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Abstract
Early agentresearchrecognisedthat co-operating
agentsrequireaccessto unambiguous,semanticde-
scriptionof the sameconcept,entity or object. In
fact, agent-basedresearchon this problem antic-
ipatesmany of the current initiatives of the Se-
mantic Web project. The proposedsolution in-
volvesdevelopinga domain-specificontologythat
can be mappedto other ontologiesas required.
In this paperwe describean alternative approach
which allows autonomousagentsto index shared
objectswithout requiringex-anteagreementon an
ontology. Using a processof distributednegotia-
tion, eachagentbuilds a lexicon of the problem-
solving competencesof other agents. We present
an overview of our work using this approachin
threedomains: a web servicesscenario,a multi-
case-basedagentapproachandfinally, Tagsocratic,
a blog-indexing service. We thendescribeour fu-
turework on severalopenissuesrelatedto this re-
search.

1 Introduction
The problemof interoperabilitybetweenautonomous,non-
centralisedsoftwarecomponentshasbeenanintrinsic feature
of agentresearch.Althoughagentcommunicationlanguages
(ACLs) suchasKQML [Finin et al., 1994] andFIPA [FIPA,
2000] provide standardcommunicationprotocols, there is
still the problemof agreementon a commonlanguagewith
which to allow agentsto co-operateaboutcontentin theiren-
vironment. Oneof the key incentives of the SemanticWeb
projectwasto introduceasemanticframework thatwoulden-
abletheprocessingof Internetresourcesby intelligententities
suchassoftwareagents.In pursuitof this, RDF andrelated
initiativessuchasDAML andOIL allow domain-specificon-
tologiesto bespecified[McGuinnessetal., 2002]. Theusual
strategy of theseeffortsconsistsin establishingarelationship
betweenthe local representationsand a commonreference
encoding,namelya sharedontology. This approachrequires
two steps:

1. Thedefinitionof anontologyfor thespecificdomain.

2. Thedefinitionof a mappingbetweena local representa-
tion andthesharedontology.

While intuitive, theseapproachesareoftennot effective in
practice. The first steprequiresex-anteagreementbetween
all potentialusersof the ontology. Furthermore,the map-
pingstepis generallyfar from trivial andoftenrequiresman-
ual intervention. Indeed,in termsof take-upon the WWW,
the top-down proposalsof theSemanticWeb have beenless
successfulthan simpler bottom-upprotocolssuchas RSS,1

whichenableinformationprovidersto publishinformationin
standardform quickly without having to agreeon semantics
in advance.Thelatterscenario,however, still impliesex-post
agreementon semanticsbetweenlocally definedrepresenta-
tions. In termsof agenttechnology, this meansallowing the
agentcompleteautonomyin representingtheinformationob-
jectsit expresses,but alsorequiringit to learna mappingbe-
tweenalternative representationsheldby otheragents.

In contrast,we presentanalternative perspective in which
autonomous,distributed agentsnegotiateusing a technique
called language gamesin order to develop a distributed in-
dexing lexicon [SteelsandMcIntyre,1999]. By learningthis
lexicon eachagentbuilds apictureof thecompetencesof ex-
ternal agentsand can quickly requestresourcesfrom these
whenit is notableto solve aproblemlocally. To illustratethe
techniquewepresentthreescenariosin theareaof distributed
informationretrieval. In the first, a web servicesplug-in al-
lows distributedinformationprovidersto learnwhich topics
they have in common. In thesecond,distributedcase-based
information agentslearn the competencesof eachother so
thatinformationthatis notavailablelocally mayberetrieved
from othercompetentagents. Finally, we introduceTagso-
cratic,aprojectin thebloggingdomainin whichagentscom-
municatein orderto learntopicalignmentsbetweenbloggers.
In this scenario,the bloggeris enabledto quickly find posts
by otherbloggerson thesameor similar subjects.

In section2,welocatethiswork in relationto theSemantic
Webprojectandto previouswork in agentresearch.Sections
3 and4 describethe languagegamestechnique.We charac-
terisethistechniqueashaving atwo stages:aneagerindexing
stageanda problem-solvingstage.In section5, we describe
our initial work in applyingthis techniquein threedomains.
Wedescribeopenissuesandfuturework in section6.

1blogs.law.harvard.edu/tech/rss1 1



2 Background

Early agentresearchrecognisedthat co-operatingagentsre-
quire accessto unambiguoussemanticdescriptionof the
sameconcept,entity or object. For example, the DARPA
KnowledgeSharingEffort (KSE) tackledtheproblemof in-
teroperabilitybetweenheterogeneousknowledgesourcesby
dividing the probleminto three layers: a languagetransla-
tion layer, a communicationslayer andan ontologylayer in
whichsemanticconsistency is preservedwithin thedomainin
which the applicationswork [Necheset al., 1991]. The key
idea is that a shareddomain-specificontology is developed
in advancefrom which agentscanchooseor extendtheele-
mentsthatbestsuit their own perspective. Knowledgecanbe
sharedbecauseagentscantranslatebetweentheir own local
representationandthe sharedontology. Agent communica-
tion languagessuchasKQML andFIPA assumeasharedon-
tology betweencommunicatingagents.In KQML, themes-
sagelayerallowstheagentto specifytheontologyassociated
with themessage,while FIPA hasspecifiedanontologyser-
vice to allow agentsto reasonaboutdomainknowledge.

Indeed,one of the key objectives of the SemanticWeb
project is to enableprocessingof web resourcesby dis-
tributed,intelligententitiessuchassoftwareagents[Berners-
Leeet al., 2001]. As such,this projecthasproducedseveral
specificationssuchas RDF, OIL and DAML, which allow
domain-specificontologiesto be produced. The Semantic
webproposalscanbeviewedasa top-down approachto the
problemof semanticagreement:agreementis reachedin ad-
vanceon theformal relationsbetweenentitiesin a particular
domain,afterwhichagentsor otherintelligentsoftwareappli-
cationscanreasonabouttheobjectsin thedomain.However,
a difficulty in this approachis how agreementis reachedon
thecorrectknowledgerepresentationfor aparticulardomain.
If two or moreontologiesareusedfor a particulardomain,
agentswho wish to communicatewill requirea translation
servicebetweenontologies.In theworstcasescenario,where
agreementis not reached,eachagentusesa knowledgerep-
resentationbasedon local semanticsandcommunicationbe-
tweenagentsrequiresa translationservicebetweeneachpair
of agents.

Despitetheobviousbenefitsof anagreedsemanticframe-
work, the take-up on SemanticWeb proposalsto datehas
beenslow. Instead,simpler, ‘bottom-up’ initiativeshave be-
comemuchmoresuccessful.For example,RSShasbecome
thestandardmeansof allowing informationprovidersto pub-
lish up-to-datedataon thewebwithout requiringexplicit se-
manticmark-up. In the blogosphere,blog softwareenables
bloggersto mark-upeachof their postswith locally defined
categories.Two key observationscanbemadehere:thepro-
liferationof these‘bottom-up’approachesappearsto bestim-
ulatedby the lack of centralisedco-ordinationrequiredfor
their deployment.This would seemto suggestthatwebcon-
tentproviderspreferminimal constraintson the local defini-
tion of semantics.Secondly, theissueof semanticalignment
appearsto beaddressedby a secondwave of low level initia-
tivessuchasRSSaggregatorsandcategory aggregators2.

2http://www.technorati.com/

Thereare also a numberof approachesto matchinghet-
erogeneousschemasbasedon machinelearning[Rahmand
Bernstein,2001]. However, whereagentshaveheterogeneous
knowledgerepresentations,suchapproachesrequirea map-
ping betweenrepresentationsfor every pair of agents. In
a similar spirit to this work, [Reedet al., 2002] argue that
thespecificationof theagentcommunicationlanguage(ACL)
canbe a run-timeprocesswhereagentstailor their commu-
nication primitives to the circumstancesin which they find
themselves. In contrast,we are concernedwith how dis-
tributedinformationagentscanlearnto refer to commonob-
jectsin their environmentwithout having to formally define
or learnaparticularsemanticframework.

3 Introduction to Language Games

Our researchis basedon experimentson languageevolution
called language games[SteelsandMcIntyre, 1999]. Rather
than requiring pairwise translationbetweenheterogeneous
knowledge representations,agentsachieve a commonlan-
guagethrougha processof exchanginginstancesand feed-
back. The languagegamestechniquewas developedorig-
inally to explore how autonomous,heterogeneousphysical
agentscoulddevelopacommonlanguagein orderto commu-
nicateaboutobjectsin theirenvironment.Agentsarenotcon-
strainedin termsof their internalrepresentationabouttheob-
jects.Instead,they learnadistributedcommonlexiconwhich
allows themto refer to commonobjectsin their environment
althougheachagenthasadifferentinternalrepresentation.

This techniquehasmore recentlybeenadaptedto tackle
the problemof aligning heterogeneousknowledgerepresen-
tationsamonginformationprovidersontheweb[Avesaniand
Agostini, 2003;AvesaniandCova, 2005]. Theproblemsce-
nario canbe describedasfollows: The web is a distributed
repositoryof webpagesto which autonomousagents(users)
addinformation in a randomfashion. Although, many web
pagesdescriberelatedsubjectmatter, the web is not organ-
isedin a topic-centricmanner. We describehow distributed
agentsco-operateby gameplayingin orderto producea dis-
tributed index of topics that allows an agentto link its own
topicdefinitionsto thosedefinedby agentswith similar inter-
ests.

Our definitionof anagentis quitevaried. In theMoleski-
ing application,an agentis a server sideadd-onthat learns
the correspondencebetweenski-mountaineeringtrips being
offeredby otherautonomouslymanagedweb sites[Avesani
and Cova, 2005]. In the CBR agentsinitiative [Avesaniet
al., 2005b], eachagentfiltersandcollectssitesoffering travel
itinerariesfor a particular user interestgroup. A usercan
query the agent’s casebasememory for a suitabletrip de-
scription. If an adequatesolution is not found, the agent
contactsotheragentswith competencein the area. The key
point is that eachagentlearnsandindexesthe competences
of externalagentsusingthe languagegamestechnique.Fi-
nally, theTagsocraticprojectexaminesthe role for informa-
tion agentsin theBlogosphere[Avesanietal., 2005a]. In this
scenario,eachbloggerhasan agentwho learnswhich posts
by otherbloggersaddresssimilar topicsto thoseof its blog
master.1 2



4 Indexing and Problem Solving
In thissectionwegive atoplevel view of thelanguagegames
methodology. For amoreformal introductionto our method-
ologysee[AvesaniandAgostini,2003]. Thelanguagegames
methodologycanbeviewedasbeingmadeupof 2 stages:

1. Indexing phase:An eagerindex learningstagein which
agentscommunicateto assesssimilarity betweentheir
object representations.During this phasea shareddis-
tributed index emerges.

2. problem-solvingphase: In this stageeachagentcan
quickly retrieve relevant casesby consultingits index-
ing lexicon andissuinga labelidentifierto otheragents.

4.1 Indexing phase
The indexing phaseconsistsof a numberof languagegames
wherebya communityof agentsconverge on a commonset
of labelsfor theobjectsin theirworld. Thecommonsetof la-
belsconstitutesadistributedgloballookuptablewhichis then
usedto referencesimilar casesin external casebases. For
example,if we considerthe CBR examplepreviously men-
tionedanddescribedin moredetail later, the index learning
phaseinvolves eachagentlearning the correspondencebe-
tweensimilar casesin otheragentsandassigningthosecases
aglobalidentifying labelby which thosecasescanbeidenti-
fied. Thesetof globallabelsconstitutesanindex of theglobal
competenceof theagentcommunity. However, this index is
not maintainedcentrally but is distributedamongthe agent
community. After theindexing process,anagentcanrequest
similar casesto oneof its own casesfrom anotheragentby
simply sendingit theappropriateglobal label. Thereceiving
agentthenlooksupwhichcase(s)in its casebasecorresponds
to this labelandreturnsit to therequestingagent.

Eachlanguagegameinvolvesanexchange betweena pair
of agentswhereoneacts asa speaker andthe otheracts as
a listener. As shown in Table1, all agentsmaintaina table
which recordsthedegreeof associationbetweena global la-
bel (Lp) and oneof its cases(Op). In thetable,u refersto the
numberof timesthelabelhasbeenusedin differentlanguage
gamesby this agentwhile a refersto how often it hasbeen
successfullyused.Eachgameconsistsof a communications
phaseandanassessmentphase(seeFigure1).

Communications
Thecommunicationsphaseproceedsasfollows: Thespeaker
agentchoosesoneof its object(case)representationsandthe
correspondingbestscoringlabel from the associationtable.
In theexamplein Table 1, thelabell1 is thebestperforming
label for casecj9, having beensuccessfullyusedfor 8 out of
10languagegames.AgentCBj andagentCBi agreeto have
a languagegame. AgentCBj , actingasthespeaker, selects
casecj9 and (encodesit as) label l1. It sendsthe label to
AgentCBi. CBi decodeslabell1 usingits associationtable.
If it findsthatthelabelcorrespondsto oneof its own cases,it
selectsthecaseandreturnsit to agentCBj .

Assessment
The next phaseof the gameis the assessmentphase. Agent
CBj must assesswhether the casesent by agentCBi is
equivalentto casecj9. In theMoleskiingapplicationandthe

Op Lp u a
cj9 l1 10 8
cj9 l2 3 0
cj5 l3 5 4
cj6 l4 8 1

Table1: The lexicon of casebaseCBj during the learning
phase

CBRagentsapplicationwesuccessfullyuseabi-partitestring
matchingalgorithmto determineequivalence[Kuhn,1955].
The casesin the speaker’s casebaseare ranked by similar-
ity to the casereceived from the listener. If the top ranked
caseis the sameasthe caseinitially chosenby the speaker,
thegameis deemedto bea successandthespeaker accord-
ingly updatesits table, increasingthe fraction of times the
labelwassuccessfullydeployed (9 timesout of an11). The
speaker sendspositive feedbackto the listenerso that it too
canupdateits table. If the gamefails - the listenermay re-
turn nothingor may returna mismatchingcase,the fraction
of successesrecordedby the label is reducedto 8 out of an
11. The speaker sendsnegative feedbackto the listenerand
likewiseit reducesthefractionof successfuldeploymentsfor
this labelin its table.

It is importantto rememberthat the assessmentphaseis
domaindependent.For theTagsocraticproject,for instance,
we usea naive Bayesclassifier[Lewis, 1998] to determine
whetherthe postsreceived from the listeningblog agentare
of thesameclassastheblog postsrepresentedby theglobal
labelonthespeakingblogagent.In thissense,theassessment
phasein Tagsocraticis moredifficult in thatwehaveto assess
whetherexchangedpostsbelongto thesameconceptshared
by both peers,ratherthandeterminingequivalencebetween
objectrepresentations.

4.2 Problem-solving Stage
Theproblem-solvingstageallows distributedCBR agentsto
quickly retrieve remotecasesby issuingthelearnedindex la-
bel. As similarity computationhasbeeneagerlycomputed
and indexed during the indexing stage,the bandwidthand
computationoverheadsinvolved in sendinganddecodinga
labelarevery low, entailingfastquerytime response.

Let usconsideranexamplescenarioin which CBR agents
retrieve travel informationbasedon input from a user. Each
agentoperatesautonomouslyandhasa casebasemadeup of
a setof travel itineraries.Thesolutionpart of eachcasede-
scriptionconsistsof reviews andcommentspostedby other
usersonthequalityof theproposedtravel package.Eachcase
baseis representedaccordingto a locally definedschema.
CBR agentsmay cooperateso that if a locally retrieved so-
lution is not adequateit cancontactagentswith competence
in the problemareato retrieve alternative solutions. In Fig-
ure 2 we illustrate the cycle just described.Eachcasebase
agentcontainsreviews thatarepertinentto a particularinter-
estgroup. While not delivering resultsto its userbase,the
agentis busy crawling the web for casematerialrelevant to
the interestsof its usergroup. Let us considerthe scenario
where,afterqueryingcasebaseagentCBi, theuserprovides1 3



Figure1: Languagegamesinteractionmodel.

relevancefeedbackto the agentthat the solution of the re-
trieved caseci1 was not adequate:in our examplewe can
seethat the itinerary is not reviewed in sufficient detail. In
responsethe agentlooks up the casebeinginspectedby the
userin its associationtable.It findsthatit correspondsto the
lexical labell1. It thenissuesa requestfor solutionsfor l1 to
theotheragentsthatcontaincasesindexedasl1. Eachagent
decodesthe label l1 andreturn casesassociatedwith it. In
theexampleshown in Figure2 thesolutionfor casecj9 from
casebaseCBj is returnedto theuser.

Agent CBi

local lexicon

Ci1 l1
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Agent CBj
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Figure2: Theretrieval modelfor distributedCBRagents.

5 Applications

5.1 Case-Based Information Agents
The previous section introduced the languagegame phe-
nomenonas appliedto a a communityof distributed case-
basedagents.A detaileddiscussionof how languagegames
solve the vocabulary alignmentproblemin distributedCBR
canbe found in [Avesaniet al., 2005b]. Figure3 illustrates
the resultsfrom an evaluationwherewe useda real dataset
from theHarmoniseproject,a Europeanprojectto align ser-
vices from heterogeneoustourism serviceproviders [Fodor
et al., 2002]. To enableinteroperabilitybetweendifferent
representationsof thesameevent,theHarmoniseresearchers
proposemanuallymappingeachvendor’sschemato aninter-
mediateschema.Our evaluationgoalwasto seewhetherwe
couldautomaticallyalign thesameeventsusingthelanguage
gamesmethodology. Our datasetconsistedof 6 eventsrep-
resentedfour differentwaysby four case-basedagents.Fig-
ure3 illustratesthat100%alignmentwasachievedsoonafter
800pairwisegames.

Figure3: Formationof anindexing lexicon

5.2 Moleskiing
The Moleskiing initiative representsthe authors’ initial at-
tempsat tackling the problem of the lack of implemented
semantic standardson the web. In the sport of ski-
mountaineeringit is crucial for participantsto have themost
upto datereportsonrouteconditionsfrom otherskiers.How-
ever, thereare several ski-mountaineeringportals to which
alpineskierscanreport conditionswhich tendsto fragment
the information available to other skiers. Moleskiing was
designedas serviceto automaticallyreconcilethe different
schemasusedby eachportal to provide a singlepoint of ac-
cesson Alpine ski-mountaineeringconditions. Three het-
erogeneoussourcesof ski-mountaineeringinformationwere
used: Gulliver, Moleskiing and Skirando. Table 2 sum-
marisesthedatafrom thethreeinformationprovidersthatwe
usedin our evaluation.

Figure4 shows the plot of four samplegamesessions.It
shows thepercentageof lexica convergenceasa functionof1 4



gulliver moleskiing skirando
Total items 38 179 69
gulliver overlap - 22 (12%) 8 (11%)
moleskiingoverlap 22 (57%) - 51 (73%)
skirandooverlap 8 (21%) 51 (28%) -
Completeoverlap 6 (15%) 6 (3%) 6 (8%)

Table2: The lexicon of casebaseCBj during the learning
phase
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Figure4: Evolution of commonlexicon formation.

the numberof gamesplayedbetweenpeeragents.0% con-
vergencemeansthatthereis no commonassociationsamong
the peers:every peeris usingdifferent labelsto encodethe
sameobject. Thus,the commonlexicon is emptyandinter-
peercommunicationwill fail. Conversely, 100%convergence
indicatesthatpeershavereachedanagreementon how to ref-
erenceall sharedobjects.Thecommonlexicon containsone
entry for eachsharedobjectandthusinter-peercommunica-
tion is alwayssuccessful.A full discussionof theseresultsas
well asa descriptionof the service-orientedarchitecturefor
languagegamesusedin Moleskiingis givenin [Avesaniand
Cova,2005].

5.3 Tagsocratic

Weblogginghas increasinglybecomean important part of
the informationeconomyfoundon theInternet[Nardi et al.,
2004;Schianoet al., 2004]. Its greatbenefitis that it allows
ordinarypeopleto easilypublishopinionsbasedupontheir
experiences.Thistypeof information,sometimeshighly sub-
jective,hasgreatvaluefor otherInternetuserswhocanmake
useof it to make decisionsor simply to inform themselves.
However, the blogging phenomenonexacerbatesthe prob-
lemsposedby thelackof semanticprotocolsfor theInternet.
Although thereis no constrainton what informationcanbe
posted,blogsoftentaketheform of aseriesof annotationson
topicsof sharedinterest[Bar-Ilan, 2004]. As bloggerstend
to publishtheir work independently, thereis nostandardway
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Figure5: Tagsocratic use case.

of organising theblogosphereso that theposts that relate to a
particular topic can be automatically indexed together. Most
blog software allows users to define categories with which to
label their posts. However, the semantics of the category are
defined locally by the user rather than relating to a globally
understoodconcept.

Clearly, there are benefits if these distributed information
sources can be organised so that the reader (or blogger) can
view related opinions on a single topic or concept. For ex-
ample, the prominence given to user reviews on proprietary
review sites like Amazon.com suggests their importance in
providing sales adviceto the potential customer. In Figure 5
we present a use case of the type of topic-centric servicewe
require for the blogosphere. The objective is to provide an
on-line mapping service for locally defined blog entry cate-
gories.

In the use case scenario depicted in Figure 5, Bob is visit-
ingAlice’sblog. Hefindspostsabout the activity of blogging
and notices that Alice categorises them under the category
blogs. Bob would like to view other posts available in the
blogosphere about the same topic. The problem, of course,
is that other bloggersmay usedifferent categories to describe
the blogging topic. Thus, Bob contacts the Tagsocratic ser-
vice, requesting blog entries from categories mapped to Al-
ice’s blogs category; the mapping engine then returns a
list of entries from categories aligned to the blogs cate-
gory. The returned matches include entries from Carl un-
der his blogging category and entries from Dave labelled
PhD (Dave is doing a PhD on the effect of blogs on society).
However, Bob does not receive any entries from Eve whose
blogs category simply stores links to various blog engine
web sites.

Thus, the objective of the Tagsocratic project is to provide
an on-line matching service for local blog categories whilst
respecting the autonomy of the blogger. Our goal is to allow
auser to find postscategorised by other usersunder local cat-
egories that are semantically equivalent. In our approach, the
semantics of other users’ categories are automatically learnt
by the system using the language games technique. The us-
agepatternsof theuser (which we call l ocal context) aretaken
into account. Thisallowsus, for example, to handlesituations
where two bloggers use the same category label with totally
different meanings. From thefunctional point of view, Tagso-1 5



cratictacklesthesituationpresentedin theusecase(seeFig-
ure5). Theissuesinvolvedin developingtheTagsocraticser-
vicearediscussedin greaterdetail in [Avesanietal., 2005a];

6 Future Work
Wehavebegunexamininghow to reducethenumberof game
iterationsrequiredin order to converge on a stablelexicon.
Oneareathatcanbeimprovedis theinitial periodof gameac-
tivity wherethespeaker sendsa labelwhichmustbeguessed
by thelisteningagents.Clearly, many gamesmusttake place
beforethe listenerguessescorrectly. Onesolutionwe have
hadinitial successwith is for thespeaker to sendaninstance
ratherthana label. Secondly, we areexaminingthestrategy
usedby the speaker in choosinglabelsor instancesto send.
Currently, theseare chosenat random. However, it might
bemoreefficient to sendlabels/instancesthatwould provide
morediscriminatinginformationto help in the formationof
thelocal lexicon.

Wehavealsobegunto examinehow differentstrategiescan
beemployedby thepeeragents.Currently, thestrategy used
by agentsis naive: all agentsaregoodpotentialgamepartners
and partnersare chosenat randomfor this purpose. How-
ever, we recognisethat a moresophisticatedstrategy would
be to choosepartnersthat give the peermaximuminforma-
tion exposure(i.e. peeragentsthat servicelarge communi-
ties)andpartnersthatareconsistentlygoodsourcesof infor-
mation. We describesomedirectionswe are examining to
allow agentsto operateusingmoresophisticatedstrategies.

6.1 Mixed-initiative strategies
A mixed-initiativesystemis asystemwhichallowsmoreuser
interactionin the automatedreasoningprocess.The key in-
sight is that humansmay be betterequippedto assesscriti-
cal pointsduring the learningphaseandshouldbe enabled
to contribute. By integratingthecontributionsfrom theuser
andsystem,we enableeachto contribute what it doesbest.
Moreover, flexible user-interactionpolicieswould allow the
systemto adaptto differencesin knowledgeandpreferences
amongusers.In thecontext of languagegamesresearch,we
areinvestigatinghow amixed-initiativestrategy couldbeun-
obtrusively employed to speedup the convergencestepby
providing feedbackon ambiguouslexical alignmentsduring
thelearningphase.Furthermore,userinteractioncanhelpto
narrow thescopeof thegameby selectingcandidateplayers
or barringfurthergameswith agentswhoseinformationser-
vicesthey distrustor dislike.

6.2 Trust/reputation strategies
The issueof trustandreputationon the Internethasbecome
increasinglyimportant, not just in terms of salesreliabil-
ity but also in termsof implying consistency and authority
[Richardsonet al., 2003]. For instance,Google’s PageRank
algorithmimplicitly recogniseshighly linked pagesasmore
likely to beauthoritative sourcesof information[Pageet al.,
1998]. Likewise, in the communityof heterogenousinfor-
mationagentswe have described,certainagentsarelikely to
emergeasauthoritiesoncertaintopicareas.Thus,ratherthan
choosingpartnersat random,an agentmay have moresuc-
cessin linking his topic descriptionsto thoseexpressedby

suchagents. We are interestedin developing the protocols
that allow reputationscoresto be expressedandunderstood
in adistributedenvironment.

6.3 Malicious recognition strategies

A relatedissueis how to recognisespam.At thepresenttime,
topicrelevanceis determinedusingclassificationandsimilar-
ity matchingtechniques.However, spammershaveshown in-
genuityatgamingpatternrecognitionsoftwareandwewould
expectthedeterminedspammerto beableto poisonthedis-
tributed index with referenceto non-relevant productsand
services.Our goal is to beableto detectspamearly through
aprocessof reputationmetricsandpatternrecognition.

6.4 Evaluation environment

A key issueis the evaluationof our system both in an off-
line and on-line context. There are three aspectsto this:
Firstly, we recognisethat thereis somecorrespondencebe-
tweenlearninga distributedtopic index andtypical unsuper-
visedlearningtechniques.The languagegamesapproachis
novel in thatit canbeviewedasanunsupervisedlearningap-
proachwherethe training corpusis decentralised.In terms
of learningefficacy we areexamininghow we canformalise
thelanguagegamesapproachsothatit canbecomparedwith
typical centralisedapproachesto clustering.

Secondly, we are interestedin developing a gamessim-
ulator where we can test the languagestechniqueusing a
gametheoreticapproach.Thuswecanassignagentsdiffering
strategiesandobservewhichstrategiesperformbetter. At the
momentour objective function of gamesuccessis a global
one indicating the percentageof global convergence. We
recognisethatwe needto developa morefine-grainedfunc-
tion to measureoverall gameoutcomesfor individual agents
andcommunitiesof agents.

Finally, we needto testour applicationsin anon-lineset-
ting. This is particularlyimportantfor evaluatingthemixed-
initiativestrategy.

7 Conclusions
In this paperwe investigatedtheproblemof building thedis-
tributedcommonreferencesystemsneededto enrichcurrent
web applicationsand allow for their meaningfulinteroper-
ability. Weconsideredthisproblemfrom theperspectiveof a
communityof distributedagents.WhereastheSemanticWeb
proposesa top-down approachto Semanticinteroperability,
we suggestthat agentscan learn the competencesof other
agentsin their community. We describeda novel approach
to this problembasedon the languagegamestechnique.We
introducedthreeprototypeapplicationswehavedevelopedto
testthis methodology:CBR agents,MoleskiingandtheTag-
socraticproject.

Thereis widescopefor futurework. Themodelunderlying
the languagegamestechniqueis still fairly unsophisticated
andwe plan to usethe experiencegainedfrom practicalex-
perimentationto improve it. Along thesameline, we expect
to designmorerefinedstrategiesto guidethegames,in order
to improve thelexicon building process.1 6
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