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Abstract. In this paper we propose an approach to semantic matchmaking that
exploits various knowledge representation technologies to find mostigimgm
partners in peer-to-peer e-marketplaces. In particular we mix in aal@nd prin-
cipled way the semantic expressiveness of DLR-lite Logic Prograrazy flogic

and utility theory. We adopt DLR-Lite Logic Programs to obtain a reasonable
compromise between expressiveness and complexity to ensure thigilggaof

our approach to large e-marketplaces, and Fuzzy Logic to model lsgiecifica-

tions as soft constraints. Furthermore, fully exploiting the peer-tope@digm,

we consider in the matchmaking process preferences and cordasgartilities

of both parties.

1 Introduction

The distinguishing characteristic of a peer-to-peer (R2Rarketplace is that basically
peer users — both buyers and sellers — can submit their &bradnts, browse through
available ads, and be assisted in finding the best availahleterparts to meet their
needs and initiate a commercial transaction. Furtherniorgich marketplaces, there
is often the need to negotiate not only on single numerialfes such as price, quan-
tity, etc., but also on some good’s characteristics. Thenetlis the need to represent
advertisements in a machine understandable way, usingidaieg able to model the
background domain knowledge. Also, descriptions coulehagical implicationse.g,

If a car has leather seats then it is also provided with air ditioning or bundlese.g,
Sports car with optional package including both GPS systach aarm systemand
some kind of logical theory, able to let users express the@ds/offers, could surely
help. Finally, while performing a matchmaking process lastwtwo peers advertise-
ments, we should take into account user preferences — softraints — and distinguish
them from mandatory — hard — ones.

In an e-commerce setting, matchmaking can be defined as tlsegs of finding
“good” counterparts for a given entry in the marketplacec@irse, the evaluation of
how “good” a counterpart is constitutes most of the effegtass of a matchmaking
system. Currently, many commercial sites force the buyenter her request browsing



a predefined classification that may be completely unseitéd the characteristics
the buyer might have in mind.g, they require to enter a brand first, then a model of
that brand, etc. while a buyer may be not interested in a fpdwand, but only on
some limitations on price and color. In this respect, one s@ythat they provide no
matchmaking assistance: the matchmaker is the buyer heEseh the use of textual
search engine (as in eBay) does not help a lot, since the iesusometimes very long
and tedious) list to browse.

To assist buyers and sellers in marketplaces, severalrobspaposals on match-
making systems were issued. They either try to compute a sifgpossible counter-
parts, based on textual information [25], or to compare tggchl representations of
supply and demand [10], or combine both scores and logicnmesaay [7, 16]. Our
proposal falls in this last category, mixing in a formal waytaogies in DLR-Lite,
Datalog rules, Fuzzy sets, and Utility Theory. While all theee logic-based proposals
suffer on the scalability side, our resort on DLR-Lite andd)ag ensures the scalability
of our approach w.r.t. to large datasets.

Furthermore, following the economical approach to negjotia the matchmaker
computes a score as the maximum value ofgrezluctof the weighted utility of the
buyerug times the weighted utility of the seller, over all possible agreements be-
tween the buyer and the seller. In this way both buyer’s altersgpreferences are taken
into account ruling out of the match list those counteraffgrat, although seemingly
appealing for the buyer, would probably lead to failure duedntrasting preferences
of the seller, that we take already into account.

The remaining of the paper is as follows: Section 2 introduzasics of languages
and technologies we adopt. In Section 3 requirements fochmatking process, in-
cluding preferences, utility functions are illustrateddarague knowledge bases are
introduced. The description of the matchmaking process wague knowledge bases
follows in Section 4. Next, in Section 5 rules for item cldissition in P2P marketplaces
are outlined. An illustrative example is presented in $&ci, discussion about relevant
related work and conclusions close the paper.

2 Basic technologies

As our representation and query tool, we use a specific catibm of Description
Logics [3] (DLs), Logic Programming [6] (LPs) and Fuzzy The{@6].

A Knowledge Basés a triple KX = (F,O,P), whereF is a set of facts stored
into a relational databasé) is the DL component an® is the rule component. The
DL component is used to model the application domain’s agple.g, the inten-
tional knowledge). Specifically, we use a description lagfithe family of DLs,DLR-
Lite [5]. Concerning the rule and query component, we use an sxiernf Datalog
(cf. [6] among others), in which we allow soft constraint gicates to appear in rules
and queries [22]. Basically, we allow vague/fuzzy predisatio occur in rule bodies,
which have the effect that each tuple in the answer set of aychas now a score in
[0,1]. The main problem to be addressed in the resultinguagg is the problem to
compute the top-k answers in case the set of facts is hugeouwtievaluating all the



tuples’ score. As matching a buyer’s request with a selteffisr is a matter of degree,
our purpose is to find the top-matches only, rather than all matches.

In the following, consider a knowledge base= (F, O, P).
Facts componentConcerning the facts componefs simply a finite set of formulae
of the form R(cy, ..., ¢,), whereR is ann-ary predicate and; are constants. Facts,
representing extensional information, are stored in igdat tables of an underlying
database. For instance,

CarTable(544, Fiat Punto, 2004, 15000)

is a fact stating that item 544 is a Fiat Punto, built in 2004 laaving 15000 kilometers.
An interpetationZ = (A, -Z) consists of dixed infinite domaimA and aninterpre-
tation function-Z that maps am-ary predicateR into ann-ary relationk* over A and
maps constants into constantsfuch thau? # b% if a # b (unique name assump-
tion). We assume to have one object for each constant, denetiactly that object. In
other words, we have standard names, and we will not disshdretween the alphabet
of constants and the objects.ih
DL component. Concerning the DL componeng) is a finite set of DLR-Lite ax-
ioms*. A DLR-Lite axiomhas the formC; T Cs (concept inclusiopor has the form
(disjoint C4,...,C,) (disjointness axioin whereC; is a concept expression. Infor-
mally, C; C C, says that the set denoted B} is a subset of the set denoted by
Cs, while (disjoint C4, ..., C),) declares that the concepts are pairwise disjoint. Con-
cepts expressions are constructed starting from a set wli@tmncepts and relations
by applying suitable constructs. In DLR-Lite we distinduisetween constructs that
are allowed in the left-hand sid€’() and those in the right-hand sidé() of concept
inclusions, according the following syntax:

Cl— A|Ji:R|ClLUCI
Cr— A|3i:R|CriMnCrg

whereR is ann-ary predicate and e {1,...,n}.

An interpretationZ = (A,-Z) maps a concept’ into subsetsCZ of A. In the
following, R denotes am-ary predicate, and we usdo denote am-tuple of constants,
andc(i] to denote thé-th component o€. Then-Z has to satisfy:

AT cA
()t =cF Nyt
(CyuCy)t = Fuc?
(3i: R)" = {c[i] | c € R*}

An interpretatiorsatisfieqis a models of C; C C, iff Cf C ¢yF, while an interpre-
tationsatisfieg(is a models of (disjoint C1,...,C,) iff Vi # j.C;F N CjI = (.

4 Here we refer to DLR-Lite,.. but any DL of the DL-Lite or DLR-Lite family can be as well
considered.



Example 1.The following set of axioms is an excerpt of the encoding fue web
directory behind the car selling site www.autos.com:

Cars C Vehicles CompactCars C PassengerCars

Trucks C Vehicles Vehicles € 31 : hasMaker T 31 : hasPrice
Vans C Vehicles 31 : hasPrice U 31 : hasMaker C Vehicles
LuzuryCars C Cars 32 : hasMaker T CarMaker
PassengerCars C Cars Cars C 31 : hasKmWarranty M 31 : hasFuel

(disjoint Cars, Trucks,Vans) 32 : hasFuel T FuelType

Given a DLR-Lite ontology related to a relation model, in if5f shown how to rewrite
a conceptual query over the ontological model in a conjuaajuery over the relational
model in the form

q(x) < Jybody(x,y)

Herebody is the conjunction of n-ary predicates representing thermétion modeled
by concepts and roles in the DLR-Lite ontology.
Notice that even apparently simple, DLR-Lite family langea are expressive enough
to represent RDFSontologies (at least their DL subset).
LP component.Concerning the rule component of a knowledge b&ss a finite set
of vague Datalog rules[22], which are defined as follows.
A Datalogrule is a Horn clause of the form

P(to) — Rl(tl),. .. 7Rn<tn> 5

where P(to) is theheadof the rule, andR; (t1), ..., R,(tn) is thebodyof the rule.
P(tp) and allR;(t;) are atomst; are arrays oferms A termis either avariableor a
constantHere we also provide a set of built-in predicates, likex, —, /, >, <, =, with
(obvious) fixed interpretation, which may appear in a ruldyho

A Datalogquery predicate; is a designated-ary predicate symbol appearing in
the head of a Datalog rule iR. For instance,

q(z,p) <« Cars(z), hasPrice(x, p),p < 15000

is a query asking for cars whose price is less or equal tha@L.50

The interpretation of-ary predicates, terms and the notions of satisfiability (is
model of) and logical consequence are as usual.

Vague Datalog rules are as Datalog rules except that weiawalgiy allow fuzzy
predicates to occur in Datalog rule bodies (see [22]). Sigadly, let » be ann-ary
predicate symbol. We add an additional position,tmaking itn + 1-ary. Then a vague
Datalogrule is of the form

T(X7 S) — HybOdy(X, y)7 s = f(pl (Zl)a cee 7pn(zn>)
where
1. x are then distinguished variables

Shttp://ww. w3. org/ TR/ rfs-schenma/
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Fig. 1. (a) Trapezoidal function; (b) Triangular function; €)function; (d) R-function

. s is thescore variabletaking values ir0, 1], andr is functional ons;

. y are so-callechon-distinguished variableand are distinct from the variables:n

. body(x,y) is a conjunction of Datalog atoms;

. z; are tuples of constants or variableimr y;

. p; is ann;-ary fuzzy predicat@ssigning to each;-ary tuplec; asscorep;(c;) €
[0, 1];

. [ is ascoringfunction f: [0,1]* — [0, 1], which combines the scores of the
fuzzy predicatep; into and overalljuery scoreo be assigned to the score variable
s. We assume thaf is monotonei.e,, , for eachv, v’ € [0,1]" such thatv < v/,
f(v) < f(v') holds, whereg(vy,...,v,) < (vi,...,v}) iff v; < v} forall i; we
assume that the computational costfadnd all fuzzy predicates; is bounded by a
constant.

O U WN

~

We calls = f(p1(z1), ..., pn(2z,)) @scoring atomFor instance,

CheapCar(x,p, s) «— NewCar(z), hasPrice(x,p),
s =maz(0,1 — p/15000)
CheapCar(z,p, s) < SecondHandCar(x), hasPrice(x,p),
s =max(0,1 — p/7500)

are vague Datalog rules that can be used to look for cheapassigning to each car
a score depending on its price. If the price of a new car is @déy00€ the car
is not considered as a cheap one, while the scoring funcéia@mcreased as the price
lowers. Hence, it is quite natural that if we are looking fbeap cars one wants that
the retrieved cars are sorted in decreasing order with cegpés scorej.e., degree of
cheapness. Furthermore, as the database may containrbswsfauples, one usually
wants to retrieve just the topranked ones.

Concerning fuzzy predicates involved in scoring atoms, a&alt that in fuzzy
set theory and practice there are many membership funcf@nfizzy sets mem-
bership specification. However, tt@pezoidaltrz(x; k1, k2, a, b, ¢, d), thetriangular
tri(xz; k1, k2, a, b, ¢), the L-function(left shoulder function).S(x; k1, k2, a, b) and the
R-function(right shoulder functionR.S (z; k1, ko, a, b) are simple, yet most frequently
used to specify membership degrees (see Figute 1)

From a semantics point of view (see [22]), we have to take attmount the addi-
tional scoring atons = f(p1(z1), ..., pn(zn)).

8 k1, ko is the domain of the functions.



Informally a vague Datalog rule is interpreted in an intetationZ as the set” of
tuples(c, v), such that when we substitute the varialteand s with the constants
and the score value € [0, 1], the formuladybody(x,y),s = f(p1(2z1),...,pn(2n))
evaluates to true iff.

Due to the existential quantificatiaty, for a fixedc, there may be many substitu-
tionsc’ for y and, thus, we may have many possible scores for the tuglenong all
these scores far, we select the highest onieg., thesup.

In case that the atom(x, s) is the head of multiple rules, for each tupléhere may
be a score;; computed by each of these rules. In that case, we assuméé¢haidrall
score forc is themaximunmamong the scores.

Now, let 9,2;’: = {x/c,y/c’,s/v} be a substitution of the variablesy and s
with the tuplesc, ¢’ and score value € [0, 1]. Let ¥(x,y,s) be body(x,y),s =
f(p1(z1),. .., pn(zn)). With ¥(x,y, s)9§§,’§ we denote the ground formula obtained
by applying the substitutiofSS? to ¥/(x, y, s).

We say that an interpretatiafi is a modelof ¢(x,y, s)0SS? iff v (x,y, )05
evaluates to true if, i.e, all ground atoms and the grounded scoring atom occurring
in(x,y, s)05S 2 are true. We will write = (x,y, s)05S 7 in this case.

Then, the interpretation” of a set of rules with same head= {ry,...,r,}inZT
is

= {{c,v) | v = max(v1,...,v,),v; = sup{v' | T = wi(x,y,s)e,i;(f/}} , 1)

where each rule; € ris of the formr(x, s) < Ty, (x,y, s), sup @) is undefined, and
max(v1, ..., v,) is undefined iff all its arguments are undefined.

Note that some tuples may not have a score i and, thus,(c,v) ¢ r? for no
v € [0, 1]. Alternatively we may defineup (§ = 0 and, thus, all tuples have a score in
Z,i.e, {(c,v) € v’ for somev € [0, 1]. We use the former formulation to distinguish
the case where a tuptgs retrieved, though the scorelisfrom the tuples which do not
satisfy the query and, thus, are not retrieved. Finallyafbe and for allv € [0, 1], we
say thatZ is amodelof r(c, v) (denotedZ = r(c,v)) iff (c,v) € rZ.

We say that a vague knowledge bd#Se= (F, O, P) entailsq(c,v), written =
q(c,v), iff for all modelsZ of K, Z |= ¢(c, v) holds.

Linking Facts componentF, DL component O andLP componentP with each
other inC we have that:
— Atoms, representing unary predicates, and predicategring in O may appear in
rules inP.
— Predicates occurring i do not occur in the head of rulesh— essentially, we do
not allow that the fact predicates occurringAncan be redefined bj.

2.1 Top-+k Retrieval

The basic inference services that concerns us is thé teprieval problem, where this
latter is defined as:

Top-k retrieval: Given a vague knowledge ba#e = (F, O, P), retrieve the tops
ranked tuplegc, v) that instantiate the quegyand rank them in decreasing order w.r.t.



the scorey, i.e., find the topk ranked tuples of the answer setgfdenoted

ansi(K, q) = Topy{(c.v) | K = qlc,v)} |

For instance,
q(x7 p’ 8) — Cheapca’r(‘/'L.? p’ S)

is a query asking for cheap cars. The topanked cars, according to the score (that
depends on their price), is obtained dys (K, q).

From a reasoning point of view, [23] shows a that the koproblem for DL-Lite
knowledge bases can be solved in LogSpace data complekitytebult holds also for
the top4 problem in DLR-Lite, using the results described in [5]. @e bther hand,
[22] shows that the top-problem for vague Datalog can also be solved in LogSpace
data complexity, if the set of vague Datalog rules is not reiga. Both solutions rely
on a query rewriting method which is conceptually based erstéme idea as for [5]. In
fact, it can be shown that for a vague knowledge base (F, O, P), whereP is not
recursive, the tog problem can be solved in LogSpace data complexity. Esdlgntia
we combine [22] and [23] to rewrite a query into a $&bf new queries and then we
apply relational topt database technology (sexg, [14]) to solve the queries iR.

3 Matchmaking Scenario

In this section we outline the matchmaking scenario and dfmwto model it as a top-
k retrieval problem over a vague knowledge b&séNithout loss of generality, in the
examples we refer to an automobile marketplace, and metatwork in this domain.
In such domain features as look, comfort, optionals, tympe bhabe modeled, as well as
numerical features as price, warranty or delivery time act,fbased on these features
both the buyer is able to formulate her request and the delldescribe the good to
be soldi.e., a buyer can specify conditional preferences, suchfag is a luxury car,
then it has to be provided with leather seaty “| want a cheap car, yet if the car has
an alarm system I'm ready to pay up to 18,080 conversely the seller can offen"
compact car with 4 years warranty or 12,0000 km warrdn@yonstraints can involve
only numerical features,or non numerical ones, as well #s dfthem.

Hard and Soft Constraints. In a typical e-marketplace scenario, the issues within both
the buyer’s request and the seller’s offer can be splitsirict requirementandprefer-
encesStrict requirements represent what the buyer and ther sedliet to be necessarily
satisfied in order to accept the final agreement — in our frasrlewe call strict require-
mentshard constraintsPreferences denote issues they are willing to negotiatetiois

is what we callsoft constraintsHence, the matchmaker has to be able to handle both
hard and soft specifications of both the buyer and the sé&k#rus now introduce an
example request, we will use to explain some aspects of qupaph:

Example 2.Suppose to have a buyer’s request likevant a passenger car black or
gray. Preferably | would like to pay less than 14,080furthermore I'm willing to pay
up to 17,000€ if warranty is greater or equal than 100000 ki.In this example we
identify:



Hard Constraints. Body TypePassenger ca€olor: Black or Grey.
Soft Constraints. Price: < 14, 000; Warranty-Price:if Warranty > 100000 then
Price< 17,000€.

Utility. Given a request and several supplies, in the final agreetbettt,buyer’'s and
seller'shard constrainthave to be satisfied. Nevertheless, how should the matchrmake
find —and rank— the mosuitableor promisingagreements to be proposed to both par-
ties? In the ranking processft constraintsre key information the matchmaker should
use to evaluate the match degree. The final agreement is tedipwrder to maximize
both buyer’s and seller’s preferences satisfaction. Riairce, w.r.t. Example 2 suppose
to have three suppliés

¢’ = Body TypeCompact carColor: Grey;Price: 16000€; Warranty: 200,000 km.

o" = Body TypePassenger Ca€olor: Black; Price: 13000€; Warranty: 50,000 km.

o' = Body TypeVan;, Color: Brown; Price: 19000€.

Comparing these supplies with buyer’s request we notedtffawvill be discarded
because its hard constraints are in conflict with the buyers Fors’ ande” we have
that: o’ satisfies the preferengg = {Warranty-Price: if Warranty > 100,000 then
Price< 17,000€}; ¢” the preferenced; = {Price: < 1400G. Now the question is:
how to evaluate the best one?

In order to provide an answer to such a question, we take ctouant utility values
assigned by the buyer and representing the preferenceanelevto sub-parts afoft
constraintsIn this case we assume utility values«{#; ) andu(32) — both for3; and
(2. & Notice that actually the same holds from the seller’s sidex P2P e-marketplace
the seller may express his preferenceseft constraints e.gon selling price, warranty,
delivery time — with corresponding utilities(c;), as well as hiwiard constraintge.g,
color, model, engine fuel, etc.). The only constraint ofitytvalues is that both seller's
and buyer’s ones are normalized to 1 to eliminate outlierd,raake them comparable
[12].

doulBi) =1, u(oy) =1 (2)

Since we assume utilities on preferences as additive, herean write the global
utility of the buyerug and of the sellet, as just a sum of the utilities of preferences
satisfied in the agreement. Lgtands; be a score representing the degree of preference
satisfaction, then the global utility will be:

ug =Y sixu(Bi) , uo = > 55 % u(oy) 3)

Matchmaking Steps.Now we can outline the steps of the matchmaking process:

" Without loss of generality, for the sake of simplicity in this example we consideplies
where onlyhard constrainthave been set.

81t is not in the scope of this paper to investigate on how to compfz) andu(32); we
might assume, without loss of generality, they are determined in ad¥aneeeans of either
direct assignment methods (Ordering, Simple Assessing or Ratio Cismpgaor pairwise
comparison methods (like AHP and Geometric Mean) [20].



1: Every time a seller enters the marketplace, he proposesupisly expressing both
hard andsoft constraintgpreferences). Eventually, for each prefereagdif any) he
expresses the corresponding utilitie® ;).

2: Similarly the buyer who enters the marketplace will expieard andsoft constraints

as well as the utility(3;).

3: Based on buyer’s and seller’s specifications, the matckmiakurns a ranked list
of agreements such that: [a] they satisfy both ltlhed constraintsn the request and
conversely theihard constraintsare satisfied by the request; [b] the rank is evaluated
taking into account preferences and utility functiensandu,, as defined by equations
(3).

In a P2P e-marketplace, the aim is to maximize both buyedssafier’s utilities in
the final agreement, so the matchmaker has to propose agresemetually beneficial
for both of them. Such agreements are computed considdrapigher values ofig
andu, utilities product [18].

4 Matchmaking with Vague Knowledge Bases

E-Marketplaces are typical systems where the notion ofifiezss is often involved.
It is usual to find, among others, concepts liKéeap or Expensive. Similarly, nu-
merical variables involved in a commercial transactionosepa fuzzy behavior. For
instance, suppose to have a buyer looking for a car providddawvarranty greater
than 100,000 kilometers and a supplier selling his car wi80®00 kilometers war-
ranty. If the buyer’'s warranty specification is modeled asfgnence, we can not say
they do not match at all. Instead we can say they match withtaioelegree.

Also notice that in both cases — conceptual and numericafimhtion — the fuzzi-
ness is: (1) strongly dependent from the user point of vidwe iHea of “cheapness”
changes moving from a user to another one; (2) allowed ondpfnconstraintsif the
user expresses the willingness of selling a car with 80,0@dnleters warranty within
hard constraintsit means that he does not want to negotiate on it at all.

A logical language able to allow the user to express alsoumayfsoft constraints
would be then a good choice to model matchmaking. Given a Dit®eontology O
and a set of fact§ we model a vague knowledge bdsg, ..., = (F, O, P) for match-
making in e-marketplaces where:

— P represents user’s (both buyer and seltft constraintsin P’s rules, also roles
and concepts forn® can be used.

In this case,F represents the tuples of the relational database storiRgal2ertise-
ments. Notice that since we model a P2P marketplace, thetémhments can be either
supplies or demands, depending on the “searcher” poinegf.vihe former are used in
case a buyer enters the marketplace the latter in case adtides to find promising
requests.

To represent requester requirements in a vague knowledgededting, we model
hard constraintsas a conceptual query ovér andsoft constraintsaas a query over a
vague Datalog prograrB.



Hereafter we will use the following notation:

B(x,y) , buyer's strict requirements

hard constraints= , . .
o(z,y) , seller's strict requirements

Bi(z,y,s) or Bi(z, s) , buyer's preferences

soft constraints= ,
oj(x,y,s)oroj(z,s), seller's preferences

x is a single variable. It is usually instantiated with the kejue of a database tuple;
y (if present) will be instantiated by numerical values. luged whenever an agree-
ment on numerical variables (price, km/years warranty) é#s to be reached;

s is the score variable as defined in Section 2 [22]. It repitsdbie score associated to
fuzzy predicates involved in the body of the rules;

Notice that since a score is associated to each fuzzy ptediw@ can compute the
global utility based on the two utility functions in Secti@ Furthermore, the two
queriess and 8 model the minimal requirements the buyer and the seller wabe
satisfied in order to accept the final agreement. Notice ifhse|ler and buyer set hard
constraints in conflict with each other, the correspondingpsy will not be retrieved.
Soft constraintsare modeled via Datalog predicatg@s for the buyer andr; for the
seller, where each of them represents a sub-part of the /seller preferences.
The use of, y ands should be clearer looking at how buyer’s request in Example

2 is formalized:

Ba(x) «— PassengerCars(z)

Ba(z) «— hasColor(z,y), Gray(y)

Ba(x) «— hasColor(z,y), Black(y)

B(x) «— Ba(z), Bp(x)

Bi(z,p,s) — hasPrice(z,p),
LS(0,100000, 14000, 16000, p, s)

Ba2(z, p, kmw, s) «— KmWarranty(z, kmw), hasPrice(z, p)
RS(0, 400000, 80000, 100000, kmw, s1),
LS(0,100000, 17000, 19000, p, s2),

s = max(l — s1,82)

With respect to the previous encoding we notice that defigingnd 5, here we can
use two differentl.-functionsto specify membership degrees for the varighle

5 Top-k Retrieval for Matchmaking in Vague Knowledge Bases

Given a DLR-Lite ontology) and a set of fact§ in a relational database, we can detalil
the matchmaking framework in a vague knowledge Basg:., = (F, O, P). In order
to formulate a query and rank all the retrieved results, whstill missing is how to put
together both buyer’s and seller’'s requirements. Then:
1. for each buyer’s preferengk, write the corresponding rule in vague Datalog where
the head contains the predicaigz,y, s) as shown in Section 4; add the rulefo
set the utility value:(3;) as shown in Section 3; The same is for the seller where the
head of each rule is the predicatg(z, y, s) and for each of them utility values are

u(o;)



2. add toP the rules:

Buyer(z,y,ug) «— Bi(z,y1,51), B2(x,y2,52),...,us = u(f1) - s1 + u(f2) - s2 + ...

Seller(z,y,us) «— o1(x,y1,81),02(%,¥2,52), ..., ue = u(o1) - s1 +u(o2) - s2+ ...

where for each variable ig in the head of one of the two previous rules, the same
variable occurs in at least one of the arrays of the corredipgrbody:y1,y2,. . .;
3. encode buyerbard constraintgequirements as a conceptual query ad?eRewrite
the query as a conjunctive query where the query is denotidii, yz). The same
is for the seller and his hard constraiats, y, );
4. solve theTop-k retrieval problem:

ansi (P, Match) = Top, {{z,y,u) | {y,u) € Top,{{z,y",u') | P = Match(z,y',u')}} .
whereM atch is the conjunctive query

Match(z,y,u) < B(z,yg), Buyer(z,y5,ug),0(z,ys), Seller(z, ¥z, o), u = ug * Uy
and for each variable in the arrgy the same variable occursyty, y3, ¥, Oryo.

Basically, for each key value of the database, we compute the best mé&ch) for it,
i.e, (y,u) € Top,{(z,y",v) | P = Match(z,y’,u')}, and then rank the topkey
values.

Notice that the rank is computed considering the productuyebs and seller’'s
utilities as stated at the end of Section 3 in order to reachgaeement appealing both
for the buyer and for the seller.

6 An lllustrative Example

Let us better clarify the approach with the aid of a tiny exeampm Table 1 two pos-
sible offers stored in an e-marketplace database are peesafle callCarTable the
relation representing Table 1. Based both on these inféemand some specific do-

ID MODEL TYPE PRICE/DISCOUNT| KM [COLORJAIRBAG |INTERIOR TYPEAIR COND|ENGINE FUEL|
34 | ALFA 156 Sedan | 12000 20% 25000 Black 1 LeatherSeats 0 Diesel
1812FORD FOCUSStationVagon 13000 20% [20000 Gray 1 LeatherSeats 1 Gasoline

Table 1. TheCarTablerelation with a sample set of offers.

main knowledge, we will write the corresponding vague kremlgle basé,,, ..., as ex-
plained is Section 4 and Section 5. In Figure 3 tuples relttede relationC'arTable
are represented together with a DLR-Lite ontol@@yextending the one presented in
Example 1. Auxiliary rules in Figure 2 are introduced anddusaly for the sake of
clarity and conciseness.

Now, suppose to have the following buyer’s request:



hasPrice(z,p) < hasPossibleCarPrice(x,p)
Kilometers(z1,x¢), < CarTable(xzy,...,z11)
CataloguePrice(x1,x4), < CarTable(xzy,...,z11)
Minimal Price(x1,y), <« CarTable(x1,...,211),y = T4 — Ty * Ts
LS(ki,k2,a,b,p,1) «— k1 <p<a
LS(ky,k2,a,b,p,0 b<p<ks

LS(ky,ko,a,b,p,s
RS(ky1,k2,a,b,p,0
RS(kyi,k2,a,b,p,1
RS(k1,k2,a,b,p, s

—
—a<p<bs=(b-p)/(b—a)
— ki <p<a
—b<p<ks
-

)
)
)
)
)
) a<p<bs=(p—a)/(b—a)

Fig. 2. Auxiliary rules

CarTable(34, ALFA 156, 2002, 12,000, 20%, 25,000, Black, 1, LeatherSeats, 0, Diesel)
CarTable(1812, FORD FOCUS, 2001, 13,000, 20%, 20000, Gray, 1, LeatherSeats, 1, Gasoline)
hasPossible Price(34, p), p € {12000, 11900, 11800, ..., 9700, 9600}
hasPossible Price(1812, p), p € {13000, 12900, 12800, ..., 10500, 10400}

31 : CarTable C Cars (disjoint Mazda, Al faRomeo, Ford)

Sedan U StationWagon E Cars (disjoint Sedan, StationW agon)

39 : CarTable C Seats (disjoint AirConditioning, NoAirConditioning)

Mazda U AlfaRomeo L Ford € CarMake (disjoint LeatherSeats, VelvetSeats)
LeatherSeats LI VelvetSeats C Seats ..

Fig. 3. A part of the vague knowledge bakg, .., used in the example.

[Hard Constraint] (3) | want asedanor astation wagon

[Soft Constraint] (5,) | would like air conditioningif the car hadeather seats(5-)
Preferably | would like to payess than 1100€€E. (33) The car should haviess than
15000 km

[Preferences Utilities]u(51) = 0.05; u(B2) = 0.5; u(f3) = 0.45

Then we add to the vague Datalog progr&dmm KC,,,.:.1 the rules:

Ba(z) «— Sedan(x)
Ba(x) «— StationWagon(z)
B(x) — Ba(x)
B1(xz,1) « NoLeatherSeats(x)
Bi(x,1) «— LeatherSeats(z), AirConditioning(x)
B1(x,0) <« LeatherSeats(z), NoAirConditioning(x)
Ba2(z, p,s) «— hasPrice(x, p),
LS(0,100000, 11000, 13000, p, s)
Bs(x,s) «— Kilometers(z, k),
LS(0, 400000, 15000, 20000, k, s)
Buyer(z, p, ug) — B1(z, 51), Ba(, p, 52), Ba (2, 53),
ug = 0.05-s1 +0.5-s2 +0.45 - s3



Since we are in a P2P e-marketplace, also the seller canssxpaed and soft con-
straints. Looking at the information modeled in Table 1 we &t a soft constraint is
expressed on price: the seller prefers to sell the car atatadogue price, furthermore
he may apply a discount. In this case also a constraint oa fgiet; in fact, he does not
want to go down such defined discount (hard constraint). SMitloss of generality, for

the sake of clarity in this example we consider the same haddaft constraints for all

the sellers within the e-marketplace. Seller’s requiretsane then encoded i6,,,4¢cn

as:

o(x,p) < hasPrice(z, p), CataloguePrice(x, catP),
Minimal Price(xz, minP), minP < p < catP

o1(x,p,s) < hasPrice(z,p), CataloguePrice(x, catP),
Minimal Price(z, minP), minP < p < catP,
RS(0,100000, minP, catP, p, s)

Seller(z,p, us) < o(z,p), o1(z,p, $1), Us = 51

Notice that, in this particular case, the specification@f, ) is not necessary because
of equation (3).
According to the encoding in Section 5 the query is:

Match(z,p,u) — B(x), Buyer(z,p,ug),o(z,p), Seller(z,p, us), u = ug - Uy

Solvingansa (Kpaten, Match) retrieval problem with respect 16,4, defined in this
example, the ranked list of agreements is:

x p U
34 11300 0.3010
1812 11800 0.1885

Then, the agreement betwekFA 156 and the request is ranked better tR@AD FOCUS.

7 Related Work

Recently, the problem of matchmaking has been investigatel@r different perspec-
tives and many approaches have been proposed. An initiabagip to matchmaking
can be dated back to vague query answering [17] where the toegal beyond pure
relational databases was addressed using weights attlibuseveral search variables.
More recently similar approaches have been proposed erte8@L with “preference”
clauses, in order to allow relaxed queries in structuredlsieges [11] where only buyer’s
preferences are taken into account while retrieving primgisupplies: no agreement is
proposed as a result of the query process. In our framewonkadel the matchmak-
ing process in a P2P marketplace, taking into account ngttbelbuyer’s preferences,
but also the seller’s ones, finding the most promising agesgsnw.r.t. preferences of
them both. Classified-ads matchmaking, at a syntactic,lexss proposed in [21] and
[25] to perform a matchmaking between semi-structured rifggmms. Approaches to
matchmaking using LOOM as description language can be faamdng others, in [2]



and [9]. Due to the growing interest in the Semantic Webatiite many approaches
to matchmaking have been proposed in the framework of DAMIL+OWL and their
grounding logical languages in particular Description icsg(DL). Matchmaking as
satisfiability of concept conjunction in DLs was first propdsn [10]. In the frame-
work of Retsina Multiagent infrastructure [24], a specitmduage was defined for
agent advertisement, and matchmaking engine was deveJdpgdvhich carries out
the process on five possible match levels. The approach inwWas later extended
in [15], where two new levels for matching classification evéntroduced. A simi-
lar classification was proposed — in the same venue — in [8hglwith properties
that a matchmaker should have in a DL based framework, arditims to classify
and semantically rank matches within classes. An initiattizised approach, adopting
penalty functions ranking, has been proposed in [4], in thenéwork of dating sys-
tems. An extended matchmaking approach, with negotialidestict constraints in a
DL framework has been proposed in [7], using both conceptraotion and concept
abduction. The need to work in someway with approximatichramking in DL-based
approaches to matchmaking has also recently led to addptiag-DLs, as in SMART
[1] or hybrid approaches, as in the OWLS-MX matchmaker [1BJART is a semantic
matchmaking portal, based on fuzzy-DLs, able to deal withr@ximation in the re-
quests description handled by crisp DL-reasoners. Nesedh in such approaches the
matchmaking process is defined according to buyer’s petigpetn [16] a language
able to express conditional preferences is proposed tonperd matchmaking in De-
scription Logics. Also in this case nothing is said on how enpute a agreement —
as needed in P2P scenarios. Furthermore, the notion of/ftazpye requirements is not
addressed.

8 Conclusion

In this work we propose a semantic matchmaking approachihegs various knowl-
edge representation technologies to find the most promagngements in a P2P e-
marketplace. In particular, by exploiting ontologies in RLite and fuzzy rules we
are able to model bothard constraintsandsoft constraintswhile taking into account
both buyer’s and seller’s preferences and utilities to firatanes mutually beneficial
for them both. The information needed for the P2P matchnggincess are modeled
as a vague knowledge base, taking into account domain kdgelevhile keeping the
approach effective and scalable. A prototype is currergindpimplemented to further
validate the approach through large scale experiments.
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