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ABSTRACT
Currentapproachesto e-commercetreat serviceprice as the pri-
maryconstructfor negotiation.However, negotiationon pricepre-
supposesthat other propertiesof the servicehave alreadybeen
agreedupon.Formany reallife situations,aserviceconsumeranda
producerhasa dif�cult time in understandingeachother's require-
mentsand forming a consensuson the desiredservice. Accord-
ingly, this paperdevelopsa theoryfor automatingservicenegotia-
tion andprovidesthedetailsof animplementedsystem.Thetheory
combinesimportantideasfrom inductive logic learningwith ex-
pressive representationof ontologies.Bothconsumersandproduc-
ersshareanontologyabouttheserviceof interest.Throughrepeti-
tive interactions,producerslearnconsumers'needsaccuratelyand
canmakebettertargetedcounteroffers.Thedevelopedsystemuses
the well-known Wine ontology to demonstratethe negotiation of
serviceneeds.

1. INTRODUCTION
Traditionale-commerceapplicationsaretargetedfor humanusers.

However, asthenumberandextentof transactionsincrease,there
is a tremendousdemandfor developinge-commerceapplications
that canbe �e xibly usedby machines.Agentshave proven to be
successfulparadigmfor autonomousandintelligentsoftwaresuch
asthoseneededfor �e xible e-commerceapplications.In a typical
e-commerceapplication,thereare two basicbut importantroles:
producerandconsumer. Produceradvertisesandprovidesaservice
for whichtheconsumerhasinterest,whereastheconsumerrequests
andpossiblyacceptstheservice.In thiscase,servicecanbeselling
a book,reservinga hotelroom,andsoon.

Many timesthe serviceprovider may not be offering the exact
requestedservicedueto lack of resources,constraintsin its busi-
nesspolicy, andso on. When this is the case,the producerand
the consumerneedto negotiatethe contentof the requestedser-
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vice [15]. Mostof thecurrentstudiesrelatedto negotiationassume
that theservicecontentis �x edandthusfocuson thepriceof the
service[10]. Other approachesassumethat all partsof the ser-
viceareequallyimportantandhencenegotiateeachservicefeature
one by one [7, 3]. However, usually eachservicefeatureis not
equallyimportancefor aconsumer. Moreover, importanceof aser-
vice featuremay vary from consumerto consumer. For instance,
completiontime of a servicemay be importantfor oneconsumer
whereasthequalityof theservicemaybemoreimportantfor asec-
ond consumer. Thus, if a provider canlearnthe preferencesof a
consumer, it canprovide counteroffers thatarebettertargetedfor
thatparticularconsumer.

As an alternative to price-orientednegotiation approaches,we
proposeanapproachfor automatingthecontentnegotiationof ser-
vices,wheretheproducerslearnthepreferencesof consumersover
time. We representservicerequestsasa vectorof servicefeatures.
We useanontology[8, 4] in orderto capturetherelationsbetween
featuresandto constructthe featuresfor a given service. By us-
ing acommonontology, weenabletheconsumersandproducersto
sharea commonvocabulary for negotiation. Theproducermodels
the requestsof the consumerandits counteroffers to understand
which featuresare more importantfor the consumer. To enable
this learning,we needan incrementallearningapproachthat can
betrainedat run time andcanreviseitself with eachnew example.
Wehaveusedinductive learning[11] for thispurposeandextended
theversionspacealgorithmsto take into accounttheneedsof ser-
vicenegotiationcontext.

Therestof thispaperis organizedasfollows: Section2 explains
our proposedarchitecture.Section3 givesthe technicaldetailsof
ourapproachincludingthealgorithmsfor learningconsumers'ser-
vice needsandoffering servicesaccordingly. Section4 provides
our experimentalsetupandour testcase.Section6 discussesand
comparesourwork with otherrelatedwork.

2. ARCHITECTURE
Ourmaincomponentsareconsumerandproduceragents,which

communicatewith eachotherto performcontent-orientednegoti-
ation. To make themostof thecommunication,two requirements
have to be ful�lled. One, the languagethe agentsspeakshould
befreefrom ambiguities.Two, the languageshouldbeexpressive
enoughfor partiesto understandandnegotiatedetails.To achieve
bothof theserequirements,weuseontologiesin ourarchitecture.A
sharedontologyprovidesthenecessaryvocabulary for agentsand
henceenablesa commonlanguagefor agents. Further, sincean
ontologycanrepresentconcepts,theirpropertiesandtheirrelation-
shipssemantically, theagentscanreasonthedetailsof theservice



that is beingnegotiated.Ourarchitectureis independentof theon-
tology used. However, to make our discussionconcrete,we use
the well-known Wine ontology [18] to illustrateour ideasand to
testoursystem.Thewineontologyincludesfeaturessuchascolor,
body, wineryof thewineandsoon. With thisontology, theservice
that is beingnegotiatedbetweentheconsumerandtheproduceris
thatof wine.

Figure 1 depictsour architecture. The consumeragentrepre-
sentsthe customerandhencehasaccessto the preferencesof the
customer. Theconsumeragentnegotiateswith theproducerbased
on thesepreferences.Similarly, the produceragenthasaccessto
the producer's inventoryandknows which winesareavailableor
not. Theinventoryinformationis representedasa setof individual
classesin theontology.

The architectureadvancesin a turn-taking fashion,where the
consumeragentstartsthe negotiationwith a particularservicere-
quest. The requestis composedof signi�cant featuresof the ser-
vice. In thewine example,thesefeaturesincludeascolor, winery
andso on. This is the particularwine that the customeris inter-
estedin purchasing.If the producerhasthe requestedwine in its
inventory, thenegotiationends.Otherwise,theproduceroffersan
alternative wine from theinventory. Whentheconsumerreceivesa
counteroffer from theproducer, it will evaluateit. If it is accept-
able, thenthe negotiationwill end. Otherwise,the customerwill
generatea new request(or stick to thepreviousrequest).This pro-
cesswill continueuntil someserviceis acceptedby theconsumer
agentor all the possibleoffer areput forward to the consumerby
theproducer.

3. TECHNICAL DETAILS
Oneof thecrucialchallengesof thecontent-orientednegotiation

is the automaticgenerationof counteroffers by the servicepro-
ducer. Whenthe producerconstructsits offer, it shouldconsider
threeimportantthings: the currentrequest,consumerpreferences
andtheproducer's availableservices.Both theconsumer's current
requestandtheproducer's own availableserviceareaccessibleby
the producer. However, the consumer's preferencesin mostcases
will not be. Hence,theproducerwill have to understandtheneeds
of theconsumerfrom their interactionsandgenerateacounteroffer
thatis likely to beacceptedby theconsumer. Thischallengecanbe
studiedin threestages:

� Representation:How dowerepresenttherequestsandcounter
offers of the producerso that they can reasonabouteach
other's actions?

� Learning:How cantheagentslearnabouteachother's pref-
erencesbasedonrequestsandcounteroffers?

� Revision: How do the agentsrevise their requestsor offers
basedon incominginformation?

3.1 Representation
Therequestsof theconsumerandthecounteroffersof thepro-

ducerarerepresentedasvectors,whereeachelementin thevector
correspondsto the valueof a feature. For instance,the customer
mayprefermediumandstrongredwine. This canberepresented
with thefollowing vectorquery[Medium, Strong,Red]. Or, if the
customerpreferslight anddelicatewhite wine, this canbe repre-
sentedwith thefollowing query[Light, Delicate,White].

3.2 Learning Phase
Theproduceragenttriesto learntheconsumer's preferencesus-

ing informationobtainedfrom thedialoguesbetweentheproducer

andtheconsumer. Thepreferencesdenotetherelative importance
degreeof the featuresof the servicesdemandedby the consumer
agents. For instance,the color of the wine may be so important
that theconsumerinsistson buying thewine whosecolor is “red”
andrejectsall theoffersinvolving thewinewhosecolor is “white”
or “rose”. On thecontrary, thewinery maynot beso importantas
muchasthe color for this customer, so the consumermay have a
tendency to acceptany offer, which meetsthe color requirement,
whosewinery is differentfrom thespeci�edonein therequest.

To tackle this problem,we proposeto use inductive learning.
This techniqueis appliedto learnthepreferencesasconcepts.Ver-
sion Space[11] is one of the inductive learningapproachesthat
learnsconceptsfrom observedexamples.Theaimof versionspace
algorithmis to generategeneralrulesor hypotheses,which involve
the positive examplesanddo not includeany negative examples.
In fact, this generalhypothesisrepresentsthedesiredconcept.To
understandhow theVersionSpaceapproachworks,we investigate
the CandidateElimination Algorithm (CEA) that implementsthe
VersionSpace.Algorithm 1 givesthepseudocode[12].

Algorithm 1 CandidateEliminationAlgorithm
1:

���

thesetof maximallygeneralhypothesesin H
2: �

�

thesetof maximallyspeci�c hypothesesin H
3: For eachtrainingexample,d
4: if d is a positive examplethen
5: Remove all hypothesesin G donotcover d
6: For eachhypothesiss in Sdoesnotcover d
7: – Remove s from S
8: – Add to S all minimal generalizationsh of s suchthat h

coversd andsomemembersof G aremoregeneralthanh
9: – Remove from S any hypothesisthat is moregeneralthan

anotherhypothesisin S
10: end if
11: if d is a negative examplethen
12: Remove all hypothesesin S thatcover d
13: For eachhypothesisg in G doescover d
14: – Remove g from G
15: – Add to G all minimalspeci�cationsh of g suchthath does

notcoverd andsomemembersof Saremorespeci�c thanh
16: – Remove from G any hypothesisthat is lessgeneralthan

anotherhypothesisin G
17: end if

Thereare two kinds of setsrepresentingthe most generalhy-
potheses(set

�

) andthe mostspeci�c hypotheses(set � ). These
setsareusedto capturethelimits of thelearnedconcept.Thatis, a
conceptisatleastasspeci�c asthehypothesisthatexist in set � and
atmostasgeneralasthehypothesiscontainedin set

�

. Thebound-
ariesof themostgeneralhypothesesareaslargeaspossiblein that
they cover the entirepositive training exampleandpossibleposi-
tive instances;whereasthoseof themostspeci�c hypothesesareas
smallaspossiblethey minimally cover theobservedpositive sam-
ples. By usingthe mostgeneralhypothesesandthemostspeci�c
hypotheses,we canproduceall possiblehypothesesfor the target
concept.As thealgorithmreceivespositiveandnegativeexamples,
it revisesthe

�

and � suchthat eventually
�

and � intersectin
whichcasetheconcepthasbeenlearned.

At the beginning of the algorithm,
�

is initialized with the set
of maximallygeneralhypothesesthatcover everything,whereas�

is setwith thesetof maximallyspeci�c ones.During the interac-
tions,eachrequestof theconsumercanbeconsideredasa positive
exampleandeachcounteroffer generatedby theproducerandre-
jectedby theconsumeragentcanbethoughtof asanegativeexam-



Figure1: NegotiationAr chitecture

ple. At eachdialoguebetweentheproducerandtheconsumer, we
apply training over setsof the mostspeci�c andthe mostgeneral
hypotheses.

EXAMPLE 1. Assumethat our target concept,wine, hasthree
attributes: body, �avor andcolor.1 According to thescenario,as-
sumea wine with features (Full, Strong, White) is an acceptable
wine. Initially, G is simply initialized with the mostgeneral hy-
pothesis,(?, ?, ?) where � meansthis attributecantake anyvalue.
Ontheotherhand, � is initializedwith themostspeci�chypothesis
consistentwith the �r st positiveobservedtraining sample, in this
case(Full, Strong, White).

Thenegativesamplesenforcethespecializationof somehypothe-
sessothat

�

doesnotcover any hypothesisacceptingthenegative
samplesaspositive.

EXAMPLE 2. Followingthepreviousexample, assumethat(Full,
Delicate, Rose)is an unacceptablewine (i.e., a negativetraining
sample).Thegeneral setshouldbespecializedin such a waythat it
shouldnotcover this instancebut covers previouslyobservedposi-
tive samples.

In the algorithm, theremay be variousways to specializethe
generalset

�

. Oneway is to comparetheattributesof thenegative
examplewith the speci�c setandto assigntheir differenceto the
existing

�

. Also thealgorithmeliminatesthehypothesesthatcover
thenegative samplefrom � .

EXAMPLE 3. Assumethat
�

contains(?,?,?) and � contains
(Full, Strong, White).If thenegativeexample(Full, Delicate, Rose)
1Wineclasshassevenattributesin ourimplementationin Section4.
In orderto keepthe examplessimple,herewe only includethree
attributes.

comesin, then
�

needsto be specializedsuch that it becomes(?,
Strong, ?) and(?, ?, White).

Whenapositivesamplecomes,themostspeci�c set � shouldbe
generalizedin orderto cover thenew training instance.Similarly,
thedetailsof thegeneralizationis not speci�ed in CEA; but from
theillustrationexplainedin [12], it canbeperformedby replacing
thedifferentvaluesbetweenspecialsetandcurrentpositivesample
with � . Further, themostgeneralhypothesesin

�

thatdonotcover
thenew positive sampleareeliminated.

EXAMPLE 4. Assumethat � contains(Full, Delicate, Rose).
If thenext positiveexampleis (Medium,Delicate, Rose),thenthe
generalizationof speci�c set � will be(?, Delicate, Rose).

As a result,themostgeneralhypothesesandthemostspecialhy-
pothesescover all positive training samplesbut do not cover any
negativeones.Incrementally,

�

specializesand � generalizesuntil
�

and � areequalto eachother. Whenthesesetsareequal,the
algorithmconvergesby meansof reachingthetargetconcept.

Algorithm 1 is primarily targetedfor conjunctive concept. On
theotherhand,weneedto learndisjunctive conceptsin thenegoti-
ationof aservice.For instance,aconsumermaywantstrongwhite
wine or delicatered wine but not want delicatewhite or moder-
ate red wine. In Table1, the behavior of the algorithmis shown
clearly in accordancewith the given samples.It canbe seenthat
thealgorithmfails in learningconceptswheredisjunctive requests
exist. However, learningfrom suchconceptsis requiredwhenpro-
viding serviceto the consumersinceconsumermay have several
alternative wishes.

The way the generalset
�

is specializedandthe specialset �

is generalizedis crucial for successfullylearningthe hypothesis.
Considerthefollowing example:



Table 1: When CandidateElimination Algorithm fails
SampleType Sample Themostgeneralset Themostspeci�c set

+ (Full,Strong,White) � (?,?,?) � � (Full,Strong,White)�

- (Full,Delicate,Rose) � (?,Strong,?),(?,?,White ) � � (Full,Strong,White)�

+ (Medium,Moderate,Red) ��� � (?,?,?) �

EXAMPLE 5. Thecolor feature of thewineproductis allowed
to take three different values: white, red and rose. Assumethe
�r st positivesampleis (Light, Delicate, Red),denotinga red,light
anddelicatewine. And,thesecondpositivesampleis (Light, Deli-
cate, White),denotinga white, light anddelicatewine. According
to Algorithm1, thespecialset � will be generalizedto be (Light,
Delicate,?). However, now � alsocontainssamplesfor (Light,Del-
icate, Rose)eventhoughtheconsumerhasnot shownany interest
in rosewine so far. If the consumernow rejectsan offer of rose,
light anddelicatewine, thespecialsetwill bein violation with the
consumer's preferencesandthealgorithmwill endup learningthe
preferencesincorrectly.

Algorithm 2 Modi�ed CandidateEliminationAlgorithm
1:

� �

thesetof maximallygeneralhypothesesin H
2: �

�

thesetof maximallyspeci�c hypothesesin H
3: For eachtrainingexample,d
4: if d is a positive examplethen
5: Add d to S
6: if s in Scanbecombinedwith d to make oneelementthen
7: Combines andd into sd � sdis therulecoverss andd�

8: end if
9: end if

10: if d is a negative examplethen
11: For eachhypothesisg in G doescover d
12: * Assume: g = (x1, x2, ..., xn) andd = (d1,d2, ..., dn)
13: – Remove g from G
14: – Add hypothesesg1, g2, gn whereg1= (x1-d1,x2,...,xn),

g2=(x1, x2-d2,...,xn),...,andgn=(x1, x2,...,xn-dn)
15: – Remove from G any hypothesisthat is lessgeneralthan

anotherhypothesisin G
16: end if

Wedealwith thisproblemby extendingourhypothesislanguage
to includedisjunctivehypothesisin additionto theconjunctivesand
negation. Eachattributeof thehypothesishastwo parts: inclusive
list which holds the list of valid valuesfor that attribute and ex-
clusive list which is the list of valueswhich cannotbe taken for
that feature.For instance,if themostspeci�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 thevaluesexist in the list, they will
bereplacedby � .

We modify the CEA algorithm (Algorithm 1)to deal with this
change.Themodi�ed algorithmis given in Algorithm 2. Theini-
tializationphaseis samewith theoriginal one(Lines1, 2). If any
positive samplecomes,we addthesampleto thespecialsetasbe-
fore (Line 4). However, we do not eliminatethe hypothesesin

�

that do not cover this samplesince
�

now containsa disjunction
of many hypotheses,someof which will be con�icting with each
other. Removing a speci�c hypothesisfrom

�

will result in loss
of information,sinceotherhypothesesarenot guaranteedto cover
it. After a time,somehypothesesin � canbemergedandcancon-
structonehypothesis(Lines6, 7).

Whena negative samplecomes,we do not change� asbefore.
We only make themostgeneralhypothesesnot cover this negative
sample(Line 11–15).

EXAMPLE 6. Table2 illustratesanexamplethatworkswith the
modi�ed version spacealgorithm. The initial requestof the con-
sumeris sameastheonein Table1,soastheinitial

�

and � . When
thecounteroffer fromtheproducercomes(negativeinstance),we
specialize

�

since
�

shouldnot cover anynegativeinstances.We
replace(?, ?,?) by threedisjunctivehypotheses;each hypothesis
beingminimally specialized.In this process,at each time oneat-
tributevalueof negativesampleis appliedto thehypothesisin the
general set.

Note that in Example6, we do not eliminate � (?-Full), ?, ?� from
thegeneralsetwhile having apositivesamplesuchas(Full, Strong,
White ). This stemsfrom the possibility of usingthis rule in the
generationof otherhypotheses.For instance,if the examplecon-
tinueswith anegativesample(Full, Strong,Red),wecanspecialize
thepreviousrulesuchas � (?-Full),?,(?-Red)� .

By Algorithm 2, wedonotmissany information.Later, weplan
to integrateontologyreasoninginto thealgorithmsothathierarchi-
cal informationcanbe learnedfrom subsumptionhierarchyobject
or subclassof relations.Further, by usingrelationshipsamongfea-
tures,theproducercandiscover new knowledgefrom theexisting
knowledge.

EXAMPLE 7. Usingthewineontology thefollowing reasoning
canbemade:Bordeauxis de�nedasa Wine, Medocis de�nedasa
BordeauxandPauillacis de�nedasa Medoc. Whentheconsumer
agentwantsto buywine, theproduceragentcanoffer anyinstance
of Bordeaux, MedocandPauillacsinceit canreasonthat if Medoc
is a BordeauxandBordeauxis a Wine thenMedocis a Wine and
thenif Pauillacis a MedocandMedocis a Wine thenPauillacis a
wine. Such reasoningmakesour agent usethesemanticinforma-
tion relatedto theconcepts.

3.3 Offering Service
Making theright serviceoffers is themostimportantprocessin

content-orientednegotiation. To generatethe bestoffer, the pro-
duceragentusesits serviceontologyandtheinductive learningvia
themodi�ed candidateeliminationalgorithm(Algorithm 2).

Whenproducerreceivesany requestfrom theconsumer, thelearn-
ing setof theproduceris trainedwith thisrequestasapositivesam-
ple. Thelearningcomponents,themostspeci�c set � andthemost
generalset

�

areactively usedin offering service.Themostgen-
eral set,

�

is usedby the producerin order to avoid offering the
services,which will be rejectedby the consumeragent. In other
words, it �lters the serviceset from the undesiredservices,since

�

containshypothesesthatareconsistentwith the requestsof the
consumer. Themostspeci�c set, � is usedin orderto �nd bestof-
fer, which is similar to theconsumer's preferences.Sincethemost
speci�c set � holdsthepreviousrequestsandcurrentrequest,esti-
matingsimilarity betweenthis setandevery servicein theservice
list is very convenientto �nd the bestoffer from the servicelist.
Thealgorithmusedin offering a serviceto theconsumeris called



Table2: How Modi�ed CEA works
SampleType Sample Thegeneralsets Themostspeci�c set

+ (Full, Strong,White) � (?,?,?) � � (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 shown in
Algorithm3.

Whentheconsumerstartstheinteractionwith theproduceragent,
produceragentloadsall relatedservicesto the servicelist object.
This list constitutestheprovider's inventoryof services.Uponre-
ceiving arequest,if theproducercanoffer anexactlymatchingser-
vice, thenit doesso. For example,for a wine this correspondsto
sellingawinethatmatchesthespeci�edfeaturesof theconsumer's
requestidentically. Whentheproducercannotoffer theserviceas
requested,it tries to �nd theservicethat is themostsimilar to the
servicesthathave beenrequestedby the consumerduring thene-
gotiation. To do this, the producerhasto computethe similarity
betweenthe servicesit canoffer and the servicesthat have been
requested.

Algorithm 3 OfferingServiceAlgorithm (SMVS)
Require: The learningalgorithmis trainedwith the requestasa

positive example
1: if it is the�rst time then
2: �

�������	�
���
���
�

�

All relatedavailableservicesfrom service
ontology � theproduceragentcanprovide �

3: end if
4: if any s in ServiceListis equalto therequestthen
5: Offer s to theconsumer
6: else
7: Remove eachs in ServiceListwhich is not coveredby the

generalsetsin learningobject
8: for all � in ServiceList do
9: Estimatesimilarity between� andthemostspeci�c setin

learningobject
10: Hold themaximumsimilarity in ����� �

���

11: Hold thecountof servicesowing themaximumsimilarity
in �

�������	�
�����������

12: end for
13: if �

�������	�
������� �!�#"%$ then
14: Find rating values of s whose similarity is equal to

���&� �

�	�

15: Offer theserviceswhoseratevalueis thebiggest
16: else
17: Offer theservicewhosesimilarity is equalto ����� �

���

18: end if
19: end if

Similarity canbe estimatedwith oneof the similarity metrics.
Thereareseveral similarity metricsusedin casebasedreasoning
systemsuchasweightedsumof Euclideandistance,Hammingdis-
tanceandotherusefulsimilarity metricscanbe chosen[14]. We
haveusedTversky'ssimilarity measure[17]. Thismetriccompares
two vectorsin termsof thenumberof exactlymatchingfeatures.

In Equation1, �'���(�)��� representsthe numberof matchedat-
tributeswhereas*

�,+!+ ��������� representsthenumberof thedifferent
attributes.For now, we assume- and . is equalto eachother. In
the future, we will try differentweight valuesandselectthe best

oneby comparingthem.

�
�0/'1�2

-43

�5���)�(���76

-43

�5���)�(���7698

.:3;*

��+!+ �������!�<6

(1)

Thisformulais for calculatingthesimilarity betweentwo feature
vectors.In our systemwhile thelist of servicesthatcanbeoffered
by the producerareeacha featurevector, the mostspeci�c set �

is not a featurevector. � consistsof hypothesesof featurevectors.
Therefore,we estimatethesimilarity of eachhypothesisinsidethe
most speci�c set � and then take the averageof the similarities.
Moreover, eachhypothesisin S mayinvolve a differentnumberof
serviceinstances.

EXAMPLE 8. Assumethat � containsthefollowingtwohypoth-
esis: � � Light, Moderate, (Red,White)� , � Full, Strong, Rose� � .
Take service � as (Light, Strong, Rose).Thenthesimilarity of the
�r st oneis equalto 1/3 and the secondoneis equalto 2/3 in ac-
cordancewith Equation1. Normally, wetake theaverage of it and
obtain (1/3+2/3)/2,equally1/2. However, the �r st hypothesisin-
volvestheeffectof tworequestsandthesecondhypothesisinvolves
only onerequest.As a result,we expectthe effect of the �r st hy-
pothesisshouldbegreaterthanthatof thesecond.

Therefore,we decideto calculatetheaveragesimilarity by con-
sideringthenumberof samplesthathypothesescover. Let ��= de-
notethenumberof samplesthathypothesis> cancover and
( �
�@?

=BA CED,FHG5IKJ,D<L ) denotesthe similarity of hypothesis> with the
givenservices. Wecomputethesimilarity of eachhypothesiswith
thegivenserviceandweightthemwith thenumberof samplesthey
cover. We �nd thesimilarity by dividing theweightedsumof the
similaritiesof all hypothesesin � with theserviceby thenumber
of all samplesthatarecoveredin � .
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R

=
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(2)

EXAMPLE 9. For the above example, the similarity of (Light,
Strong, Rose)with the speci�c set is (2*1/3+2/3)/3, equally4/9.
Thepossiblenumberof samplesthat a hypothesiscovers can be
estimatedwith multiplyingcardinalities of each attribute. For ex-
ample, the cardinality of the �r st attribute is 2 and the others is
equalto 1 for thegivenhypothesissuch as � Light, Moderate, (Red,
White)� . Whenwemultiply them,weobtaintwo(2*1*1=2).

Offeringaserviceis actuallysimilar to case-basedapproach.We
selectthefeaturevaluesof theservicevectorin theservicelist ob-
tainedfrom the ontology and �ltered by the mostgeneralsetG,
which is the mostsimilar to the speci�c set in our learningalgo-
rithm whereasin case-basedapproach,themostsimilar oneto the
currenttherequestis chosenby losingthepastrequestinformation.
In otherwords,whenwe investigatethesimilarity, we do not only
look at the currentrequest,but also look at the previous request
of the consumerby the help of the mostspeci�c setcovering all
requestsduringthenegotiationphase.



If thereis morethanoneservicewith the maximumsimilarity,
theproduceragentchoosesoneof themin accordancewith therat-
ing valueof it; thehigherratingis moreattractivefor theconsumer
agent.After offering service,therearetwo optionsfor consumer:
to acceptor reject. If theconsumerrejects,theproducertrainsthe
learningsetwith theoffer asa negative sample.This will continue
until theconsumertakesa serviceor until a certaintime interval.

4. DEVELOPED SYSTEM
We �rst give a brief overview of our setupandthendiscussour

testcases.

4.1 Ar chitectural Setup
Wehaveimplementedourarchitecturein Java. To easetestingof

thesystem,theconsumeragentshasa userinterfacethatallows us
to entervariousrequests.Theproduceragentfully automatesthe
learningandserviceoffering operationsexplainedbefore.We use
OWL[13] asourontologylanguageandKAON2[9]asourontology
reasoner. As mentionedbefore,the systemusesthe well-known
wine ontologywith anextensionof WineProductclass.This class
is necessaryfor the producerto recordthe wines it sells; i.e., its
inventoryinformation.

This ontologyalsoincludestheindividualsof theclasseswhich
are in the rangeof hasWine propertyand also involves the indi-
vidualsof WineProductclasses.Following is anexampleof 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= "#ChateauMorgon"/>

</WineProduct>

Theyearinformationhasnot beenusedto keepexperimentssim-
ple. Thecountvaluekeepstrackof thenumberof productsin in-
ventoryandis usedto checkavailability of theproduct.Therating
valueis anindicatorof thequalityof thewineproduct.Amongtwo
similarwines,theonewith higherratingvalueis preferredover the
other. The price of the wine is deliberatelyleft out to emphasize
thatwe areconcernedwith thevalueof theservice.Table3 shows

$�� individualsof WineProduct,whichareusedin thetestingphase.

4.2 Example
Considera customerthat is planningon buying wine. For the

customer, thecolor, locationandwinery of thewine aremoreim-
portantthantheremainingfeaturessuchasthebody, �a vor andso
on. In otherwords,theconsumercanbeconvincedto buy a wine
productwhose�a vor is different from the onethat the consumer
initially speci�esin its request,but shecannotbeconvincedto buy
thewinewhosecolor is differentfrom herinitial speci�cation.Ob-
viously, thesepreferencesarenot known by the serviceprovider
aheadof time.

Table4 depictsthe interactionsbetweenthe consumerand the
producer. The consumerstartsthe negotiation by generatingthe

following request[Elyse, MerlotGrape,OffDry, Strong,Medium,
Red,NapaRegion] whereElyseis thenameof winery, MerlotGrape
is the type of grapethat wine 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 RedandNa-
paRegion is theregionof thewine.

Table5: EstimatedSimilarities 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 trains its
learningset,treatingthis requestasa positive sampleasexplained
before.Sincethis is theonly positive examplesofar, it constitutes
themostspeci�c set � in accordancewith themodi�ed CEA.Then,
it estimatesthesimilaritiesof eachavailableservicein theservice
list of the producershown in Table3 with the most speci�c set.
Theoutputof thesimilaritiesestimatedby theproduceragentusing
Equation1 is displayedin Table5.

Accordingto the similaritiesof the �rst time, the mostsimilar
product is selectedas ��� having the maximumsimilarity value

��� �
	

$ (= 4/7 = (common/ (common+ different)). This service
suppliesthe samecolor and location information with the initial
request.However, its winery is differentfrom theonethatthecon-
sumeragentstrictly wants. Therefore,the consumerrejectsthe
offer andmakesanotherrequest,which is alsoin accordancewith
the customer's preferences(i.e., only the grapetype is changed).
At this point, the producerinsertsthe rejectedoffer asa negative
exampleinto its learningalgorithm and removes it from the ser-
vice list. Following this, the producerrecalculatesthe similarity
of the servicesin its servicelist with � , which is equivalent to �

(Elyse , [MerlotGrape,MalbecGrape],OffDry, Strong,Medium,
Red,NapaRegion) � . At this time,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

Theproducerprefersto offer thesecondproductsinceits rating
value is higher thanthe otherproducts. However, the winery re-
quirementof thecustomeris notsupportedby thisoffer. Therefore,



Table 3: Available Services
WineProduct1:ChateauMorgonBeaujolais MetaData: � Year=1975,Count=1,Rating=4�

� ChateauMorgon,GamayGrape,Dry, Delicate,Light, Red,BeaujolaisRegion�

WineProduct2:WhitehallLaneCabernetFranc MetaData: � Year=1985,Count=2,Rating=5�

� WhitehallLane,CabernetFrancGrape,Dry, Moderate,Medium,Red,NapaRegion�

WineProduct3:FormanCabernetSauvignon MetaData: � Year=1985,Count=1,Rating=4 �

� Forman,CabernetSauvignonGrape,Dry, Strong,Medium,Red,NapaRegion �

WineProduct4:MariettaCabernetSauvignon MetaData: � Year=1985,Count=1,Rating=4�

� Marietta,CabernetSauvignonGrape,Dry, Moderate,Medium,Red,SonomaRegion �

WineProduct5:PageMillWineryCabernetSauvignon MetaData: � Year=1976,Count=3,Rating=3 �

� PageMillWinery, CabernetSauvignonGrape,Dry, Moderate,Medium,Red,NapaRegion �

WineProduct6:SantaCruzMountainVineyardCabernetSauvignon MetaData: � Year=1989,Count=4,Rating=4�

� SantaCruzMountainVineyard,CabernetSauvignonGrape,Dry, Strong,Full, Red,SantaCruzMountainsRegion �

WineProduct7:BancroftChardonnay MetaData: � Year=1991,Count=1,Rating=2 �

� Bancroft,ChardonnayGrape,Dry, Moderate,Medium,White,NapaRegion �

WineProduct8:FormanChardonnay MetaData: � Year=1975,Count=2,Rating=5�

� Forman,ChardonnayGrape,Dry, Moderate,Full, White,NapaRegion �

WineProduct9:MountadamChardonnay MetaData: � Year=1985,Count=2,Rating=4�

� Mountadam,ChardonnayGrape,Dry, Strong,Full, White,SouthAustraliaRegion �

WineProduct10:MountEdenVineyardEdnaValleyChardonnay MetaData: � Year=1989,Count=1,Rating=4�

� MountEdenVineyard,ChardonnayGrape,Dry, Moderate,Medium,White,EdnaValleyRegion �

WineProduct11:PeterMccoyChardonnay MetaData: � Year=1991,Count=10,Rating=3 �

� PeterMccoy, ChardonnayGrape,Dry, Moderate,Medium,White,SonomaRegion �

WineProduct12:FoxenCheninBlanc MetaData: � Year=1981,Count=7,Rating=4�

� Foxen,CheninBlancGrape,Dry, Moderate,Full, White,SantaBarbaraRegion �

WineProduct13:VentanaCheninBlanc MetaData: � Year=1976,Count=5,Rating=5 �

� Ventana,CheninBlancGrape,OffDry, Moderate,Medium,White,CentralCoastRegion �

WineProduct14:WhitehallLanePrimavera MetaData: � Year=1974,Count=3,Rating=5 �

� CongressSprings,MalbecGrape,Sweet,Delicate,Light, Rose,NapaRegion �

WineProduct15:SelaksIceWine MetaData: � Year=1984,Count=13,Rating=4�

� Selaks,MalbecGrape,Sweet,Moderate,Medium,White,NewZealandRegion �

WineProduct16:SchlossRothermelTrochenbierenausleseRieslingMetaData: � Year=1987,Count=23,Rating=3�

� SchlossRothermel,SangioveseGrape,Sweet,Strong,Full, Rose,GermanyRegion �

WineProduct17:StGenevieveTexasWhite MetaData: � Year=1991,Count=29,Rating=3 �

� StGenevieve,GamayGrape,Dry, Moderate,Light, White,CentralTexasRegion �

WineProduct18:ElyseZinfandel MetaData: � Year=1976,Count=7,Rating=4�

� Elyse,ZinfandelGrape,Dry, Moderate,Full, Red,NapaRegion �

WineProduct19:ChateauMargaux MetaData: � Year=1981,Count=15,Rating=4�

� ChateauMargauxWinery, MerlotGrape,Dry, Delicate,Light, Red,MargauxRegion �

the consumeragentwill rejectit. Thenext request,theconsumer
changesthe body attribute from strongto light. The producerre-
calculatesthesimilarity with themostspeci�c setwhich is equalto

� � Elyse,(MerlotGrape,MalbecGrape),OffDry, Strong,Medium,
Red,NapaRegion� , � Elyse,MalbecGrape,OffDry, Strong,Light,Red,
NapaRegion � � . At thethird time,themaximumsimilarity is equal
to

��� ��


� . Therefore,P18is offeredto thecustomer.
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Sincethisoffer is consistentwith thecustomer'spreferences,the
consumeragentacceptstheoffer. Whenwe investigatetheoffers,
we canseethattheproduceragentlearnsthatthewinery is anim-
portantfeaturefor thecustomer. In thethird iteration,theproducer
�nds a wineproductthatmatchestheconsumer's preferences.

5. PERFORMANCE EVALUATION
After giving a detailedexample,we evaluatetheperformanceof

the proposedsystem(SMVS) by comparingit with the two other
approachesthatdo not useinductive learning.The �rst compared

systemrandomlygeneratescounteroffersby pickingrandomprod-
ucts for the user. We call this approachRandomOffering. The
secondsystemwe use(SCR) offers themostsimilar serviceto the
currentrequestby ignoringtheprior requestsmade.

We use� ve testcasesfor this evaluationprocess.Eachtestcase
containsa list of preferencesfor the userandnumberof matches
from the productlist. Also, the performancedependson the ini-
tial request,thus,we repeatour experimentswith different initial
requests.

Consequently, for eachcase,we run the algorithms� ve times
with several variationsof the requests. In eachexperiment,we
count the numberof iterationsthat needto be madeto reachan
agreement.Wetake theaverageof thethisnumberin orderto eval-
uatethesesystemsfairly. As is customary, we starteachtestcase
with thesameinitial request.

5.1 Scenario1
Thecustomerwantsto buy any wine whosesweetnessdegreeis

dry. Thereare15 productsin the inventorythatmeetsthis condi-
tion. Table6 show theaverageof � ve runsfor all threeapproaches.



Table 4: An ExampleNegotiation
REQUEST- 1 [Elyse, MerlotGrape,OffDry, Strong,Medium,Red,NapaRegion]

OFFER- 1 [Forman,CabernetSauvignonGrape,Dry, Strong,Medium,Red,NapaRegion]
REQUEST- 2 [Elyse,MalbecGrape,OffDry, Strong,Medium,Red,NapaRegion]

OFFER- 2 [WhitehallLane,CabernetFrancGrape,Dry, Moderate,Medium,Red,NapaRegion]
REQUEST- 3 [Elyse,MalbecGrape,OffDry, Strong,Light, Red,NapaRegion]

OFFER- 3 [Elyse,ZinfandelGrape,Dry, Moderate,Full, Red,NapaRegion]

Here,numberof iterationsrepresentsthenumberof stepsit takes
for thecustomer's requestto beful�lled by theproducer.

SMVS scoreis slightly betterthantheSCRTechnique.During
thetest,weseethatbothSMVSandSCRtechniquesoffer thesame
serviceatthebeginningof thenegotiationphasesincethemostspe-
ci�c setof themodi�ed versionspaceis equalto theinitial request
at the�rst time. However, in thefollowing interactiontheir behav-
iors change. Furthermore,for this scenario,RandomOffering is
asgoodasSMVS sincethe inventory involvesa large numberof
availableservicesthat areconsistentwith customer's preferences
andthe probability of offering a convenientserviceis very high.
This probability is equalto 15/19at thebeginning of thenegotia-
tion andincreasesover time.

Table6: Number of iterations for Scenario1
SMVS SCR RandomOffering

R1 2 3 1
R2 1 1 1
R3 1 1 2
R4 1 1 1
R5 1 1 1

Average: 1.2 1.4 1.2

In orderto seetheperformancedifferencesbetweentheSMVS
andSCRin detail, we give a comparative run-timeexample. Ta-
ble 7 indicatesthe request-offer pairsof SMVS whereasTable8
shows thoseof theSCRTechnique.

The consumerstartswith the request[Ventana,MalbecGrape,
Dry, Delicate,Light, Rose,CotesDOrRegion]. Thesimilaritieses-
timatedfor both SMVS andSCRis shown in Table9. It is seen
that the similarity valuesare the samefor both systemafter ini-
tial request.Themaximumsimilarity is calculatedas4/7, equally
0.5714. As a result, both systemsoffer the productP14. After
secondrequest,maximumsimilarity is estimatedfor SCRas2/7,
equally0.2857. This similarity is basedon only currentrequest.
Then,theproductP13is offeredby SCRsystembut not accepted
by the consumeragent. On the other hand,the similarity calcu-
lation for SMVS is basedon the mostspeci�c set,which is equal
to � Ventana,MalbecGrape,Dry, Delicate,(Light,Medium),Rose,
CotesDOrRegion� . Accordingto this calculation,thesimilarity of
productP19is equalto 3/7, whereasthesimilarity of productP13
is 2/7. Consequently, SMVS offersproductP19andit will beac-
ceptedby theconsumeragent.The third offer will be productP3
for SCRtechnique.In this example,it is obvious thatconsidering
the most speci�c set involving all previous requestsin the inter-
action is bene�cial for offering closerservicesto the customer's
preferences.

5.2 Scenario2
Thecustomerwantsto buy any wine,whichis redanddry. There

areeightproducts(outof 19) in thestockthatmeetsthiscondition.
Whenwe look at theresultsof SMVS,SCRandRandomOffering,

the performanceof SMVS andSCRis equalandbetterthanthat
of RandomOffering (Table10). At the beginning of the negotia-
tion, theprobabilityof offering anacceptableservicefor Random
Offering is equalto 8/19. Therefore,the numberof iterationsis
increasedwith respectto the�rst case.

Table 10: Number of iterations for Scenario2
SMVS SCR RandomOffering

R1 2 2 3
R2 2 2 1
R3 1 1 1
R4 1 1 3
R5 1 1 5

Average: 1.4 1.4 2.6

5.3 Scenario3
Thecustomerwantsto buy any wine,which is red,dry andmod-

erate.Therearefour productsmeetingthis condition. Thetestre-
sultsin Table11 indicatesthatSMVS shows thebestperformance
andtheworstperformancebelongsto RandomOffering. Whenthe
numberof availableservicethatmatchthecustomer's preferences
decrease,theperformancedifferencebetweentheSMVSandother
techniquesbecomesclear.

Table 11: Number of iterations for Scenario3
SMVS SCR RandomOffering

R1 2 2 3
R2 1 1 10
R3 1 1 4
R4 1 1 2
R5 2 4 3

Average: 1.4 1.8 4.4

5.4 Scenario4
The customerwantsto buy any wine, which is strongandred.

Thereareonly two productsin the inventory that meetsthis con-
dition. Again, we look at the averageof � ve runs for threeap-
proaches.Table12shows thatSMVSapproximately�nds thesuit-
ableofferat2.2iterationswhereasSCR�nds theconvenientcounter-
offer at 2.8 iterations.Theperformanceof theRandomOffering is
comparatively low.

5.5 Scenario5
Thecustomerwantsto buy any wine whose�a vor is strongand

color is red or rose. Therearethreeproductsmeetingthis condi-
tion. This caseis goodto seetheeffect of learningthedisjunctive
conceptsuchas(Color = Redor Rose)with theconjunctives(and
Flavor= Strong). In somesituation,SCR techniquecan �nd the
convenientservicesoonerthanSMVSandin somesituationSMVS



Table7: Running of Scenario1 usingSMVS
REQUEST- 1 [Ventana,MalbecGrape,Dry, Delicate,Light, Rose,CotesDOrRegion]

OFFER- 1 P14= [CongressSprings,MalbecGrape,Sweet,Delicate,Light, Rose,NapaRegion]
REQUEST- 2 [Ventana,MalbecGrape,Dry, Delicate,Medium,Rose,CotesDOrRegion]

OFFER- 2 P19= [ChateauMargauxWinery, MerlotGrape,Dry, Delicate,Light, Red,MargauxRegion]

Table8: Running of Scenario1 usingSCR
REQUEST- 1 [Ventana,MalbecGrape,Dry, Delicate,Light, Rose,CotesDOrRegion]

OFFER- 1 P14= [CongressSprings,MalbecGrape,Sweet,Delicate,Light, Rose,NapaRegion]
REQUEST- 2 [Ventana,MalbecGrape,Dry, Delicate,Medium,Rose,CotesDOrRegion]

OFFER- 2 P13= [Ventana,CheninBlancGrape,OffDry, Moderate,Medium,White,CentralCoastRegion]
REQUEST- 3 [Ventana,MalbecGrape,Dry, Strong,Medium,Rose,CotesDOrRegion]

OFFER- 3 P3= [Forman,CabernetSauvignonGrape,Dry, Strong,Medium,Red,NapaRegion]

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: 2.2 2.8 9.6

canshow betterperformance.This dependson therequests.Aver-
ageperformanceof SMVSover � verunsis betterthanthatof SCR
asseenin Table13.

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 comparesthethreeapproachesover all scenarios.The

resultsindicatethatSMVS performanceis higherthanbothof the
othersystems.Whenthe numberof possibleservicesis decreas-
ing, thetime interval for offering anacceptableservicegetslonger
in RandomOffering. When the large partsof inventory is com-
patiblewith thecustomer's preferencesasin the�rst testcase,the
performanceof all techniquesarenearlysame.

Table14: AverageNumber of Iterations for Five Scenarios
SMVS SCR RandomOffering

Scenario1: 1.2 1.4 1.2
Scenario2: 1.4 1.4 2.3
Scenario3: 1.4 1.8 3.7
Scenario4: 2.2 2.8 7.8
Scenario5: 2 2.6 6.3

Averageof all cases: 1.64 2 4.26

6. DISCUSSION
Wereview therecentliteraturein comparisontoourwork. Deben-

ham[5] studiesthemanagementof thesingle-issueandmulti-issue
negotiationprocessesusingthe market dataandinformationover
the Internet. Eachtransactionsuchas requestand offer is con-
sideredas a businessprocessand have someconstraintssuchas
time. A negotiationshouldbecompletedup to a certaintime. Br-
zostowski andKowalczyk proposean approachin order to select
anappropriatenegotiationpartnerby investigatingpreviousmulti-
attributenegotiations[2]. For achieving this, they usecase-based
reasoning.They emphasizethepositive effect of �nding theright
partner. Their approachis probabilisticsincethe behavior of the
partnerscanbechangedby thenext time. In our approach,we are
interestedin negotiationthecontentof theservice.After thecon-
sumerandproduceragreeontheservice,price-orientednegotiation
mechanismscanbeusedto agreeon theprice.

Tamaet al. [16] proposea new approachbasedon ontology
for negotiation. Accordingto their approach,thenegotiationpro-
tocolsusedin e-commercecanbe modeledasontologies. Thus,
the agentscan performnegotiation protocolby using this shared
ontologywithout theneedof beinghardcodedof negotiationpro-
tocol details.This sharedontologyprovidesthevocabulary of the
negotiationprocessfor theagents,which canbehave dynamically.
However, Tamaet al. do not provide a methodfor learningprefer-
encesduringnegotiationaswe have donehere.

Ontologycanbeusedin servicediscovery for betterresultsthan
that basedon syntacticmatching. Broenset al. [1] proposea
context-aware,ontology-basedservicediscovery. Matchingcapa-
bilities canbe increasedby using the semanticinformation. For
instance,whentheuserrequestsfor sellingmusic,sellingCD will
be valid sincethe CD is a subtypeof music. They classify the
servicesaccordingto their propertiesand model the serviceand
servicetypesin anontology. To �nd a service,they considercon-
textual informationin additionto inputsandoutputs.

Faratinetal. proposeamulti-issuenegotiationmechanismbased
on trade-offs [6]. Theservicevariablesfor thenegotiationprocess
suchasprice, quality of the service,delivery time andso on are
consideredtraded-offs againsteachother(i.e.,higherpricefor ear-
lier delivery). They generatea heuristicmodel for trade-offs in-
cludingfuzzy similarity estimationanda hill-climbing exploration
for possiblyacceptableoffers.Althoughweaddressasimilarprob-
lem, our main target is to learnthepreferenceof thecustomerby
thehelpof inductive learningandgeneratecounter-offersin accor-
dancewith theselearnedpreferences.Faratinet al. only usethe
last offer madeby the consumerin calculatingthe similarity for
choosingcounteroffer. Unlike them,we alsotake into accountthe



Table9: The EstimatedSimilarities for Scenario1
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

MaximumSimilarity: 0.5714 0.4286 0.5714 0.2857 0.4286

previous requestsof the consumerusingModi�ed VersionSpace.
In their experiments,Faratinet al. assumethattheweightsfor ser-
vice variablesare�x eda priori. On thecontrary, we aim to learn
thesepreferencesthroughinductive learning.

Our approachis openfor improvements.First, the preferences
of theconsumeragentmaychangeduringthenegotiation.It would
beinterestingto extendthelearningalgorithmto dealwith dynamic
changesin therequestsof theconsumeragent.Thepreferencescan
beenrichedwith subtlerelationsonprice.Second,semanticclose-
nessamongthefeaturevaluescanbeusedin theestimationof the
similarity of theserviceswith themostspeci�c setin the learning
phasein ordertoobtainbetterresults.Up to now, whenwecompare
two attributes,we assign

�

for dissimilarity and $ for similarity.
However, we canuseintermediatevaluesto expressthecloseness
of the attributes. For example,

��� �

can be usedfor red androse
whereas

��� 


canbe usedfor white androse. Third, currently, the
produceronly triesto learntheconsumer'sdemandwithoutconsid-
ering its own preferences.Incorporatingthebusinessstrategiesof
theproducerwill allow morerealisticscenariosto betested.These
areinterestingdirectionsthatwewill pursuein our futurework.
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