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Abstract

Early agentresearchrecognisedhat co-operating
agentgequireaccess$o unambiguoussemantiae-

scriptionof the sameconcept,entity or object. In

fact, agent-basedesearchon this problem antic-

ipatesmary of the currentinitiatives of the Se-
mantic Web project. The proposedsolution in-

volvesdevelopinga domain-specifiontologythat
can be mappedto other ontologiesas required.
In this paperwe describean alternatve approach
which allows autonomousagentsto index shared
objectswithout requiring ex-anteagreemenbn an

ontology Using a processof distributed negotia-

tion, eachagentbuilds a lexicon of the problem-
solving competencesf otheragents. We present
an overviewv of our work using this approachin

threedomains: a web servicesscenario,a multi-

case-basedgentapproachandfinally, Tagsocratic,
a blog-inding service. We thendescribeour fu-

ture work on several openissuesrelatedto this re-

search.

1 Introduction

The problemof interoperabilitybetweenautonomouspon-
centralisedsoftwarecomponentfiasbeenanintrinsic feature
of agentresearchAlthoughagentcommunicatiorlanguages
(ACLs) suchasKQML [Finin etal., 1994 andFIPA [FIPA,
2004 provide standardcommunicationprotocols, there is
still the problemof agreemenbn a commonlanguagewith
whichto allow agentgo co-operateaboutcontentin theiren
vironment. One of the key incentves ofthe SemanticWeb
projectwasto introducea semantidramework thatwould en-
abletheprocessin@f Internetresourcedy intelligentertities
suchassoftwareagents.In pursuitof this, RDF andrelated
initiativessuchasDAML andOIL allow domain-specifion-
tologiesto be specifiedMcGuinnesstal., 2004. Theusual
stratgyy of theseefforts consistsn establishingarelationship
betweenthe local representationand a commonreference
encodingnamelya sharedontology This approackrequires
two steps:

1. Thedefinitionof anontologyfor the specificdomain.

2. Thedefinitionof amappingbetweera local representa-
tion andthe sharedntology
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While intuitive, theseapproachesreoften not effective in
practice. The first steprequiresex-anteagreemenbetween
all potentialusersof the ontology Furthermore,the map-
ping stepis generallyfar from trivial andoftenrequiresman-
ual intervention. Indeed,in termsof take-up on the WWW,
the top-dovn proposalsof the SemanticVeb hae beenless
successfuthan simpler bottom-upprotocolssuchas RSS?
which enableinformationprovidersto publishinformationin
standardiorm quickly without having to agreeon semantics
in advance.Thelatterscenariohowever, still impliesex-post
agreemenbn semanticdetweenocally definedrepresenta-
tions. In termsof agenttechnologythis meansallowing the
agentcompleteautonomyin representingheinformationob-
jectsit expressesbut alsorequiringit to learna mappingbe-
tweenalternatve representationseld by otheragents.

In contrastwe presenian alternatve perspectie in which
autonomousdistributed agentsnegotiate using a technique
calledlanguage gamesin orderto develop a distributedin-
dexing lexicon [SteelsandMclntyre, 1999. By learningthis
lexicon eachagentbuilds a pictureof the competencesf ex-
ternal agentsand can quickly requestresourcefrom these
whenit is notableto solve aproblemlocally. Toillustratethe
techniquene presenthreescenariosn theareaof distributed
informationretrieval. In thefirst, a web servicesplug-in a-
lows distributedinformation providersto learnwhich topics
they have in common. In the seconddistributed case-based
information agentslearn the competence®f eachother so
thatinformationthatis not availablelocally mayberetrieved
from other competentagents. Finally, we introduceTagso-
cratic,aprojectin thebloggingdomainin which agentscom-
municaten orderto learntopicalignmentdetweerblogges.
In this scenariothe bloggeris enabledto quickly find posts
by otherbloggerson the sameor similar subjects.

In section2, we locatethiswork in relationto the Semantic
Web projectandto previouswork in agentresearchSections
3 and4 describethe languagegamestechnique.We charac-
terisethistechniqueashaving atwo stagesaneagelindexing
stageanda problem-solvingstage.In section5, we describe
our initial work in applyingthis techniquein threedomains
We describeopenissuesandfuturework in section6.

blogs.lav.hanard.edu/tech/rss



2 Background

Early agentresearchrecognisedhat co-operatingagentsre-
quire accessto unambiguoussemanticdescription of the
sameconcept,entity or object. For example, the DARPA
KnowledgeSharingEffort (KSE) tackledthe problemof in-
teroperabilitybetweenheterogeneouknowledgesourceshy
dividing the probleminto threelayers: a languagetransla-
tion layer, a communicationdayer andan ontology layerin
whichsemanticonsisteng is preseredwithin thedomainin
which the applicationswork [Necheset al., 1991. The key
ideais that a shareddomain-specifiontologyis developed
in advancefrom which agentscanchooseor extendthe ele-
mentsthatbestsuittheir own perspeciie. Knowledgecanbe
sharedbecauseagentscantranslatebetweentheir own local
representatiomndthe sharedontology Agentcommunica-
tion languagesuchasKQML andFIPA assume sharedn-
tology betweencommunicatingagents.ln KQML, the mes-
sagdayerallowstheagentto specifytheontologyassociatd
with the messagewhile FIPA hasspecifiedan ontologyser
vice to allow agentgo reasoraboutdomainknowledge.

Indeed, one of the key objectives of the SemanticWeb
project is to enable processingof web resourcesby dis-
tributed,intelligententitiessuchassoftwareagentd Berners-
Leeetal., 2001]. As such,this projecthasproducedseveral
specificationssuchas RDF, OIL and DAML, which allow
domain-specificontologiesto be produced. The Semantic
web proposalscanbe viewed asa top-davn approactto the
problemof semanticagreementagreemenis reachedn ad-
vanceon theformal relationshetweerentitiesin a particulr
domain afterwhichagentsor otherintelligentsoftwareappli-
cationscanreasoraboutthe objectsin thedomain.However,
a difficulty in this approachs how agreements reachedon
thecorrectknowledgerepresentatiofor a particulardoman.
If two or more ontologiesare usedfor a particulardomain,
agentswho wish to communicatewill requirea translation
servicebetweerontologies.In theworstcasescenariowhere
agreements not reachedgachagentusesa knowledgerep-
resentatiorbasedon local semanticeandcommunicatiorbe-
tweenagentgequiresatranslationservicebetweereachpar
of agents.

Despitethe obvious benefitsof anagreedsemantidrame-
work, the tale-up on SemanticWeb proposalsto date has
beenslow. Insteadsimpler ‘bottom-up’ initiativeshave be-
comemuchmoresuccessfulFor example,RSShasbecome
thestandardneanf allowing informationprovidersto pub
lish up-to-datedataon the webwithout requiringexplicit se-
mantic mark-up. In the blogosphereblog software enables
bloggersto mark-upeachof their postswith locally defined
catgyories. Two key obsenationscanbe madehere:thepro-
liferation of thesebottom-up’ approacheappearso besim-
ulated by the lack of centralisedco-ordinationrequiredfor
their deployment. This would seemto suggesthatweb con-
tent providers preferminimal constrainton thelocal defini-
tion of semanticsSecondlytheissueof semanticalignmert
appearso beaddressetty a secondwvave of low level initia-
tivessuchasRSSaggraeyatorsandcategory aggreators?.

2http://wwwtechnorati.com/
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Thereare also a numberof approache$o matchinghet-
erogeneouschemasasedon machinelearning[Rahmand
Bernstein2001]. However, whereagentave heterogeneous
knowledgerepresentationssuchapproachesequirea map-
ping betweenrepresentationgor every pair of agents. In
a similar spirit to this work, [Reedet al., 2004 armgue that
thespecificatiorof theagenttommunicatiodanguag€ACL)
canbe a run-time processvhereagentsailor their commu-
nication primitives to the circumstancesn which they find
themseles. In contrast,we are concernedwith how dis-
tributedinformationagentscanlearnto referto commonob-
jectsin their environmentwithout having to formally define
or learnaparticularsemantidramework.

3 Introduction to Language Games

Our researchs basedon experimentson languageevolution
calledlanguage gamed Steelsand Mclintyre, 1999. Rather
than requiring pairwise translationbetweenheterogeneau
knowledge representationsagentsachieze a commonlan-
guagethrougha processof exchanginginstancesand feed-
back. The languagegamestechniquewas developedorig-
inally to explore how autonomousheterogeneouphysical
agentxoulddevelopacommonlanguagen orderto commu-
nicateaboutobjectsin theirervironment.Agentsarenot con-
strainedn termsof theirinternalrepresentatioaboutthe ob-
jects.Insteadthey learnadistributedcommonlexicon which
allows themto referto commonobjectsin their ervironment
althougheachagenthasa differentinternalrepresentatio.

This techniquehas more recently beenadaptedo tackle
the problemof aligning heterogeneouknowledgerepresen-
tationsamonginformationprovidersontheweb[Avesaniand
Agostini, 2003; Avesaniand Cova, 2003. The problemsce-
nario canbe describedasfollows: The web is a distributed
repositoryof web pagego which autonomousgentqusers)
addinformationin a randomfashion. Although, mary web
pagesdescriberelatedsubjectmatter the web is not organ-
isedin atopic-centricmanner We describehow distributed
agentsco-operatéy gameplayingin orderto producea dis-
tributed inde of topicsthat allovs an agentto link its own
topic definitionsto thosedefinedby agentswith similarinter-
ests.

Our definition of anagentis quite varied. In the Moleski-
ing application,an agentis a sener side add-onthat learns
the correspondencbetweenski-mountaineeringrips beirng
offered by otherautonomouslymanagedveb sites[ Avesani
and Cova, 2003. In the CBR agentsinitiative [Avesaniet
al., 20051, eachagenffilters andcollectssitesoffering travel
itinerariesfor a particular userinterestgroup. A usercan
query the agents casebasememoryfor a suitabletrip de-
scription. If an adequatesolution is not found, the agent
contactsotheragentswith competenceén the area. The key
point is that eachagentlearnsand indexesthe competences
of externalagentsusingthe languagegamestechnique. Fi-
nally, the Tagsocratigrojectexaminesthe role for informa-
tion agentsn the BlogospherdAvesanietal., 20054. In this
scenarioeachbloggerhasan agentwho learnswhich posts
by otherbloggersaddresssimilar topicsto thoseof its blog
master



4 Indexing and Problem Solving

In this sectionwe give atop level view of thelanguagegames
methodology For a moreformal introductionto our method-
ology seelAvesaniandAgostini,2003. Thelanguagegames
methodologycanbeviewedasbeingmadeup of 2 stages:

1. Indexing phase:An eagetindex learningstagein which
agentscommunicateo assessimilarity betweentheir
objectrepresentationsDuring this phasea shareddis-
tributed ind& emepges.

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 agentscornverge on a commonset
of labelsfor theobjectsin theirworld. Thecommonsetof la-
belsconstituteadistributedgloballookuptablewhichis then
usedto referencesimilar casesin external casebases. For
example,if we considerthe CBR examplepreviously men-
tionedanddescribedn more detail later, the index learnirg
phaseinvolves eachagentlearningthe correspondencée-
tweensimilar casesn otheragentsandassigninghosecasa
aglobalidentifying labelby which thosecasesanbeidenti
fied. Thesetof globallabelsconstitute@nindex of theglobal
competenc®f the agentcommunity However, this index is
not maintainedcentrally but is distributed amongthe agent
community After theindexing processanagentcanrequest
similar casedo one of its own casesrom anotheragentby
simply sendingit the appropriategloballabel. Thereceving
agenthenlooksupwhichcase(s)n its casebasecorrespond
to this labelandreturnsit to therequestingagent.
Eachlanguageggameinvolvesan exchange betweea pair
of agentswhereone acts asa spealkr andthe otheracts as
a listener As shavn in Table 1, all agentsmaintaina table
which recordsthe degreeof associatiorbetweenra global la-
bel (£,) and oneof its casegO,). In thetable,u refersto the
numberof timesthelabelhasbeenusedin differentlanguage
gamesby this agentwhile a refersto how oftenit hasbeen
successfullyused. Eachgameconsistsof a communications
phaseandanassessmemthasegseeFigurel).

Communications
Thecommunicationphaseproceedsasfollows: Thespealer
agentchoose®neof its object(caseyepresentationandthe
correspondingestscoringlabel from the associatiortable.
In theexamplein Table 1, thelabell; is the bestperforming
labelfor casec;y, having beensuccessfullyusedfor 8 out of
10languagegames AgentC B; andagentC B; agreeto have
alanguagegame. AgentC'B;, actingasthe spealer, selects
casec;y9 and(encodest as)label /;. It sendsthe label to
AgentC B;. C B; decodedabell; usingits associatioriable.
If it findsthatthelabelcorrespond$o oneof its own casesit
selectghe caseandreturnsit to agentC'B;.

Assessment

The next phaseof the gameis the assessmernghase Agent
CB; must assessvhetherthe casesentby agentCB; is
equivalentto casec;g. In the Moleskiingapplicationandthe
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O, Ly, u a
Cj9 l1 10 8
Cj9 12 3 0
Cj5 15 5 4
Cj6 l4 8 1

Table1: The lexicon of casebaseC B; during the learning
phase

CBRagentsaapplicationwe successfullyiseabi-partitestring

matchingalgorithmto determineequivalence[Kuhn, 1955.

The casesdn the spealer's casebaseare ranked by similar

ity to the casereceved from the listener If the top ranked
caseis the sameasthe caseinitially chosenby the spealer,

the gameis deemedo be a succesandthe spealer accord-
ingly updatesits table, increasingthe fraction of timesthe
labelwassuccessfullydeployed (9 timesout of an11). The
spealer sendspositive feedbackto the listenerso thatit too

canupdateits table. If the gamefails - the listenermay re-
turn nothingor may returna mismatchingcase the fraction
of successerecordedby the labelis reducedto 8 out of an
11. The spealkr sendsnegative feedbackto the listenerand
likewiseit reduceghefractionof successfutieploymentsfor

thislabelin its table.

It is importantto remembetrthat the assessmerghaseis
domaindependentFor the Tagsocratigroject,for instane,
we usea naive Bayesclassifier[Lewis, 1999 to determine
whetherthe postsreceved from the listeningblog agentare
of the sameclassasthe blog postsrepresentedby the global
labelonthespeakinglogagent.In this sensetheassessnré
phasedn Tagsocratiés moredifficult in thatwe have to asses
whetherexchangedhostsbelongto the sameconceptshared
by both peers,ratherthandeterminingequivalencebetween
objectrepresentations.

4.2 Problem-solving Stage

The problem-solvingstageallows distributed CBR agentso
quickly retrieve remotecasedy issuingthelearnedndex la-
bel. As similarity computationhasbeeneagerlycomputed
and indexed during the indexing stage,the bandwidthand
computationoverheadsnvolved in sendingand decodinga
labelarevery low, entailingfastquerytime response.

Let usconsideranexamplescenarian which CBR agents
retrieve travel informationbasedon input from a user Each
agentoperatesutonomoushandhasa casebasemadeup of
a setof travel itineraries. The solutionpart of eachcasede-
scription consistsof reviews and commentspostedby other
usersonthequality of theproposedravel package Eachcas
baseis representediccordingto a locally definedschema.
CBR agentsmay cooperateso thatif a locally retrieved so-
lution is not adequatét cancontactagentswith competence
in the problemareato retrieve alternatve 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 casematerialrelevantto
the interestsof its usergroup. Let us considerthe scenario
where afterqueryingcasebaseagentC B;, the userprovides
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il'\'cr Listener
1: Os := selectObject)
7 2: Lj:=encodeObiect (Os)
-

3: sendLabel(Lj)

4: Ch: =decode Label(Lj)

5: sendOhject{ Ch)

&: F: =assess(0s, Oh)

7: updatelexicon(f)

8: sendFeedback(f)

9: updatelLexicon(f)
-

Figurel: Languagegamesinteractionmodel.

relevancefeedbackto the agentthat the solution of the re-
trieved casec;; was not adequate:in our examplewe can
seethatthe itinerary is not reviewed in sufficient detail. In
responsehe agentlooks up the casebeinginspectedoy the
userin its associationiable. It findsthatit correspondso the
lexical labell;. It thenissuesarequestor solutionsfor [ to
the otheragentghatcontaincasedndexedas/; . Eachagent
decodeghe label I; andreturn casesassociatedvith it. In
the exampleshown in Figure2 the solutionfor casec;o from
casebaseC B; is returnedto theuser

Shared label Set T= {11, 12, 13, 14, 15}

Agent CBi Agent CBj
local lexicon local lexicon
o
- Cii 1 3. send label /1 11 Gy |+ =
(ORI St S RN > @
> Ci3 12 12 Cjs ! :_:5
“‘:’ : Cis 14 12 Cj2 : 3
- Ci6 15 15 Cj6 L5
A I @
L _ . case Cil case Cjo —+ @
type lang. learning hol. type | language
dest. dublin, ire place dublin
acomm.| blooms hotel hotel blooms
stay 14 days duration | 14 days

reviews: (1 review) reviews: (10 reviews)

2. revise 5. reuse

Figure2: Theretrieval modelfor distributed CBR agents.

14

5 Applications

5.1 Case-Based Information Agents

The previous section introducedthe languagegame phe-
nomenonas appliedto a acommunity of distributed case-
basedagents.A detaileddiscussiorof how languagegames
solve the vocahulary alignmentproblemin distributed CBR

canbefoundin [Avesaniet al., 2005H. Figure 3 illustrates
the resultsfrom an evaluationwherewe useda real dataset
from the Harmoniseproject,a Europearprojectto align ser

vices from heterogeneoutourism serviceproviders [Fodor
et al., 2004. To enableinteroperability betweendifferent
representationsf the sameevent, the Harmoniseresearches

proposemanuallymappingeachvendors schemdo aninter-

mediateschema.Our evaluationgoalwasto seewhetherwe

couldautomaticallyalign the sameeventsusingthelanguag

gamesmethodology Our datasetconsistedf 6 eventsrep-
resentedour differentwayshby four case-basedgents.Fig-

ure3illustratesthat100%alignmentwasachieved soonafter

800 pairwisegames.
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Figure3: Formationof anindexing lexicon

5.2 Moleskiing

The Moleskiing initiative representghe authors’initial at-
tempsat tackling the problemof the lack of implemented
semantic standardson the weh In the sport of ski-
mountaineeringt is crucialfor participantsto have the most
upto datereportsonrouteconditionsfrom otherskiers.How-
ever, there are several ski-mountaineeringportalsto which
alpine skierscanreport 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-
erogeneousourcesf ski-mountaineeringnformationwere
used: Gulliver, Moleskiing and Skirando. Table 2 sum-
mariseghe datafrom thethreeinformationprovidersthatwe
usedin our evaluation.

Figure4 shaws the plot of four samplegamesessions.It
shaws the percentag®f lexica cornvergenceasa function of
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gulliver [ moleskiing] skirando |

Totalitems 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 casebaseC'B; during the learning
phase

% of lexicon convergence

Game sessions
gulliver-skirando
gulliver-moleskiing
skirando-moleskiing
9u\Iiver-skira(]do-molesk\ipg

2500 3000 3500

L
2000
Number of games

I I
1000 1500

Figure4: Evolution of commonlexicon formation.

the numberof gamesplayedbetweenpeeragents.0% con-
vergencemeanghatthereis no commonassociationamong
the peers: every peeris usingdifferentlabelsto encodethe
sameobject. Thus,the commonlexicon is emptyandinter
peercommunicatiowill fail. Corversely 100%corvergene
indicateshatpeershave reachedanagreemenvn how to ref-
erenceall sharedobjects. The commonlexicon containsone
entry for eachsharedobjectandthusinter-peercommunica-
tion is alwayssuccessfulA full discussiorof theseresuls as
well asa descriptionof the service-orientedrchitecturefor
languagegamesusedin Moleskiingis givenin [Avesaniand
Cova, 2009.

5.3 Tagsocratic

Weblogginghasincreasinglybecomean important part of
theinformationeconomyfound on the Internet[Nardi etal.,
2004;Schiancet al., 2004. Its greatbenefitis thatit allows
ordinary peopleto easily publish opinionsbasedupontheir
experiencesThistypeof information,sometimesighly sub-
jective, hasgreatvaluefor otherinternetuserswho canmalke
useof it to make decisionsor simply to inform themseles.
However, the blogging phenomenorexacerbateghe prob-
lemsposedby thelack of semantigrotocolsfor thelnternet
Although thereis no constrainton what information can be
postedblogsoftentake theform of aseriesof annotation®n
topics of sharedinterest[Barllan, 2004. As bloggerstend
to publishtheir work independentlythereis no standardvay
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Query:

Alice’s blog Find postsfrom other bloggers
on topics that match
blogs Bob reads Alice’s "blogs” category ; ;
~ Mapping service
posts categorized
" v personal by Alice under @
"blogs"
E | @
RSS @

Response:
Carl's "blogging" category
Dave's "PhD" category

Bob

Figure 5: Tagsocratic use cae.

of organising the blogasphere so that the paststhat relate to a
particular topic can be automaticdly indexed together. Most
blog software dlows usersto define caegories with which to
label their posts. However, the semantics of the cdegory are
defined locdly by the user rather than relating to a globally
understood concept.

Clealy, there ae benefits if these distributed information
sources can be organised so that the reader (or blogger) can
view related ognions 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 cae of the type of topic-centric servicewe
reguire for the blogosphere. The objedive is to provide an
ontline mapping service for locdly defined blog entry ceate-
gories.

In the use case scenario depicted in Figure 5, Bob is visit-
ingAlicesblog. Hefinds postsabou the adivity of bloggng
and ndices that Alice caegorises them under the caegory
bl ogs. Bobwould like to view other pasts available in the
blogosphere a&ou the same topic. The problem, of course,
isthat other bloggers may use diff erent categoriesto describe
the bloggng topic. Thus, Bob contads the Tagsocratic ser-
vice requesting dog entries from caegories mapped to Al-
icés bl ogs caegory; the mapping engine then returns a
list of entries from caegories aigned to the bl ogs cae-
gory. The returned matches include entries from Carl un-
der hisbl oggi ng category and entries from Dave labell ed
PhD (Dave is doing a PhD onthe dfed of blogs on society).
However, Bob daes nat receve any entries from Eve whose
bl ogs caegory simply stores links to various blog engine
web sites.

Thus, the objedive of the Tagsocratic projed isto provide
an online matching service for locd blog caegories whil st
respeding the autonamy of the blogger. Our goal isto alow
auser tofind pasts caegorised by aher users under locd cat-
egories that are semanticdly equivaent. In our approach, the
semantics of other users' categories are automaticdly leant
by the system using the language games technique. The us-
age patterns of the user (which we cdl | ocd context) aretaken
intoacount. Thisallowsus, for example, to hand e situations
where two bloggers use the same caegory label with totally
different meanings. From the functional point of view, Tagso-



cratictacklesthe situationpresentedn the usecase(seeFig-
ure5). Theissuesnvolvedin developingthe Tagsocraticse-
vice arediscussedn greaterdetailin [Avesanietal., 20054;

6 FutureWork

We have begunexamininghow to reducethenumberof game
iterationsrequiredin orderto corverge on a stablelexicon.
Oneareathatcanbeimprovedis theinitial periodof gameac-
tivity wherethe spealer sendsa labelwhich mustbe guessed
by thelisteningagents Clearly, mary gamesmusttake place
beforethe listenerguessegorrectly One solutionwe have
hadinitial succesvith is for the spealer to sendaninstane
ratherthana label. Secondlywe are examiningthe strateyy
usedby the spealer in choosinglabelsor instancedo send.
Currently theseare chosenat random. However, it might
be moreefficientto sendlabels/instancethatwould provide
more discriminatinginformationto helpin the formation of
thelocal lexicon.

We have alsobegunto examinehow differentstratgiescan
be employed by the peeragents.Currently the strategyy used
by agentds naive: all agentsaregoodpotentialgamepartnes
and partnersare chosenat randomfor this purpose. How-
ever, we recognisethat a more sophisticatedtrateyy would
be to choosepartnersthat give the peermaximuminforma-
tion exposure(i.e. peeragentsthat servicelarge communi-
ties) andpartnerghatareconsistentlygoodsourcef infor-
mation. We describesomedirectionswe are examining to
allow agentdo operateusingmoresophisticatedtratayies.

6.1 Mixed-initiative strategies

A mixed-initiative systenis asystemwhich allows moreuser
interactionin the automatedeasoningprocess.The key in-
sightis that humansmay be betterequippedto assesriti-
cal points during the learning phaseand shouldbe enabled
to contribute. By integratingthe contritutionsfrom the user
and system,we enableeachto contribute what it doesbest.
Moreover, flexible userinteractionpolicieswould allow the
systemto adaptto differencesn knowledgeandpreferences
amongusers.In the contet of languagegamesresearchyve
areinvesticatinghow a mixed-initiative strateyy couldbe un-
obtrusively emplgyed to speedup the cornvergencestep by
providing feedbackon ambiguoudexical alignmentsduring
thelearningphase.Furthermorepserinteractioncanhelpto
narrav the scopeof the gameby selectingcandidateplayers
or barring further gameswith agentsvhoseinformationser
vicesthey distrustor dislike.

6.2 Trust/reputation strategies

Theissueof trustandreputationon the Internethasbecome
increasinglyimportant, not just in terms of salesreliabil-
ity but alsoin termsof implying consisteng and authority
[Richardsoret al., 2003. For instance Googles PageRank
algorithmimplicitly recognisesighly linked pagesasmore
likely to be authoritatve sourcesof information[Pageet al.,
1999. Likewise, in the communityof heterogenougnfor-
mationagentsve have describedgcertainagentsarelik ely to
emegeasauthoritieson certaintopic areas.Thus,ratherthan
choosingpartnersat random,an agentmay have more suc-
cessin linking his topic descriptionsto thoseexpressedy
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suchagents. We are interestedn developing the protocols
that allav reputationscoresto be expressedand understood
in adistributedervironment.

6.3 Maliciousrecognition strategies

A relatedissueis haw to recognisespam.At thepresentime,
topicrelevanceis determinedisingclassificatiorandsimilar-
ity matchingtechniquesHowever, spammer$fiave shovn in-
genuityat gamingpatternrecognitionsoftwareandwe would
expectthe determinedspammeto be ableto poisonthe dis-
tributed inde with referenceto non-relevant productsand
services.Our goalis to be ableto detectspamearly through
aproces®f reputationmetricsandpatternrecognition.

6.4 Evaluation environment

A key issueis the evaluationof our system bothin an off-
line and on-line context. There are three aspectsto this:
Firstly, we recognisethat thereis somecorrespondencbe-
tweenlearninga distributedtopic index andtypical unsupe
visedlearningtechniques.The languagegamesapproachis
nowel in thatit canbeviewedasanunsupervisedearningap-
proachwherethe training corpusis decentralised.In terms
of learningefficacy we areexamininghow we canformalise
thelanguagegamesapproactsothatit canbecomparedvith
typical centralisecapproacheto clustering.

Secondly we are interestedin developing a gamessim-
ulator where we can test the languagegechniqueusing a
gametheoreticapproachThuswe canassigragentsliffering
stratgyiesandobsene which stratgiesperformbetter At the
momentour objective function of gamesuccesss a global
one indicating the percentageof global cornvergence. We
recognisethatwe needto develop a morefine-grainedfunc-
tion to measureoverall gameoutcomedor individual agents
andcommunitiesof agents.

Finally, we needto testour applicationsan anon-line set-
ting. Thisis particularlyimportantfor evaluatingthe mixed-
initiative strateyy.

7 Conclusions

In this papermwe investicatedthe problemof building thedis-
tributedcommonreferencesystemsieededo enrichcurrent
web applicationsand allow for their meaningfulinteroper
ability. We consideredhis problemfrom the perspectie of a
communityof distributedagents Whereaghe SemantioNVeb
proposes top-donvn approachto Semanticinteroperability
we suggestthat agentscan learn the competencesf other
agentsin their community We describeda novel approach
to this problembasedon the languagegamestechnique.We
introducedthreeprototypeapplicationsve have developecto
testthis methodology:CBR agentsMoleskiingandthe Tag-
socraticproject.

Thereis wide scopédor futurework. Themodelunderlying
the languagegamestechniqueis still fairly unsophisticatd
andwe planto usethe experiencegainedfrom practicalex-
perimentatiorto improve it. Along the sameline, we expect
to designmorerefinedstrateyiesto guidethe gamesjn order
to improve thelexicon building process.
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