our learn-
ing algorithm is: Given a set of example extractions
for a web page,e.g. someaddressesfrom a setof ad-
dresseslisted on the page,we collect the surrounding

text parts(anchors) of eachcomponentof the example
address(name,street, telefon, . . . ) and learn a gen-
eralpatternfor eachof theseanchors. Combiningthese
learnedpatternswith someadditionalconstraintsresults
in alearnedwrapperfor theintendedinformationextrac-
tion task. We can illustrate the generalidea of learn-
ing wrappersfor 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 relation are the information that can
be found in the list shown on the particularweb page
(e.g. address� Asia� Haspelgasse2 � 29713	 ). Now we
asktheuserto determinesomeinstances(text tuples)of
this particularrelation, which are containedin the list
(e.g.� “Asia”,“Haspelgasse2”,“29713” � )). Thesein-
stanceswill be our positive set of examplesE � . The
learning task is to find a definition for the relation
addresssuchthat all examplesfrom E � and all other
listed addressesare instancesof the relation address.
Thismeanswehaveto learnanextractionprocedurethat
is ableto extract the instancesin E � andremainingin-
stancespresentedon the page. Thusthe overall taskis
that of automaticprogramsynthesisto build wrappers.
Morespecificweusegeneralizationtechniquesbasedon
Anti-Unification [12, 8] in combinationwith methods
adoptedfrom the areaof inductive logic programming
[11]. For furtherdetailsthereaderis referredto [15, 7].

Themajorproblemweareconfrontedwith in thecon-
text of MIA is the lack of availableexamples.Because
theclassifierprovidesunknownwebpagesto thesystem,
wecannotdetermineany examples,whichareneededfor
learning. In the previous describedstandardsettingfor
learningwrapperstheuseror teacherprovidesexamples
to the system,but in MIA suchan interactionis not in-
tended.

To overcomethisproblemwedevelopedalearningal-
gorithmthatderivesits examplesby meansof knowledge
representation(KR) techniques.That is, we modelour
structural(syntactical)knowledgeaboutaddresseswith
a logical KR languageandareableto querythis knowl-
edgebaseto derive examplesthat canbe usedasinput
to a modifiedlearner. This allows us to learnwrappers
evenfor unknown pages.Wecall thisapproachlearning
from metaexamples. For the automaticconstructionof
addresswrappers,this techniqueshows very promising
results.

2.3 ExampleMIA Session
Let us demonstratethe generalbehavior and function-
ality of MIA by a small example. Imagineyou plan to
take a trip, but you arestill a bit unsureaboutthecities
you will visit. During a journey you are interestedin
addressesof hotels,restaurantsoffering Chineecuisine,
cultural institutionslike theaters,cinemasand pubs.At



homeyou tell MIA your interestsvia its standardweb
browserinterface(Figure2.1),or with thewebbrowser
installedon yourPDA. Startingyour journey, you select

Figure3: PDA Results

themia applicationstoredon the PDA andyou activate
yourprofile. Fromnow onyourmobiledeviceswill con-
tact theMIA server via the cellularphoneanda dial-up
internetconnectionandwill transmityour currentgeo-
graphicalposition. This happensin preselectedtime in-
tervals without any further userinteraction. Onceyou
initiatedyourprofileandtheserver retrievesthefirst po-
sition updates,it tells thematchmaker abouttherequest
sentby the mobileuser. The extendedmatchmaker de-
cidesto initiate a useragentandseveralspideragentsto
fulfill your request.If therearealreadyagentsactive for
you, it informsyour useragentto keeptrackof changes
of your location or of your searchinterests. Although
searchinterestsareusuallydefinedbeforethe trip, they
canalsobechanged“on theroad”. Wheneveryoumove
yournew locationis reportedto theuseragent,whowill
communicatewith the localizationagent.The localiza-
tion agentresolves the geographicalcoordinatesto the
nameof thenearestcity. Now theuseragentwill inform
the active spider agentsabout the perceived changes.
Thespideragentswill startto look for webpagesabout
your topicsof interestin yourcurrentcity.

After awhile youdrivethroughaverynicetown. You
decideto 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 queried
for theinformationit hasfoundsofar. It will askall ac-
tive spideragentsfor their results.Becauseevery agent
constantlylistensif a requestis sentto it, it immediately
pausesits taskandtriesto answertheincomingrequest.
Theresultsfoundsofar arereturneddirectly to theuser
agentandfinally to themobileuser’sPDA.

3 Logic Programming BasedAgent Tech-
nology

Onekey issueof MIA’sarchitectureis touselogicaspro-
gramminglanguage[10] for agents[1, 2] andasagent
communicationlanguage.This techniqueallows agents
to control andqueryotheragentsin a flexible andvery
dynamicway.

Theinitializationandassignmentof agentsis handled
by thematchmaker. This is a specialagentwhosejob is
to matchinformationsearchingandinformationprovid-
ing agents.Thus it keepstrack what agentsareactive,
for which userand what their task is. We usean ex-
tendedmatchmakerconceptthatcheckswith simplesub-
sumptiontechniquesif incomingrequestscanbesplitted
andhandledby alreadyactive agents.This techniqueis
mainlyusedfor thespideragents.It preventsthesystem
from having morethanoneagentsearchingfor thesame
topic.

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

Figure4: AgentCommunication

The functionality (basic task) of eachagent is de-
scribedby a logic program. For example,oneof these
programsdescribehow to searchthe web. The knowl-
edgeacquiredby theagentis addedto its uniformknowl-
edgebase,the interfacebase. The interfacebasepro-



videsa commoninformationexchangelevel for differ-
ent typesof agents.This is useful,becausethe agents
do not necessarilyknow which rule of theotheragent’s
programcanbeactivated.

Whenever an agentreceives a requestfrom another
agent,its actualbasictask(proof) is interruptedandthe
incomingqueryis processed.Potentially, every rule of
the agentsprogramcannow be fired by this query, but
the commonway is to definesomeuniform predicates
(interfacebase)like knowledge, status, task, which de-
scribethe inner stateof the agent,and informationac-
quired. If anagenttrustsa specialagent,it cantell him
which otherservices(rulesof its built-in logic program)
it canusein laterqueries.Anotherinterestingpoint is to
allow an agentto add knowledge in form of rules to an
otheragentslogic program,to catchtheideaof teaching
knowledgeor behavior amongagents.

Each agent has a fixed set of communication
rules which are similar to KQML [5], for example
ask(AgentType, UserID, Query), command(AgentType,
UserID, Command), assert(AgentType, UserID, Info),
to: query for informationfrom the interface-base,trig-
geraruleof theagentslogic programmor to asssertnew
informationto anagentsinterface-base.Executingsuch
an communicationrule resultsin consultingthe match-
maker if anagentof typeAgentTypeis active for a user
UserID. If this is the case,the agentwill communicate
directly with the active agent. If not, the matchmaker
will initiate an appropriateagent,andthe calling agent
will sendinitial commandsto theinitiatedagent.

Onemajoradvantageof usinginterruptablelogic pro-
grammingbasedagentsis thepossibilityto provideany-
time informationaccess.That is, whenever an agentist
still working, but alreadyfoundsomeinformation,wedo
not have to wait until it hascompletedits task. Instead,
weareableto interruptits basictaskandqueryits inter-
facebaseto retrievetheresultsfoundsofar. Afterwards,
wesendhim backto work. This is essentialfor amobile
informationsystem,namelyto provide theuseranytime
andasfastaspossiblewith new information. Example
(Figure4): The user123 sendsan informationretrieve
requestto theMIA system.This queryis sendfrom the
matchmaker to theuseragentUA for user123. Because
every incomingrequestis interpretedasanproofobliga-
tion, theUA’s rule: retrieve(I) :- knowledge(user(ID)),
ask(spider, ID, knowledge( result(I))) will be usedto
proof the query retrieve(I). Applying this rule results
in executing the communicationrule ask(spider, 123,
knowledge(result(I)))whichresultsin askingthematch-
maker for active agentsof type spiderfor user123. In
our small example, we assumethat there is a spider
agentactive for the user 123 searchingfor addresses
of Chineserestaurantsin Heidelberg, andthat its inter-

facebaseconsistsof oneaddressfound so far: knowl-
edge(result([‘Asia‘, ‘Haspelgasse2‘, ‘29713‘])) . Thus
the query knowledge(result(I)) sent to it resultsin the
computedanswer: knowledge(result([‘Asia‘, ‘Haspel-
gasse2‘, ‘29713‘])) . Finally the UA has fulfilled its
proof obligationandsendsthe answerretrieve([‘Asia‘,
‘Haspelgasse2‘, ‘29713‘]) to themobileagent.

4 Conclusion& Future Work
We showed in brief detail (Section2.2) how threema-
jor AI disciplines,namelylogic programming, machine
learning and multi-agent systemscan be combinedto
build ubiquitousinformationsystems.A generalagent
architecturebasedon interruptablelogic programming
techniquesto implementanytimeinfo accesshasbeen
presentedin Section3. We gave a short introduction
how to useexisting hardware, namelya Palm Pilot, a
GPS systemand a cellular phoneto build an mobile
computingunit providing location awareness,anytime
information accessand wirelesscommunication. We
alsopointedout theproblemsconcerningtheGPSposi-
tion estimationandtheinconvenienceof theprototypical
setupconsistingof threeseparateddevices.Theseleads
to our futureplans(Section4.1).

Oneimportantpoint to emphasizeis thecapabilityof
MIA to retrieveinformationfrom unmodifiedwebpages.
We are not limited to specialsearchdomains,and we
canusethewholewebasinformationdatabase.Soour
systemprovidesaccessto uptodateonline information.
Thoughwedescribeanubiquitoussystemhere,MIA can
alsobe usedasan city informationsystemfor the sta-
tionaryuserwith aPCathome.

4.1 Futur eWork
Currentlyweextendthepurekeywordbasedwebsearch
algorithm (Section 2.2) by deductive reasoningpro-
cessesthat derive relatedtermsof a keyword from an
ontology. Constraintkeyword lists in combinationwith
deductiveontologybasesallowsusto enrichtheretrieval
processwith domainspecificknowledge. A topic like
restaurantsnotchinesecanthenbedeductively resolved
to querieslike restaurantsfrench or italian.

Sofar, wehaveonly usedoffline trainingfor webpage
classification(Section2.2). In the future, we will also
trainthenetworksonline,creatingtruly adaptingagents.
For onlinetraining,thefeedbackof theextractionagent
is usedto adaptthe network. The web page,together
with the result from the extraction agent,is usedas a
new teachinginput patternfor theneuralnetwork.

We have startedto work on an elegantway to over-
cometheproblemsrelatedwith aGPSbasedlocalization
(Section2.1). The cellular phoneprovidesinformation
aboutthecell it is connectedto. A cell is theareaserved
by oneof the fixed basisstationsof the telephonenet-



work. But usingthe informationaboutthebasisstation
thephoneis connectedto, andadatabaseaboutthegeo-
graphicalpositionof thebasisstations,wecandetermine
thepositionof theuserfairly accurately. By thismethod,
we do not get the high resolutionof GPS(about5 me-
ters),but this doesnot really harmthe system,because
wecannotusethehighresolutionof GPSanyway, since
theresolutionof reasonablypricedmapsis significantly
lower thantheresolutionof GPS.
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