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ABSTRACT

Currentapproacheso e-commercereat serviceprice asthe pri-

mary constructfor negotiation. However, negotiationon price pre-
supposedhat other propertiesof the servicehave alreadybeen
agreedipon.For mary reallife situationsaserviceconsumeanda
producethasadif cult timein understandingachothersrequire-
mentsand forming a consensu®n the desiredservice. Accord-
ingly, this paperdevelopsa theoryfor automatingservicenegotia-
tion andprovidesthedetailsof animplementedsystem . Thetheory
combinesimportantideasfrom inductive logic learningwith ex-

pressie representationf ontologies.Both consumersindproduc-
ersshareanontologyaboutthe serviceof interest.Throughrepeti-
tive interactionsproducerdearnconsumersheedsaccuratelyand
canmale bettertargetedcounternffers. Thedevelopedsystenuses
the well-known Wine ontologyto demonstratehe negotiation of

serviceneeds.

1. INTRODUCTION

Traditionale-commercapplicationsaretargetedfor humarusers.

However, asthe numberandextent of transactionsncreasethere
is atremendousiemandfor developing e-commercepplications
thatcanbe e xibly usedby machines.Agentshave provento be
successfuparadigmfor autonomousndintelligent softwaresuch
asthoseneededor e xible e-commerceapplications.In atypical
e-commerceapplication,thereare two basicbut importantroles:
producerandconsumerProducelad\ertisesandprovidesaservice
for whichtheconsumehasinterestwhereasheconsumerequests
andpossiblyacceptgheservice.ln this case servicecanbeselling
abook,reservinga hotelroom,andsoon.

Mary timesthe serviceprovider may not be offering the exact
requestedservicedueto lack of resourcesconstraintdn its busi-
nesspolicy, andso on. Whenthis is the case,the producerand
the consumemeedto negotiatethe contentof the requestedser
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vice [15]. Mostof thecurrentstudiesrelatedto negotiationassume
thatthe servicecontentis x edandthusfocuson the price of the
service[10]. Otherapproachesassumethat all partsof the ser
vice areequallyimportantandhencenegotiateeachservicefeature
oneby one[7, 3]. However, usually eachservicefeatureis not
equallyimportancefor aconsumerMoreover, importanceof aser
vice featuremay vary from consumeito consumer For instance,
completiontime of a servicemay be importantfor one consumer
whereaghequality of theservicemaybemoreimportantfor asec-
ond consumer Thus, if a provider canlearnthe preferencesf a
consumerit canprovide counteroffersthatarebettertargetedfor
thatparticularconsumer

As an alternatve to price-orientednegotiation approachesye
proposeanapproachor automatinghe contentnegotiationof ser
vices,wheretheproducerdearnthe preferencesf consumersver
time. We represenservicerequestasa vectorof servicefeatures.
We useanontology[8, 4] in orderto capturetherelationsbetween
featuresandto constructthe featuresfor a given service. By us-
ing acommonontology we enabletheconsumerandproducerso
sharea commonvocahulary for negotiation. The producemodels
the requestof the consumerandits counteroffersto understand
which featuresare more importantfor the consumer To enable
this learning,we needan incrementalearningapproachthat can
betrainedat runtime andcanreviseitself with eachnenv example.
We have usedinductive learning[11] for this purposeandextended
the versionspacealgorithmsto take into accounthe needsof ser
vice negotiationcontext.

Therestof this paperis organizedasfollows: Section2 explains
our proposedarchitecture.Section3 givesthe technicaldetailsof
our approachncludingthealgorithmsfor learningconsumersser
vice needsand offering servicesaccordingly Section4 provides
our experimentalsetupandour testcase. Section6 discussesand
compare®urwork with otherrelatedwork.

2. ARCHITECTURE

Ourmaincomponentareconsumeandproduceragentswhich
communicatewith eachotherto performcontent-orientecheyoti-
ation. To make the mostof the communicationfwo requirements
have to be ful lled. One, the languagethe agentsspeakshould
be free from ambiguities.Two, the languageshouldbe expressie
enoughfor partiesto understan@ndnegotiatedetails. To achieve
bothof theserequirementsyeuseontologiesn ourarchitecture A
sharedontology providesthe necessaryocahulary for agentsand
henceenablesa commonlanguagefor agents. Further sincean
ontologycanrepresentonceptstheir propertiesandtheirrelation-
shipssemanticallythe agentscanreasorthe detailsof the service



thatis beingnegotiated.Our architecturds independentf the on-
tology used. However, to make our discussionconcrete,we use
the well-known Wine ontology[18] to illustrate our ideasandto

testour system.Thewine ontologyincludesfeaturesuchascolor,

body, winery of thewine andsoon. With this ontology theservice
thatis beingnegotiatedbetweerthe consumemandthe produceris

thatof wine.

Figure 1 depictsour architecture. The consumeragentrepre-
sentsthe customerand hencehasaccesgo the preferencesf the
customer The consumemlgentnegotiateswith the producerbased
on thesepreferences.Similarly, the produceragenthasaccesgo
the producers inventory andknows which wines are available or
not. Theinventoryinformationis representedsa setof individual
classesn theontology

The architectureadwancesin a turn-taking fashion,where the
consumeragentstartsthe negotiationwith a particularservicere-
quest. The requestis composedf signi cant featuresof the ser
vice. In the wine example,thesefeaturesncludeascolor, winery
andsoon. This is the particularwine thatthe customeris inter-
estedin purchasing.If the producerhasthe requestedvine in its
inventory the negotiationends. Otherwise the produceroffers an
alternatve wine from theinventory Whentheconsumerecevesa
counteroffer from the producerit will evaluateit. If it is accept-
able,thenthe negotiationwill end. Otherwise,the customerwill
generate new requesior stick to the previousrequest).This pro-
cesswill continueuntil someserviceis acceptedy the consumer
agentor all the possibleoffer are put forward to the consumetby
theproducer

3. TECHNICAL DETAILS

Oneof the crucialchallenge®f the content-orientediegotiation
is the automaticgenerationof counteroffers by the servicepro-
ducer Whenthe producerconstructsts offer, it shouldconsider
threeimportantthings: the currentrequestconsumeipreferences
andthe producers availableservices Both the consumes current
requestandthe producers own available serviceareaccessibldy
the producer However, the consumes preferencesn mostcases
will notbe. Hence the producemwill have to understandhe needs
of theconsumefrom theirinteractionsandgenerate counteroffer
thatis likely to beacceptedyy theconsumerThis challengecanbe
studiedin threestages:

Representatiortdiow dowerepresentherequestandcounter
offers of the producerso that they can reasonabouteach
others actions?

Learning:How cantheagentdearnabouteachothers pref-
erencedasedn requestandcounteroffers?

Revision: How do the agentsrevise their requestor offers
basednincominginformation?

3.1 Representation

The request®f the consumemlndthe counteroffers of the pro-
ducerarerepresentedsvectors whereeachelementn thevector
correspondso the value of a feature. For instance the customer
may prefermediumandstrongredwine. This canberepresented
with thefollowing vectorquery[Medium, Strong,Red]. Or, if the
customerpreferslight and delicatewhite wine, this canbe repre-
sentedwith thefollowing query[Light, Delicate White].

3.2 Learning Phase

Theproduceragenttriesto learnthe consumes preferencesis-
ing informationobtainedfrom the dialogueshetweerthe producer

andthe consumer The preferenceslenotethe relative importance
degreeof the featuresof the servicesdemandedy the consumer
agents. For instance the color of the wine may be so important
thatthe consumeinsistson buying the wine whosecolor is “red”
andrejectsall the offersinvolving thewine whosecolor is “white”
or “rose”. Onthe contrary the winery may not be soimportantas
muchasthe color for this customerso the consumemay have a
tendenyg to acceptary offer, which meetsthe color requirement,
whosewinery is differentfrom the speci ed onein therequest.

To tackle this problem, we proposeto useinductive learning.
Thistechniqués appliedto learnthe preferencesasconceptsVer-
sion Space[11] is one of the inductive learning approacheshat
learnsconceptgrom obseredexamples.Theaim of versionspace
algorithmis to generateyenerakulesor hypothesesyhichinvolve
the positive examplesand do not include ary negative examples.
In fact, this generalhypothesigepresentshe desiredconcept. To
understandhow the VersionSpaceapproachworks, we investigate
the CandidateElimination Algorithm (CEA) that implementsthe
VersionSpace Algorithm 1 givesthe pseudacode[12].

Algorithm 1 CandidateElimination Algorithm

thesetof maximallygenerahypothesein H

thesetof maximallyspeci ¢ hypothesein H

: For eachtrainingexample,d

if dis a positive examplethen
Remae all hypothesen G donotcoverd
For eachhypothesisin S doesnotcoverd
—Remwesfrom S
— Add to S all minimal generalization$ of s suchthath
coversd andsomememberf G aremoregenerathanh

9: —Remuoe from S ary hypothesishatis moregeneralthan

anothetypothesisn S

10: endif

11: if dis anegative examplethen

12: Remaweall hypotheseq Sthatcoverd

13:  Foreachhypothesigyin G doescoverd

14: —RemwegfromG

oONogRrwWNME

15: —Addto G all minimalspeci cationsh of g suchthath does
notcoverd andsomememberof Saremorespeci ¢ thanh

16: — Remawe from G ary hypothesighatis lessgeneralthan
anothethypothesisn G

17: endif

Thereare two kinds of setsrepresentinghe mostgeneralhy-
pothesegset ) andthe mostspeci ¢ hypothesegset ). These
setsareusedto capturethelimits of thelearnedconcept.Thatis, a
concepis atleastasspeci c asthehypothesighatexistin set and
atmostasgenerahsthehypothesicontainedn set . Thebound-
ariesof themostgenerahypothesegareaslarge aspossiblein that
they cover the entire positive training exampleand possibleposi-
tive instanceswhereashoseof themostspeci ¢ hypothesesreas
smallaspossiblethey minimally cover the obsered positive sam-
ples. By usingthe mostgeneralhypothesesindthe mostspeci ¢
hypothesesywe canproduceall possiblehypothesedor the tamget
conceptAs thealgorithmrecevespositive andnegative examples,
it revisesthe and suchthateventually and intersectin
which casethe concepthasbeenlearned.

At the baginning of the algorithm, is initialized with the set
of maximallygenerahypotheseshatcover everything,whereas
is setwith the setof maximally speci ¢ ones.During theinterac-
tions,eachrequesbf theconsumercanbe consideredisa positive
exampleandeachcounteroffer generatedy the producerandre-
jectedby theconsumerngentcanbethoughtof asa negative exam-



Figure 1: Negotiation Ar chitecture

ple. At eachdialoguebetweerthe producerandthe consumerwe
apply training over setsof the mostspeci ¢ andthe mostgeneral
hypotheses.

ExaMPLE 1. Assumehat our target conceptwine hasthree
attributes: body avor andcolor! Accoding to the scenario,as-
sumea wine with featues (Full, Stong White)is an acceptable
wine Initially, G is simplyinitialized with the mostgeneal hy-
pothesis(?,?, ?) wheee meanghis attribute cantake anyvalue
Ontheotherhand, isinitialized with themostspeci ¢ hypothesis
consistentvith the r st positiveobservedraining sample in this
case(Full, Stong White).

Theneayative sample&nforcethespecializatiorof somehypothe-
sessothat doesnotcover ary hypothesisacceptinghe negative
samplesaspositive.

ExAamPLE 2. Followingthepreviousexample assumehat(Full,
Delicate Rose)is an unacceptablevine (i.e., a nggativetraining
sample).Thegeneal setshouldbespecializedn sud a waythatit
shouldnot cover thisinstancebut covers previouslyobservedosi-
tive samples.

In the algorithm, there may be variousways to specializethe
generaket . Oneway is to comparehe attributesof the negative
examplewith the speci ¢ setandto assigntheir differenceto the
existing . Alsothealgorithmeliminateghehypothesethatcover
the negative samplefrom

ExAMPLE 3. Assumdhat contains(?,?,?) and contains
(Full, Stong White). If thenegativeexample(Full, Delicate Rose)

lWineclasshassevenattributesin ourimplementatiorin Sectiord.
In orderto keepthe examplessimple, herewe only includethree
attributes.

comesin, then needso be specializedsud that it becomeg?,
Strong ?) and(?, ?, White).

Whenapositive samplecomesthemostspeci c set  shouldbe
generalizedn orderto cover the new training instance.Similarly,
the detailsof the generalizatioris not speci ed in CEA, but from
theillustration explainedin [12], it canbe performedby replacing
thedifferentvaluesbetweerspecialsetandcurrentpositive sample
with . Furtherthemostgenerahypothesegn  thatdonotcover
thenew positive sampleareeliminated.

ExXAMPLE 4. Assumethat contains(Full, Delicate Rose).
If the next positiveexampleis (Medium,Delicate Rose) thenthe
geneanlizationof speci cset  will be(?, Delicate Rose).

As aresult,the mostgeneralhypothesesandthe mostspecialhy-
pothesegover all positive training samplesbut do not cover ary
negative ones.Incrementally  specializeand generalizesintil

and areequalto eachother Whenthesesetsare equal,the
algorithmcorvergesby meanf reachingthetargetconcept.

Algorithm 1 is primarily targetedfor conjunctve concept. On
the otherhand,we needto learndisjunctive conceptsn the negoti-
ationof aservice.For instancea consumemaywantstrongwhite
wine or delicatered wine but not want delicatewhite or moder
ateredwine. In Table 1, the behaior of the algorithmis shavn
clearly in accordancavith the given samples.It canbe seenthat
the algorithmfails in learningconceptsvheredisjunctive requests
exist. However, learningfrom suchconceptds requiredwhenpro-
viding serviceto the consumersinceconsumemay have several
alternatve wishes.

The way the generalset is specializedandthe specialset
is generalizeds crucial for successfullylearningthe hypothesis.
Considerthefollowing example:



Table 1: When Candidate Elimination Algorithm fails

SampleType Sample Themostgeneraket Themostspeci ¢ set
+ (Full,Strong,White) (?,2,?) (Full,Strong,White)
- (Full,Delicate,Rose) (?,Strong,?),(?,?, White) (Full,Strong,White)
+ (Medium,Moderate,Red) (?,2,?)

EXAMPLE 5. Thecolor featue of thewine productis allowed
to take three different values: white red and rose Assumethe
r st positivesampleis (Light, Delicate Red),denctinga red, light
anddelicatewine And,thesecondpositivesampleis (Light, Deli-
cate White),denotinga white light and delicatewine According
to Algorithm 1, the specialset  will be genealizedto be (Light,
Delicate?). However, now alsocontainssampledor (Light, Del-
icate Rose)eventhoughthe consumehasnot shownany interest
in rosewine sofar. If the consumemow rejectsan offer of rose
light and delicatewine, the specialsetwill bein violation with the
consumes prefeencesandthealgorithmwill endup learningthe
prefeencesncorrectly.

Algorithm 2 Modi ed CandidateElimination Algorithm

the setof maximally generahypothesein H
the setof maximally speci ¢ hypothesein H
. For eachtrainingexample,d
if d is a positive examplethen
Adddto S
if sin Scanbecombinedwith d to make oneelementhen
Combinesandd into sd sdis therule coverss andd
endif
endif
10: if dis anegative examplethen
11:  Foreachhypothesig) in G doescoverd
12:  * Assume g=(x1,x2,...,xn)andd = (d1,d2,...,dn)
13: —RemaoegfromG
14: - Add hypothesegl, g2, gn wheregl=(x1-d1,x2,...,xn),
g2=(x1,x2-d2,...xn),...,andgn=(x1, x2,...,xn-dn)

CcoNORWONME

15: - Remawe from G ary hypothesighatis lessgeneralthan
anothethypothesisn G
16: endif

We dealwith this problemby extendingour hypothesidanguage
toincludedisjunctive hypothesisn additionto theconjunctvesand
negation. Eachattribute of the hypothesihastwo parts:inclusive
list which holdsthe list of valid valuesfor that attribute and ex-
clusive list which is the list of valueswhich cannotbe taken for
thatfeature.For instancejf the mostspeci c setis (Light, Del-
icate, Red) , it will be (Light, Delicate,[White, Red]) instead
of (Light, Delicate,?) after a positive example, (Light, Delicate,
White) comes.Only whenall the valuesexist in thelist, they will
bereplaceddy .

We modify the CEA algorithm (Algorithm 1)to dealwith this
change.The modi ed algorithmis givenin Algorithm 2. Theini-
tialization phases samewith the original one(Lines 1, 2). If ary
positive samplecomeswe addthe sampleto the specialsetasbe-
fore (Line 4). However, we do not eliminatethe hypothesesn
that do not cover this samplesince  now containsa disjunction
of mary hypothesessomeof which will be con icting with each
other Remwing a speci ¢ hypothesisfrom  will resultin loss
of information,sinceotherhypothesesrenot guaranteedo cover
it. After atime,somehypothesesn canbemeigedandcancon-
structonehypothesigLines®6, 7).

Whena negative samplecomes,we do not change asbefore.
We only male themostgenerahypothesesot cover this negative
sample(Line 11-15).

EXAMPLE 6. Table2illustratesanexamplethatworkswith the
modi ed version spacealgorithm. Theinitial requestof the con-
sumeris sameastheonein Tablel, soastheinitial and . When
the counteroffer fromthe producercomesnegativeinstance) we
specialize since shouldnot cover any negativeinstances\We
replace(?, ?,?) by threedisjunctivehypothesesgad hypothesis
beingminimally specialized.In this process at eat time one at-
tribute value of nggative sampleis appliedto the hypothesisn the
geneanl set.

Notethatin Example6, we do noteliminate (?-Full),?,? from
thegenerabketwhile having apositive samplesuchas(Full, Strong,
White ). This stemsfrom the possibility of usingthis rule in the
generatiorof otherhypothesesFor instancejf the examplecon-
tinueswith anegative samplgFull, Strong,Red),we canspecialize
thepreviousrule suchas (?-Full),?,(?-Red).

By Algorithm 2, we do notmissary information. Later, we plan
to integrateontologyreasoningnto thealgorithmsothathierarchi-
cal informationcanbe learnedfrom subsumptiorhierarchyobject
or subclas®f relations.Further by usingrelationshipamongfea-
tures,the producercandiscorer new knowledgefrom the existing
knowledge.

ExamPLE 7. Usingthewineontolagy thefollowing reasoning
canbemade:Bordeauxs de nedasa Wine, Medocis de nedasa
Bordeauxand Pauillacis de nedasa Medoc Whenthe consumer
agentwantsto buy wine the produceragentcanoffer anyinstance
of BordeauxMedocand Pauillacsinceit canreasonthatif Medoc
is a Bordeauxand Bordeauxs a Wine then Medocis a Wine and
thenif Pauillacis a Medocand Medocis a Winethen Pauillacis a
wine Sud reasoningmalesour agent usethe semantidnforma-
tion relatedto the concepts.

3.3 Offering Sewice

Making theright serviceoffersis the mostimportantprocessn
content-orientedhegotiation. To generatehe bestoffer, the pro-
duceragentusests serviceontologyandtheinductive learningvia
themodi ed candidatesliminationalgorithm(Algorithm 2).

Whenproducerecevesary requesfromtheconsumerthelearn-
ing setof theproduceiis trainedwith thisrequesasapositive sam-
ple. Thelearningcomponentshemostspeci c set andthemost
generalset areactively usedin offering service.The mostgen-
eralset, is usedby the producerin orderto avoid offering the
serviceswhich will be rejectedby the consumeragent. In other
words, it lters the servicesetfrom the undesiredservices since

containshypotheseshat are consistentvith the requestf the
consumerThemostspeci ¢ set, is usedin orderto nd bestof-
fer, which s similar to the consumes preferencesSincethe most
speci ¢ set holdsthe previousrequestandcurrentrequestesti-
matingsimilarity betweerthis setandevery servicein the service
list is very convenientto nd the bestoffer from the servicelist.
Thealgorithmusedin offering a serviceto the consumeis called



Table 2: How Modi ed CEA works

SampleType Sample Thegenerakets Themostspeci c set
+ (Full, Strong,White) (?,2,?) (Full,Strong,White)
- (Full, Delicate,Rose) (?-Full),?,? , ?,(?-Delicate)? , ?,?,(?-Rose) (Full,Strong,White)
+ (Medium,Moderate Red) (?-Full),?,? , ?,(?-Delicate)? , ?,?,(?-Rose) (Full,Strong,White),

(Medium,Moderate,Red)

Similarity with Modi ed VersionSpace(SMVS) andis shavn in
Algorithm3.

Whentheconsumestartstheinteractionwith theproducelagent,
produceragentloadsall relatedservicesto the servicelist object.
This list constituteshe provider's inventory of services.Uponre-
ceving arequestif theproducercanoffer anexactly matchingser
vice, thenit doesso. For example,for a wine this corresponds$o
sellingawine thatmatchegshespeci edfeaturef theconsumes
requestdentically Whenthe producercannotoffer the serviceas
requestedit triesto nd the servicethatis the mostsimilar to the
servicesthat have beenrequestedy the consumerduring the ne-
gotiation. To do this, the producerhasto computethe similarity
betweenthe servicesit can offer andthe servicesthat have been
requested.

Algorithm 3 Offering ServiceAlgorithm (SMVS)

Require: Thelearningalgorithmis trainedwith the requestasa
positive example
1: if it isthe rst timethen
2: All relatedavailable servicesfrom service
ontology theproducergentcanprovide
endif
if any sin ServiceListis equalto therequesthen
Offer sto theconsumer
: else
. Remawe eachs in ServiceListwhich is not coveredby the
generaketsin learningobject

Noakw

8: forall in ServiceListdo

9: Estimatesimilarity between andthe mostspeci ¢ setin
learningobject

10: Hold the maximumsimilarity in

11: Hold thecountof servicesowing themaximumsimilarity
in

12: endfor

13 if then

14: Find rating values of s whose similarity is equal to

15: Offer the serviceswhoseratevalueis the biggest

16: else

17: Offer the servicewhosesimilarity is equalto

18: endif

19: endif

Similarity canbe estimatedwith one of the similarity metrics.
Thereare several similarity metricsusedin casebasedreasoning
systemsuchasweightedsumof EuclideandistanceHammingdis-
tanceand otheruseful similarity metricscanbe chosen[14]. We
have usedTversky's similarity measurgl7]. Thismetriccompares
two vectorsin termsof the numberof exactly matchingfeatures.

In Equation1, representshe numberof matchedat-
tributeswhereas representthe numberof the different
attributes. For now, we assume and is equalto eachother In
the future, we will try differentweight valuesand selectthe best

oneby comparingthem.

@)

Thisformulais for calculatingthesimilarity betweertwo feature
vectors.In our systemwhile thelist of serviceghatcanbe offered
by the producerare eacha featurevector the mostspeci c set
is notafeaturevector consistof hypothesesf featurevectors.
Therefore we estimatethe similarity of eachhypothesisgnsidethe
mostspeci c set andthentake the averageof the similarities.
Moreover, eachhypothesisn S mayinvolve a differentnumberof
serviceinstances.

EXAMPLE 8. Assum¢hat containshefollowingtwohypoth-
esis: Light, Modeiate, (Red,White) , Full, Stong Rose .
Take service as(Light, Stong Rose).Thenthe similarity of the
r stoneis equalto 1/3 and the secondoneis equalto 2/3in ac-
cordancewith Equationl. Normally, wetake the aveiage of it and
obtain (1/3+2/3)/2,equally 1/2. Howerer, the r st hypothesisn-
volvesthe effectof two request@andthe seconchypothesisnvolves
only onerequest.As a result, we expectthe effect of the r st hy-

pothesishouldbegreaterthanthat of the second.

Therefore we decideto calculatethe averagesimilarity by con-
sideringthe numberof sampleghathypothesesover. Let de-
notethenumberof sampleghathypothesis cancoverand
( ) denotesthe similarity of hypothesis with the
givenservices. We computethe similarity of eachhypothesiswith
thegivenserviceandweightthemwith thenumberof sampleghey
cover. We nd the similarity by dividing the weightedsumof the
similaritiesof all hypothesesn  with the serviceby the number
of all sampleghatarecoveredin

P

@)

L)

EXAMPLE 9. For the above example the similarity of (Light,
Strong Rose)with the speci ¢ setis (2*1/3+2/3)/3, equally 4/9.
The possiblenumberof samplesthat a hypothesisovers can be
estimatedwith multiplying cardinalities of eac attribute For ex-
ample the cardinality of the r st attribute is 2 and the others is
equalto 1 for thegivenhypothesisudas Light, Modemte (Red,
White) . Whenwe multiply them we obtaintwo (2*1*1=2).

Offeringaserviceis actuallysimilarto case-basedpproachWe
selectthefeaturevaluesof the servicevectorin the servicelist ob-
tainedfrom the ontology and Itered by the mostgeneralsetG,
which is the mostsimilar to the speci ¢ setin our learningalgo-
rithm whereasn case-basedpproachthe mostsimilar oneto the
currenttherequests choserby losingthepastrequesinformation.
In otherwords,whenwe investigatethe similarity, we do not only
look at the currentrequest,but alsolook at the previous request
of the consumemy the help of the mostspeci ¢ setcovering all
requestsluringtheneggotiationphase.



If thereis morethanone servicewith the maximumsimilarity,
theproduceragentchoose®neof themin accordancevith therat-
ing valueof it; thehigherratingis moreattractve for theconsumer
agent. After offering service therearetwo optionsfor consumer:
to acceptor reject. If the consumerejects,the producertrainsthe
learningsetwith the offer asa negative sample.Thiswill continue
until the consumetakesa serviceor until a certaintime interval.

4. DEVELOPED SYSTEM

We rst give a brief overview of our setupandthendiscussour
testcases.

4.1 Architectural Setup

We haveimplementedurarchitecturen Java. To easdestingof
the systemthe consumemrgentshasa userinterfacethatallows us
to entervariousrequests.The produceragentfully automateghe
learningandserviceoffering operationsexplainedbefore. We use
OWL[13] asourontologylanguageandKAON2[9] asourontology
reasoner As mentionedbefore,the systemusesthe well-known
wine ontologywith anextensionof WineProductlass.This class
is necessaryor the producerto recordthe winesit sells;i.e., its
inventoryinformation.

This ontologyalsoincludesthe individualsof the classeshich
arein the rangeof hasWhe propertyand also involves the indi-
vidualsof WineProductlasses.Following is an exampleof such
individuals.

<Beaujolais rdf:ID="ChateauMorgon">
<hasMaker rdf:resource="#ChateauMorgon" />
<madeFromGrape rdf:resource="#GamayGrape" />
<hasSugar  rdf:resource="#Dry" />
<hasFlavor rdf:resource="#Delicate" />
<hasBody rdf:resource="#Light" />
<hasColor rdf:resource="#Red" />
<locatedIn rdf:resource="#BeaujolaisRegion"/>

</Beaujolais>

<WineProduct rdf:ID="WineProduct1">
<Year>1975</Year>
<Count>1</Count>
<Rating>4</Rating>
<hasWine rdf:resource=

</WineProduct>

"#ChateauMorgon"/>

The yearinformationhasnot beenusedto keepexperimentssim-
ple. The countvaluekeepstrack of the numberof productsin in-
ventoryandis usedto checkavailability of the product.Therating
valueis anindicatorof the quality of thewine product. Amongtwo
similarwines,theonewith higherratingvalueis preferredover the
other The price of the wine is deliberatelyleft out to emphasize
thatwe areconcernedvith thevalueof the service.Table3 shavs
individualsof WineProductwhich areusedn thetestingphase.

4.2 Example

Considera customerthatis planningon buying wine. For the
customerthe color, locationandwinery of the wine aremoreim-
portantthanthe remainingfeaturessuchasthebody avor andso
on. In otherwords,the consumeicanbe corvincedto buy a wine
productwhose avor is differentfrom the onethat the consumer
initially speci esin its requestput shecannotbe corvincedto buy
thewine whosecoloris differentfrom herinitial speci cation.Ob-
viously, thesepreferencesre not known by the serviceprovider
aheadf time.

Table 4 depictsthe interactionsbetweenthe consumerandthe
producer The consumerstartsthe negotiation by generatingthe

following requestElyse, MerlotGrape,OffDry, Strong,Medium,
Red,NapaRgion] whereElyseis thenameof winery, MerlotGrape
is the type of grapethatwine is madefrom, OffDry indicatesthe
sugarlevel, Strongis the a vor of wine whereMediumis anindi-

cator for the body of the wine, the color of wine is Redand Na-

paR@ionis theregion of thewine.

Table 5: Estimated Similarities for the Example

ProductiD After Req.1 After Req.2 After Req.3
P1 0.143 0.143 0.190
P2 0.429 0.429 -
P3 0.571 - -
P4 0.286 0.286 0.238
P5 0.429 0.429 0.380
P6 0.286 0.286 0.286
P7 0.286 0.286 0.238
P8 0.143 0.143 0.143
P9 0.143 0.143 0.143
P10 0.143 0.143 0.095
P11 0.143 0.143 0.095
P12 0.0 0.0 0.0
P13 0.286 0.286 0.238
P14 0.143 0.286 0.333
P15 0.143 0.286 0.238
P16 0.143 0.143 0.143
P17 0.0 0.0 0.048
P18 0.429 0.429 0.429
P19 0.286 0.286 0.286

Max. Similarity: 0.571 0.4289 0.429

When this requestis taken by the producer it rstly trainsits
learningset,treatingthis requestsa positive sampleasexplained
before.Sincethisis the only positive examplesofar, it constitutes
themostspeci c set in accordanceith themodi ed CEA. Then,
it estimateghe similaritiesof eachavailableservicein the service
list of the producershavn in Table 3 with the mostspeci ¢ set.
Theoutputof thesimilaritiesestimatedy theproducemgentusing
Equationl is displayedn Table5.

Accordingto the similarities of the rst time, the mostsimilar
productis selectedas having the maximum similarity value

(= 4/7 = (common/ (common+ different)). This service
suppliesthe samecolor and location information with the initial
requestHowever, its winery is differentfrom the onethatthe con-
sumeragentstrictly wants. Therefore,the consumenmrejectsthe
offer andmalesanothemrequestwhich is alsoin accordancevith
the customers preferencegi.e., only the grapetype is changed).
At this point, the producerinsertsthe rejectedoffer asa negative
exampleinto its learningalgorithm and removesit from the ser
vice list. Following this, the producerrecalculateghe similarity
of the servicesin its servicelist with , which is equivalentto
(Elyse, [MerlotGrape,MalbecGrape] OffDry, Strong, Medium,
Red,NapaRegion) . At thistime,therearethreeproductswith the
maximumsimilarity value

1. Similarity of P2=(2* 3/7)/2=0.429
2. Similarity of P5= (2* 3/7)/2=0.429
3. Similarity of P18= (2* 3/7)/2=0.429

The producemprefersto offer the secondproductsinceits rating
valueis higherthanthe other products. However, the winery re-
quiremenbf thecustomeis notsupportedy this offer. Therefore,



Table 3: Available Sewices

WineProductlChateauMaggonBeaujolais

MetaData: Year=1975Count=1,Rating=4

| ChateauMagon, GamayGrapeDry, Delicate Light, Red,BeaujolaisRgion |

WineProduct2WhitehallLaneCabernetFranc

MetaData: Year=1985Count=2 Rating=5

| WhitehallLane CabernetFrancGrapBry, Moderate Medium,Red,NapaRgion |

WineProduct3FormanCabernetSauvignon

MetaData: Year=1985Count=1,Rating=4

| Forman,CabernetSauvignonGragery, Strong,Medium,Red,NapaRegion |

WineProduct4MariettaCabernetSauvignon

MetaData: Year=1985Count=1Rating=4

| Marietta,CabernetSauvignonGragdery, Moderate Medium,Red,SonomaRegion |

WineProduct5PageMillWineryCabernetSauvignon

MetaData: Year=1976Count=3,Rating=3

| PageMillwWinery, CabernetSauvignonGragdery, Moderate Medium, Red,NapaRegion |

WineProduct8SantaCruzMountaindeyardCabernetSauvignon MetaData: Year=1989Count=4,Rating=4
| SantaCruzMountain¥eyard, CabernetSauvignonGragety, Strong,Full, Red,SantaCruzMountains@&sn |

WineProduct7BancroftChardonnay

MetaData: Year=1991Count=1,Rating=2

| Bancroft,ChardonnayGrap&ry, Moderate Medium,White, NapaRegion |

WineProduct8FormanChardonnay

MetaData: Year=1975Count=2,Rating=5

| Forman,ChardonnayGrap&ry, Moderate Full, White, NapaRgion |

WineProduct@MountadamChardonnay

MetaData: Year=1985Count=2,Rating=4

| MountadamChardonnayGrap@ry, Strong,Full, White, SouthAustraliaRgion |

WineProductl0MountEdenVheyardEdna¥dlleyChardonnay

MetaData: Year=1989Count=1,Rating=4

| MountEdenVheyard, ChardonnayGrap&ry, Moderate Medium, White, Edna\alleyRegion |

WineProductltPeterMccgChardonnay

MetaData: Year=1991Count=10Rating=3

| PeterMccg, ChardonnayGrap&ry, Moderate Medium, White, SonomaRgion |

WineProduct12FoxenCheninBlanc

MetaData: Year=1981Count=7 Rating=4

| Foxen,CheninBlancGrape)ry, Moderate Full, White, SantaBarbaraRgon |

WineProductl13VentanaCheninBlanc

MetaData: Year=1976Count=5,Rating=5

| VentanaCheninBlancGrapeffDry, Moderate Medium, White, CentralCoastRgon |

WineProduct14WhitehallLanePrimeera

MetaData: Year=1974Count=3,Rating=5

| CongressSpringdalbecGrapeSweet Delicate Light, Rose NapaRegion |

WineProduct15SelakslceWhe

MetaData: Year=1984Count=13 Rating=4

| Selaks MalbecGrapegsweet Moderate Medium, White, NewZealandRgion |

WineProduct18SchlossRothermetdchenbierenausleseRieslingVietaData: Year=1987Count=23 Rating=3
| SchlossRotherme§angiveseGrapeSweet,Strong,Full, Rose,GermanyRegion |

WineProduct17StGeneieveTexasWhite

MetaData: Year=1991Count=29 Rating=3

| StGenegieve, GamayGrapeDry, Moderate Light, White, CentralExasRgion |

WineProduct18ElyseZinfandel

MetaData: Year=1976Count=7 Rating=4

| Elyse,ZinfandelGrapeDry, Moderate Full, Red,NapaRgion |

WineProduct19ChateauMagaux

MetaData: Year=1981Count=15Rating=4

| ChateauMagauxWnery, MerlotGrape Dry, Delicate Light, Red,MargauxReion |

the consumemgentwill rejectit. The next requestthe consumer
changeghe body attribute from strongto light. The producerre-
calculateghesimilarity with themostspeci ¢ setwhichis equalto

Elyse,(MerlotGrapeMalbecGrape),@bry, Strong, Medium,
Red,NapaRgion ,
NapaRgion . At thethird time,themaximumsimilarity is equal
to . Therefore P18is offeredto the customer

®)

Sincethis offer is consistenwith thecustomers preferenceghe
consumeiagentacceptghe offer. Whenwe investigatethe offers,
we canseethatthe produceragentlearnsthatthe wineryis anim-
portantfeaturefor the customerln thethird iteration,the producer

nds awine productthatmatcheghe consumes preferences.

5. PERFORMANCE EVALUATION

After giving a detailedexample,we evaluatethe performancef
the proposedsystem(SMVS by comparingit with the two other
approachethatdo not useinductive learning. The rst compared

Elyse,MalbecGrape,@bry, Strong,Light,Red,

systenrandomlygeneratesounteroffersby pickingrandomprod-
ucts for the user We call this approachRandomOffering. The
seconasystemwe use(SCR offersthe mostsimilar serviceto the
currentrequesby ignoringthe prior requestsnade.

Weuse vetestcasedor this evaluationprocessEachtestcase
containsa list of preferencegor the userand numberof matches
from the productlist. Also, the performancedependsn the ini-
tial requestthus, we repeatour experimentswith differentinitial
requests.

Consequentlyfor eachcase,we run the algorithms ve times
with several variationsof the requests. In eachexperiment,we
countthe numberof iterationsthat needto be madeto reachan
agreementWetake the averageof thethis numberin orderto eval-
uatethesesystemdairly. As is customarywe starteachtestcase
with thesameinitial request.

5.1 Scenariol

The customemvantsto buy ary wine whosesweetnesdegreeis
dry. Thereare 15 productsin the inventorythat meetsthis condi-
tion. Table6 shav theaverageof verunsfor all threeapproaches.



Table 4: An Example Negotiation

REQUEST- 1 [Elyse, MerlotGrape OffDry, Strong,Medium,Red,NapaRgion]
OFFER- 1 [Forman,CabernetSauvignonGragery, Strong,Medium,Red,NapaRgion]
REQUEST- 2 [Elyse,MalbecGrapeQffDry, Strong,Medium,Red,NapaRgion
OFFER- 2 [WhitehallLane CabernetFrancGrapBry, Moderate Medium,Red,NapaRgion
REQUEST- 3 [Elyse,MalbecGrapeQffDry, Strong,Light, Red,NapaRegion]
OFFER- 3 [Elyse,ZinfandelGrapeDry, Moderate Full, Red,NapaRegion]

Here,numberof iterationsrepresentshe numberof stepsit takes
for thecustomers requesto beful lled by the producer

SMVS scoreis slightly betterthanthe SCR Technique.During
thetest,we seethatbothSMVS andSCRtechniquesffer thesame
serviceatthebeginningof thenegotiationphasesincethemostspe-
ci ¢ setof themodi ed versionspacsds equalto theinitial request
atthe rst time. However, in thefollowing interactiontheir beha-
iors change. Furthermorefor this scenarioRandomOffering is
asgoodas SMVS sincethe inventoryinvolves a large numberof
available servicesthat are consistentwith customers preferences
andthe probability of offering a corvenientserviceis very high.
This probability is equalto 15/19at the beginning of the negotia-
tion andincreasesvertime.

Table 6: Number of iterations for Scenariol
SMVS SCR RandomOffering
3

R1
R2
R3
R4
R5
Average: 1

NP PR RN
NN
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In orderto seethe performancelifferencedbetweerthe SMVS
and SCRin detail, we give a comparatie run-time example. Ta-
ble 7 indicatesthe request-der pairs of SMVS whereasTable 8
shaws thoseof the SCRTechnique.

The consumerstartswith the request[Ventana,MalbecGrape,
Dry, Delicate,Light, Rose,CotesDOrRgion]. The similaritieses-
timatedfor both SMVS and SCRis shavn in Table9. It is seen
that the similarity valuesare the samefor both systemafter ini-
tial request.The maximumsimilarity is calculatedas4/7, equally
0.5714. As aresult, both systemsoffer the productP14. After
secondrequestmaximumsimilarity is estimatedor SCRas2/7,
equally 0.2857. This similarity is basedon only currentrequest.
Then,the productP13is offeredby SCRsystembut not accepted
by the consumeragent. On the other hand, the similarity calcu-
lation for SMVS is basedon the mostspeci ¢ set,which is equal
to VentanaMalbecGrapepPry, Delicate,(Light,Medium), Rose,
CotesDOrRgion . Accordingto this calculation the similarity of
productP19is equalto 3/7, whereaghe similarity of productP13
is 2/7. ConsequentlySMVS offers productP19andit will beac-
ceptedby the consumeragent. The third offer will be productP3
for SCRtechnique.In this example,it is obviousthatconsidering
the most speci ¢ setinvolving all previous requestsn the inter-
actionis bene cial for offering closerservicesto the customers
preferences.

5.2 Scenario2
Thecustomemvantsto buy ary wine,whichis redanddry. There

areeightproducts(out of 19)in the stockthatmeetshis condition.
Whenwe look attheresultsof SMVS, SCRandRandomOffering,

the performanceof SMVS and SCRis equaland betterthanthat
of RandomOffering (Table 10). At the beginning of the negotia-
tion, the probability of offering anacceptableservicefor Random
Offering is equalto 8/19. Therefore,the numberof iterationsis
increasedvith respecto the rst case.

Table 10: Number of iterations for Scenario2

SMVS SCR RandomOffering

R1 2 2
R2
R3
R4
R5

Average: 1.
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5.3 Scenario3

Thecustomemantsto buy ary wine,whichis red,dry andmod-
erate. Therearefour productsmeetingthis condition. Thetestre-
sultsin Table11 indicatesthat SMVS shaws the bestperformance
andtheworstperformancéelongso RandomOffering. Whenthe
numberof available servicethatmatchthe customers preferences
decreasethe performancalifferencebetweerthe SMVS andother
techniquedecomeslear

Table 11: Number of iterations for Scenario3
SMVS SCR RandomOffering

R1 2 2 3
R2 1 10
R3 1 1 4
R4 1 1 2
R5 2 4 3
Average: 14 18 4.4

5.4 Scenariod

The customemwantsto buy ary wine, which is strongandred.
Thereareonly two productsin the inventory that meetsthis con-
dition. Again, we look at the averageof ve runsfor threeap-
proachesTable12 shavs thatSMVS approximatelynds the suit-
ableofferat2.2iterationswhereasSCR nds theconvenientcounter
offer at 2.8iterations.The performancef the RandomOffering is
comparatrely low.

5.5 Scenario5

The customemantsto buy any wine whose a vor is strongand
coloris redor rose. Therearethreeproductsmeetingthis condi-
tion. This caseis goodto seethe effect of learningthe disjunctive
conceptsuchas(Color = Redor Rose)with the conjuncties(and
Flavor= Strong). In somesituation, SCRtechniquecan nd the
cornvenientservicesoonetthanSMVS andin somesituationSMVS



Table 7: Running of Scenariol using SMVS

REQUEST- 1 [VentanaMalbecGrapeDry, Delicate,Light, Rose,CotesDOrRgion]
OFFER- 1 P14=[CongressSpringdMalbecGrapeSweet,Delicate,Light, Rose NapaRgion]
REQUEST- 2 [VentanaMalbecGrapeDry, Delicate Medium,Rose CotesDOrRgion
OFFER- 2 P19= [ChateauMagauxWnery, MerlotGrape Dry, Delicate Light, Red,MargauxRgion
Table 8: Running of Scenariol using SCR
REQUEST- 1 [VentanaMalbecGrapeDry, Delicate Light, Rose,CotesDOrRgion]
OFFER- 1 P14=[CongressSpringdalbecGrapeSweet,Delicate,Light, Rose NapaRgion]
REQUEST- 2 [VentanaMalbecGrapeDry, Delicate,Medium,Rose ,CotesDOrRgion]
OFFER- 2 P13=[VentanaCheninBlancGrapeffDry, Moderate Medium, White, CentralCoastRgon
REQUEST- 3 [VentanaMalbecGrapeDry, Strong,Medium,Rose,CotesDOrRgion
OFFER- 3 P3=[Forman,CabernetSauvignonGragary, Strong,Medium,Red,NapaRgion]

Table 12: Number of iterations for Scenario4
SMVS SCR RandomOffering

R1 2 4 16
R2 4 4 6
R3 1 1 11
R4 1 1 10
R5 3 4 5
Average: 22 28 9.6

canshav betterperformanceThis dependon therequestsAver
ageperformancef SMVSover verunsis betterthanthatof SCR
asseenn Tablel3.

Table 13: Number of iterations for Scenario5
SMVS SCR RandomOffering

R1 2 6 7
R2 1 1 10
R3 3 2 13
R4 3 3 6
R5 1 1 2
Average: 2 2.6 7.6

5.6 Comparisonover Scenarios

Table14 compareghethreeapproachesver all scenariosThe
resultsindicatethat SMVS performances higherthanboth of the
other systems.Whenthe numberof possibleservicesis decreas-
ing, thetime intenal for offering anacceptableservicegetslonger
in RandomOffering. Whenthe large partsof inventory is com-
patiblewith the customers preferencessin the rst testcasethe
performancef all techniquesrenearlysame.

Table 14: AverageNumber of Iterations for Five Scenarios

SMVS SCR RandomOffering

Scenaridl: 1.2 1.4 1.2
Scenarid: 1.4 1.4 2.3
Scenarid: 1.4 1.8 3.7
Scenariod: 2.2 2.8 7.8
Scenarib: 2 2.6 6.3
Averageof all cases: 1.64 2 4.26

6. DISCUSSION

Wereview therecentiteraturein comparisoro ourwork. Deben-
ham([5] studieshemanagemertf thesingle-issuandmulti-issue
negotiation processesising the market dataandinformationover
the Internet. Eachtransactionsuch as requestand offer is con-
sideredas a businessgprocessand have someconstraintssuchas
time. A negotiationshouldbe completedup to a certaintime. Br-
zostavski and Kowalczyk proposean approachin orderto select
anappropriatenegotiationpartnerby investigatingprevious multi-
attribute negotiations[2]. For achieving this, they usecase-based
reasoning.They emphasizéhe positive effect of nding theright
partner Their approachs probabilisticsincethe behaior of the
partnerscanbe changedy the next time. In our approachye are
interestedn negotiationthe contentof the service. After the con-
sumerandproduceragreeontheservice price-orientedheyotiation
mechanismsanbe usedto agreeon the price.

Tamaet al. [16] proposea nenv approachbasedon ontology
for negotiation. Accordingto their approachthe negotiation pro-
tocolsusedin e-commercecan be modeledas ontologies. Thus,
the agentscan perform negotiation protocol by using this shared
ontologywithout the needof beinghardcodedof negotiationpro-
tocol details. This sharedontology providesthe vocahulary of the
negotiationprocesdor the agentswhich canbehae dynamically
However, Tamaetal. do not provide a methodfor learningprefer
encegluring negotiationaswe have donehere.

Ontologycanbeusedin servicediscovery for betterresultsthan
that basedon syntacticmatching. Broenset al. [1] proposea
contet-aware, ontology-basedervicediscovery. Matchingcapa-
bilities canbe increasedy using the semanticinformation. For
instancewhenthe userrequestgor sellingmusic,selling CD will
be valid sincethe CD is a subtypeof music. They classify the
servicesaccordingto their propertiesand model the serviceand
servicetypesin anontology To nd aservicethey considercon-
textual informationin additionto inputsandoutputs.

Faratinetal. proposea multi-issuenegotiationmechanisnbased
ontrade-ofs [6]. Theservicevariablesfor the negotiationprocess
suchas price, quality of the service,delivery time andso on are
consideredraded-ofs againsteachother(i.e., higherpricefor ear
lier delivery). They generatea heuristicmodelfor trade-ofs in-
cludingfuzzy similarity estimationanda hill-climbing exploration
for possiblyacceptableffers. Althoughwe address similar prob-
lem, our maintargetis to learnthe preferenceof the customerby
the helpof inductive learningandgenerateounteroffersin accor
dancewith theselearnedpreferencesFaratinet al. only usethe
last offer madeby the consumeiin calculatingthe similarity for
choosingcounteroffer. Unlike them,we alsotake into accounthe



Table 9: The Estimated Similarities for Scenariol

Similaritiesfor SMVS Similaritiesfor SCR

ProductiD After Request-1 After Request-2| After Request-1 After Request-2 After Request-3
P1 0.4286 0.4286 0.4286 0.2857 0.1429
P2 0.1429 0.2857 0.1429 0.2857 0.2857
P3 0.1429 0.2857 0.1429 0.2857 0.4286
P4 0.1429 0.2857 0.1429 0.2857 0.2857
P5 0.1429 0.2857 0.1429 0.2857 0.2857
P6 0.1429 0.1429 0.1429 0.1429 0.2857
P7 0.1429 0.2857 0.1429 0.2857 0.2857
P8 0.1429 0.1429 0.1429 0.1429 0.1429
P9 0.1429 0.1429 0.1429 0.14295 0.2857
P10 0.1429 0.2857 0.1429 0.2857 0.2857
P11 0.1429 0.2857 0.1429 0.2857 0.2857
P12 0.1429 0.1429 0.1429 0.1429 0.1429
P13 0.1429 0.2857 0.1429 0.2857 -
P14 0.5714 - 0.5714 - -
P15 0.1429 0.2857 0.1429 0.2857 0.2857
P16 0.1429 0.1429 0.1429 0.1429 0.2857
P17 0.2857 0.2857 0.2857 0.1429 0.1429
P18 0.1429 0.1429 0.1429 0.1429 0.1429
P19 0.4286 0.4286 0.4286 0.2857 0.1429
Maximum Similarity: | 0.5714 0.4286 ] 0.5714 0.2857 0.4286

previous requestof the consumertusing Modi ed VersionSpace.
In their experimentsFaratinet al. assumehatthe weightsfor ser
vice variablesare x eda priori. Onthe contrary we aimto learn
thesepreferenceshroughinductive learning.

Our approachs openfor improvements. First, the preferences
of theconsumengentmay changeduringthenegotiation. It would
beinterestingo extendthelearningalgorithmto dealwith dynamic
changesn therequest®f theconsumeragent.Thepreferencesan
be enrichedwith subtlerelationson price. Secondsemanticlose-
nessamongthe featurevaluescanbe usedin the estimationof the
similarity of the serviceswith the mostspeci ¢ setin thelearning
phasen orderto obtainbetterresults.Up to now, whenwe compare
two attributes,we assign for dissimilarity and for similarity.
However, we canuseintermediatevaluesto expressthe closeness
of the attributes. For example, canbe usedfor red androse
whereas canbe usedfor white androse. Third, currently the
produceronly triesto learntheconsumes demandvithoutconsid-
eringits own preferencesincorporatingthe businessstratgies of
theproducemwill allow morerealisticscenarioso betested.These
areinterestingdirectionsthatwe will pursuen our futurework.
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