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Chapter 1

Introduction

The e-commerce revolution is just begun, it is enough to look at some data like the

online consumer sales, which in 2005 expanded by more than 23% to an estimated

$142-$172 billion (eMarketer, Inc., 2005; Shop.org, 2005). Around 110 million is

the number of people who have purchased something online, with additional mil-

lion of people who uses Internet to gather information but without actual purchase

(Pew Research Center, 2005). Online product research, indeed, also promote of-

fline sales: in 2007 the number of store sales influenced by online research was

$471 billion, with $136 billion of retail e-commerce sales (eMarketer, Inc., 2005).

A lot of industries are being transformed by e-commerce, including travel reser-

vations, music and entertainment, news, software, education and finance (Laudon

and Traver, 2007). B2B (Business-to-Business) e-commerce expanded about 30%

in 2005 to more than $ 1.5 trillion (U.S. Department of commerce, 2005).

The rapid growth of e-commerce has been possible because of the development

of new technologies, that continue to evolve at an exponential rate. Information

technologies promises as much changes in the next decade as seen in the last one

and are a vital drive for e-commerce. After have experienced a growth of over

100% a year, now e-commerce is growing at about 25% a year, a development that

made possible the genesis of the first electronic marketplaces.

There exist several definitions of e-commerce, Laudon and Traver (Laudon and

1
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Traver, 2007) define e-commerce as “the use of the Internet and the Web to trans-

act business [focusing] on digitally enabled commercial transactions between and

among organizational and individuals”. The focus of this definition is twofold: first

on digitally enabled, as each transaction is mediated by digital technologies, they

indeed occur over Internet and the Web, and, second, on commercial transaction,

as usually there is an exchange of value (e.g. money, but not only and not always)

across organizational or individual boundaries in return for products and services.

Therefore, the Web has provided a new medium for commercial activity, sup-

porting automation of standard practices as well as new products, delivery modes

and business models. Moreover, this new paradigm promotes globalization, col-

laboration, disintermediation, bringing qualitative changes to commerce practices

and industry organization.

1.1 Electronic markets

Automating commerce has enhanced the efficiency of online markets (a.k.a elec-

tronic marketplaces or e-marketplaces1) through reduction of transaction costs, im-

proved matching of buyers and sellers and broadening the scope of trading relation-

ships. As pointed out by Wellman (2004) a precise and well-established definition

of online market does not exist, because “marketplace” is not a term of art. There-

fore, following his definition, we can define an e-marketplace as an interaction

mechanism where the participants establish deals (trade) to exchange goods and

services using a standard currency. Establish the scope of online marketplaces is

not easy, as some would defines the entire Web as a giant marketplace where buyers

and sellers find each other and trade using different rules and in different time. In

this work we refer to sites or services providing a well-scoped environment where

buyers and sellers can be matched and, subsequently, trade and, perhaps, ending

the transaction with an exchange. The role of a marketplace is to support any or

1From now on, we refer to terms marketplace, e-marketplace and online market as synonyms.
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all phases in the lifecycle of a transaction. A commercial transaction, electronic or

not, may be defined by three phases (MacKie-Mason and Wellman, 2006):

1. Connection (Discover): the process of search and discovery of a counterpart

to start a transaction.

2. Deal (Negotiate): the process of negotiating the terms of a deal.

3. Exchange (Execute): the execution of the terms of an agreed transaction.

Clearly, these three phases may be iterated or interleaved. The possibility of au-

tomation at each of these levels offers challenging opportunities for new models

of economic interaction. Obviously, automation requires a clear definition of the

problem and objectives, consequently, referring to the mechanism design literature,

we define a marketplace as a mechanism, implemented by a mediator, and a set of

agents who participate in the mechanism (Rosenschein and Zlotkin, 1994). The

mechanism is defined by a set of rules defining the permissible actions (protocol)

and outcomes (space of possible deals), as a functions of agent actions (strategies).

Usually, agents participating in the mechanism are self-interested, autonomous and

rational. Self-interested means that each agent pursues his own utility, therefore his

own actions will try to maximize his utility function. Autonomous means that he

can take decisions by himself. Rational means that he will never take an action

which diminishes his utility and raises the utility of other agents in the final out-

come. In this setting there are at least two design problems: firstly, design the

market mechanism, i.e. define the protocol; secondly, design the agents that will

interact w.r.t. the mechanism.

In this work I focused on the first two stages, namely discovery and negotia-

tion. The automation of these phases is a challenging problem, with a plethora of

different proposed solutions, but without a definitive one. My work concentrated,

in particular, on knowledge-based approaches to the above mentioned, aimed at

taking advantage of expressive logic-languages and related inferences to increase

effectiveness of both stages.
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1.2 Discovery phase

Marketplace should support discovery to the extent of enabling users to look among

all the opportunities available at a site (Wellman, 2004). Traditional discovery ser-

vices are electronic catalogs, keyword-based or hierarchical search facilities. More

recent proposals refer to techniques borrowed from the Semantic Web (Berners-

Lee et al., 2001) to perform matchmaking services between richer descriptions of

goods/services offered and demanded.

Indeed, Semantic-Based Resource retrieval addresses the problem of finding

best matches to a request among available resources, where both the request and the

resources are described adopting a shared interpretation of the knowledge domain

the resource belongs to. The problem of semantic-based resource retrieval arises

in several scenarios. Among them, personnel recruitment and job assignment, dat-

ing agencies, but also generic electronic marketplaces, web-services discovery and

composition, resource matching in the Grid. All these scenarios share a common

purpose: given a request, find among available descriptions those best fulfilling it,

or ”‘at worse”’, when nothing better exists, those that fulfill at least some of the

requirements.

A challenge for B2C e-marketplaces is to match resources in the e-marketplace

to potential buyer’s interests, but also to present available goods in an appealing

manner, facilitating exploration and selection of product characteristics (Colucci

et al., 2006b). As pointed out by Sacco (2005), selecting a product to buy in e-

marketplaces is usually quite a frustrating experience: finding products best fitting

users needs and/or financial capabilities often requires too much effort and time,

spent browsing web sites or taxonomies in the web sites. Especially when the

searched product is not a perfectly defined item, users may have a vague idea of

what they are actually looking for, being unaware of all the characteristics of the

product. Searching for a product or service often requires domain knowledge that

users do not have, so that many potential buyers tend to prefer traditional sales

channels, such as physical stores where shop assistants can help the customer to
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make the right choice and answer to users requests or doubts.

A central issue in e-commerce is hence to support the user in the searching pro-

cess of the products or services: converting site visitors to buyers in e-commerce

environments is a recognized challenging subject (Pu and Kumar, 2004).

The promise of the Semantic Web is to make information available on the web

machine-understandable. By means of formal ontologies (Horrocks, 2005) , mod-

eled using OWL (OWL, 2004), which stands for Ontology Web Language, the

knowledge on specific domain can be modeled and exploited in order to make

explicit the implicit knowledge, and reason on it thanks to the formal semantics

expressed in OWL. Since its launch, the semantic Web initiative has attracted sev-

eral researchers, has raised big money in research projects, has provided many

useful insights in knowledge representation, but up to now has provided few work-

ing applications. Obviously, semantic web technologies open extremely interesting

new scenarios, including: formalization of annotated descriptions that are machine

understandable and interoperable, without being biased by usual drawbacks of nat-

ural language expressions; the possibility to reason on descriptions and infer new

knowledge; the validity of the Open World Assumption2 (OWA), overcoming lim-

its of structured-data models. Furthermore, there are several issues that should not

be underestimated: the annotation effort is considerable, though promising results

are being obtained on automated extraction and ontology mapping and merging

(Shvaiko and Euzenat, 2005); computational complexity is often demanding also

for simple reasoning tasks; interaction with semantic-based systems is often cum-

bersome and requires skills that most end users do not have –and are not willing to

learn.

It is one of the thesis of this work that the effort of annotation should be re-

warded with inferences smarter than purely deductive services such as classifica-

2The absence of a characteristic in the description of a resource to be retrieved should not be

interpreted as a constraint of absence. Instead it should be considered as a characteristic that could

be either refined later or left open if it is irrelevant for the user searching for the resource.
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tion and satisfiability, which, although extremely useful show their limits in, real,

approximate searches.

1.2.1 The need for semantics in the matchmaking process

Exact, or full, matches are usually rare –and may be that is not a user really wants–

and the true matchmaking process is aimed at providing one or more best avail-

able matches to be explored, thus leveraging further interaction. In this perspective

also missing and conflicting information can be taken into account (Colucci et al.,

2005b, 2007b). This can be aimed at better specifying the request, or modify-

ing it, but also at initiating a negotiation/transaction process. We stress this point,

as we believe that, as in textual information retrieval and in contrast with clas-

sic structured-data retrieval, the notion of relevance is central and must be taken

into proper account. Obviously, the notion of resources relevance w.r.t a request

calls for the definition of a ranking function, defining a partial or total order of re-

sources sorted w.r.t. the request, but also determine in a semantic-based way, which

are the missing and/or conflicting information, in order to provide an explanation

of results. In recent years Description Logics (DLs) (Baader et al., 2002) have

been investigated by both the academic and industrial world as a formalism for

Knowledge Representation. Modeling the information domain trough the formal-

ism of a DL allows one to employ reasoning services provided by DLs to perform

a knowledge-based search. Knowledge domain is formalized in ontologies, which

resource descriptions refer to. The need for a common, shared, ontology is usually

the main objection towards logic-based approaches to matchmaking. Nevertheless,

it should be considered that even when requests and resources are expressed in

heterogeneous forms, integration techniques (Calı̀ et al., 2004) can be employed to

make heterogeneous descriptions comparable.

We now briefly highlight the limitations of non-semantics-based approaches.

First of all, we note that using standard relational database techniques to model

a resource retrieval framework, there is a need to completely align the attributes
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of the offered and requested resources descriptions, in order to evaluate a match.

If requests and offers are simple names or strings, the only possible match would

be identity, resulting in an all-or-nothing approach to the retrieval process. Vague

query answering, proposed by (Motro, 1988), was an initial effort to overcome

limitations of relational databases, with the aid of weights attributed to several

search variables. Vector-based techniques taken by classical Information Retrieval

can be used, too, thus reverting the search for a matching request to similarity

between weighted vectors of stemmed terms, as proposed in the COINS match-

maker (Kuokka and Harada, 1996) or in LARKS (Sycara et al., 2002). Such a

formalization for resource descriptions makes matches only probabilistic, because

descriptions lack of a document structure, causing strange situations to ensue.

Taxonomies are very useful to browse classes of items. Each node in a taxon-

omy can represent a set of items sharing a common characteristic. But, once this

initial set of items has been found, it is not possible to use the taxonomy to refine

the query.

Besides the above mentioned limitations, all these approaches lack of the pos-

sibility to deal with the semantics of the descriptions – both the user request and

resources descriptions; a very useful feature in the search process. In taxonomy-

based approaches a very basic semantic search (IS-A relation between category in

the tree) is presented, but it results very weak. We believe that especially in e-

marketplaces, the ”meaning” of the terms rather than the terms themselves is very

important. As a way of example, if a user is looking for a safe car, then a

car endowed with ABS system and airbags would be a good choice. In or-

der to catch these logical correlation, ontologies would help our user in the search

process. An ontology allows to relate terms with each other and give a formal

model to the knowledge of the marketplace domain, and consequently express that

a safe car is a car endowed with an ABS system and endowed with

airbags.

Exploiting the formal semantics of the language used to build an ontology,
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logic based inference processes can be performed, successfully dealing also with

incomplete information (Open World Assumption). Based on such inference ser-

vices an efficient retrieval process can be carried out.

Nevertheless, using standard deductive inference services only exact matches

can be identified. Neither logical ranking nor explanation services on resources

discarded during the search process are available, as the reasoning engine behaves

as a boolean oracle.

In this thesis we will show how to overcome such limitations and that a semantic-

enabled marketplace can provide valued-added services in terms of explanations to

users requests, ranking of offers and request refinement, and that use of such sys-

tems can be made easy and immediate.

1.3 Negotiation phase

As in the discovery phase, also in the negotiation one automation is a challenging

problem. Several recent research efforts have been focused on automated negotia-

tion in various contexts, not only e-marketplaces, but also resource allocation set-

tings, supply chain management and, in general terms, e-business processes. Ne-

gotiation mechanisms usually model resource and task allocation problems where

issues to negotiate on are well established and defined in advance, e.g some on-

line auctions. Many other negotiation mechanisms instead model e-marketplaces

of undifferentiated products (commodities) where the only issues to negotiate on

are price or quantity. Nevertheless there are a number of frameworks where agents

have to reach an agreement on a product (car, house, etc.) or service (travel book-

ing, wedding service, etc.) that can be described by many issues amenable to ne-

gotiation, and such issues may well be not necessarily all established in advance.

Moreover Buyer (Requester) and Seller (Provider) may be not necessarily inter-

ested in the same set of issues and may have different preferences on bundles of

interrelated issues (Ragone, 2007a). Obviously, if issues are not fixed there is the



1.3. Negotiation phase 9

problem to express what agents “want” or “prefer”. For instance, considering an

automobile scenario, how to express a request for a red sport car with GPS system

and endowed with security features or, conversely an offer for a Lamborghini with

satellite alarm, airbag and four year guarantee? Is there any negotiation space?

Can an agreement —in an automated way— be reached? Trying to answer to this

and other questions, we present in this thesis several frameworks for multi-issue

negotiation, with issues expressed and related to each other through an ontology.

Indeed, when a potential buyer browses an automobile e-marketplace, she looks

for a car fulfilling her needs and/or wishes, so not only the price is important, but

also warranty or delivery time, as well as look, model, comfort and so on. In

such domains it is harder to model not only the negotiation process, but also the

request/offer descriptions, as well as finding the best suitable agreement (Ragone

et al., 2008b). Furthermore, preferences can refer to (1) bundle of issues, e.g Sports

car with navigator pack where both the meaning of sport car and navigator pack

are in the ontology; or preferences can be (2)conditional ones – when issues are

inter-dependent i.e. the selection of one issue depends on the selection made for

other issues – e.g. I would like a car with leather seats if its color is black. In

such a cases some kind of logical theory (ontology), able to let users express their

needs/offers, could surely help (Ragone, 2007b). Also, when descriptions refer to

complex needs, we should take into account preferences, distinguishing them from

hard mandatory constraints (strict requirements), e.g., I would like a black sta-

tion wagon, preferably with GPS system3. The possibility to handle some of the

above mentioned issues in some electronic facility may help not only in the dis-

covery/matchmaking stage of a transaction process, thus selecting most promising

counterparts to initiate a negotiation, but also in the actual negotiation stage. In

Chapter 5 we will show how it is possible to express user’s preferences through the

3Strict requirements, in contrast with preferences, are constraints the buyer and the seller want to

be necessarily satisfied to accept the final agreement, while preferences are issues they may accept

to negotiate on.
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help of a logic language and how to model a multi-attribute utility function on logic

formulas (Ragone et al., 2007a). We point out that in our frameworks we do not

leave aside the analysis of all economic properties that a negotiation mechanism

has to satisfy, such as efficiency, equilibrium, individual rationality of the agents

participating in the mechanism; as well as the computational properties.

1.4 A step further: Service Composition

A further line of research, which springs from the previous ones, it is the research

on service composition. During the discovery phase it is, indeed, possible to re-

trieve useful services, given a user’s request, while, in the negotiation phase it is

possible to settle the level of service or other parameters, which were unspecified

in the discovery stage. Service composition is required when a single service it is

not adequate to satisfy user’s requirements. A classical example refers to a travel

scenario: the user who wants to plan a vacation, usually needs different services:

a flight, a hotel, maybe a car to rent, tickets for some attractions or amenities, etc.

Often all these services are maintained by different providers, and can be com-

posed in order to have a composite service better fulfilling the user’s requirement.

The service composition step, usually, follows the discovery phase; as in the dis-

covery process it is possible to narrow down the number of services, selecting only

“most promising” ones; the negotiation phase could follow or precede the compo-

sition one. As it will be shown in Chapter 9, service composition is a challenging

problem which finds applications in a number of different scenarios, each one with

its own peculiarities and issues. In this work we analize, among others, the web

service scenario (Ragone et al., 2007e, 2005), the e-learning one , where we refer

to composition of learning objects (Colucci et al., 2007a, 2005d), the skill manage-

ment one, where a composition of a team is attained (Colucci et al., 2007a, 2005c),

and the business process scenario, where building blocks are composed in an ERP

system (Di Noia et al., 2007b; di Cugno et al., 2006).
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1.5 A road map

Here, we briefly outline the content of next chapters, therefore the aim of this sec-

tion is being a road map for the reader. We begin focusing on the discovery phase,

showing how to perform an effective semantic-based matchmaking process in order

to rank a set of semantically-annotated resources, given a request. We start from

a propositional setting, moving then to the Description Logics realm (Chapter 2).

We show how, using some non-monotonic inferences, namely Concept Abduction

and Concept Contraction, it is possible to cope with incomplete and conflicting

information, while providing logical explanations of results. In Chapter 3 a novel

approach to matchmaking is presented, which mixes in a formal and principled

way Datalog, fuzzy sets and utility theory, in order to determine most promising

matches between prospective counterparts, i.e. what we name bilateral matchmak-

ing. Chapter 4 concentrates on closed marketplaces, e.g. electronic barter trade

systems. Here, the focus is on how to find most promising matches, in a many-to-

many matchmaking process, between bids (supplies/demands), taking into account

not only the price and quantities as in classical barter trade systems, but also a se-

mantic similarity among bid descriptions while keeping exchanges balanced. With

Chapter 5 we move on to the negotiation phase. Here we present an approach which

exploits propositional logic with concrete domains to model a one-shot bilateral ne-

gotiation. Then we introduce two negotiation mechanisms with partial (Chapter 6)

and incomplete information (Chapter 7) using two different DLs-based negotiation

protocols. Chapter 8 is devoted to multilateral negotiation, presenting an auction-

based mechanism exploiting DLs to elicit and represent non-additive preferences.

Finally, in Chapter 9 an approach for automated discovery and composition of Web

services is presented. Conclusions close this work.



Chapter 2

Semantic Matchmaking and

Request Refinement in

e-marketplaces

2.1 The matchmaking process

Matchmaking can be basically seen as the process of computing an ordered list

of appealing resources with respect to a given request. Semantic matchmaking

can be hence described as the process of computing such ordered list also taking

into account the semantics of resources annotation (advertisements) and request

definition, provided with reference to an ontology.

While studies on matchmaking go a long way back, there has been a recent in-

terest in the investigation of semantic matchmaking techniques, particularly in the

framework of Description Logics (DLs) reasoning. Usually, proposed approaches

have been aimed –although with notable exceptions, see e.g., (S. Agarwal and S.

Lamparter, 2005; Di Noia et al., 2004; Klusch et al., 2005b; Colucci et al., 2005a)–

to the exploitation of standard reasoning services (i.e., subsumption and satisfiabil-

ity) for classification of matches into coarse categories, without providing a way

12
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to semantically rank obtained matches, neither within the same match class nor re-

gardless of the class (Di Sciascio et al., 2001; Gonzales-Castillo et al., 2001; Sycara

et al., 2002; Paolucci et al., 2002; Trastour et al., 2002; Li and Horrocks, 2004; Be-

natallah et al., 2003a,b). Yet ranking should be a core process in matchmaking,

and a classification into satisfiable/unsatisfiable might be unfair when unsatisfia-

bility is due, for example, to a negligible detail that would nevertheless prevent the

evaluation of that match.

In this chapter we show how to exploit non-monotonic inferences (Di Noia

et al., 2007a)(in particular abduction and contraction) in a semantic-matchmaking

process for ranking the available resource descriptions. The basic idea is that, if

a request is incompatible with the resource descriptions, it can be amended (via

contraction) in order to become compatible with them –and the more the amend-

ments needed, the less is the degree of match. If a request is compatible with an

advertisement, but does not subsume it, then it is possible to “hypothesize” (via

abduction) some extra features in the advertisement so that it gets subsumed by

the request –and the more we have to hypothesize, the less is the degree of match.

This process results not only in a list of resource descriptions matching the user re-

quest, semantically ordered with respect to the match degree, but can also provide

a meaningful way to the amendment of request and advertisement. It serves then

as an explanation of why such a match degree was assigned, which could be later

on used to refine/revise the request.

The remaining of the chapter is structured as follows: in the next Section we

outline motivation of the proposed approach; afterward, with the aid of simple

propositional logic, we illustrate and motivate the rationale behind it; we move on

to more expressive DLs in Section 6.2 and Section 2.4 presenting the theoretical ap-

proach, together with algorithms for semantic matchmaking and query refinement.

Relevant features of the proposed tool, aimed at assisting users in E-marketplaces

using our approach are outlined in Section 2.5. In Section 5.7 we revise related

work.
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2.2 Logic-based Matchmaking Principles

Matchmaking processes are common to several scenarios in the WWW era, span-

ning from e-commerce to Web services, to grid computing, to on-line dating ser-

vices, to Peer-to-Peer resource sharing. Due to the diversity of application do-

mains, we consider a resource in its broadest sense, provided it is endowed of a

machine interpretable description. Obviously, main matchmaking issues emerge

when the resource discovery is not limited to trivial identity matches, but as in real

life, when the goal is to find resources suitable at least to some extent with respect

to the request.

Semantic matchmaking is basically the process of finding best matches to a

request among available resources, where both the request and the resources de-

scriptions are endowed of semantic annotations. Annotations adopt a shared in-

terpretation of the knowledge domain the resources belong to, which is usually

defined as an ontology.

Knowledge Representation approaches have been recently applied to match-

making in various forms, and we report on them in Section 2.4. Such approaches

usually exploit classical deductive services, namely classification and consistency.

Basically, classification allows to check whether all request specifications are in-

cluded within the resource description, whereas consistency verifies whether some

specification in the request contradicts the ones within the resource annotation. The

response is then a binary true/false value. Roughly speaking, using classical de-

ductive procedures it is possible to establish if all the specifications of the requester

are in the discovered resource (classification) or if there is something/nothing in the

discovered resource that is in conflict with the request (consistency checking). Al-

though these inference services are very useful in the initial phases of the discovery

and retrieval processes, they are not sufficient to rank a set of resources with respect

to a request.

We argue that semantically enriching annotations calls for more valuable ser-

vices, able to be worthwhile of the additional effort of semantic markup. In fact,
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classification corresponds to a resource completely satisfying the request, yet a)

such a match might not occur during a discovery process; b) various resources

could be “almost” classified with respect to the request. A matchmaker may then:

order resources according to their “distance” from the request; hypothesize a se-

mantic based explanation for the causes of mismatch. In an analogous way, when

an inconsistency occurs, a matchmaker may: a) order resources, providing first

those that are “not so bad” with respect to the request; b) provide an explanation

whether the request was completely unsatisfiable or only some part of the request

was in conflict with available resources. We point out that, while a standard search

engine can provide effective ranking results over unstructured documents, it will

not be able to provide an explanation about causes of mismatch, as the search pro-

cess is usually probabilistic.

2.2.1 Foundations of Logical Matchmaking in E-Marketplaces

As we have seen in Chapter 1 the life cycle of a commercial transaction can be

designed as the following sequence:

Matchmaking In this phase, the requester discovers potential partners (good/service

providers), i.e., sellers that could be interested in a negotiation phase in order

to reach a final agreement for a good/service to be sold.

Negotiation and Deal Each discovered good may not exactly match the request.

From a requester perspective, on the one hand there might be requested fea-

tures underspecified in the good description; on the other hand, the discov-

ered good description may provide characteristics not requested. On those

”not settled” characteristics, arisen out of from the matchmaking process, an

agreement has to be found.

Execution Once an agreement has been reached the actual transaction may pro-

ceed.
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In an e-marketplace setting, the purpose of matchmaking is basically to find

counteroffers that make an agreement more satisfying and probable. Although our

approach is grounded in DLs, we believe that foundations and rationale of a logical

approach to matchmaking can be made more evident in a simple propositional

setting, and we start from there before moving on to more expressive approaches.

An interpretation assigns values true, false to elements of a propositional on-

tology T , and truth values are assigned to formulae according to usual truth tables

for ∧,∨,¬,⇒,⇔. A set of formulae is consistent if there is at least one interpre-

tation assigning true to all formulae. Satisfiability and classification with respect

to an ontology T can be formally explained in terms of interpretations for a logical

theory. In fact if we reduce an ontology to its logical axioms, then we can formalize

both classification and satisfiability in terms of logical interpretations of a theory

T .

(a) (b) (c)

Figure 2.1: (a) R is unsatisfiable in T ; (b) R is satisfiable in T ; (c) R is classified

by A with respect to T

A request R (conversely a resource advertisement A) is satisfiable with respect

to T if there is at least one interpretation in all the interpretations for T which

is also an interpretation for R (conversely for A) (see Figure 2.1(a-b)). For what

concerns classification, given R and A both satisfiable with respect to T , we say

that A is classified by R if all the interpretations for A are also interpretations for

R (see Figure 2.1(c)).

Formally, let M be the interpretations for T and MR the interpretations in

M that satisfy the request R (respectively MA for the resource A). We have R

(conversely A) is satisfiable ifMR 6≡ ∅ and R classifies A ifMA ⊆MR.
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Given R and A both satisfiable with respect to an ontology, logic based ap-

proaches to matchmaking proposed in the literature Paolucci et al. (2002); Li and

Horrocks (2004); Di Noia et al. (2004) use classification and satisfiability to grade

match results in five categories:

1. Exact. (Figure 2.2(a)). MR = MA. All the interpretations for R are also

interpretations for A ; in formulae T |= R⇔ A.

2. Full–Subsumption. (Figure 2.2(b)).MA ⊆MR. All the interpretations for A

are also interpretations for R –in formulae T |= A⇒ R.

3. Plug-In. (Figure 2.2(c)). MR ⊆ MA. All the interpretations for R are also

interpretations for A –in formulae T |= R⇒ A.

4. Potential–Intersection. (Figure 2.2(d)).MR∩MA 6= ∅. Some interpretations

for R are also interpretations for A –in formulae T 6|= ¬(R ∧A).

5. Partial–Disjoint. (Figure 2.2(e)). MR ∩MA = ∅. No interpretations for R

are also interpretations for A –in formulae T |= ¬(R ∧A).

(a) (b) (c)

(d) (e)

Figure 2.2: (a) exact match; (b) full match; (c) plug-in match; (d) potential match;

(e) partial match

The following example shows, in a propositional logic setting, the rationale of

such categorization. Suppose to have the following set T of propositional axioms

modeling an apartment rental domain:
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T =

8>>>>>>>>><>>>>>>>>>:

BackYardGarden⇔ Backyard ∧ Garden

MicroWaveOven⇒ Oven

Parquet⇒ hardWood

Carpet⇔ ¬hardWood

airConditioning⇒ ElectricHeating

Now suppose to have a request R and five ads Apar, Apot, Afull, Aplug, Aex as

in the following:

R = apartment∧MicroWaveOven∧Parquet∧BackYardGarden∧ElectricHeating

Apar = apartment∧Carpet∧ElectricHeating∧MicroWaveOven∧BackYardGarden

Apot = apartment ∧ Oven ∧ Backyard ∧ airConditioning ∧ Parquet

Afull = apartment∧MicroWaveOven∧Parquet∧BackYardGarden∧airConditioning

Aplug = apartment∧MicroWaveOven∧hardWood∧BackYardGarden∧ElectricHeating

Aex = apartment∧MicroWaveOven∧Parquet∧Garden∧Backyard∧ElectricHeating

In Table 2.1the interpretations are shown of T satisfying R, Apar, Apot, Afull,

Aplug and Aex.
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As discussed above, the aim of a matchmaking process is to satisfy a user

request as far as possible, having as main objective the agreement with the ser-

vice/good provider. Under this perspective, the best match type is obviously the

first one, i.e., Exact, because both R and A express the same preferences and,

since all the resource characteristics requested in R are semantically implied by

A and vice versa, the user finds exactly what she is looking for. In this case no

negotiation or refinement is needed as the agreement has been already reached.

In a Full match all the interpretations for A are surely also interpretations for

R and then A completely satisfies R. This means that all the resource characteris-

tics requested in R are semantically implied by A but not, in general, vice versa.

Then, in a full match, A may expose some unrequested characteristics. From the

point of view of requester this is a good circumstance. In fact, characteristics she

was looking for are already satisfied, the agreement has to be reached taking into

account extra features.

Plug-In match expresses the circumstance whenA is more generic thanR and

then it is possible that the latter can be satisfied by the former. Some characteristics

in R are not specified, implicitly or explicitly, in A . This is surely more appealing

for provider than for requester. When a Plug-In match occurs, the provider knows

that what advertised is surely of interest for the requester. Because just some re-

quested features are underspecified in the provider advertisements, the requester

has to contact her asking for an advertisement refinement. Here we consider un-

derspecified information not as a constraint of absence, but simply as information

that could be refined in the possible negotiation step.

With Potential match we can only say that a similarity degree exists betweenA

and R and then A might potentially satisfy R. Even in this case the requester has

to contact the provider if she want to know something more about underspecified

features. Hence, under the requester perspective, in an e-marketplace setting there

is no difference between a Plug-In match and a Potential match.
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Finally Partial match states that there is no common interpretation between

R and A, yet notice that the disjointness between R and A might be due only

to some –may be negligible– conflicting characteristics. After a revision of some

conflicting feature, an agreement can be reached.

Actually, it is questionable whether a Plug-In match type should be consid-

ered better than Potential one in an e-marketplace scenario. We note that some

researchers also consider Plug-In match more favorable than full match (e.g., see

Li and Horrocks (2004); Paolucci et al. (2002)), motivating this choice with the

idea that if MR ⊆ MA one may expect that the advertiser offering resource A

will probably have also more specific resources; in an e-commerce setting if the

advertiser offers a flat it will also probably offer specific types of apartments. Nev-

ertheless we argue that this idea prevents a fully automated matchmaking, which

is possible when MA ⊆ MR, and furthermore it favors underspecified resource

description, i.e., an advertisement offering an apartment will always Plug-In match

any request for a loft, but will leave on the requester the burden to determine the

right one –if any is actually available– for his/her needs. Even though Exact match

is surely the best match, Full match might be considered –not always anyway–

equivalent from the requester point of view, because at least it states that all the

features specified in R are also expressed in A.

Usually, logic-based approaches only allow, as previously discussed, a cate-

gorization within match types. But while exact and full matches can be rare (and

basically equivalent), a user may get several potential and partial matches. Then

a useful logic-based matchmaker should provide a –logic– ordering of available

resources vs. the request, but what we get using classification and satisfiability is

a boolean answer. Also partial matches, as pointed out by Di Noia et al. (2004),

might be just “near miss”, e.g., maybe just one requirement is in conflict, but a pure

satisfiability check returns a hopeless false result, while it could be interesting to

order “not so bad” ads according to their similarity to the request.
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2.2.2 Penalty Functions

Matches classification based on implication and satisfiability is still a coarse one,

relying directly on known logical relations between formulae. In fact, the result of

matchmaking should be a rank of resources/advertisements/ counteroffers, accord-

ing to some criteria –possibly explicit– so that a user trusting the system would

know whom to contact first, and in case of failure, whom next, and so on. Such a

ranking process should satisfy some criteria that a knowledge-representation ap-

proach suggests. Following the approach proposed by Di Noia et al. (2007a),

we formulate ranking requirements by referring to properties of penalty functions

p(A,R, T ), A,R being two formulae and T an ontology.

p : 〈A,R, T 〉 → <

We use penalty functions to rankA for a givenRwith respect to an ontology T .

Intuitively, for two givenA1, A2 in the marketplace, if p(A1, R, T ) < p(A2, R, T )

then the issuer of request R should rank A1 better than A2 when deciding whom

to contact first. Clearly, a 0-penalty should be ranked best, and ads with the same

penalties should be ranked breaking ties.

The first property we recall is nonsymmetric evaluation of proposals.

Definition 1 A penalty function p(·, ·, ·) is non-symmetric if there exists formulae

R,A and an ontology T such that p(A,R, T ) 6= p(R,A, T ).

This property is evident when all constraints ofR are fulfilled byA but not vice

versa. Hence, A should be among the top-ranked ads in the list of potential part-

ners of R, while R should not necessarily appear at the top in the list of potential

partners of A.

Secondly, if logic is used to give some meaning to descriptions of advertise-

ments and requests, then proposals with the same meaning should be equally pe-

nalized, independently of their syntactic descriptions.
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Definition 2 A penalty function p(·, ·, ·) is syntax independent if for every triple of

formulae A1, A2, R, and ontology T , when T |= A1 ⇔ A2 then p(A1, R, T ) =

p(A2, R, T ), and the same holds also for the second argument , i.e., p(R,A1, T ) =

p(R,A2, T )

Clearly, when the logic admits a normal form of expressions –as CNF or DNF

for propositional logic, or the normal form of concepts for some DLs– using such a

normal form in the computation of p(·, ·, ·) ensures by itself syntax independence.

We now consider the relation between penalties and implication. We separately

consider penalty functions for ranking potential matches –p⇒(·, ·, ·)– from those

for ranking partial (conflicting) matches –p∅(·, ·, ·).

Definition 3 A penalty function for potential matches is monotonic over implica-

tion whenever for every issued request R, for every pair of advertisements A1 and

A2, and ontology T , if A1 and A2 are both potential matches for R w.r.t. T , and

T |= (A1 ⇒ A2), then p⇒(A1, R, T ) ≤ p⇒(A2, R, T )

Intuitively, the above definition could be read as: if T |= (A1 ⇒ A2) then A1

is more specific thanA2 and should be penalized (and then ranked) either the same,

or better than A2. A ranking of potential matches is monotonic over implication if

the more specific, the better. In other words, A1 exposes more characteristics than

A2 that can satisfy the ones requested by R.

A dual property could be stated for the second argument: if T |= (R1 ⇒ R2)

then an advertisement A is less likely to fulfill all characteristics required by R1

than R2. However, since our scenario is: “given an issuer of a request R looking

for a match in the marketplace, rank all possible ads A1, A2, . . . , from the best

one to the worst”, we do not deal here with this duality between first and second

argument of p⇒(·, ·, ·).

When turning to partial matches, where some properties are already in con-

flict between advertisement and request, the picture reverses. Now, adding another

feature to an unsatisfactory proposal may only worsen this ranking (when another
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feature is violated) or keep it the same (when the new feature is not in conflict).

Definition 4 A penalty function for partial matches is antimonotonic over impli-

cation whenever for every issued request R, for every pair of advertisements A1

and A2, and ontology T , if A1 and A2 are both partial matches for R w.r.t. T , and

T |= (A1 ⇒ A2), then p∅(A1, R, T ) ≥ p∅(A2, R, T )

If T |= (A1 ⇒ A2) then A1 should be penalized (and then ranked) either the

same, or worse than A2. In fact, if A1 and A2 are both partial matches for R and

A1 is more specific than A2, then there are more features in A1 that can conflict

with the ones in R than in A2. In other words, A ranking of partial matches is

antimonotonic over implication if the more specific, the worse. The same property

should hold also for the second argument, since conjunction is commutative.

2.2.3 From Partial to almost-Exact Match

One may be tempted to revert to classical and well-assessed Information Retrieval

(IR) algorithms to get a rank for approximate matches (e.g., so-called hybrid ap-

proaches, see Klusch et al. (2005b)), but regardless of well-known limits of un-

structured text retrieval, a logic approach can provide explanations for matches

result and suggest revision of requests.

We illustrate the rationale of our approach by computing what is needed in

order to “climb the classification list” and reach a Full or an Exact match. In par-

ticular, if we get a Partial match we could revise R relaxing some restrictions, in

order to reach a Potential match. Once we get a Potential match we can hypothe-

size what is not specified in A in order to reach a Full match and subsequently we

can suggest to the user what is not specified in the relaxed R but is in A. The ideal

sequence should be then:

Partial→ Potential→ Full (→ Exact)

With reference to our previous example we show how this process can be per-

formed in a propositional framework. Let us define the following R and A we will
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use in the rest of the Section :

R = apartment ∧ MicroWaveOven ∧ Parquet ∧ BackYardGarden

A = apartment ∧ Carpet ∧ ElectricHeating ∧ Backyard

It is easy to understand that, due to the axiom Carpet⇔ ¬hardWood in T ,

MR ∩MA = ∅ and then a Partial match occurs. In this example we can identify

the source of inconsistency and notice it is due to the Parquet specification in

R and the Carpet one in A. So if the requester relaxes R giving up Parquet

specification –we call this sub-formula G for Give Up– then we have a new con-

tracted request. We call this new request K for Keep.

K = apartment ∧ MicroWaveOven ∧ BackYardGarden

The contracted part of R that is K is now a Potential match with respect to A.

That isMK ∩MA 6= ∅. Now to reach a Full match we should reduceMA. This

is possible hypothesizing some unspecified characteristic H (for Hypothesis) in A

such thatMA∧H ⊆MR. If we hypothesize H = Garden ∧ MicroWaveOven

the previous set relation holds. Then, having

A ∧H =

apartment ∧ Carpet ∧ ElectricHeating ∧ Backyard ∧ Garden ∧ MicroWaveOven

a Full match occurs i.e.,MA∧H ⊆MK .

Using classical deductive monotonic services it is not possible to automatically

revise R or hypothesize some H . Non-monotonic reasoning tasks, in particular

belief contraction and abduction, may result very useful for such aim (Gärdenfors,

1988; Peirce, 1955). For the sake of completeness here we recall the ideas behind

belief contraction and abduction in a propositional setting.

Belief Contraction. Let T be a propositional theory and A a propositional

formula such that T |= ¬A. A contraction of T with respect to A is made up of

(i) a contraction operation, which results in a new theory T −A such that T −A 6|= ¬A,

(ii) the conjunction of A to T −A .
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Abduction. A Propositional Abduction Problem is a triple 〈E,M, T 〉 where

E (possible Explanations) and M (Manifestations) are set of literals, and T (The-

ory)is a set of formulas. A solution for 〈E,M, T 〉 is an Hypothesis H ⊆ E such

that T ∪H is consistent, and T ∪H |= M .

Based on the above reasoning tasks we show how to move from a Partial match

to a Full match.

Partial→ Potential. Contract R to K giving up elements G conflicting with A:

extendMR toMK .

Clearly, this is a non-monotonic task, particularly it can be reduced to con-

traction in a belief revision framework. If the match type we obtain is a

Partial one, with respect to an ontology T , the following relation holds:

T |= ¬(R ∧ A). Now consider T ′ as an ontology equivalent to T and such

that T ′ = T ∪ {ρ⇔ R,α⇔ A}, with ρ and α being two new propositional

symbols. The previous relation can be rewritten as T ′ |= ¬(ρ ∧ α). In order

to reach a Potential match we can give up some information in the axiom in-

volvingR and consider the contracted ontology T ′ = T ∪{ρ⇔ K,α⇔ A}

such that T ′ 6|= ¬(ρ ∧ α).

Potential→ Full. Hypothesize missing characteristics H in A in order to com-

pletely satisfy K: reduceMA.

This process can be modeled as a non-monotonic task. In particular, moving

from a Potential match to a Full match, we exploit abductive reasoning. In

fact, we are not able to explain (satisfy in all the models) K given the man-

ifestation A with respect to the ontology T , and we look for a hypotheses

H such that (1)T ∪ H ∪ A is consistent and (2)T ∪ H ∪ A |= K, where

the set of all possible explanation is, due to (1), a subset of the propositional

alphabet used to model T , R and A.



2.2. Logic-based Matchmaking Principles 27

In performing contraction and abduction, minimality criteria have to be taken

into account (Gärdenfors, 1988; Eiter and Gottlob, 1995). With respect to a re-

quester point of view:

• It is desiderable to keep as much as possible of the original request. Trivially,

if we contract all the request, we surely obtain a Potential match with the

advertisement, but obviously this is not a good solution from the requester

point of view.

• It is desiderable to hypothesize as few features to be satisfied in the adver-

tisement as possible. One could hypothesize all the features we requested in

the advertisement, and reach a Full match. Again, this is a trivial solution.

Based on the previous observation, if we have more than one advertisement

during the contraction phase it is commonsense supposing that the requester should

be willing to choose the one with the minimum number of features to be contracted.

During the abduction process the requester will prefer ads with less requested fea-

tures to be hypothesized in A.

Match-Based Ranking

Observe that the requester is not being asked to actually go through the whole pro-

cess. As outlined so far, the process simply explains the rationale for computing

penalty functions in terms of what is conflicting and what is missing when match-

ing R and A. Yet the proposed approach has a twofold advantage: the requester

can use provided information to revise her request, but the information we extract

is also all what is needed to compute a penalty function to be used by a broker

in an e-marketplace. Once what has to be contracted and hypothesized to reach a

Full match is known, a match degree can be compute based on K and H . In other

words, contraction and abduction results are used to evaluate how well a resource

fits to a given request, considering the Full match as the best match from a user

perspective. In case of multiple resources, this match degree can be used as a score
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to rank such resources with respect to R.

Such a penalty function should be then in the form:

ρ : 〈R,A,K,H, T 〉 → <

where ρ combines all the causes for lack of a Full match. Notice that ρ needs also

T ; indeed, the semantics of K, H , R and A is modeled in T .

Semantic Driven Request Refinement

Some considerations are necessary before taking the final step beyond, moving

from a Full to an Exact match. In an Open World semantics, what is not specified

in a formula has not to be interpreted as a constraint of absence. It is a “don’t care”

specifications. This can be due to basically two reasons: 1) the user really does not

care about the unspecified information; 2) the user does not own that knowledge.

The user is not aware that it is possible to specify some other features in the request,

or she simply did not consider further possible specifications.

In the second case a further refinement makes sense. A way to do this is to

present to the user all the knowledge modeled in T and ask her to refine the query,

adding characteristics found in T . This approach has at least two drawbacks: 1)

browsing all T in order to find something interesting to be added to the request is

presumably a boring task; 2) she can choose something in T which is not in any

advertisement in the marketplace. Then after the query refinement she would not

see any change in the list ranked, for instance, using ρ(R,A,K,H, T ).

To avoid the above drawbacks, one might give the requester only those char-

acteristics able to change the ranked list of ads within the marketplace. As an

example, consider an e-marketplace with only two advertisements: A as defined in

Section 2.2.3 and A.

A = apartment ∧ Carpet ∧ ElectricHeating ∧ Backyard

A = apartment ∧ BackYardGarden ∧ airConditioning ∧ Oven



2.2. Logic-based Matchmaking Principles 29

. Looking at R as defined in Section 2.2.3, we note that there are some features

mentioned in A and A but missing in R. Then the system could suggest to refine

the contracted request with one of the elements in the set

B′ = {ElectricHeating,Carpet,airConditioning,Oven}

where B′ (for Bonus) represents what is specified in A and A but is not in R. But

notice that in B′ we have Carpet, that is the source of inconsistency between the

original request R and A. Then it would be very strange if the user refined her

request by adding something which is in conflict with her initial preferences. The

user is likely to refine adding one ofB = {ElectricHeating,airConditioning,Oven}.

Full→ almost-Exact. For every retrieved resource A, suggest to the requester

what should be added to K looking at non requested features B′ (for bonus)

in A: reduceMK .

In order to propose only appealing features to the user, first of all it is nec-

essary to remove from A the causes for inconsistency with K. This is

clearly the contraction problem seen in action to move from Partial to Po-

tential match, with K and A flipped over. This time we want to contract

A with respect to K. Once we have deleted the inconsistencies from A

reducing it to KA, we need to make some hypotheses about how the user

could refine the query so that the (contracted) request completely overlaps

with the contracted advertisement KA. We have to hypothesize B such that

T |= (K ∧B ⇒ KA).

Notice that after the refinement, we cannot reach an Exact match with the re-

quested R. In fact, bonuses are computed with respect to the contracted K rather

than w.r.t. the whole R. On the other hand, an Exact match can be reached if we

start from a Potential match instead of a Partial one.
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2.2.4 Penalty Functions and Non-Monotonic Tasks for Resources Rank-

ing

This section treats the relationships between penalty functions introduced in Sec-

tion 2.2.2 and the process of moving through match classes, outlined in the previous

Section . Penalty functions can now be analyzed to show how they can be used to

build a generic ranking function. Recall that p∅(·, ·, ·) measures the match degree

if a partial match occurs. Looking at contraction highlighted in the case of Partial

match, it is seen to be a nonsymmetric process. If R is contracted with respect to

A, a new request K is obtained, which is generally different from the contracted

version of A with respect to R. Then definition 1 is satisfied. Furthermore, a con-

traction reasoning task is syntax-independent and then definition 2 is also satisfied.

For what concerns property 4, if we add a new feature to R (or equivalently A) and

it is not in conflict with A (or R), the information to give up G is still unmodified.

If the feature we add to R (A) is in conflict with A (R), then this new feature has

to be given up, thus increasing G.

Similarly to p∅(·, ·, ·), the function p⇒(·, ·, ·) can be interpreted as a measure

of “how far” a Potential match is with respect to a Full match, that is, it measures

H . The abduction to move from Potential to Full match is both nonsymmetric

with respect toR andA and syntax-independent, so definition 3 and 4 are satisfied.

The last property to be satisfied is the monotonicity of p⇒(·, ·, ·). In terms of

abductive reasoning, by adding toR (respectivelyA) a feature which is not implied

by A (respectively R), H increases. If we add a feature which is implied by A

(respectively by R), the hypotheses to be formulated are exactly the same and also

H is still unchanged. Based on the above observations, ρ is rewritten combining

p∅(·, ·, ·) and p⇒(·, ·, ·). That is an overall match degree of R with respect to A is

computed, as defined in Section 2.2.3.

ρ(R,A,K,H, T ) = p∅(A,R, T ) ◦ p⇒(A,R, T )

Actually, if R and A are a Potential match, only p⇒(A,R, T ) contributes to
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the match degree. In this case ρ(p∅(A,R, T ), p⇒(A,R, T )) = p⇒(A,R, T ).

2.3 DL Inference Services for Matchmaking

Although useful to model simplified examples, propositional logic is obviously

limited for what concerns expressiveness. We now move on to DLs, whose for-

mal semantics is the basis of the Ontology Web Language OWL-DL (OWL, 2004),

and model a DL-based framework to cope with the issues introduced before. DLs

are a family of logic formalisms for Knowledge Representation whose basic syn-

tax elements are concept names, role names, individuals (Borgida, 1995; Donini

et al., 1996; Baader et al., 2002). Intuitively, concepts stand for sets of objects in

the domain, and roles link objects in different concepts. Individuals are used for

special named elements belonging to concepts. Formally, concepts are interpreted

as subsets of a domain of interpretation ∆, and roles as binary relations (subsets of

∆×∆).

DL formulas (concepts) are given a semantics by defining the interpretation

function over each construct. For example, given two generic concept concepts

A and R, their conjunction A u R is interpreted as set intersection: (A u R)I =

AI ∩RI , and also the other boolean connectives t and ¬, when present, are given

the usual set-theoretic interpretation of union and complement. The interpretation

of constructs involving quantification on roles needs to make domain elements ex-

plicit: for example, (∀R.C)I = {d1 ∈ ∆ | ∀d2 ∈ ∆ : (d1, d2) ∈ RI → d2 ∈

CI}. Concepts can be used in inclusion assertions A v R, and definitions A ≡ R,

which impose restrictions on possible interpretations according to the knowledge

elicited for a given domain. The semantics of inclusions and definitions is based on

set containment: an interpretation I satisfies an inclusion A v R if AI ⊆ RI , and

it satisfies a definition R ≡ A when RI = AI . A DL theory (a.k.a. TBox) is a set

of inclusion assertions and definitions. A model of a TBox T is an interpretation

satisfying all inclusions and definitions of T .
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DL-based systems usually provide at least two basic reasoning services:

Concept Satisfiability: T |= R 6v ⊥. Given a DL theory T and a concept R, does

there exist at least one model of T assigning a non-empty extension to R?

Subsumption: T |= R v A. Given a DL theory T and two concepts R and A, is

R more general than A in any model of T ?

Matchmaking services outlined in the previous section call for other, nonmono-

tonic inference services that we briefly recall hereafter. Let us consider concepts A

and R and an ontology T . If a partial match occurs, i.e., they are not compatible

with each other with respect to T , one may want to retract specifications in R, G

(for Give up), to obtain a concept K (for Keep) such that K uA is satisfiable in T .

In (Colucci et al., 2003) the Concept Contraction problem was first defined as:

Concept Contraction. Let L be a DL, A, R, be two concepts in L and T be

a set of axioms in L, where both A and R are satisfiable in T . A Concept Con-

traction Problem (CCP), identified by 〈L, A,R, T 〉, is finding a pair of concepts

〈G,K〉 ∈ L × L such that T |= R ≡ G uK, and K uA is satisfiable in T . Then

K is a contraction of R according to A and T .

If nothing can be kept in R during the contraction process, we get the worst

solution –from a matchmaking point of view– 〈G,K〉 = 〈R,>〉, that is give up

everything of R. If R u A is satisfiable in T , that is a potential match occurs,

nothing has to be given up and the solution is 〈>, R〉, i.e., give up nothing. Hence,

a Concept Contraction problem amounts to an extension of a satisfiable one. As

for the propositional setting, since usually one wants to give up as few things as

possible, some minimality criteria in the contraction must be defined (Gärdenfors,

1988). In most cases a pure logic-based approach could be not sufficient to decide

between which beliefs to give up and which to keep. There is the need to model

and define some extra-logical information, which have to be taken into account.

For instance, one could be interested in contracting only some specification in her

request, while others have to be considered strict (Colucci et al., 2005a).
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If the offered resource A is a Potential match for R, it is necessary to assess

what should be hypothesized H in A in order to completely satisfy R and then

move to a full match. In (Di Noia et al., 2003) the Concept Abduction problem

was first defined as:

Concept Abduction. Let L be a DL, A, R, be two concepts in L, and T be a set

of axioms in L, where both A and R are satisfiable in T . A Concept Abduction

Problem (CAP), identified by 〈L, R,A, T 〉, is finding a concept H ∈ L such that

T |= AuH v R, and moreover AuH is satisfiable in T . We call H a hypothesis

about A according to R and T .

Obviously the definition refers to satisfiable A and R, since R unsatisfiable

implies that the CAP has no solution at all, while A unsatisfiable leads to coun-

terintuitive results (¬R would be a solution in that case). If A v R then we have

H = > as a solution to the related CAP. Hence, Concept Abduction amounts to

extending subsumption. On the other hand, if A ≡ > then H v R.

Di Noia et al. (2003) propose the conjunction minimal solution to a CAP for

DLs admitting a normal form with conjunctions of concepts. A solution belonging

to such solution is in the form B = uj=1..kCj , where Cj are DL concepts and is

irreducible, i.e., B is such that for each h ∈ 1, ..., k, uj=1..h−1,h+1..kCj is not a

solution for the CAP.

Concept Abduction and Concept Contraction can be used for respectively sub-

sumption and satisfiability explanation. As for the propositional case, for Concept

Contraction , having two concepts whose conjunction is unsatisfiable, in the solu-

tion 〈G,K〉 to the CCP 〈L, R,A, T 〉, G represents “”why” RuA are not compat-

ible. For Concept Abduction , having R and A such that A 6v R, the solution H

to the CAP 〈L, R,A, T 〉 represents “why” the subsumption relation does not hold.

H can be interpreted as what is specified in R and not in A.
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2.4 Making the Match

With respect to the match classification presented in Section 2.2 we show how it is

possible to exploit both monotonic and non-monotonic inference services for DLs

in order to identify match classes, move from a Partial match to a Full (or almost-

Exact) match, and use the obtained information to provide a semantic-based score

measuring similarity with respect to the request.

Using Subsumption and Concept Satisfiability we can rewrite match classes in

terms of DLs. Given a DL theory T and a request and an advertisement, expressed

as DL concepts R and A, both satisfiable with respect to T , we have:

Exact : T |= R ≡ A

Full : T |= A v R

Plug-In : T |= R v A

Potential : T 6|= R uA v ⊥

Partial : T |= R uA v ⊥

Both Concept Abduction and Concept Contraction can be used to suggest guide-

lines about what, given A, has to be revised and/or hypothesized to obtain a Full

match with R.

2.4.1 Explanation for Ranking in Description Logics

Partial→Potential IfRuA ≡ ⊥ –Partial match– then solving the related Concept

Contraction Problem we have R ≡ GRuKR such that KRuA 6≡ ⊥ w.r.t. T . That

is, we contractR toKR such that there is a Potential match between the contracted

request and A.

Potential→Full Once we are in a Potential match, we can formulate hypotheses on

what should be hypothesized in A in order to completely satisfy the contracted R.

If we solve the related Concept Abduction Problem, we can compute an hypothesis
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H such that A uH v KR and reach a Full match with the contracted request.

The above concepts can be formalized in the following simple algorithm:

Algorithm matchExplain(R,A, T )

input A,R ≡ K uG concepts satisfiable w.r.t. T

output 〈G,H〉, i.e., the part in R that should be retracted

and the part in A that should be hypothesized to have a

full match between A and K (the contracted R)

begin algorithm

1: if T |= R uA v ⊥ then

2: 〈G,K〉 = contract(A,R, T );

3: HK = abduce(A,K, T );

4: return 〈G,H〉;

5: else

6: H = abduce(A,R, T );

7: return 〈>, H〉;

end algorithm

Notice that H = abduce(A,R, T ) [rows 3,6] determines a concept H such

that A uH v R, 〈G,K〉 = contract(A,R, T ) [row 2] determines two concepts

G and K such that R ≡ G u K and T |= K u A 6v ⊥ following minimality

criteria as suggested by Di Noia et al. (2003); Colucci et al. (2003). Also notice

that, given a CAP or a CCP, usually there is not only one single solution. But in

order to provide a match explanation, in rows 2,3 and 6 only one solution has to

be returned. In this case context-aware information may be used as criteria for

solution selection.

Strict and Negotiable Constraints

Colucci et al. (2005a) propose a formalization to deal with strict and negotiable

features in a DL framework. Roughly speaking, the requester sets a characteristic

as strict, if she never wants to give up that feature. Then all resources that are in
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a partial match because of the strict constraints have to be discarded (see (Colucci

et al., 2005a) for further details). Intuitively, if all the request features are set to

strict, then only potential matches are allowed. This case models the situation

where the user is not willing to contract any part of her request in order to reach a

potential match within the marketplace. Typically in a refinement iterative process

this is the case when the user formulates her initial query. If she is not satisfied

with the system results, she may start to refine some constraints in order to find

more satisfying ads.

2.4.2 Query Refinement

Full→almost-Exact During this step, in order to overcome the suggestion of “fake

bonuses”, we have to identify which part of A generated the inconsistency with R

before contracting. We can solve a Concept Contraction Problem between A and

R contracting A. That is we have A ≡ GA uKA such that KA uR 6v ⊥ w.r.t. T .

In the following, the algorithm computeBonus(A,R, T ) is presented, able to

compute what should be hypothesized in the requester preferences in order to get

a better match result and –if possible– an Exact match (see 2.2). It takes as input

an advertisement A, a request R and the ontology T they refer to.

Algorithm computeBonus(A,R, T )

input A and R DL concepts both satisfiable w.r.t. T reference ontology

output B a set of DL concepts representing bonuses

begin algorithm

1: B = ∅;

2: 〈GR,KR〉 = contract(A,R, T );

3: 〈GA,KA〉 = contract(R,A, T );

4: Birr = abduce(KR,KA, T );

5: for each Cj ∈ Birr

6: B = B ∪ {Cj};

7: return B;
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end algorithm

The problem of fake bonuses is taken into account in rows 2-4 of compute-

Bonus. In row 2, a Concept Contraction Problem is solved, contracting R in KR

and identifying inGR the source of inconsistency withA. In row 3 the same is per-

formed for A identifying in KA the part of the advertisement which is compatible

withR and inGA the incompatible one and then likely to contain the fake bonuses.

In row 4 we computeBirr, an irreducible solution of Concept Abduction Problem

such that KR uB v KA.

2.5 System Implementation

Based on the theoretical framework presented so far we developed a (Java web-

start) web application1 fully exploiting semantic-based matchmaking procedures.

It was specifically designed to exploit benefits of a semantic-based approach while

hiding technicalities and providing a user-friendly interaction. The tool is ontology

and marketplace independent, and the visual interface is built on the fly once the

reference ontology (hence the chosen marketplace domain) has been selected.

If the reference marketplace changes, a new ontology can be dynamically loaded

presenting the new available domain knowledge to the user.

The Graphical User Interface (GUI) main panel is a visual representation of the

knowledge modeled by the ontology and presents two subpanels. The left-side one

(Figure 2.3(a)(b)(d)), from now on navigation panel, is devoted to an intensional

navigation of the ontology in a top-down fashion (Catarci et al., 2004). The right-

side one (Figure 2.3(c)(e)), from now on query panel, to graphically visualize users

requests.

The navigation panel is further divided in two panels. In the leftmost one

(Figure 2.3(a)) we have the entry-points for the intensional navigation. The user

1http://sisinflab.poliba.it/marketplace/
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Figure 2.3: The Graphical User Interface for intensional navigation and query for-

mulation
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can select most generic features of her request, that is all those classes which are

direct children of the <owl:Thing/> class. By selecting one of them, both all its

sub-classes and the roles having it as domain are visualized within the right side of

the panel (Figure 2.3(b)). Hence the user is guided in depth within the ontological

model by means of gradual zooms. A history bar is displayed on the navigation

panel foreground (Figure 2.3(d)). Notice that the GUI will display not just the name

of either the class or the role within the ontology. Exploiting <rdfs:comment/>

meta-information within an OWL file we can associate an illustrative image to

each class and role name and show it as an icon of the class/role itself. Moreover

<rdfs:label/> tag is used to manage multilingual information.

When a user finds a component she is interested in, she drags it in the query

panel adding it to her initial request. If the dragged element is a <owl:SameClassAs/>,

its definition is added to the query panel. The query panel is divided in two areas,

so that the user can visually express both positive and negative preferences. In the

top side (Figure 2.3(c))she drags features she requires, in the bottom side (Figure

2.3(e)) the ones she explicitly does not want. Recall that under an OWA the nega-

tive information must be clearly stated. The user is only aware of atomic features

to be added/removed to/from the query panel. Also note that all logical relations

between them, stored within the ontology, are completely hidden to her.

Once the request has been formulated, the selection process is performed with

all the semantic-enabled descriptions of supplies available in the marketplace. The

matchmaking process exploits the formal semantics of both request and supplies

and is performed by an inference engine. The communication with the inference

engine is carried out via a DIG 1.1 interface over HTTP. In our approach we adopt

MaMaS-tng2 engine, based on DIG 1.1. enhanced with additional tags to support

both standard and non-standard inference services recalled in Section 6.2.

Retrieval results are presented in a specific results window (Figure 2.4). There,

2http://sisinflab.poliba.it/MAMAS-tng/
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Figure 2.4: The results window

we have: (1) a semantically-ranked list of available supplies containing explana-

tions about matchmaking results; (2) suggestions on how to refine the query adding

possible features present in the retrieved resources but not specified in the request.

In the left side (list panel), the ranked list endowed with match explanation is

displayed (Figure 2.4(a)); in the right one (query refinement panel), the query is

presented at the top (Figure 2.4(b)) and suggestions about features to be added to

it below (Figure 2.4(c)).

In the list panel —for each retrieved item— the system provides the informa-

tion detailed hereafter:

Description. A picture representing the retrieved item together with a natural lan-

guage description of the item itself. The system provides also a translitera-

tion of the semantic-based advertisement description. The verbalization of

the OWL description is automatically provided (Catarci et al., 2004).



2.5. System Implementation 41

Match value. A semantic similarity value is computed based on the semantics of

both request and supplies. It is used to rank the results list.

Match explanation. Fulfilled, unspecified, conflicting and additional features, with

respect to the request, are displayed for each item. Obviously, if all the fea-

tures specified within the query are set to strict, the conflicting elements set

is empty and is not displayed.

For each page only five items are displayed. The query refinement panel is di-

vided in two areas: at the top the query is visualized, whereas below all additional

information (i.e., bonus) related to the displayed supplies, are presented (Figure

2.4(c)). The query refinement panel allows the user to refine her request in two

different ways: relaxing some features (setting them to negotiable) or adding new

ones from. Notice that when a feature is set to negotiable, it is not equivalent to

remove it from the query. It is not a don’t care specification. A negotiable charac-

teristic has to be interpreted as a wish specification. That is why, also supplies in

conflict with the negotiable features are now considered during the matchmaking

process and ranked in the final result list. As it has been formally motivated in the

previous Sections, bonus features are information the user might not be aware of

or initially considered not relevant for the resource discovery. By adding new fea-

tures or setting old ones as negotiable, the discovery process can be progressively

repeated until the user finds an offer best fitting her needs.

The query (re-)formulation is hereafter briefly summrized. Let us suppose at

first all the requested features are set to strict.

1. All supplies compatible with the request, i.e., in potential match with it, are

retrieved. For each of them, solving a Concept Abduction , fulfilled, un-

certain and additional features are computed based on the knowledge mod-

eled within the ontology. Based on fulfilled and uncertain characteristics, a

semantic-based match score is computed.

2. If no supplies satisfy user needs, she can refine the query.
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Figure 2.5: The results window after a query refinement

3. After the request refinement, a new discovery process is carried out. All sup-

plies conflicting with new strict features are discarded. For each of remain-

ing ones in partial match with the request, a Concept Contraction is solved

to compute both a contracted request (see Section 6.2) potentially matching

the supply and conflicting features. Concept abduction problems are then

solved in order to compute fulfilled, uncertain an bonus features with re-

spect to the contracted request. Finally, the semantic-based match score is

computed (Figure 2.5).

4. The process restarts from step 2.
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2.6 Related Work

2.6.1 Semantic-based matchmaking

Vague query answering, proposed by Motro (1988), was an initial effort to over-

come limitations of relational databases, using weights attributed to several search

variables. More recent approaches along these lines aim at extending SQL with

“preference” clauses, in order to softly matchmake data in structured databases

(Kießling, 2002). Finin et al. (1994) proposed KQML as an agent communication

language oriented to matchmaking purposes. Kuokka and Harada (1996) inves-

tigated matchmaking as a process that allowed potential producers/consumers to

provide descriptions of their products/needs, either directly or through agents me-

diation, to be later unified by an engine identifying promising matches. Two en-

gines were developed, the SHADE system and COINS. Similar methods were later

re-considered in the GRAPPA system (Veit et al., 2001). Classified-ads match-

making, at a syntactic level, was proposed by Raman et al. (1998) to matchmake

semi-structured descriptions advertising computational resources. Matchmaking

was used in SIMS (Arens et al., 1996) to dynamically integrate queries; the ap-

proach used KQML, and LOOM as description language. LOOM is also used in

the subsumption matching addressed by Gil and Ramachandran (2001). InfoSleuth

(Jacobs and Shea, 1995), a system for discovery and integration of information,

included an agent matchmaker, which adopted KIF and the deductive database lan-

guage LDL++. Constraint-based approaches to matchmaking have been proposed

and implemented in several systems, e.g., PersonaLogic3, Kasbah4 and systems by

Maes et al. (1999); Karacapilidis and Moraitis (2001); Wang et al. (2002); Ströbel

and Stolze (2002).

Matchmaking as satisfiability of concept conjunction in DLs was first proposed

in the same venue by Gonzales-Castillo et al. (2001); Di Sciascio et al. (2001) and

3http://www.PersonaLogic.com
4http://www.kasbah.com
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by Trastour et al. (2002). In the framework of the Retsina Multiagent infrastruc-

ture (Sycara et al., 2003a), a specific language was defined for agent advertisement,

and matchmaking engine was developed by Sycara et al. (2002) and Paolucci et al.

(2002), which carries out the process on five possible levels. Such levels exploit

both classical text-retrieval techniques and semantic match using Θ-subsumption.

Nevertheless, standard features of a semantic-based system, as satisfiability check

are unavailable. The approach of Paolucci et al. (2002) was later extended by Li

and Horrocks (2004), where two new levels for matching classification were intro-

duced. A similar classification was proposed –in the same venue– by Di Noia et al.

(2004), along with properties that a matchmaker should have in a DL-based frame-

work, and algorithms to classify and semantically rank matches within classes.

Benatallah et al. (2003b) proposed the Difference Operator in DLs for semantic

matchmaking. The approach uses Concept Difference, followed by a covering

operation optimized using hypergraph techniques, in the framework of web ser-

vices discovery. An initial DL-based approach, adopting penalty functions rank-

ing, has been proposed by Calı̀ et al. (2004), in the framework of dating systems.

An extended matchmaking approach, with negotiable and strict constraints in a DL

framework has been proposed by Colucci et al. (2005a), using both concept con-

traction and concept abduction. Matchmaking in DLs with locally-closed world as-

sumption applying autoepistemic DLs has been proposed by Grimm et al. (2006).

The need to work in someway with approximation and ranking in DL-based ap-

proaches to matchmaking has also recently led to adopting fuzzy-DLs, as in Smart

(S. Agarwal and S. Lamparter, 2005) or hybrid approaches, as in the OWLS-MX

matchmaker (Klusch et al., 2005b). Such approaches, anyway, relaxing the logical

constraints, do not allow any explanation or automated revision service.

With specific reference to systems similar in scope to the one proposed here,

we briefly comment on relevant applications, adopting a coarse categorization.
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2.6.2 Example-based tools

Widespread web-based systems for browsing and retrieval of products usually

adopt lists, ranked or not, to present results. To improve discovery and visual-

ization, various example-based search tools have been developed, such as Smart-

Client (Torrens et al., 2002). It exploits constraint satisfaction techniques, allows to

refine (critique) preference values specified in the first step of the search and sup-

ports trade-off analysis among different attributes, e.g., looking for an apartment a

user can make a compromise between distance and rent (more distant less expen-

sive). Also in Linden et al. (1997) a candidate/critiques model has been presented,

which allows users to refine proposed candidate solutions. Here, preferences are

elicited incrementally by analyzing critiques through subsequent iterations. It is

an Automated Travel Assistant (ATA) for planning airline travels, and similarly

to SmartClient, ATA exploits CSP techniques: preferences are described using

soft constraints defined over attribute values. AptDecision (Shearin and Lieber-

man, 2005) is a tool supporting elicitation of preferences in the real estate domain:

browsing the domain, users can discover new features of interest and through their

refinement of apartment features, agents can build a profile of their preferences

using learning techniques. In Shimazu (2002) Conversional Case Base Reason-

ing (CCBR) is exploited. The tool is dubbed ExpertClerk as it tries to reproduce

the way of acting of a human salesclerk: asking questions to understand buyer

needs (navigation-by-asking) and then proposing solutions achieving such needs

(navigation-by-proposing). The cycle is repeated until the shopper finds an appro-

priate product. ExpertClerk was inspired by FindMe (Burke et al., 1997), which

used case-based reasoning as a way of recommending products in e-commerce cat-

alogs. FindMe, and its enhanced version, the Wasabi Personal Shopper (WSP)

(Burke, 1999), combined instance-based browsing and tweaking by difference.

Different FindMe systems have been developed, in various domains. Among sys-

tems based on FindMe, the most renowned is Entrée (Burke, 2000), a restaurant

recommender, which allows users to refine a query according to displayed results.
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2.6.3 Semantic-based tools

Recently, there has been a growing interest toward systems supporting semantic

exploitation, in different domains. Guha et al. (2003) present an application im-

proving traditional web searching using semantic web technologies: two Semantic

Search applications are presented, running over an application framework so called

TAP. A query interface (so called GetData) allows to use data published within the

Semantic Web. Story Fountain (Mulholland et al., 2004) is an ontology-based tool,

which provides a guided exploration of digital stories using a reasoning engine

for selection and arrangement of resources. It provides support for different ex-

ploration facilities. The approach has been further investigated by Collins et al.

(2005). An intelligent query interface exploiting an ontology-based search engine

is presented by Catarci et al. (2004); the system enables access to data sources

through an integrated ontology and supports a user in query formulation.



Chapter 3

Fuzzy Matchmaking in

e-marketplaces using Datalog

In this chapter we present an approach to matchmaking in e-marketplaces of peer

entities, which mixes in a formal and principled way Datalog, fuzzy sets and utility

theory, in order to determine most promising matches between prospective counter-

parts. Use of Datalog ensures the scalability of the approach to large marketplaces,

while Fuzzy Logic provides a neat connection with logical specifications and al-

lows to model soft constraints and how well they could be satisfied by an agreement

(Ragone et al., 2008c). Noteworthy is that, differently from the approach presented

in Chapter 2, where the matchmaking process was a non-symmetric one, here our

approach takes into account, in the peer-to-peer matchmaking, also preferences of

each counterpart (buyer and seller) and their utilities. This allows to rule out of

the match list those counteroffers that, although seemingly appealing for the buyer,

would probably lead to failure due to contrasting preferences of the seller, and

paves the way to the actual negotiation stage.

47



3.1. The P2P scenario 48

3.1 The P2P scenario

We consider a peer-to-peer (P2P) e-marketplace basically as a system where peer

users – buyers and sellers – can submit their advertisements, browse through avail-

able ads, and –hopefully– be assisted in finding the best available counterparts to

meet their needs and initiate a transaction. Obviously, such e-marketplaces, while

sharing common features with well-known Business-to-Business and Business-

to-Consumer systems, have deep differences w.r.t. marketplaces of commodities

and undifferentiated goods. In our framework usually both offers/requests refer to

goods/services that cannot be simply described in a machine understandable way

without the help of some Knowledge Representation language, and price is not the

single feature to look and/or negotiate on. For example, descriptions could have

logical implications, e.g., If a car has leather seats then it is also provided with air

conditioning, or bundles e.g., Sports car with optional package including both GPS

system and alarm system, and some kind of logical theory, able to let users express

their needs/offers, could surely help. Also, when descriptions refer to complex

needs, we should take into account preferences, distinguishing them from hard –

mandatory– constraints, e.g., I would like a black station wagon, preferably with

GPS system. The possibility to handle some of the above mentioned issues in some

electronic facility may help not only in the discovery/matchmaking stage of a trans-

action process, thus selecting most promising counterparts to initiate a negotiation,

but also in the actual negotiation stage.

Roughly speaking, matchmaking is the process of finding “good” counterparts

for a given entry in the marketplace. In our setting an entry amounts to the request

of a candidate buyer, and the counterpart is a seller, together with an offer of that

seller. Of course, the evaluation of how “good” a counterpart is constitutes most of

the effectiveness of a matchmaking system. Several presently available commercial

sites force the buyer to enter her request following a predefined classification that

may be completely unsuitable for the characteristics the buyer might have in mind

— e.g., eBay (eBay Motors, 2007), Sunday Times (Sunday Times, 2007) require to
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enter a brand first, then a model of that brand, etc. while a buyer may be interested

in a general kind of product available from several brands, with some limitations

on price. In this respect, one may say that they provide no matchmaking assistance:

the matchmaker is the buyer herself. The escape of a textual search engine (as in

eBay) does not help a lot, since the result is a (sometimes very long and tedious) list

to browse. Other matchmaking sites provide a rank of counterparts based on some

numerical computation on features — e.g., Yahoo (Yahoo Personals, 2007) — but

no explanation of the ranking is possible, obscuring the motivations of suggestion,

and, hence, also possible refinements of a request.

To assist buyers and sellers in marketplaces, several research proposals on

matchmaking systems were issued. They either try to compute a score of possi-

ble counterparts, based on textual information (Veit et al., 2001), or to compare the

logical representations of supply and demand (Trastour et al., 2002; Li and Hor-

rocks, 2004), or combine both scores and logic in some way (Kuokka and Harada,

1996; Sycara et al., 2002; Colucci et al., 2005a; Lukasiewicz and Schellhase, 2006).

Our proposal falls in this last category, mixing in a formal way Datalog, Fuzzy sets,

and Utility Theory. While the above logic-based proposals do not tackle the scal-

ability problem, our resort on Datalog ensures the scalability of our approach to

large marketplaces. On the other hand, the resort on Fuzzy Logic ensures a neat

connection with the logical specification, while allowing the system to give an ex-

planation of suggestions in terms of how well the preferences could be satisfied by

an agreement.

But the most prominent feature that distinguishes our proposal is the fact that

the matchmaker takes into account the preferences of each counterpart: in fact,

each score is the maximum value of the product of the weighted utility of the

buyer uβ times the weighted utility of the seller uσ. This product is maximized

over all possible agreements between the buyer and that seller. In this way, all those

agreements that seem appealing for the buyer but do not fit seller’s preferences are

discarded when the match list is presented to the buyer.
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Moreover, since the score corresponds also to a prospective “best-tradeoff”

agreement between parties, the candidate agreement itself can be used as a pre-

negotiation phase, to be integrated with other information and preferences that

could not have been mentioned in the initial statements — e.g., a secondary time-

cost tradeoff in shipping, or restrictions on the method of payment.

The remaining of the chapter is as follows: to set the stage, Section 3.2 intro-

duces basics of languages and technologies we adopt. In Section 3.3 requirements

for matchmaking process, including preferences, utility functions and reservation

value, are illustrated. Then fuzzy soft constraints are presented in Section 3.4, fol-

lowed by the description of fuzzy matchmaking process in Top-k-Datalogin Sec-

tion 3.5. Next, in Section 3.6 rules for item classification in P2P marketplaces are

outlined and an illustrative example is presented. Section 3.7 extends our frame-

work to a general marketplace.

3.2 Basic technologies

We use an extension of Datalog (cf. (Abiteboul et al., 1995; Ceri et al., 1990;

Ullman, 1989)) as our representation and query tool. Datalog is a very powerful,

well-studied declarative language based on Horn clause logic. Datalog adapts the

paradigm of Logic Programming (Lloyd, 1987) to the database setting. We extend

it by allowing soft constraint predicates to appear in rules and queries (we call the

language Top-k-Datalog). The proposal here extends the work by Straccia (2006)

in which soft constraint predicates, i.e., fuzzy predicates, may appear in queries

only and is conceptually equivalent to the work of Lukasiewicz and Straccia (2007)

and Straccia (2007). Basically, we allow vague/fuzzy predicates to occur in rule

bodies, which have the effect that each tuple in the answer set of a query has a score

in [0,1]. Top-k-Datalog addresses the problem to compute the top-k answers in

case the set of facts is huge, without evaluating all the tuples’ score. As matching

a buyer’s request with a seller’s offer is a matter of degree, we will use Top-k-
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Datalog to find the top-k matchings. An initial prototype has been developed on

top of the Prolog system XSB (XSB, 2007)

We first present Datalog and then its extension.

3.2.1 Datalog

Datalog rule: A Datalog rule is a Horn clause of the form

A← A1 ∧ . . . ∧An ,

where A is the head of the rule, and A1∧ . . .∧An is the body of the rule. A and all

Ai are atoms. An atom is of the form p(t1, . . . , tn), where p is an n-ary predicate

symbol and all tj are terms. A term is either a variable or a constant. Each variable

in the head of a rule must also occur in the body of the rule.

For instance,

UncomfortableCar(x) ← Car(x) ∧ LeatherSeats(x) ∧NoAirConditioning(x)

is a rule stating that a car with leather seats and no air conditioning is an uncom-

fortable car.

We also provide a set of built-in predicates, like +, ∗,−, /,≥,≤,=, with (obvi-

ous) fixed interpretation, which may appear in a rule body. Each variable occurring

in a built-in predicate must occur at least once in an atom of the rule body.

Datalog fact: A fact is a Datalog rule with empty body (here we omit the ←

symbol). We further require that no variable occurs in facts (the fact is ground).

Facts are usually stored in relational tables of an underlying database. For instance,

CarTable(544, F iatPunto, 2004, 15000)

is a fact stating that item 544 is a Fiat Punto, built in 2004 and having 15,000

kilometers.

Extensional/ intentional database: An extensional database (EDB) is a finite set

of Datalog facts, while an intentional database (IDB) is a finite set of Datalog rules

without facts.
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Datalog program: A Datalog program P = 〈PI ,PE〉 is given by an extensional

databasePE and an intentional databasePI in which the predicates occurring in the

extensional database do not occur in the head of rules of the intentional database.

Essentially, we do not allow that the fact predicates occurring in PE can be rede-

fined by PI .

For instance,

Sedan(x) ← CarTable(x, y, z, t) ∧ (y = FiatPunto)

is a rule stating that if an item in EDB is a Fiat Punto, then it is a Sedan.

Herbrand universe: From the semantics point of view (Lloyd, 1987), the Her-

brand universe HP of P is the set of constants appearing in P . If there is no

constant symbol in P then consider HP = {a}, where a is an arbitrary chosen

constant.

Herbrand base: The Herbrand base BP of P is the set of ground instantiations of

atoms appearing in P (ground instantiations are obtained by replacing all variable

symbols with constants of the Herbrand universe).

Herbrand interpretation: A Herbrand interpretation of aP is any subset I ⊆ BP

of its Herbrand base. Intuitively, the atoms in I are true, and all others are false.

That is, I satisfies a ground atom A iff A ∈ I .

Model: Let P∗ be the set of ground rule instantiations obtained from P . An inter-

pretation I satisfies (is a model of) P iff I satisfies (is a model of) P∗. I satisfies (is

a model of)P∗ iff I satisfies (is a model of) all rules inP∗. I satisfies (is a model of)

a rule A← A1 ∧ . . .∧An occurring in P∗ iff A ∈ I whenever {A1, . . . , An} ⊆ I .

Minimal model/immediate consequence operator: It is well known that each

Datalog program has a unique minimal model MP , which coincides with the in-

tersection of all models of P . MP is also the least fixed-point of the immediate

consequence operator TP : 2BP → 2BP defined as

TP(I) ={A ∈ BP | P∗ contains a rule A← A1 ∧ . . . ∧An

such that {A1, . . . , An} ⊆ I holds} .



3.2. Basic technologies 53

Intuitively, it yields all atoms that can be derived by a single application of some

rule in P given the atoms in I . Since TP is monotone, by the Knaster-Tarski

Theorem it has a least fixed-point, denoted by T∞P ; since, moreover, TP is also

continuous, by Kleene’s Theorem T∞P is the limit of the sequence

T 0
P = ∅

T i+1
P = TP(T iP), i ≥ 0 .

Then MP = T∞P .

Entailment: We further say that P entails a ground atom A (denoted P |= A) iff

A ∈MP .

Given a Datalog program P = 〈PI ,PE〉, a Datalog query predicate q is a

designated n-ary predicate symbol appearing in the head of a rule in PI .

For instance,

q(x, p)← Car(x) ∧ Price(x, p) ∧ (p ≤ 15000)

is a query asking for cars whose price is less or equal than 15,000.

Answer set: The answer set of q with respect to P is the set of tuples c, such that

q(c) is entailed by P , i.e.,

ans(P, q) = {c | P |= q(c)} .

3.2.2 Top-k Datalog

Top-k-Datalog is as Datalog except that we additionally allow fuzzy predicates to

occur in Datalog rule bodies.

Top-k-Datalog rule: Specifically, let q be an n + 1-ary predicate. A Top-k-

Datalog rule is of the form

q(x, s)← ∃ybody(x,y) ∧ s = f(p1(z1), . . . , pm(zm))

where

1. x are the n distinguished variables;
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2. s is the score variable, taking values in [0, 1], and q is functional on x;

3. y are so-called non-distinguished variables and are distinct from the vari-

ables in x;

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

5. zi are tuples of constants or variables in x or y;

6. pi is an ni-ary fuzzy predicate assigning to each ni-ary tuple ci as score

pi(ci) ∈ [0, 1];

7. f is a scoring function f : [0, 1]m → [0, 1], which combines the scores of

the m fuzzy predicates pi into and overall query score to be assigned to the

score variable s. We assume that f is monotone, i.e., for each vector v =

(v1, . . . , vm) and v′ = (v′1, . . . , v
′
m) in [0, 1]m, if v ≤ v′ then f(v) ≤ f(v′),

where (v1, . . . , vm) ≤ (v′1, . . . , v
′
m) iff vi ≤ v′i for all i;

8. We assume that the computational cost of f and all fuzzy predicates pi is

bounded by a constant.

We call s = f(p1(z1), . . . , pm(zm)) a scoring atom. For instance,

CheapCar(x, p, s) ← NewCar(x) ∧ CarPrice(x, p) ∧ s = max(0, 1− p/15000)

CheapCar(x, p, s) ← SecondHandCar(x) ∧ CarPrice(x, p) ∧ s = max(0, 1− p/7500)

are two Top-k-Datalog rules looking for cheap cars, assigning to each car a score

depending on its price. If the price of a new car is above 15,000 the car is not

considered as a cheap one, while the scoring function is increasing as the price

lowers. Hence, it is quite natural that if we are looking for cheap cars one wants that

the retrieved cars are sorted in decreasing order with respect its score, i.e., degree

of cheapness. Furthermore, as the database may contain thousands of tuples, one

usually wants to retrieve just the top-k ranked ones.

Top-k-Datalog fuzzy predicate: Concerning fuzzy predicates involved in scor-

ing atoms, we recall that in fuzzy set theory and practice there are many mem-
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(a) (b) (c) (d)

Figure 3.1: (a) Trapezoidal function; (b) Triangular function; (c) L-function; (d)

R-function

bership functions for fuzzy sets membership specification. However, the trape-

zoidal trz(k1, k2, a, b, c, d, x), the triangular tri(k1, k2, a, b, c, x), the L-function

(left shoulder function) LS(k1, k2, a, b, x) and theR-function (right shoulder func-

tion) RS(k1, k2, a, b, x) are simple, yet most frequently used to specify member-

ship degrees (see Figure 3.1). k1, k2 is the domain of the functions, a, b, c, d are

the parameters and x is the input variable. For instance, LS(k1, k2, a, b, a) = 1,

LS(k1, k2, a, b, b) = 0 and LS(k1, k2, a, b, x) = (b−x)/(b−a) for a < x < b. To

the ease of presentation, we will write LS(k1, k2, a, b, x, y) to denote that the value

of the L-function applied to x is y, and similarly for the other fuzzy predicates.

Of course, many other fuzzy predicates p can be defined as long as they assign

to each tuple c a score p(c) ∈ [0, 1]. For instance, we may define the unary fuzzy

predicate RipeTomato, defined over constants representing colors, as

RipeTomato(red) = 1.0

RipeTomato(slightlyred) = 0.75

RipeTomato(greenred) = 0.5

RipeTomato(slightlygreen) = 0.25

RipeTomato(green) = 0.0 .

Top-k-Datalog program: A Top-k-Datalog program is as a Datalog program ex-

cept that Top-k-Datalog rules are considered in place of Datalog rule (i.e., , scoring

atoms may appear now in the rule body of “rules”).
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Semantics of Top-k-Datalog rules: From the semantics point of view, we have to

take into account the additional scoring atom s = f(p1(z1), . . . , pm(zm)).

Informally, a rule

q(x, s)← ∃ybody(x,y) ∧ s = f(p1(z1), . . . , pm(zm))

is interpreted in an interpretation I as the set qI of tuples 〈c, v〉, such that when we

substitute the variables x and s with the constants c and the score value v ∈ [0, 1],

the formula ∃ybody(x,y) ∧ s = f(p1(z1), . . . , pm(zm)) evaluates to true in I .

Due to the existential quantification ∃y, for a fixed c, there may be many sub-

stitutions c′ for y and, thus, we may have many possible scores for the tuple c.

Among all these scores for c, we select the highest one, i.e., the sup.

In case that the atom q(x, s) is the head of multiple rules, for each tuple c there

may be a score vi computed by each of these rules. In that case, we assume that

the overall score for c is the maximum among the scores vi.

Now, let θcc
′v

xys = {x/c,y/c′, s/v} be a substitution of the variables x,y and

s with the tuples c, c′ and score value v ∈ [0, 1]. Let ψ(x,y, s) be body(x,y) ∧

s = f(p1(z1), . . . , pm(zm)). With ψ(x,y, s)θcc
′v

xys we denote the ground formula

obtained by applying the substitution θcc
′v

xys to ψ(x,y, s).

We say that an interpretation I is a model of ψ(x,y, s)θcc
′v

xys iff ψ(x,y, s)θcc
′v

xys

evaluates to true in I , i.e., all ground atoms and the grounded scoring atom occur-

ring in ψ(x,y, s)θcc
′v

xys are true. We will write I |= ψ(x,y, s)θcc
′v

xys in this case.

Then, for a predicate symbol q, the interpretation qI of a set of rules Rq =

{r1, . . . , rn}, where each rule ri ∈ Rq is of the form q(x, s)← ∃yiψi(x,yi, s), is

qI = {〈c, v〉 | v = max(v1, . . . , vn),

vi = supc′{v′ | I |= ψi(x,yi, s)θcc
′v′

xyis }} ,
(3.1)

where sup ∅ is undefined, and max(v1, . . . , vn) is undefined iff all its arguments

are undefined.

Note that some tuples c may not have a score in I and, thus, 〈c, v〉 6∈ rI for

no v ∈ [0, 1]. Alternatively we may define sup ∅ = 0 and, thus, all tuples c have
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a score in I , i.e., 〈c, v〉 ∈ qI for some v ∈ [0, 1]. We use the former formulation

to distinguish the case where a tuple c is retrieved, though the score is 0, from the

tuples which do not satisfy the query and, thus, are not retrieved.

Finally, for all c and for all v ∈ [0, 1], we say that I is a model of q(c, v) iff

〈c, v〉 ∈ qI .

It is not difficult to verify that, as for Datalog, Top-k-Datalog programs have

an unique minimal model MP , which can be obtained as least fixed-point of the

TP operator. This follows immediately from the work of Straccia (2005) and the

fact that scoring functions are monotone. We say that a Top-k-Datalog program P

entails q(c, v), written P |= q(c, v), iff MP |= q(c, v).

The basic inference services that concerns us is the top-k retrieval problem,

where this latter is defined as:

Top-k retrieval: Given a Top-k-Datalog program P , retrieve the top-k ranked

tuples 〈c, v〉 that instantiate the query atom q and rank them in decreasing order

w.r.t. the score v, i.e., find the top-k ranked tuples of the answer set of q, denoted

ansk(P, q) = Topk{〈c, v〉 | P |= q(c, v)} ,

where Topk is defined as follows: S = TopkR iff

1. |S| ≤ k

2. for each 〈c, v〉 ∈ S there is no 〈c′, v′〉 ∈ R such that v′ < v.

For instance,

q(x, p, s)← CheapCar(x, p, s)

is a query asking for cheap cars. The top-k ranked cars, according to the score (that

depends on their price), is obtained by ansk(P, q).

Finally, note that due to the scoring functions, it may happen that a finite num-

ber of steps is not sufficient to compute the minimal model. A well-known example

is
r(x, s) ← r(x, s1) ∧ s = (s1 + 1)/2

r(a, 0) .
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It is not difficult to see that P |= r(a, 1) holds, which is attained after ω TP itera-

tions only. To always guarantee the termination of a program, we will assume that

the score has a fixed precision, i.e., the score s has always to belong to a fixed and

finite set {0, 1
n ,

2
n , . . . ,

n−1
n , 1} for a natural number n, e.g., n = 100. Rounding

of the score is done in the usual way, e.g., for n = 100, 0.374 becomes 0.37,

while 0.375 becomes 0.38. Decidability of the top-k retrieval problem is guaran-

teed as P∗ is finite and the complexity of this problem is exponential in combined

complexity (w.r.t. the size of P) and polynomial in data complexity (w.r.t. the size

of PE) (Dantsin et al., 2001), where we assume that the scoring functions have

constant cost.

3.3 Matchmaking Requirements

In the rest of the chapter, examples refer to an automobile marketplace; we mo-

tivate our work in this domain, without loss of generality. An automobile P2P

e-marketplace supporting users during the bargaining process has to represent fea-

tures such as e.g., look, comfort, optionals, model as well as numerical features as

price, warranty or delivery time. In fact, based on these features both the buyer is

able to formulate her request and the seller to describe the good to be sold. On the

other hand, they can express different preferences on several features, i.e., a buyer

can specify conditional preferences, such as

1. if the car is a sports one, than the feeding has to be gasoline;

or she can state that she prefers

2. a cheap car, yet if the car is provided with a GPS system she is ready to pay

up to 17,000e

or the seller can offer

3. a sedan with 4 year warranty or 120,000 km warranty;
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Looking at the above examples, we observe that constraints can involve only

numerical features (# 3), or non numerical ones (# 1), as well as both of them (#

2). Furthermore, we notice the buyer’s requests (# 1 and # 2) can be split into two

different parts. In fact, the buyer expresses as a hard requirement that if the car is a

sports one then the feeding has to be gasoline and as a preference, soft constraint,

that she is willing to buy a cheap car but she could spend some more if the car

is equipped with a GPS system. Of course, the same can be stated for a seller’s

supply (Sedan can be a hard constraint, while warranty can be specified as soft).

Hard/soft constraints: In a typical e-marketplace scenario, the issues within both

the buyer’s request and the seller’s offer can hence be split into strict requirements

and preferences. Strict requirements represent what the buyer and the seller want to

be necessarily satisfied in order to accept the final agreement – in our framework we

call strict requirements hard constraints. Preferences denote issues they are willing

to negotiate on – this is what we call soft constraints. Hence, the matchmaker has to

be able to handle both hard and soft specifications of both the buyer and the seller.

Let us now introduce an example request, we will use to explain some aspects of

our approach:

Example 1 Suppose to have a buyer’s request like “I want a station wagon black

or grey. Preferably I would like to pay less than 14,000 e furthermore I’m willing

to pay up to 17,000 e if warranty is greater or equal than 100,000 km. (I don’t

want to pay more than 19,000 e and I don’t want a car with a warranty less than

60,000 km)”. In this example we identify:

hard constraints ={ Body Type: Station wagon. Color: Black or

Grey. Price: ≤ 19, 000 e. Warranty: ≥ 60, 000 km}.

soft constraints = { Price: ≤ 14, 000 e. Warranty-Price: if War-

ranty ≥ 100,000 km then Price ≤ 17,000 e }
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3.3.1 Preferences and Utilities

In a matchmaking process, retrieving supplies matching the request taking into

account only hard constraints would be trivial. Instead, given a request and a set

of retrieved supplies, the matchmaker should find—and rank—the most suitable

or promising agreements to propose to both parties, by exploiting soft constraints

expressed both by the buyer and the seller.

Then, among the supplies completely satisfying all the requirements modeled

in hard constraints, the top-ranked ones will be those best satisfying features ex-

pressed in the soft constraints proposed both by the buyer and the seller.

For what concerns soft constraints, we observe that the buyer’s and seller’s

satisfaction degree, with respect to a final agreement, depends on which parts of

her preference specifications have been satisfied. For instance, w.r.t. Example 3

suppose to have the following two supplies1:

σ′ : Body Type:Station wagon. Color: Grey. Price: 16,000 e. Warranty:

200,000 km.

σ′′ : Body Type: Station wagon. Color: Black. Price: 13,000 e. Warranty:

50,000 km .

Comparing these supplies with buyer’s soft constraints we note that σ′ satisfies

the preference β2 = {Warranty-Price: if Warranty ≥ 100,000 km then Price ≤

17,000 e}, while σ′′ the preference β1 = {Price: ≤ 14,000 e}. How to evalu-

ate the best one? We expect the buyer assigns a positive utility value representing

the preference relevance to sub-parts of soft constraints. In this case we assume

utility values—call them u(β1) and u(β2)—both for β1 and β2. It is not in the

scope of this work to investigate on how to compute u(β1) and u(β2); we might

assume, without loss of generality, they are determined in advance by means of

1For the sake of simplicity in this section we consider supplies where soft constraints are not

specified.
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either direct assignment methods (Ordering, Simple Assessing or Ratio Compari-

son) or pairwise comparison methods (like AHP and Geometric Mean) (Pomerol

and Barba-Romero, 2000).

Actually, the same holds from the seller’s perspective. In fact, in a P2P e-

marketplace the seller may express his preferences — soft constraints e.g., on sell-

ing price, warranty, delivery time — with corresponding utilities u(σj), as well as

his hard constraints (e.g., color, model, engine fuel, etc.).

The only constraint on utility values is that both seller’s and buyer’s ones are

normalized to 1 to eliminate outliers, and make them comparable (Keeney and

Raiffa, 1976).

∑
u(βi) = 1 (3.2)∑
u(σj) = 1 (3.3)

3.3.2 Utility Functions

As pointed out so far, both buyer and seller may express some preferences (soft

constraints) on features, or their combination. In Section 3.3.1 we also stated

that usually a buyer sets a utility value u(βi) for each of the preferences βi she

expresses — the same can be stated if also the seller expresses preferences σj

with practically no change. Usually the utility function is defined considering user

preferences and allowing to assess a user’s interest in an item, or a bundle of them

(Keeney and Raiffa, 1976). Since we assume utilities on preferences as additive,

here we can write the global utility of the buyer uβ and of the seller uσ as just a

sum of the utilities of preferences satisfied in the agreement. If we are able, for

each preference βi of the buyer and σj of the seller, to evaluate a score si and

sj representing a degree of preference satisfaction, then it is reasonable to think

that the global utility has to take into account also these information. Hence, in
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formulas, we write the two utility functions as:

uβ =
∑
{si ∗ u(βi) | βi is satisfied in the final agreement} (3.4)

uσ =
∑
{sj ∗ u(σj) | σj is satisfied in the final agreement} (3.5)

3.3.3 Reservation Values

From Example 3, we note that while considering numerical features, it is still pos-

sible to express hard and soft constraints on them. A hard constraint on a numerical

feature can be considered as a reservation value (Raiffa et al., 2002) on the feature

itself. In Example 3 the buyer expresses two reservation values, the one on price

“more than 19,000 e”, the other on warranty “less than 60,000 km”. Both buyer

and seller have their own reservation values on each feature involved in the nego-

tiation process. It is the maximum (or minimum) value in the range of possible

feature values to reach an agreement, e.g., the maximum price the buyer wants to

pay for a car or the minimum warranty required, as well as, from the seller’s per-

spective, the minimum price he will accept to sell the car or the minimum delivery

time. Usually the reservation value is private information: each part knows its own

reservation value and ignores the opponent’s one. Keeping the price example, let

us suppose that the maximum price the buyer is willing to pay is 19,000, while

the seller minimum allowable price is 12,000, then we can set the two reservation

values: rβ,price = 19,000 and rσ,price = 12,000, so the agreement price will be

in the interval [12,000... 19,000]. Otherwise if rβ,price ≤ rσ,price no agreement

will be possible and the supply will not be retrieved. As private information the

reservation value is not revealed to the other party, but will be taken into account by

the matchmaker retrieving the most promising supplies. Since setting a reservation

value on a numerical feature is equivalent to set a hard constraint, then, once the

buyer and the seller express their hard constraints, reservation values have to be

added to them (see Example 3).
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3.3.4 The Matchmaking Process

In this section, based on the notions of preferences, utility, and reservation values

introduced so far, we begin outlining the actual matchmaking process. We start

describing the seller’s advertisement publication within the marketplace; then we

continue following the buyer formulating her request; we close outlining the re-

trieval of most promising agreements, i.e., the matchmaking process itself, which

will be detailed next.

1. Every time a seller enters the marketplace, he proposes his supply expressing

both hard constraints and soft constraints (preferences). Then, he sets his

reservation value rσ,f on each numerical feature f . Eventually, for each

preference σj (if any) he expresses the corresponding utility u(σj).

2. Similarly to the seller, once the buyer enters the marketplace, she formulates

her request defining hard constraints and preferences. After she sets a nu-

merical value rβ,f as her own reservation value on each f , she sets the utility

u(βi) on each preference βi.

3. Based on buyer’s and seller’s specifications, the matchmaker returns a ranked

list of supplies such that: [a] they satisfy both the hard constraints in the

request and conversely their hard constraints are satisfied by the request; [b]

the rank is evaluated taking into account preferences and utility functions uβ

and uσ as defined by equations (3.4) and (3.5).

In a P2P e-marketplace, usually the aim is to find agreements maximizing not

only the buyer’s satisfaction or the seller’s one, but trying to make them equally

satisfied. So the matchmaker has to propose agreements mutually beneficial for

both of them. Such agreements are computed considering the higher values of the

product uβ ∗ uσ (Nash, 1950).
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3.4 Representation of Fuzzy Requirements

Marketplaces are typical scenarios where the notion of fuzziness is often involved.

The concept of Cheap or Expensive are quite usual. Similarly, numerical vari-

ables involved in a commercial transaction expose a fuzzy behavior. For instance,

suppose to have a buyer looking for a car provided with a warranty greater than

100,000 kilometers and a supplier selling his car with a 80,000 kilometers war-

ranty. We can not say they do not match at all. Instead we can say they match with

a certain degree. A logical language able to deal with fuzzy information would be

then a good choice to model matchmaking.

To represent buyer/seller requirements in a Top-k-Datalog setting, hereafter we

use the following notation:

hard constraints =


β(x,y) or β(x) , buyer′s strict requirements

σ(x,y) or σ(x) , seller′s strict requirements

soft constraints =


βi(x,y, s) or βi(x, s) , buyer′s preferences

σj(x,y, s) or σj(x, s) , seller′s preferences

where x is a single variable, y (if present) is a vector of variables and s represents

the score variable as defined in Section 3.2.2. Here we consider fuzzy predicates

only in soft constraints, while we do not allow them in hard constraints. In fact, be-

cause of the nature of fuzzy predicates they can suitably model preferences, while

they are inadequate to model hard constraints. Moreover, since a score is associ-

ated to each fuzzy predicate, we can compute the global utility based on the two

utility functions (3.4) and (3.5) in Section 3.3.2.

The two predicates σ and β model the minimal requirements the buyer and the

seller want to be satisfied in order to accept the final agreement. Notice that, if

seller and buyer set hard constraints in conflict with each other, the corresponding

supply will not be retrieved and no agreement will be reached. Soft constraints are

modeled via Datalog predicates βi for the buyer and σj for the seller, where each
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of them represents a sub-part of the buyer/seller preferences.

The use of x, y and s should be clearer looking at how buyer’s request in

Example 3 is formalized:

βA(x) ← StationWagon(x)

βB(x, p) ← CarPrice(x, p) ∧ (0 ≤ p ≤ 19000)

βC(x, kmw) ← KmWarranty(x, kmw) ∧ (kmw ≥ 60000)

βD(x) ← Grey(x)

βD(x) ← Black(x)

β(x, p, kmw) ← βA(x) ∧ βB(x, p) ∧ βC(x, kmw) ∧ βD(x)

β1(x, p, s) ← CarPrice(x, p) ∧ LS(0, 100000, 14000, 16000, p, s)

β2(x, p, kmw, s) ← KmWarranty(x, kmw) ∧ CarPrice(x, p) ∧

RS(0, 400000, 80000, 100000, kmw, s1) ∧

LS(0, 100000, 17000, 19000, p, s2) ∧

s = max(1− s1, s2)

With respect to the previous encoding we notice that:

1. both in β and in β2 we have y = (p, kmw) while in β1 there is y = (p);

2. defining β1 and β2 here we use two different L-functions to specify mem-

bership degrees for the variable p;

3. looking at price and the corresponding variable p we note the Datalog en-

coding of a requirement changes whether it is a soft or a hard constraint —

a simple inequality in βB , an L-function in β2;

4. reservation values, both on price and on kilometers warranty, are encoded

within strict requirements — as βB for price and βC for km warranty.



3.5. Fuzzy Matchmaking in Top-k-Datalog 66

3.5 Fuzzy Matchmaking in Top-k-Datalog

Now we have all what is needed to model the matchmaking framework in a Top-k-

Datalog setting. First of all we show how to write the corresponding Top-k-Datalog

program Pmatch = 〈PI ,PE〉.

1. for each supply write the corresponding Datalog fact and add it to the Exten-

sional Database PE as shown in Section 3.2.1;

2. encode buyer’s hard constraints requirements as a Datalog rule where the

head contains the predicate β(x,y) as shown in Section 3.4; add the rule to

the Intensional Database PI ;

3. encode seller’s hard constraints requirements as a Datalog rule where the

head contains the predicate σ(x,y); add the rule to PI ;

4. for each buyer’s preference βi, write the corresponding rule in Top-k-Datalog

where the head contains the predicate βi(x,y, s) as shown in Section 3.4;

add the rule to PI ; set the utility value u(βi) as shown in Section 3.3.1;

5. for each seller’s preference σj , write the corresponding rule in Top-k-Datalog

where the head contains the predicate σj(x,y, s) as shown in Section 3.4;

add the rule to PI ; set the utility value u(σj) as shown in Section 3.3.1;

6. add to PI the rules:

Buyer(x,y, uβ) ← β(x,y0) ∧ β1(x,y1, s1) ∧ β2(x,y2, s2) ∧ . . . ∧

uβ = u(β1) ∗ s1 + u(β2) ∗ s2 + . . . (3.6)

Seller(x,y, uσ) ← σ(x,y0) ∧ σ1(x,y1, s1) ∧ σ2(x,y2, s2) ∧ . . . ∧

uσ = u(σ1) ∗ s1 + u(σ2) ∗ s2 + . . . (3.7)

where for each variable in y in the head of one of the two previous rules,

the same variable occurs in at least one of the vectors of the corresponding

body: y0,y1,y2, . . .;
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7. add to PI the rule:

Match(x,y, u) ← Buyer(x,yβ , uβ) ∧ Seller(x,yσ, uσ) ∧ u = uβ ∗ uσ(3.8)

where for each variable in y in the head of the rule, the same variable occurs

in yβ or yσ

Once we have the Top-k-Datalog program Pmatch, then we solve the following

Top-k retrieval problem:

ansk(Pmatch,Match) = Topk{〈x,y, u〉 |

〈y, u〉 ∈ Top1{〈x,y′, u′〉 | P |= Match(x,y′, u′)}} .

Basically, for each key value x of the database, we compute the best matching

〈y, u〉 for it, i.e., 〈y, u〉 ∈ Top1{〈x,y′, u′〉 | P |= Match(x,y′, u′)}, and then

rank the top-k key values.

Notice that the rank is computed considering the product of buyer’s and seller’s

utilities as stated at the end of Section 3.3.4.

We point out that in the above definition we used nested top-k, top-1 com-

putation. The reason is that for an item x there may be different values for the

parameters y, for which there is a non-zero utility u (e.g., for a car, the price,

km warranty, delivery time, etc. may be parameters and, potentially lead to sev-

eral optimal configurations). With the nested top-k formulation, we have cho-

sen that we present for each x, an optimal configuration of the parameters y (the

top-1 part). This will avoid that e.g., for the same car, several other options are

presented in the top-k list. Of course, this choice can trivially be modified to a

simple top-k definition Topk{〈x,y, u〉 | P |= Match(x,y, u)} or even a nested

top-k, top-n definition (for each x consider the top-n options for it) of the form

Topk{〈x,y, u〉 | 〈y, u〉 ∈ Topn{〈x,y′, u′〉 | P |= Match(x,y′, u′)}}.

3.6 Rules for E-Marketplaces Classification

Items classification is a very useful tool for P2P marketplaces. Looking at the most

famous on-line e-marketplaces e.g., Looksmart, Yahoo, Google Base, Autos.com,
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Figure 3.2: (a) Autos.com categories, (b) Looksmart auto, (c) Yahoo Sedan classi-

fication

eBay we note that they all expose a personal classification to guide the user during

the search process. The search can be performed based exclusively on a classifica-

tion hierarchy or mixed with either a keyword based or feature value based search.

In this Section we show that e-marketplace categorization trees can be formalized

as Top-k-Datalog rules. Adding these rules to the program Pmatch it will then be

possible to compute the final agreement taking into account this background do-

main knowledge. In order to show the approach we start with an example taken

from Autos.com. Here we find that Mazda 3 is produced by Mazda and is classified

as Compact Cars. Furthermore Autos.com classifies Compact Cars as Passenger
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Cars (see Figure 3.2-(a)). With respect to the schema of the example database table

sketched in Table 3.1, we write the Top-k-Datalogrules:

Car(x) ← PassengerCar(x)

PassengerCar(x) ← CompactCar(x)

CompactCar(ID) ← CarTable(ID,MODEL, Y EAR,PRICE, . . .) ∧

MODEL = “Mazda 3′′

Mazda(ID) ← CarTable(ID,MODEL, Y EAR,PRICE, . . .) ∧

MODEL = “Mazda 3′′

ID MODEL YEAR PRICE DISCOUNT KM COLOR AIRBAG INTERIOR TYPE AIR COND ENGINE FUEL

455 MAZDA 3 2004 15000 10% 18000 Red 0 VelvetSeats 1 Gasoline

34 ALFA 156 2002 12000 20% 25000 Black 1 LeatherSeats 0 Diesel

1812 FORD FOCUS 2001 13000 20% 20000 Gray 1 LeatherSeats 1 Gasoline

Table 3.1: The CarTable relation with a sample set of offers.

Also notice that within the same Top-k-Datalog program you can also add cat-

egory information from different marketplaces. For example Mazda 3 is classified

by Yahoo and Looksmart respectively also as a sedan and a passenger car. Hence,

Looksmart classification is already modeled by the rules from Autos.com, while to

model Yahoo classification we add to the Top-k-Datalog program the rule:

Sedan(ID) ← CarTable(ID,MODEL, Y EAR,PRICE, . . .) ∧

MODEL = “Mazda 3′′

3.6.1 An Illustrative Example

Let us present a tiny example in order to better clarify the approach. In Table 3.1

some possible offers stored in an e-marketplace database are presented. We call

CarTable the relation representing Table 3.1.

Based both on these information and some specific domain knowledge, we

write the corresponding Top-k-Datalog program Pmatch as explained is Section
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3.5 and Section 3.6. In Figure 3.3 facts in the Extensional Dabase PE represent

the three tuples in Table 3.1.

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

Hard Constraint :

β = I want a sedan or a station wagon. I don’t want to pay more than 13,000e.

Soft Constraint :

β1 = I would like air conditioning if the car has leather seats.

β2 = Preferably I would like to pay less than 11,000e.

β3 = The car should have less than 15,000 km.

Preferences Utilities

u(β1) = 0.05

u(β2) = 0.5

u(β3) = 0.45
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CarTable(455, FORD FOCUS, 2004, 15,000, 10%, 18,000, Red, 0, V elvetSeats, 1, Gasoline)

CarTable(34, ALFA 156, 2002, 12,000, 20%, 25,000, Black, 1, LeatherSeats, 0, Diesel)

CarTable(1812,MAZDA 3, 2001, 13,000, 20%, 20000, Gray, 1, LeatherSeats, 1, Gasoline)

Car(x1) ← CarTable(x1, . . . , x11)

Sedan(x1) ← CarTable(x1, . . . , x11) ∧ x2 = MAZDA 3

Mazda(x1) ← CarTable(x1, . . . , x11) ∧ x2 = MAZDA 3

Sedan(x1) ← CarTable(x1, . . . , x11) ∧ x2 = ALFA 156

AlfaRomeo(x1) ← CarTable(x1, . . . , x11) ∧ x2 = ALFA 156

StationWagon(x1) ← CarTable(x1, . . . , x11) ∧ x2 = FORD FOCUS

Ford(x1) ← CarTable(x1, . . . , x11) ∧ x2 = FORD FOCUS

AirConditioning(x1) ← CarTable(x1 . . . , x11) ∧ x10 = 1

NoAirConditioning(x1) ← CarTable(x1, . . . , x11) ∧ x10 = 0

LeatherSeats(x1) ← CarTable(x1, . . . , x11) ∧ x9 = LeatherSeats

NoLeatherSeats(x1) ← CarTable(x1, . . . , x11) ∧ x9 6= LeatherSeats

V elvetSeats(x1) ← CarTable(x1, . . . , x11) ∧ x9 = V elvetSeats

NoV elvetSeats(x1) ← CarTable(x1, . . . , x11) ∧ x9 6= V elvetSeats

. . .

CarPrice(x, p) ← PossibleCarPrice(x, p,min)

PossibleCarPrice(x1, p,min) ← CarTable(x1, . . . , x11) ∧ p = x4 ∧min = p− p · x5

PossibleCarPrice(x1, p,min) ← PossibleCarPrice(x1, y,min) ∧ p ≥ min ∧ p = y − 100

Kilometers(x1, x6), ← CarTable(x1, . . . , x11)

CataloguePrice(x1, x4), ← CarTable(x1, . . . , x11)

MinimalPrice(x1, y), ← CarTable(x1, . . . , x11) ∧ y = x4 − x4 · x5

LS(k1, k2, a, b, p, 1) ← k1 ≤ p ≤ a

LS(k1, k2, a, b, p, 0) ← b ≤ p ≤ k2

LS(k1, k2, a, b, p, s) ← (a < p < b) ∧ s = (b− p)/(b− a)

RS(k1, k2, a, b, p, 0) ← k1 ≤ p ≤ a

RS(k1, k2, a, b, p, 1) ← b ≤ p ≤ k2

RS(k1, k2, a, b, p, s) ← (a < p < b) ∧ s = (p− a)/(b− a)

Figure 3.3: A part of the Top-k-Datalog program Pmatch used in the example,

representing the knowledge domain.
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Then we add to the Top-k-Datalog program Pmatch the rules:

βA(x) ← Sedan(x) (3.9)

βA(x) ← StationWagon(x) (3.10)

βB(x, p) ← CarPrice(x, p) ∧ (0 ≤ p ≤ 13000) (3.11)

β(x, p) ← βA(x) ∧ βB(x, p) (3.12)

β1(x, 1) ← NoLeatherSeats(x) (3.13)

β1(x, 1) ← LeatherSeats(x) ∧AirConditioning(x) (3.14)

β1(x, 0) ← LeatherSeats(x) ∧NoAirConditioning(x) (3.15)

β2(x, p, s) ← CarPrice(x, p) ∧ LS(0, 100000, 11000, 13000, p, s) (3.16)

β3(x, s) ← Kilometers(x, k) ∧ LS(0, 400000, 15000, 20000, k, s)(3.17)

Buyer(x, p, uβ) ← β(x, p) ∧ β1(x, s1) ∧ β2(x, p, s2) ∧ β3(x, s3) ∧

uβ = 0.05 ∗ s1 + 0.5 ∗ s2 + 0.45 ∗ s3 (3.18)

Since we are in a P2P e-marketplace, also the seller can express hard and soft

constraints. Looking at the information modeled in Table 3.1 we see that a soft

constraint is expressed on price: the seller prefers to sell the car at the catalogue

price, furthermore he may apply a discount. In this case also a reservation value

is set; in fact,he does not want to go down such defined discount (hard constraint).
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Seller’s requirements are then encoded in Pmatch as:

σ(x, p) ← CarPrice(x, p), CataloguePrice(x, catP ) ∧

MinimalPrice(x,minP ) ∧ (minP ≤ p ≤ catP ) (3.19)

σ1(x, p, s) ← CarPrice(x, p) ∧ CataloguePrice(x, catP ) ∧

MinimalPrice(x,minP ) ∧ (minP ≤ p ≤ catP ) ∧

RS(0, 100000,minP, catP, p, s) (3.20)

Seller(x, p, uσ) ← σ(x, p) ∧ σ1(x, p, s1) ∧ uσ = s1 (3.21)

Notice that, in this particular case, the specification of u(σ1) is not required be-

cause of Equation (3.3).

According to the encoding in Section 3.5 the last rule to be added to Pmatch is

the one related to the predicate Match.

Match(x, p, u) ← Buyer(x, p, uβ) ∧ Seller(x, p, uσ) ∧ u = uβ · uσ

Solving a top-3 retrieval problem with respect to Pmatch defined in this example,

the ranked list of agreements is:

x p u

34 11300 0.30

1812 11800 0.19

corresponding to ALFA 156 and FORD FOCUS. Notice that, even if we solved a top-

3 retrieval problem, we retrieve only 2 tuples. MAZDA 3 is not in the result set

because of the conflict between seller’s and buyer’s hard constraints on price.

3.7 A general marketplace

We now extend the previous approach to a more realistic case, in which many buy-

ers and many sellers operate in the same marketplace. We assume that each buyer
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and each seller has a unique identifier, generically denoted by #b, #s, respectively.

PE contains two more tables, recording buyers and sellers data, and #b, #s are the

values of the primary key of each table. Moreover, #s is also added as the value of

a foreign key for the products table (in the Database jargon, tables for products and

sellers have a many-one relation). Moreover, each buyer has its own utility values

u#b , and the same for sellers (u#s). We restate Steps 1–7 of Section 3.5, pointing

out the additions by extending the example, supposing now two buyers (#1, #2)

and two sellers (#3, #4) .

1. for each pair 〈#s,supply〉 write the corresponding Datalog fact and add it

to the Extensional Database PE ; the preceding Table 3.1, once normalized,

becomes the following one.2 Of course, we assume that the CarTable pred-

ID SELLER MODEL YEAR PRICE DISC. KM COLOR AIRB. INT. TYPE AIR COND ENG. FUEL

278 #3 MAZDA 3 2005 15000 15% 18000 Red 0 VelvetSeats 1 Gasoline

455 #4 MAZDA 3 2004 15000 10% 22000 Green 0 VelvetSeats 1 Gasoline

34 #3 ALFA 156 2002 12000 20% 25000 Black 1 LeatherSeats 0 Diesel

1812 #4 FORD FOCUS 2001 13000 20% 20000 Gray 1 LeatherSeats 1 Gasoline

icate has now 12 arguments, and that all clauses involving it are adjusted

accordingly.

2. for each buyer #b, encode that buyer’s hard constraints requirements as a

Datalog rule where the head contains the predicate β(#b, x,y); add the rule

to the Intensional Database PI Note that the first argument #b is a constant

in the rule head; it reifies a relation β#b. Supposing that the example in

Section 3.6.1 referred to Buyer #1, the hard constraint (3.12) becomes

β(#1, x, p)← βA(x) ∧ βB(x, p)

Note that βA(x) and βB(x, p) are not affected by this extension; in fact, they

2Although we could introduce a new relation (ID,SELLER#), we prefer to add a field in CarTable

to skip a join in the intensional program.
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represent constraints that could be used by other buyers too, as in

β(#2, x, p)← βA(x) ∧ βC(x, p)

expressing for Buyer #2 the same car type constraint as for Buyer #1, but a

different constraint regarding its maximum price.

3. for each seller #s, encode that seller’s hard constraints requirements as a

Datalog rule where the head contains the predicate σ(#s, x,y); add the rule

to PI ; supposing that the hard constraints (3.19) of the previous section re-

ferred to Seller #3, they would now be expressed as

σ(#3, x, p) ← CarPrice(x, p), CataloguePrice(x, catP ) ∧

MinimalPrice(x,minP ) ∧ (minP ≤ p ≤ catP )

and similarly for Seller #4.

4. for each buyer #b, and each buyer’s preference βi, write the corresponding

rule in Top-k-Datalog where the head contains the predicate βi(#b, x,y, s);

add the rule to PI ; set the utility value u#b(βi) as shown in Section 3.3.1;

continuing to modify the previous example, preferences (3.14) and (3.17) for

Buyer #1 could be modified as follows:

β1(#1, x, 1) ← LeatherSeats(x) ∧AirConditioning(x)

β3(#1, x, s) ← Kilometers(x, k) ∧ LS(0, 400000, 15000, 20000, k, s)

while each utility value u#1(β1) = 0.05, u#1(β2) = 0.5, u#1(β3) = 0.45 is

now specific for Buyer #1, and Buyer #2 has its own utilities, e.g., u#2(β1) =

0.3, u#2(β2) = 0.7.

5. for each seller #s, and each seller’s preference σj , write the corresponding

rule in Top-k-Datalog where the head contains the predicate σj(#s, x,y, s);

add the rule to PI ; set the utility value u#s(σj) as shown in Section 3.3.1.

For example, Rule (3.20) would be rewritten by substituting its head with

σ1(#3, x, p, s).



3.7. A general marketplace 76

6. for each buyer #b, and each seller #s, add to PI the rules:

Buyer(#b, x,y, uβ) ← β(#b, x,y0) ∧

β1(#b, x,y1, s1) ∧

β2(#b, x,y2, s2) ∧ . . . ∧

uβ = u#b(β1) ∗ s1 + u#b(β2) ∗ s2 + . . .(3.22)

Seller(#s, x,y, uσ) ← σ(#s, x,y0) ∧

σ1(#s, x,y1, s1) ∧

σ2(#s, x,y2, s2) ∧ . . . ∧

uσ = u#s(σ1) ∗ s1 + u#s(σ2) ∗ s2 + . . .(3.23)

where for each variable in y, the same variable occurs in at least one of

y0,y1,y2, . . .; (observe that these rules must be written separately for each

buyer and seller, since each actor has its own predicates β, σ, and values

u#b, u#s; on the other hand, there is just one predicateBuyer and one pred-

icate Seller). For the running example, we would have

Buyer(#1, x, p, uβ) ← β(#1, x, p) ∧

β1(#1, x, s1) ∧

β2(#1, x, s2) ∧

β3(#1, x, s3) ∧

uβ = 0.05 ∗ s1 + 0.5 ∗ s2 + 0.45 ∗ s3

Buyer(#2, x, p, uβ) ← β(#2, x, p) ∧ . . .

uβ = 0.3 ∗ s1 + 0.7 ∗ s2

and similarly for the predicate Seller().

7. Finally, add to PI the rule:

Match(b, v, x,y, u) ← Buyer(b, x,yβ, uβ) ∧ Seller(v, x,yσ, uσ) ∧

u = uβ ∗ uσ (3.24)
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where for each variable in y, the same variable occurs in yβ or yσ. Observe

that b and v3 are variables, that can unify only with a buyer and a seller,

respectively, due to the new definitions (3.22–3.23) of Buyer and Seller.

Now we can have two matchmaking services in the marketplace. The first one

is for a specific buyer #b, that is searching the k best sellers of a kind of product,

according to its own preferences:

B ansk(Pmatch,Match) = Topk{〈v, x,y, u〉 |

〈y, u〉 ∈ Top1{〈v, x,y′, u′〉 | P |= Match(#b, v, x,y′, u′)}}

The second matchmaking service is for a given seller #s, who is adopting a push

marketing strategy, searching for the k most promising buyers for her products:

S ansk(Pmatch,Match) = Topk{〈b, x,y, u〉 |

〈y, u〉 ∈ Top1{〈b, x,y′, u′〉 | P |= Match(b,#s, x,y′, u′)}}

3.7.1 Discussion

Having outlined our approach, we briefly discuss here some of its benefits and

current limits.

First, we estimate the scalability of our approach as the size of the e-marketplace

grows. We note that both the size of PI and PE grows linearly in the number of

buyers and sellers that enter the marketplace. This could seem a drawback, since

the computational cost of the evaluation of a query B ansk, S ansk depends lin-

early on the size of PI , and we expect the number of buyers and sellers to be quite

large in a real application. However the depth of the program Match is bound

by the depth of the predicates about preferences, which we expect, based on eval-

uation, to be a small constant (see also the examples presented in this chapter).

Hence, by standard Database optimization techniques working bottom-up, we can

expect the cost of evaluating B ansk, S ansk to be only a small fraction of the

total number of products in the marketplace.

3We use v for vendor—instead of s for seller—since s has already been used for scores.
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Second, we trace some boundaries about the applicability of this methodology

to different scenarios. Observe that our approach is strictly related to marketplaces

regarding goods to be sold, since we need a relation about product characteristics,

with a foreign key for the seller. We could not easily represent characteristics

of the buyer, e.g., if the seller prefers buyers who never went bankrupt, or who

live in the same city as the seller. Hence, our approach would not fit well to barter

marketplaces, or, for instance, to dating services, since we would need two relations

about characteristics of each actor.



Chapter 4

Semantic Matchmaking in

e-Barter systems

As we have seen in Chapter 1 an electronic marketplace can be basically described

as a system that facilitates business activities by providing users with one, or more,

added value services, w.r.t. the three phases of an electronic transaction: discovery,

negotiation and execution. The main interest of the service provider is obviously

to maximize successful transactions (i.e., what is usually termed as clearing the

market). The service provider revenues depend, indeed, either on charges placed

on each successful transaction or on fixed fees paid for membership required to

benefit of offered services. Successful and renowned existing e-marketplaces are

either person-to-person auction sites such as EBay (www.ebay.com) or business-to-

business (B2B) marketplaces such as Covisint (www.covisint.com) or Alibaba.com

(www.alibaba.com), or procurement services such as CombineNet (www.combinenet.com).

In this chapter we focus on a particular –and definitely ancient– form of com-

mercial interaction, namely barter trade exchange. Historically barter trade was

a bilateral form of exchange of goods and services without currency. Obviously,

we refer here to a modern multilateral barter trade (Haddawy et al., 2005), where

traders do not exchange goods directly, but use a form of private label currency,

named trade dollar. Therefore if they sell a good they receive credits in trade dol-

79
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lars, that can be used to purchase other goods. An electronic barter trade system

is then basically a closed B2B e-marketplace, where the trade of goods/services

among companies is managed by an intermediary (broker). In automated e-barter

exchange agents play the role of managers (acting on behalf of companies) or bro-

kers (acting on behalf of the trade exchange system).

Usually, commercial e-barter systems make money by charging a commission

on each transaction done, so the revenue of the system is higher the more the e-

marketplace is lively. Therefore the role of the broker agent is to stimulate trade ex-

changes, recommending possible promising exchanges given a set of demands and

supplies from the barter pool (the set of companies involved in the e-marketplace).

One of the aims of the barter trade broker is maintaining exchanges as far as

possible balanced, so that the total income of trade dollars by a company equals

to the amount bought by the company itself. In fact maintaining the balance of

trade helps the traders to make purchases in the future increasing the trade volume

over the long run, as pointed out by Haddawy et al. (2005). Furthermore, given a

demand (supply), there are typically several possible supplies (demands) to choose

from, so the pivotal question in an e-barter system is: how can the broker choose

and consequently suggest an exchange to the other agents? The obvious answer

is: by finding the most promising matches such that agents can be equally satisfied

by the exchange. Obviously, price cannot be the only parameter when goods to

be exchanged are not simply undifferentiated ones, and moreover traders do not

make their decision based only on price (Haddawy et al., 2005). Usually price is

negotiated later between buyer and seller, so price other than not being the only

criterion, might not be the most important one. Other parameters to take into ac-

count are, e.g., similarity between demand and supply descriptions, quantity and

trade balance.

We introduce logical languages, in particular Description Logics (Baader et al.,

2002), to model bids. In this way we enhance bid expressiveness, and are able to

catch relations among features, exploiting basic inference services such as satis-
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fiability and subsumption. Yet our aims are manifold and go well beyond simple

matchmaking:

• Maximize utilities of each agent finding the best overall semantic match

among several demands and supplies;

• Maintain the balance of trade;

• Maximize the trade volume.

While achieving these goals separately can be straightforward, it is quite challeng-

ing trying to fulfill all of them at the same time; contributions of this work therefore

include a many-to-many matchmaking process between bid descriptions modeling

both mandatory requirements and preferences, taking into account not only price

and quantities as in classical barter trade systems; a logic-based utility function that

allows to evaluate the semantic similarity between bids; the optimization problem

we solve in order to clear the market keeping exchanges balanced (Ragone et al.,

2008a). The rest of the chapter is structured as follows: in the next section we

illustrate features and motivations for e-barter trading outlining the scenario we re-

fer to; then we illustrate how to model agents bids using the logical language we

adopt. In Section 4.3 we define the logic-based utility function we introduce to

catch the semantic similarity between bids. Section 4.4 outlines the optimization

problem we solve to clear the market, taking into account both quantity constraints

(balance of trade) and utility function.

4.1 The Barter Trade Scenario

The World Trade Organization estimated in 2004 that 15% of international trade

was conducted on non-cash basis, and approximately $8.25 billion was traded

through reciprocal trade companies (International Reciprocal Trade Association,

2006). It should be noted that the interest for bartering does not depend on the pos-

sibility to avoid/reduce value added taxes (VAT), as practically all countries have
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long ago introduced specific legislation that make barter income equal to cash-

based income; the reciprocal trade among firms is considered appealing as it allows

the exchange of unproductive assets and surplus inventory for valuable products or

services, opening at the same time new outlets for excess inventory and unused ca-

pacity (International Reciprocal Trade Association, 2006). Noteworthy examples

of working e-barter marketplaces, among many others, are www.tradia.net,

www.U-Exchange.com, www.trashbank.com, www.tradefirst.com,

www.barterbart.com, and BizXchange1. The range of products/services that

it is possible to buy/sell is very wide; among many others: administrative services,

business consultation, legal and accounting services, automotive services, com-

puter and technology services, telephone and telecommunication systems, com-

mercial furniture.

Let us consider the following scenario2: A chain of hotels needs to buy mobile

phones for a large number of its employees. The company has two choices: the first

one is simply buy the mobile phones in the open market, the second one is pursuing

an exchange of accommodations for mobile phones. Their occupancy rate is about

60%. The chain of hotels therefore may trade hotel stays for a complete mobile

phone supply and increase its occupancy. This is accomplished without the use of

cash, and with mutually benefical results. Hence, the idea is that barter exchange

enables a company to use its excess capacity to finance its purchases.

An e-barter system shares several characteristics with generic B2B e-marketplace,

where agents enter their demands/supplies (bids) to search for potential commer-

cial partners. Differently from a peer-to-peer (P2P) e-marketplace, and similarly to

an auction-based market, there is a central entity, the broker, which finds, on behalf

of the company agents, most promising transactions based on some constraints, as

will be discussed later on. In this work we model the trade balance problem extend-

ing the approach by Haddawy et al. (2005), who modeled the setting as a minimum

1www.bizx.bz
2This scenario is inspired by an example found on the web site http://www.tradia.net/
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circulation problem (Ahuja et al., 1993) on a network, considering expressive de-

mand/supply descriptions referred to a common ontology, similarity among goods,

preferences and utilities of buyers/sellers. As shown by Haddawy et al. (2005)

we consider the trade occurring in business cycles: agent’s bids are entered in the

system, a matching is determined and then the market is cleared, and the cycle

repeats.

In our proposed framework a transaction in the e-barter trade system is there-

fore initiated by the following phases:

• Agents enter the e-marketplace and submit a bid description, modeled using

a logical language(supplies/demand).

• Supply and demand descriptions are effectively matched trying to maximize

agent utilities, taking into account (semantic) similarity between bid descrip-

tions, the market price of each good and the barter trade constraints.

• Given the quantities and the type of good supplied/requested as well as the

market price of each product, the broker tries to maintain the balance of

trade, as requested in an e-barter system, solving an optimization problem,

see Section 4.4.

• The broker finds the most promising matches among bids and proposes

them to the agents in the e-marketplace. While finding the most promis-

ing matches, the broker has to take into account the utility of each agent.

Such a utility is related to preferences that each agent expresses using our

logical language (see Section 4.2).

In such a way it is possible both to balance the trade (as required by a barter trade
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system) and also find for each agent the most promising counterpart, based on the

semantic similarity between bids.

4.2 The Logical Setting

In the rest of the chapter we refer, for the sake of clarity and without loss of

generality, to a mobile phone domain. Clearly, in an e-barter marketplace sev-

eral categories of goods/services will be traded, and an agent looking for mobile

phones will probably sell at the same time another good in the trade system. We

assume the background knowledge T (i.e., an ontology) be modeled using De-

scription Logics (DL). Description Logics (DLs) are a family of logic formalisms

for Knowledge Representation, whose basic syntax elements are concept names,

properties and individuals. Concepts names stands for set of objects in the domain

(WindowsMobile, Bluetooth, WebBrowser) while properties link (sets of)

objects in the domain (hasOS, supportedNetwork, hasComponent). Indi-

viduals are used for special named elements belonging to concepts (NokiaN80,

MotorolaRazor).

Description Logics are usually endowed with a model theoretic formal seman-

tics. A semantic interpretation is a pair I = (∆, ·I), where ∆ represents the

domain and ·I is the interpretation function. This function maps every concept to a

subset of ∆, and every property to a subset of ∆×∆. Then, given a concept name

A and a property name R we have:

AI ⊆ ∆

RI ⊆ ∆×∆

The two symbols > and ⊥ are used to represent the most generic concept and

the most specific one respectively. Hence their formal semantics correspond to

>I = ∆ and ⊥I = ∅.

Properties and concept names can be combined using existential role quantifi-

cation, e.g., MobilePhone u ∃supportedNetwork.3G describing the set of
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mobile phones supporting at least 3G (third generation) networks, and universal

role quantification e.g., MobilePhone u ∀hasOS.Symbian describing the set

of mobile phones having only Symbian operating system installed. The formal

semantics of universal and existential quantification is as follows:

∃R.C = {x ∈ ∆ | ∃y, (x, y) ∈ RI ∧ y ∈ CI}

∀R.C = {x ∈ ∆ | ∀y, (x, y) ∈ RI → y ∈ CI}

Well formed formulas in DLs (in DLs jargon knows as concept expressions) can

be written using constructors to write concept and property expressions. Based

on the set of allowed constructors we can distinguish different Description Logics.

Basically, every DL allows one to form a conjunction of concepts, usually denoted

as u; some DL include also disjunction t and complement ¬ to close concept

expressions under boolean operations.

(C uD)I = CI ∩DI

(C tD)I = CI ∪DI

(¬C)I = ∆\CI

The Description Logic closed under Boolean operators is referred as ALC. De-

pending on the adopted Description Logic one is also allowed to use construct

involving concrete domains as Camerau ≥2 megaPixel describing a camera

with at least 2 megapixel of resolution. Notice that while properties, as hasOS,

are mapped to a subset of of ∆ × ∆, concrete properties, as megaPixel are

mapped to a subset ∆×D where D is a concrete domain.

(≤k R)I = {x ∈ ∆|RI(x) ≤ k}

(≥k R)I = {x ∈ ∆|RI(x) ≥ k}

(=k R)I = {x ∈ ∆|RI(x) = k}

Actually, more espressive operators can be added to this logic as number restric-

tions, transitive roles and inverse roles just to cite a few (Baader et al., 2002). The
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expressiveness of a DL depends on the type of constructors allowed; we point out

that our approach is completely independent of the particular DL chosen to de-

scribe the domain knowledge.

In order to formally represent the domain knowledge and constraints intercur-

ring among elements of the domain, we can model an Ontology T (for Terminol-

ogy) containing axioms D v C where D and C are well formed formulas in the

adopted DL and R v S where both R and S are properties. The formal semantics

of such axioms is:

(C v D)I = CI ⊆ DI

(R v S)I = RI ⊆ SI

We can also write C ≡ D to represent both C v D and D v C.

In the rest of the chapter we refer to the Ontology T depicted in Figure 8.1.

In axiom (4.1) a simple subclass relation is represented (W-CDMA is a 3G tech-

nology). Axiom (8.1) forces the domain of type to be a Componentwhile axiom

8.2 forces the range of hasComponent to be a Component. Noteworthy are

also axiom (8.7) and axiom (4.3). The first one represents a disjointness relation (a

Symbian OS is not a Microsoft Windows Mobile OS and vice versa). Together with

axiom (4.3) (Mobile operating systems are Microsoft Windows Mobile or Symbian

ones) they represent the complete partition of MobileOS3. Using axioms in the

ontology we can also relate properties. This is the case of axiom (4.7) where it is

stated that a mobile phone equipped with Symbian Operating System supports the

MPEG-4 mutimedimedia format. Finally, axioms can be used to define terms to be

used as synonyms of complex descriptions as in axiom (4.6) where a smart phone

is defined as a mobile phone supporting web browsing, provided with a graphical

display, 3G connectivity and a QWERTY keyboard.

3This is a simplified model of the mobile phones domain where many other operating systems

exist.
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W-CDMA v 3G (4.1)

WindowsMobile v ¬Symbian (4.2)

MobileOS ≡ WindowsMobile t Symbian (4.3)

Camera v Component

Display v Component

Keyboard v Component

Display v ¬Camera

Display v ¬Keyboard

Camera v ¬Keyboard

∃type v Component (4.4)

> v ∀hasComponent.Component (4.5)

SmartPhone ≡ MobilePhone u ∃hasSoftware.WebBrowser u(4.6)

∃hasComponent.(Display u ∃type u

∀type.Graphical) u ∃supportedNetwork.3G u

∃hasComponent.(Keyboard u ∃type.QWERTY)

∃hasOS.Symbian v ∃supports.MPEG4 (4.7)

Figure 4.1: Reference Ontology
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Using concepts and roles defined within the ontology T , it is possible to de-

scribe items to be sold as well as items to be bought with corresponding prefer-

ences. As an example, consider three agents in the e-marketplace selling mobile

phones4 (for the sake of conciseness we translate in DL only the first description):

[S1 – LG enV VX9900:] Mobile phone with a digital camera, 2 mega pixels and

4X digital zoom, W-CDMA network technology, supported media format:

MPEG-4, 3gp, MP3.

LG enV VX9900 =

MobilePhone u ∃hasComponent.(Camerau

=2 megaPixelu =4 zoom)u

∃supportedNetwork.W-CDMA u ∃supports.MPEG4u

∃supports.3GP u ∃supports.MP3

[S2 – Nokia N95:] Mobile phone with Digital Camera, 5.0 mega pixels and

10X zoom, WCDMA and GSM network technology, supported media for-

mat: WMA, AAC, MP3. Infrared, Wi-Fi and Bluetooth wireless technology,

phone endowed with Symbian OS.

[S3 – Samsung BlackJack SGH i607:] Smart phone with digital camera, 1.3

mega pixels and 2X digital zoom, supporting the MP3 format. Bluetooth

wireless technology, phone endowed with Microsoft Windows Mobile Op-

erating System.

On the other hand, let us suppose an agent i enters the e-marketplace looking for

a “mobile phone with a digital camera with at least 2 mega pixel resolution and

digital zoom at least 4X, supporting MP3 format and optionally the MPEG-4, Blue-

tooth connection and infrared port, endowed preferably with a Symbian operating

system, and a 3G mobile telephony communications protocol”. Clearly, in such a

4The mobile phone descriptions we refer to have been taken from the web site:

http://shopping.yahoo.com Category: Electronics→ Cell-Phones.
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bid it is possible to distinguish strict requirements, features the agent wants to be

specified in the description of the item to be bought, i.e., they have to be provided

by the seller, and preferences, features that, although not strictly necessary, make

the agent more satisfied and happier.

Strict requirements: “mobile phone with a digital camera, supporting MP3 for-

mat, Bluetooth, endowed with a 3G mobile telephony communications pro-

tocol”

Preferences: “ at least 2 mega pixel resolution and digital zoom at least 4X, sup-

porting MPEG-4 format, infrared port, endowed with a Symbian operating

system”

We can represent both strict requirements and preferences as DLs formulas.

Bi = MobilePhone u ∃hasComponent.Camerau

∃supports.MP3 u ∃connections.Bluetoothu

∃supportedNetwork.3G

(“mobile phone with a digital camera, supporting MP3 format, Bluetooth

connection, endowed with a 3G mobile telephony communications proto-

col”)

P i
1 = ≥2 megaPixelu ≥4 zoom

(“at least 2 mega pixel resolution and digital zoom at least 4X”)

P i
2 = ∃supports.MPEG4

(“supporting the MPEG-4 format”)

P i
3 = ∃connections.Infrared

(“infrared port”)

P i
4 = ∀hasOS.Symbian

(“endowed with a Symbian operating system”)



4.3. Bid expressiveness 90

Which will be the supply most suitable for the buyer’s agent? How can we de-

termine the items more appealing for the agent i? Looking at formulas, we can

say that offer S1 does not satisfy the strict requirement for Bluetooth, while S2

and S3 fulfill all the strict requirements Bi. Hence offer S1 has not to be con-

sidered as a promising partner for agent i. Notice that because of the axiom

in the ontology ∃hasOS.Symbian v ∃supports.MPEG4 we know that the

mobile phone described by S2 supports MPEG-4 format, even if this is not ex-

plicitely stated. Similarly, we know the same phone supports a 3G protocol because

T |= W-CDMA v 3G. For what concerns S3 description, thanks to the axiom in

the ontology relative to smartphone we know that the phone described by S3 sup-

ports a 3G communication protocol. Given the ontology T , in formulas we have

the following relations: T 6|= S1 v Bi, T |= S2 v Bi, T |= S3 v Bi Similarly

to the one for strict requirements, we can establish a criterion to decide, between

offers S2 and S3, which is the one better fulfilling the buyer preferences. In other

words we are going to define a logic-based utility function that allow to measure

the satisfaction degree of an agent (see Section 4.3.1).

4.3 Bid expressiveness

Let L be a Description Logic and T an ontology expressed as a set of formulas

over L.

We name the n agents of the e-barter as { 1,. . . ,n } , and use i as a variable over

{ 1,. . . ,n } . Hereafter, whenever we use indexes is with the following meaning:

in •ik, i represents an agent, while k, the k-th element of a set. Each agent i looks

for (“buys”) some good Bi, and offers (“sells”) some other good Si. Both Bi and

Si are formulas in L. We also let minQBi, maxQBi, minQSi, and maxQSi

be the minimum and maximum quantities that agent i is willing to buy and to sell,

respectively. For the sake of simplicity, we assume that each agent “buys” only

items of one type of good and “sells” items of only one other type of good.
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4.3.1 Preferences and Utility functions

If the agent i is willing to buy a certain quantity of a good, then it can formulate its

request setting some characteristics as strict and others as preferred. Strict char-

acteristics represent what has to be specified in a good description Sj in order to

be considered by i. Preferred characteristics make i happier if Sj exposes them.

Hence, if i is looking for some good to be traded, it expresses its request as a set of

formulas:

Bi : a Description Logic formula representing strict requirements;

{P i
k} : a set of Description Logic formulas representing preferred requirements.

The preferences of each agent i are formalized by a utility function ui : L 7→ <+,

assigning a worth to Bi and to each formula in {P i
k}.

Of course, we assume that ui is very sparse, and only a few number of formulas

in L have a non-zero utility, corresponding to those characteristics—single concept

names, or generic Description Logics formula—an agent considers important. P i
k

are formulas to which agent i assigns some worth (i.e., a non-zero utility). In

formulas:

uij = ui(Bi) +
∑
{ui(P i) | T |= Sj v P i} (4.8)

where uij is the utility gained by agent i when buying good Sj from agent j, com-

puted as the sum of utilities set by i of characteristics which are fulfilled by good

sold by j.

We now explain why we require agents to put a utility over their strict require-

ments. In Classical Negotiation Theory (Nash, 1950), the existence of a disagree-

ment payoff is always hypothesized. Such a payoff is the minimum utility each

agent requires to pursue the negotiation, and usually represents both the attitude

of an agent towards negotiation—a high disagreement payoff models the fact that

the agent is rather unwilling to negotiate at all—and some fixed costs which be re-

paid by the agreement. Since the behavior of our agents is that if at least the strict
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requirements are fulfilled, they may accept the barter, it follows that such strict re-

quirements should have a utility which is equal to, or greater than, the disagreement

payoff hypothesized by the theory.

4.3.2 Prices

Prices could be set in two ways: we call them exogenous prices and endogenous

prices.

In exogenous prices, we suppose that every offered good—whoever offers it—

has a market price, given by the value of a global function p(Si) ∈ <+, in barter

dollars. This price is set by the barter autonomously with reference to the market

price, and we require that whenever two agents i and j sell the same good—that is,

when T |= Si ≡ Sj—then p(Si) = p(Sj)5.

On the other hand, endogenous prices are fixed by the well-known result by

Arrow and Debreu (1954) that states that there exists a unique price vector p such

that if every agent maximizes her own utility, the market clears, subject to the

constraints that every agent cannot spend more than the worth she initially owes.

Deng et al. (2002) proved that the result can be extended to indivisible goods—

as in our case—and that one can find a price that minimizes the deficiency of the

market, although that price is hard to approximate.

We now discuss the two options. Endogenous prices are advisable for a closed

market; one in which no other agent can enter in the future, and that must find an

equilibrium in itself. In fact, Arrow& Debreu’s result does not take into account

any intrinsic value of the bartered objects—e.g., their production cost. So it may

happen that an agent selling a good which is not required by other agents at a given

moment of the e-barter marketplace gets a very low price for it, because the utility

that the other agents assign to the good is very low. However, the situation might

5Observe that since in L there could be more than one way of describing the same good—e.g., in

the simplest case, two synonyms, made equivalent by a formula in T—we use logical equivalence

Si ≡ Sj to express the fact that agent i and agent j sell in fact the same good.
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change when another agent, requiring exactly that good, enters the marketplace.

These considerations suggest us to opt for exogenous prices. Hence, from now on,

we assume that every good has a price which is fixed by the barter independently

of the market status.

4.4 The barter trade optimization

Our optimization problem is finding non-negative integral values for n2 − n vari-

ables qij i, j ∈ {1, . . . ,n}, i 6= j, representing the quantity of good sold by agent

j to agent i, at the price of p(Sj) barter dollars. Each variable qij is subject to the

following constraints:

minQBi ≤
∑

j q
ij ≤ maxQBi (4.9)

minQSj ≤
∑

i q
ij ≤ maxQSj (4.10)

These constraints express the fact that globally, the quantities traded by agents

should be within the range they specified. Intuitively, an agent might not want

to exchange a good below a given minimal quantity in order to, say, reduce its

marginal costs, or reduce packaging and shipping costs. Analogously, an upper

bound on the quantity could model production/consumption physical limits.

Moreover, we force qij = 0 if the strict characteristics of the good required by

agent i are not implied by the ones offered by agent j, i.e., if T 6|= Sj v Bi.

To ease summations, we also let qii = 0 for n “fake” variables. Then, we let n

new variables bi, . . . , bn (“balances”) be defined by

bi =
∑
j

qji · p(Si)−
∑
j

qij · p(Sj) · (1/uij) (4.11)

We now explain Formula (4.11). The balance of an agent is usually made by

the barter dollars gained by giving (several items of) good Si minus the barter

dollars it owes the barter exchange to get (several items of) good Bi. Hence, one

would expect the balance for the agent i to be defined simply by bi =
∑

j q
ji ·
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Figure 4.2: The flow of barter dollars: Nodes correspond to agents, edges (i,j) to

barter dollars agent i will pay to agent j in exchange of qij items of Supply Sj.

p(Si)−
∑

j q
ij · p(Sj) However, we have to remember that the items that Agent i

gets might not be exactly the ones it looked for: some preferred characteristics

might not be satisifed by the items it buys. We have to weigh the barter dollars

spent with “how bad” are the bought items w.r.t. i preferences. This is the reason

why, in Formula (4.11), barter dollars spent by i, i.e.,
∑

j q
ij · p(Sj), are scaled by

its corresponding utility. This allows us to compare different matches and hence

discover the most promising ones, as the higher is the value of the logic-based

utility function the higher will be the semantic similarity between the two bids.

Let us clarify the idea behind the flow of barter dollars with the aid of a graph

representation. Starting from Bi and Sj, with i, j ∈ {1, . . . ,n}, i 6= j, we can

build a weighted directed graph (see Figure 4.2) following these simple rules:

— for each agent, draw a node and label it with its name;

— given two nodes i and j, if T |= Sj v Bi then draw an edge from node i to node

j;

— assign to each edge from node i to node j, a label qij · p(Sj) representing the

barter dollars i will pay to j.
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Given an agent i, the corresponding balance bi is computed as the summation

of weights asociated to the edges (i, j) and (j, i). Weights labelling (i, j) edges

represent barter dollars i pays to j —their value is considered negative in the sum-

mation in equation (4.11)— while the ones labelling (j, i) edges represent barter

dollars that i receives from j —their value is considered positive in the summation

in equation (4.11).

We impose that the balances are “close enough” to zero with the following

constraints:

−ε ≤ bi ≤ ε for i = 1, . . . ,n (4.12)

for a suitable value for ε. When the exchange of goods lasts several rounds (pos-

sibly, forever) we record in each round the value of each agent’s balance pbi, and

modify (4.12) as −ε ≤ bi + pbi ≤ ε, in order to make compensations for unbal-

anced agents in subsequent rounds.

Finally, our objective function is: max
∑

ij q
ij , in order to maximize the barter

capabilities of the barter exchange.

Taking the overall system of disequations (4.9)–(4.12), we get a Mixed-Integer

Programming, solvable with standard techniques (Hillier and Lieberman, 2005).

We remark the fact that our framework is a true extension of the proposals for

barter exchange regarding fixed goods, as the one of Haddawy et al. (2005): in

fact, it is sufficient to set the utility of each Bi to 1, and to let every agent have

no preferences. In this case, Formula (4.11) becomes the usual balance for trade

dollars.

4.5 Related Work

With reference to logic-based matchmaking, we refer to related work in Chapter

2.6.1. Nevertheless in all those approaches the matchmaking process is defined

according to one player’s perspective, according to a different purpose. Namely,

the purpose is to rank a set of promising offers according to buyer’s preferences
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or viceversa. In our framework we model the matchmaking process as a many-to-

many one, taking into account both buyers’ and sellers’ preferences.

As first pointed out by Segev and Beam (1999) the role of an electronic me-

diator in marketplaces is becoming increasingly important, as the broker can help

agents to search for potential partners as well as to negotiate. Moreover, being

a trusted third party, it can collect information from the agents and then suggest

to the parties win-win solutions otherwise difficult to discover by agents them-

selves. Segev and Beam assumed in their model that for each product the quantity

requested/supplied is equal to one. The negotiation process is based on price, basi-

cally the seller’s bid with a price lower than the buyer’s one is chosen. So they do

not consider in their analysis either the problem of different quantities that can be

requested/supplied or the semantic similarity between bids. Haddawy et al. (2005)

modeled the trade balance problem as a minimum cost circulation problem (MCC)

on a network. They addressed the typical problem in a barter exchange: match-

ing buyers and sellers such that the trade volume is maximized while the balance

of trade is maintained as much as possible. Furthermore the matching algorithm

presented by Haddaway et al. is a quantitative one; they suppose that goods re-

quested/supplied in the e-marketplace are exactly the same. Therefore no semantic

relation among goods is taken into account, neither are agents’ preferences, while

it is intuitive that, as long as the market does not deal only with undifferentiated

goods, structured and complex descriptions should be taken into account, and pref-

erences handling allows one to find many more possible matches and business

opportunities.

Núñez et al. (2005) modeled an e-barter system using a hierarchical structure.

Agents are grouped in local markets and when, in turn, each market gets com-

pleted, an agent, representing the whole market, is created and it is grouped in

a new market. A utility function models agents preferences on basket of goods,

hence only quantitative preferences are taken into account and no semantic rela-

tions among attributes are modeled. In our framework we define a logic-based



4.5. Related Work 97

utility function, thus taking into account both qualitative and quantitative prefer-

ences. The use of a logical language enhances the bid expressiveness and it allows

one to catch semantic relations between attributes, through basic inference services

such as subsumptions and satisfiability. Ragone et al. (2008b) modeled a negotia-

tion process among agents in an open e-marketplace and semantic relations among

attributes are taken into account, using a propositional logic to model preferences.

Here we use much more expressive DLs and introduce an approach to deal with

quantities and to balance the (closed) barter market.



Chapter 5

Logic-based automated

multi-issue bilateral negotiation

Negotiation crosses the boundaries of several disciplines, including economics,

computer science, decision support theory, organizational theory. A number of def-

initions have been proposed in the literature referring to negotiation, none of them

completely exhaustive or covering the boundless negotiation arena in the various

domains. We refer here to the one by Parsons et al. (1998), that defines negotiation

as “the process by which a group of agents communicate with one other to try and

come to a mutually acceptable agreement on some matter.” Bilateral negotiation

finds applications in different scenarios, each one with its own peculiarities and

issues. Among others, resource and task allocation problems (e.g., scheduling, lo-

gistics, bandwith usage), online auctions (eBay probably being the most renowned

example), e-marketplaces. In this chapter we obviously do not claim to propose a

negotiation mechanism suitable for all the above cited scenarios, as each scenario

has its own key dimensions, more or less crucial, depending on the scenario itself:

a mechanism having some good characteristics for some domain, can be, indeed,

completely unsuitable for another one. We focus on mechanisms to automate ne-

gotiation in peer-to-peer (P2P) e-marketplaces (Wellman, 2004), where products

(cars, houses, Personal Computers, etc.) or services (travel booking, wedding ser-

98
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vice, etc.) can be, at the same time, provided by suppliers or searched by potential

customers. In the rest of the chapter we refer, by way of example, without loss of

generality, to an automotive e-marketplace.

In the framework we study, the negotiation problem can be characterized by

the following key dimensions:

• Multiple issues. Differently from e-marketplaces dealing with undifferentiated

products (commodities as oil, concrete, etc.) or stocks, where only price, time

or quantity have to be taken into account, in a P2P e-marketplace also other

features have to be considered during the negotiation process. Since when a po-

tential buyer browses an e-marketplace, she may look for a good (e.g., a car)

fulfilling her needs and/or wishes, so that not only the price is relevant, but also

warranty or delivery time, as well as look, model, comfort and so on. Usually,

issues are described as uncorrelated terms, without considering any underlying

semantics. Moreover, issues may not be established in advance (before the ne-

gotiation starts) as it is usually assumed in many problems of resource and task

allocation (see Section 5.7 for an extensive discussion). In our approach, we

model a multi-issue bilateral negotiation problem where issues can be in some

way interrelated (e.g., “I would like a station wagon endowed with shadow rear

windows if its color is black”).

• Language. Agents need to communicate with each other in order to express not

only what they are searching for/offering, but also to express preferences on is-

sues or bundles thereof. A language has to be defined to express product/service

descriptions, as well as preferences on issues characterizing the product/service

itself, e.g., the buyer can state: (1) “I can spend up to 25000 e for a passenger

car only if there is a navigator pack included”; while the seller can provide (2)

a “Sedan with a price not less than 23000 with a GPS system included”. How

can we determine if there is a negotiation space between them? In order to han-

dle preferences involving numerical features and non-numerical ones, we define

(Section 6.4), the logicP(N ) as communication language, a Propositional Logic
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endowed with Concrete Domains . So the above preferences can be expressed

as (1) PassengerCar ∧ (price ≤ 25000) ⇒ NavigatorPack and (2)

Sedan∧ (price ≥ 23000)∧GPS system, where relations among issues are

made explicit in a logical Theory ( i.e., an ontology), where we can express that

a Sedan is a type of Passenger car (Sedan ⇒ PassengerCar) or that a Suv

is not a Sedan (SUV ⇒ ¬Sedan) or still, find the meaning of Navigator pack

(NavigatorPack⇔ SatelliteAlarm ∧ GPS system).

• Utilities. Once agents have expressed their own preferences, it is important to

compare them, weighting each agent’s preferences. This can be done ranking

preferences in an ordinal or cardinal way. Furthermore we are interested not

only in local preferences (over logical formulas), but also in global preferences

(over entire agreements). Hence, we compare and evaluate different kinds of

agreement to find the most suitable agreements for both agents. To this end we

define a utility function taking into account how much preferences are satisfied

in the final agreement, their relative relevance and how much (for numerical

features) each preference is satisfied, see Sections 5.2 and 5.3.

• Information. Another important dimension of the negotiation problem is: what

I know about my opponent. An agent can know everything (preferences and

worth of them), as well as only preferences (but not their worth) or nothing

about its opponent. The less he knows the more it is difficult to model a negotia-

tion mechanism (Kraus (2001) made an extensive discussion on this point). We

adopt a centralized approach1 where agents reveal their preferences and worth

of them only to a trusted mediator. As pointed out by Raiffa et al. (2002, p.311),

usually, bargainers may not want to disclose their preferences or utilities to the

other party, but they can be more willing to reveal this information to a trusted—

automated—mediator, helping negotiating parties to achieve efficient and equi-

table outcomes.

1We refer to Section 5.7 for a thorough discussion on centralized/distributed approaches.
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• Agreement. Usually, the main target of an agent is to reach a satisfiable agree-

ment in a reasonable amount of communication rounds. Furthermore, knowing

if such an agreement is also Pareto-efficient is a matter that can not be left out.

A protocol and strategies have to be defined in order to ensure that the reached

agreement is Pareto-efficient. Besides, it is fundamental to assess how hard it

is to find Pareto-efficient agreements and check whether a given agreement is

Pareto-efficient. In our framework, we propose a one-shot protocol with the

intervention of a mediator with a proactive behavior: it collects agent’s pref-

erences and proposes to each participant a fair Pareto-efficient agreement (see

Section 5.4.2). For what concerns strategy, the players reveal their preferences to

the mediator and then, once it has computed a solution, they can accept or refuse

the agreement proposed to them; they refuse if they think possible to reach a

better agreement looking for another partner, or for a different set of bidding

rules. Notice that here we do not consider the influence of the outside options in

the negotiation strategy (Muthoo, 1995).

• Mediator. As hinted above, we adopt a centralized approach with a media-

tor acting as a nonbinding arbitrator (Raiffa et al., 2002). Although we admit

approaches to negotiation involving a mediation entity are often controversial

(Section 5.7), we stress here its importance in our p2p e-marketplace frame-

work. Its roles are as follows: it collects and stores advertisements (requests and

offers), it allows agents to keep preferences and their worth as private informa-

tion, it solves the optimization problem (Section 5.4), which allows to determine

fair Pareto-efficient agreements, and finally notifies the bidders, paving the way

to the actual transaction. Furthermore, the actual deployment of our approach in

a real-world system can be made economically feasible if the mediator charges

a fee for each successful transaction, i.e., for each proposed agreement accepted

by both parties.

Observe that in our framework it is possible to model positive and negative

preferences (“I would like a car either black or gray, but not red”), as well as
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conditional preferences (“I would like leather seats if the car is black”) involving

both numerical features and non-numerical ones (“If you want a car with GPS

system you have to wait at least one month”) or only numerical ones (“I accept to

pay more than 25000e only if there is more than a two-years warranty”).

Besides we model quantitative preferences; thanks to the weight assigned to

each preference it is possible to determine a relative importance among them, rather

than only a total order between them2.

Summarizing, the main contributions of this work include: a framework to au-

tomate multi-issue bilateral negotiation; the logical language P(N ), able to handle

both numerical features and non-numerical ones, as well as to represent existing re-

lations between issues and preferences as formulas. The rationale for this proposal

is somehow obvious: using an ontology T it is possible to catch an inconsistency

among preferences (agents cannot agree on A and B at the same time if in T A

is defined as disjoint from B). On the other hand, the use of a formal ontology al-

lows one to discover that an agent preference is satisfied (implied) by a preference

of its opponent, even if this is not explicitly modeled at the syntactical level. For

instance, if I am searching for a Passenger car and my opponent offers a Sedan,

my preference is surely satisfied by the offer because of the axioms in the ontology

(Sedan ⇒ PassengerCar). Knowledge representation techniques are hence

mixed up with utility theory in order to express preferences both in a qualitative

and quantitative way. We then propose a one-shot protocol with the intervention

of a mediator able to compute Pareto-efficient agreements solving an optimization

problem.

We also prove the computational adequacy of our method by studying the com-

plexity of the problem of finding Pareto-efficient solutions.

2Notice that the whole approach holds also if the user does not specify a weight for each prefer-

ence, but only a global order on preferences. However, in that case, the relative importance among

preferences is missed.
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5.1 Representation of issues

We divide issues involved in a negotiation in two categories. Some issues may ex-

press properties that are trueor false, like, e.g., in an automotive domain, ItalianMaker,

or AlarmSystem. We represent them as propositional atoms A1, A2, . . . from

a finite set A. Other issues involve numerical features like deliverytime, or

price represented as variables f1, f2, . . ., each one with its specific domainDf1 , Df2 , . . .,

such as [0, 90] (days) for deliverytime, or [1000, 30000] (euros), for price.

The variables representing numerical features are always constrained by compar-

ing them to some constant, like price < 20000, or deliverytime ≥ 30, and

such constraints can be combined into complex propositional requirements—also

involving propositional issues—e.g., ItalianMaker ∧ (price ≤ 25000) ∧

(deliverytime < 30) (representing a car made in Italy, costing no more than

25000 euros, delivered in less than 30 days), or AlarmSystem⇒ (deliverytime >

30) (expressing the seller’s requirement“if you want an alarm system mounted

you’ll have to wait more than one month”). We now give precise definitions for

the above intuitions, borrowing from a previous formalization of so-called concrete

domains (Baader and Hanschke, 1991) from Knowledge Representation languages.

Definition 5 (Concrete Domains, (Baader and Hanschke, 1991)) A concrete do-

main D consists of a finite set ∆c(D) of numerical values, and a set of predicates

C(D) expressing numerical constraints on D.

For our numerical features, predicates are always the binary operators C(D) = {≥

,≤, >,<,=, 6=}, whose second argument is a constant in ∆c(D)3. We note that

in some scenarios other concrete domains could be possible, e.g., colors as RGB

vectors in an agricultural market, when looking for or selling fruits.

3So, strictly speaking, C(D) would be a set of unary predicates with an infix notation, e.g., x > 5

is in fact a predicate P>5(x) which is true for all values ofDx greater than 5 and false otherwise;

however, this distinction is not necessary in our formalization.
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Once we have defined a concrete domain and constraints, we can formally

extend propositional logic in order to handle numerical features. We call this lan-

guage P(N ).

Definition 6 (The language P(N )) Let A be a set of propositional atoms, and F

a set of pairs 〈f,Df 〉 each made of a feature name and an associated concrete

domain Df , and let k be a value in Df . Then the following formulas are in P(N ):

1. every atom A ∈ A is a formula in P(N )

2. if 〈f,Df 〉 ∈ F , k ∈ Df , and c ∈ {≥,≤, >,<,=, 6=} then (fck) is a

formula in P(N )

3. if ψ and ϕ are formulas in P(N ) then ¬ψ, ψ∧ϕ are formulas in P(N ). We

also use ψ∨ϕ as an abbreviation for ¬(¬ψ∧¬ϕ), ψ ⇒ ϕ as an abbreviation

for ¬ψ ∨ ϕ, and ψ ⇔ ϕ as an abbreviation for (ψ ⇒ ϕ) ∧ (ϕ⇒ ψ).

We call LA,F the set of formulas in P(N ) built using Aand F.

In order to define a formal semantics of P(N ) formulas, we consider interpre-

tation functions I that map propositional atoms into {true, false}, feature names

into values in their domain, and assign propositional values to numerical con-

straints and composite formulas according to the intended semantics.

Definition 7 (Interpretation and models) An interpretation I forP(N ) is a func-

tion (denoted as a superscript ·I on its argument) that maps each atom in A into

a truth value AI ∈ {true, false}, each feature name f into a value fI ∈ Df , and

assigns truth values to formulas as follows:

• (fck)I = true iff fIck is true in Df , (fck)I = false otherwise

• (¬ψ)I = true iff ψI = false, (ψ ∧ ϕ)I = true iff both ψI = true and

ϕI = true, according to truth tables for propositional connectives.
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Given a formula ϕ in P(N ), we denote with I |= ϕ the fact that I assigns trueto

ϕ. If I |= ϕ we say I is a model for ϕ, and I is a model for a set of formulas when

it is a model for each formula.

Clearly, an interpretation I is completely defined by the values it assigns to propo-

sitional atoms and numerical features.

Example 2 Let A = {Sedan,GPL} be a set of propositional atoms, Dprice =

{0, . . . , 60000} and Dyear warranty = {0, 1, . . . , 5} be two concrete domains for

the features price, year warranty, respectively. A model I for both formu-

las:  Sedan ∧ (GPL⇒ (year warranty ≥ 1)),

(price ≤ 5000)


is SedanI = true, GPLI = false, year warrantyI = 0, priceI = 4500.

Given a set of formulas T in P(N ) (representing an ontology), we denote by

I |= T the fact that I is a model for T . An ontology is satisfiable if it has a

model. T logically implies a formula ϕ, denoted by T |= ϕ iff ϕ is true in all

models of T . We denote byMT = {I1, . . . ,In}, the set of all models for T , and

omit the subscript when no confusion arises.

The following remarks are in order for the concrete domains of our e-marketplace-

oriented scenarios:

1. domains are discrete, with a uniform discretization step ε. For example, if the

seller states he cannot deliver a car before one month, he is saying that the

delivery time will be at least in one month and one day (deliverytime ≥

32), where ε = 1 (in days).

2. domains are finite; we denote with max(Df ) and min(Df ) the maximum and

minimum values of each domain Df .

3. even for the same feature name, concrete domains are marketplace dependent.

For example, let us consider price in two different marketplace scenarios:
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pizzas and cars. For the former one, the discretization step ε is the e-cent: the

price is usually something like 4.50 or 6.00 e. On the other hand, specifying

the price of a car we usually have 10500 or 15000e; then the discretization step

in this case can be fixed as 100 e.

The above Point 1 and the propositional composition of numerical constraints im-

ply that the operators {≥,≤, >,<,=, 6=} can be reduced to {≥,≤}.

Definition 8 (successor/predecessor) Given two contiguous elements ki and ki+1

in a concrete domain Df we denote by:

• s : Df → Df the successor function: s(ki) = ki+1 = ki + ε

• p : Df → Df the predecessor function: p(ki+1) = ki = ki+1 − ε

Clearly, max(Df ) has no successor and min(Df ) has no predecessor. Based on the

above introduced notions, we can reduce Cm(Df ) to {≤,≥} using the following

transformations:

f = k −→ (f ≤ k) ∧ (f ≥ k) (5.1)

f 6= k −→ (f < k) ∨ (f > k) (5.2)

f > k −→ f ≥ (k + ε) −→ f ≥ s(k) (5.3)

f < k −→ f ≤ (k − ε) −→ f ≤ p(k) (5.4)

5.2 Multi-issue Bilateral Negotiation in P(N )

According to Ragone et al. (2006b), we use logic formulas in P(N ) to model the

buyer’s demand and the seller’s supply. Relations among issues, both propositional

and numerical, are represented by a set T –for Theory (i.e., ontology)—of P(N )

formulas.

In a typical bilateral negotiation scenario, statements within both the buyer’s

request and the seller’s offer can be split into strict requirements and preferences.

Strict requirements represent what the buyer and the seller want to be necessarily
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satisfied in order to accept the final agreement—in our framework we call strict

requirements demand/supply. Preferences are statements involving issues they are

willing to negotiate on: preferences may not be satisfied in the final agreement;

obviously, the more preferences are fulfilled in the final agreement, the more an

agent will be satisfied.

Example 3 Suppose to have a buyer’s request like “I would like a sedan with

leather seats. Preferably I would like to pay less than 12000 e furthermore I’m

willing to pay up to 15000 e if warranty is greater or equal than 3 years. I don’t

want to pay more than 17000 e and I don’t want a car with a warranty less than 2

years”. In this example we identify:

demand: I want a sedan with leather seats. I don’t want to pay more than 17000

e. I don’t want a car with a warranty less than 2 years

preferences: Preferably I would like to pay less than 12000 , furthermore I’m

willing to pay up to 15000 e if warranty is greater or equal than 3 years.

Definition 9 (Demand, Supply, Agreement) Given an ontology T represented as

a set of formulas in P(N ) representing the knowledge on a marketplace domain

• a buyer’s demand is a formula β (for Buyer) in P(N ) such that T ∪ {β} is

satisfiable.

• a seller’s supply is a formula σ (for Seller) in P(N ) such that T ∪ {σ} is

satisfiable.

• I is a possible deal between β and σ iff I |= T ∪{σ, β}, that is, I is a model

for T , σ, and β. We also call I an agreement.

The seller and the buyer model in σ and β the minimal requirements they accept

for the negotiation. If seller and buyer have set strict attributes that are in conflict

with each other, that isMT ∪{σ,β} = ∅, the negotiation ends immediately because

it is impossible to reach an agreement. If the participants are willing to avoid the
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conflict deal (Rosenschein and Zlotkin, 1994), and continue the negotiation, it will

be necessary they revise their strict requirements.

In the negotiation process both the buyer and the seller express some prefer-

ences on attributes, or their combination. The utility function is usually defined

based on these preferences. We start defining buyer’s and seller’s preferences and

their associated utilities: uβ for the buyer, and uσ for the seller.

Definition 10 (Preferences) The buyer’s negotiation preferencesB .= {β1, . . . ,βk}

are a set of formulas in P(N ), each of them representing the subject of a buyer’s

preference, and a utility function uβ : B → Q+ assigning a utility to each formula,

such that
∑

i uβ(βi) = 1.

Analogously, the seller’s negotiation preferences S .= {σ1, . . . ,σh} are a set of

formulas in P(N ), each of them representing the subject of a seller’s preference,

and a utility function uσ : S → Q+ assigning a utility to each formula, such that∑
j uσ(σj) = 1.

Buyer’s request in Example 3 is then formalized as:

β = Sedan ∧ Leather seats ∧ (price ≤ 17000) ∧

(year warranty ≥ 2)

β1 = (price ≤ 12000)

β2 = (year warranty ≥ 3) ∧ (price ≤ 15000)

Both agents’ utilities are normalized to 1 to eliminate outliers, and make them

comparable. Since we assumed that utilities are additive, the preference utility is

just a sum of the utilities of preferences satisfied in the agreement.

Definition 11 (Preference Utilities) Let B and S be respectively the buyer’s and

seller’s preferences, andMT ∪{σ,β} be their agreements set. The preference utility

of an agreement I ∈ MT ∪{σ,β} for a buyer and a seller, respectively, are defined
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as:

uβ,P(N )(I) .= Σ{uβ(βi) | I |= βi}

uσ,P(N )(I) .= Σ{uσ(σj) | I |= σj}

where Σ{. . .} stands for the sum of all elements in the set.

Notice that if one agent e.g., the buyer, does not specify soft preferences, but only

strict requirements, this is modeled as β1 = true and uβ,P(N )(I) = 1, which

reflects the fact that an agent accepts whatever agreement not in conflict with its

strict requirements. From the formulas related to Example 3, we note that while

considering numerical features, it is still possible to express strict requirements

and preferences on them. Expressing a strict requirement on numerical features is

equivalent to setting a reservation value (Raiffa et al., 2002) on them. In Example 3

the buyer expresses two reservation values, one on price “more than 17000 e” and

the other on warranty “less than 2 years”.

Both buyer and seller have their own reservation values on each feature in-

volved in the negotiation process. It is the maximum (or minimum) value in the

range of possible feature values to reach an agreement, e.g., the maximum price

the buyer wants to pay for a car or the minimum warranty required, as well as,

from the seller’s perspective the minimum price he will accept to sell the car or

the minimum delivery time. Usually, each participant knows its own reservation

value and ignores the opponent’s one. Referring to price and the two corresponding

reservation values rβ,price and rσ,price for the buyer and the seller respectively, if

the buyer expresses price ≤ rβ,price and the seller price ≥ rσ,price, in case

rσ,price ≤ rβ,price we have [rσ,price, rβ,price] as a Zone Of Possible Agreement

—ZOPA(price), otherwise no agreement is possible (Raiffa et al., 2002). More

formally, given an agreement I and a feature f , fI ∈ ZOPA(f) must hold.

Keeping the price example, let us suppose that the maximum price the buyer is

willing to pay is 15000, while the seller minimum allowable price is 10000, then

we can set the two reservation values: rβ,price = 15000 and rσ,price = 10000, so
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the agreement price will be in the interval ZOPA(price) = [10000, 15000].

Obviously, the reservation value is considered as private information and will

not be revealed to the other party, but will be taken into account by the mediator

when the agreement will be computed. Since setting a reservation value on a nu-

merical feature is equivalent to set a strict requirement, then, once the buyer and

the seller express their strict requirements, reservation values constraints have to

be added to them (see Example 3).

In order to formally define a Multi-issue Bilateral Negotiation problem inP(N ),

the only other elements we still need to introduce are the disagreement thresholds,

also called disagreement payoffs, tβ , tσ. They are the minimum utility that each

agent requires to pursue a deal. Minimum utilities may incorporate an agent’s at-

titude toward concluding the transaction, but also overhead costs involved in the

transaction itself, e.g., fixed taxes.

Definition 12 (MBN-P(N )) Given a P(N ) set of axioms T , a demand β and

a set of buyer’s preferences B with utility function uβ,P(N ) and a disagreement

threshold tβ , a supply σ and a set of seller’s preferences S with utility func-

tion uσ,P(N ) and a disagreement threshold tσ, a Multi-issue Bilateral Negotiation

problem (MBN) is finding a model I (agreement) such that all the following con-

ditions hold:

I |= T ∪ {σ, β} (5.5)

uβ,P(N )(I) ≥ tβ (5.6)

uσ,P(N )(I) ≥ tσ (5.7)

Observe that not every agreement I is a solution of an MBN, if either uσ,P(N )(I) <

tσ or uβ,P(N )(I) < tβ . Such an agreement represents a deal which, although sat-

isfying strict requirements, is not worth the transaction effort. Also notice that,

since reservation values on numerical features are modeled in β and σ as strict

requirements, for each feature f , the condition fI ∈ ZOPA(f) always holds by

condition (5.5).



5.3. Utilities for Numerical Features 111

5.3 Utilities for Numerical Features

Buyer’s/seller’s preferences are used to evaluate how good is a possible agreement

and to select the best one. Obviously, also preferences on numerical features have

to be considered, in order to evaluate agreements and how good an agreement is

w.r.t. another one. Let us explain the idea considering the demand and buyer’s

preferences in Example 3.

Example 4 Referring to β, β1 and β2 in Example 3 let us suppose the following

offer 4:

σ = Sedan ∧ (price ≥ 15000) ∧ (year warranty ≤ 5)

Three possible agreements between the buyer and the seller are, among others:

I1 : {SedanI1 = true,Leather seatsI1 = true,

priceI1 = 17000,year warrantyI1 = 3}

I2 : {SedanI2 = true,Leather seatsI2 = true,

priceI2 = 16000,year warrantyI2 = 4}

I3 : {SedanI3 = true,Leather seatsI3 = true,

priceI3 = 15000,year warrantyI3 = 5}

With respect to the above set of agreements, we can say that I1 is the most conve-

nient from the seller’s point of view (and the most disadvantageous for the buyer)

whilst I3 represents the worst agreement from the seller’s perspective (and the

best one for the buyer). In fact, if the agreement was I1 then the seller would get

17000 e providing a warranty of just 3 years rather than getting 15000 e selling

a car with 5 years warranty in case the agreement was I3. In the above set of

agreements, I2 seems to be the best compromise between buyer and seller.

The above example highlights the need for utility functions taking into account the

value of each numerical feature involved in the negotiation process. Of course, for

4For illustrative purpose, in this example we consider an offer where only strict requirements are

explicitly stated. Of course, in the most general case also the seller can express his preferences.
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each feature two utility functions are needed; one for the buyer — uβ,f , the other

for the seller — uσ,f . These functions have to satisfy at least the basic proper-

ties enumerated below. For the sake of conciseness, we write uf when the same

property holds both for uβ,f and uσ,f . :

1. uf is normalized to [0, 1] to make agents’ preferences comparable and to

avoid that agents could manipulate their preference revelation in order to get

a better deal stating a bigger (or smaller) number of preferences. Given the

pair 〈f,Df 〉, it must be defined over the domain Df .

2. From Example 4 we note the buyer is more satisfied as the price decreases

whilst the seller is less satisfied. Hence, uf has to be monotonic and when-

ever uβ,f increases then uσ,f decreases and vice versa.

3. There is no utility for the buyer if the agreed value on price is greater or equal

than its reservation value rβ,price =17000 and there is no utility for the seller

if the price is less than or equal to rσ,price =15000. Since concrete domains

are finite, for the buyer the best possible price is min(Dprice) whilst for the

seller is max(Dprice). The contrary holds if we refer to year warranty.

Definition 13 (Feature Utilities) Let 〈f,Df 〉 be a pair made of a feature name f

and a concrete domain Df and rf be a reservation value for f . A feature utility

function uf : Df → [0, 1] is a monotonic function such that

– if uf monotonically increases then (see Figure 5.1) uf (v) = 0, v ∈ [min(Df ), rf ]

uf (max(Df )) = 1
(5.8)

– if uf monotonically decreases then uf (v) = 0, v ∈ [rf ,max(Df )]

uf (min(Df )) = 1
(5.9)

Given a buyer and a seller, if uβ,f increases then uσ,f decreases and vice versa.
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The simplest utility functions are the two linear functions:

uf (v) =


1− v−min(Df )

rf−min(Df ) , v ∈ [min(Df ), rf )

0 , v ∈ [rf ,max(Df )]

(5.10)

if it monotonically decreases and

uf (v) =


1− v−max(Df )

rf−max(Df ) , v ∈ [rf ,max(Df ))

0 , v ∈ [min(Df ), rf ]

(5.11)

if it monotonically increases (see Figure 5.1).

Figure 5.1: Linear utility functions

5.4 Computing Pareto agreements in P(N )

Among all possible agreements that we can compute, given an ontology T as con-

straint, we are interested in agreements that are Pareto-efficient. Among them,

we are interested on the ones either maximizing the sum of utilities—maximum

welfare—or maximizing their product—Nash-bargaining solution (Nash, 1950).

We now outline how an actual solution can be found solving an optimization prob-

lem.
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5.4.1 Objective functions

Here we define functions to be maximized to find a solution to an optimization

problem.

First of all, we introduce a set of fresh propositional atoms w.r.t. to the ones in

A(see Definition 6) and a new set of equivalence axioms to T . Let:

• {B1, . . . ,Bk, S1, . . . ,Sh} be k + h new propositional atoms different from

the ones in A;

• T ′ = T ∪ {Bi ⇔ βi|i = 1, . . . , k} ∪ {Sj ⇔ σj |j = 1, . . . , h}.

Now, it is easy to see that:

• The new ontology T ′ is equivalent to T w.r.t. implication of formulas in

LA,F (the language we used to model T ,β,σ and agents’ preferences βi and

σj). That is, given a formula ψ ∈ LA,F , if T ′ |= ψ then T |= ψ. Hence, we

can use T ′ being sure that implication relations will be exactly the same we

would have using T .

• given an agreement I, we have I |= βi iff I |= Bi and I |= σi iff I |= Si.

That is, if Bi is truein a model I then the corresponding formula βi is eval-

uated truew.r.t. I (and similarly for Si and σi). In order to check if a pref-

erence is evaluated truein an agreement we can just look at the truthfulness

value of the corresponding propositional atom.

In order to formulate functions to be maximized involving preferences ex-

pressed as formulas inP(N ), let {b1, . . . ,bk} binary variables one-one with {B1, . . . ,Bk}

and similarly {s1, . . . ,sh} for {S1, . . . ,Sh}. The functions representing respec-

tively buyer’s and seller’s utility over preferences can hence be defined as:

uβ,P(N )(I) =
k∑
i=1

biuβ(βi) (5.12)

uσ,P(N )(I) =
h∑
j=1

sjuσ(σj) (5.13)
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where, given an agreement I, bi = 1 if BIi = true, bi = 0 if BIi = false and

similarly sj for Sj .

As highlighted in Section 5.3, also utilities over numerical features have to be

taken into account while finding the best solution for both the buyer and the seller.

Hence, for each feature f involved in the negotiation process we have a feature

utility function for the buyer uβ,f and one for the seller uσ,f . For instance, if we

consider price and the linear function in equations (5.10) and (5.11) we likely

will have:

uβ,price(v) =

 1− v−max(Dprice)
rβ,price−max(Dprice)

0

uσ,price(v) =

 1− v−min(Dprice)
rσ,price−min(Dprice)

0

5.4.2 The Optimization Problem

In order to find a Pareto agreement between the traders, we have to define global

utility functions that take into account all their objective functions (both their pref-

erence utility functions and their feature utility functions).

uGβ (I) = gβ(uβ,P(N ), uβ,f1 , . . . , uβ,fn)

uGσ (I) = gσ(uσ,P(N ), uσ,f1 , . . . , uσ,fn)

where n is the cardinality of F , i.e., the number of concrete features involved in

the negotiation process.

Definition 14 Given a MBN-P(N ), we define MAX-SUM-MBN-P(N ) as the prob-

lem of finding an agreement I for which uGσ (I) + uGβ (I) is maximal and MAX-

PROD-MBN-P(N ) the problem of finding an agreement I for which uGσ (I)·uGβ (I)

is maximal.

Clearly, every solution for MAX-SUM-MBN-P(N ) and MAX-PROD-MBN-P(N )

is also a Pareto agreement, but not vice versa (Fudenberg and Tirole, 1991).
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In addition to the set of functions to maximize, in our setting, we have three differ-

ent sets of constraints:

1. the (modified) ontology T ′ — see the beginning of Section 5.4

2. strict requirements β and σ, including reservation values over numerical fea-

tures

3. conditions (5.6) and (5.7) of an MBN on disagreement thresholds tβ and tσ

— see the definition of MBN-P(N ) at the end of Section 5.2

Notice that the constraints involving disagreements thresholds are already lin-

ear ones. In order to model as linear constraints also the ones described in points 1

and 2 of the above enumeration, we proceed as follows.

Clause reduction.

Obtain a set of clauses T ′′ s.t. each clause contains only one single numerical

constraint and T ′′ is satisfiable iff T ′ ∪ {σ, β} does. In order to have such clauses,

if after using standard transformations in clausal form (Loveland, 1978) you find

a clause with two numerical constraints χ : A ∨ . . . (ficiki) ∨ (fjcjkj) pick up a

new propositional atom A and replace χ with the set of two clauses5 χ1 : A ∨A ∨ · · · ∨ (ficiki),

χ2 : ¬A ∨A ∨ · · · ∨ (fjcjkj)


As a final step, for each clause, replace ¬(f ≤ k) with (f ≥ s(k)) and ¬(f ≥ k)

with (f ≤ p(k)) (see (5.3) and 5.4).

Example 5 Suppose to have the clause

χ : ItalianMaker ∨ ¬AirConditioning ∨

(year warranty ≥ 3) ∨ ¬(price ≥ 20500)

5It is well known that such a transformation preserves logical entailment (Russell and Norvig,

2003).
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First of all split the clause in the following two

χ1 : A ∨ ItalianMaker ∨ ¬AirConditioning ∨

(year warranty ≥ 3)

χ2 : ¬A ∨ ItalianMaker ∨ ¬AirConditioning ∨

¬(price ≥ 20500)

then change the second one in

χ2 : ¬A ∨ ItalianMaker ∨ ¬AirConditioning ∨

(price ≤ 20000)

Notice that here we consider ε = 500 for the concrete domain Dprice.

The last step is needed in order to have a straight mapping from logical clauses to

linear inequalities as shown in the following.

Encoding clauses into linear inequalities.

We use a modified version of well-known encoding of clauses into linear inequal-

ities (e.g., (Papadimitriou and Steiglitz, 1982, p.314)) so that every solution of the

inequalities identifies a model of T ′′. If we identify truewith values in [1 . . .∞)

and falsewith values in [0 . . . 1) each clause can be rewritten in a corresponding

inequality.

• map each propositional atomA occurring in a clause χwith a binary variable

a. If A occurs negated in χ then substitute ¬A with (1 − a), otherwise

substitute A with a.

• replace (f ≤ k) with 1
max(Df )−k (max(Df )− f) and (f ≥ k) with 1

kf .6

6If in the previous step we had not replaced ¬(f ≤ k) and ¬(f ≥ k) with their equivalent

positive forms, then we would have had also to transform ¬(f ≤ k) in 1
s(k)

f and ¬(f ≥ k) in
1

max(Df )−p(k)
(max(Df )− f)



5.4. Computing Pareto agreements in P(N ) 118

After this rewriting it is easy to see that, considering ∨—logical or—as classical

addition, in order to have a clause truethe evaluation of the corresponding expres-

sion must be a value grater or equal to 1.

Example 6 If we consider max(Dprice) = 60000, continuing Example 5 we have

from χ1 and χ2 the following inequalities, respectively:

a+ i+ (1− a) +
1
3
year warranty ≥ 1

(1− a) + i+ (1− a) +
1

60000− 20000
(60000− price) ≥ 1

where a, i, a are binary variables representing propositional termsA, ItalianMaker

and AirConditioning.

Looking at the example below, it should be clear the reason why only one numerical

constraint is admitted in a clause.

Example 7 Let us transform the following clause without splitting it in the two

corresponding ones

χ : ItalianMaker ∨ (year warranty ≥ 3) ∨ (price ≤ 20000)

the corresponding inequality is then

i+
1
3
year warranty +

1
60000− 20000

(60000− price) ≥ 1

The interpretation {year warranty = 2,price = 40000} is not a model for

χ while the inequality is satisfied.

Notice that the above encoding of the constraints involved in the negotiation pro-

cess as well as the definition of MAX-SUM-MBN-P(N ) and MAX-PROD-MBN-

P(N ) are not depending from how uGβ and uGσ are formalized.

If both uGβ and uGσ are a linear combination of the preference and feature

utility functions, i.e., a weigthed sum of uP(N ), uf1 , ..., ufn normalized to 1,

then MAX-SUM-MBN-P(N ) remains linear while MAX-PROD-MBN-P(N ) is

quadratic(Hillier and Lieberman, 2005).
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5.4.3 Computational issues

The preceding sections proved that both MAX-SUM-MBN-P(N ) and MAX-PROD-

MBN-P(N ) could be solved by general mathematical programming methods,

namely, MAX-SUM-MBN-P(N ) could be solved by Integer Linear Programming

(ILP) (Papadimitriou and Steiglitz, 1982) and MAX-PROD-MBN-P(N ) by quadratic

programming (Hillier and Lieberman, 2005). Since both methods are adequate to

solve NP-complete Optimization (NPO) Problems (Ausiello et al., 2003), we can

conclude that both problems are contained in NPO.

Theorem 1 Given an instanceM of either MAX-SUM-MBN-P(N ) or MAX-PROD-

MBN-P(N ), finding an optimal solution for M is a problem in NPO.

Proof. The above Sections 5.4.1 and 5.4.2 proved that all constraints can be

translated into linear inequalities involving variables ranging over either integer or

rational numbers. In the case of MAX-SUM-MBN-P(N ), the objective function

is linear too, and the optimization problem is known to belong to the class NPO

(Papadimitriou and Steiglitz, 1982). In the case of MAX-PROD-MBN-P(N ), the

objective function is quadratic; but also in this case, the optimization of a quadratic

function over linear constraints is known to be in NPO (Hillier and Lieberman,

2005).

We recall that when a problem is in NPO, one can ask whether there exists

an algorithm approximating the optimum within some guaranteed bound. In the

theory of Computational Complexity, this question amounts to ask whether one or

both problems are NPO-complete, or instead whether they belong to the smaller

class APX of problems that can be approximated within constant bounds. For in-

stance, it is known that MINIMUM VERTEX COVER can be easily approximated

within a constant bound of 2 (Ausiello et al., 2003). The question is not merely

theoretical, since if either problem admitted some approximation algorithm, using

general mathematical programming for solving them might be an overshoot. How-
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ever, the theorem below proves that this is not the case, by giving an L-reduction

(Ausiello et al., 2003) of MAX-WEIGHTED-SAT to both problems.

Definition 15 MAX-WEIGHTED-SAT is the following NPO-complete problem: given

set of atoms A, a propositional formula ϕ ∈ LA and a weight function w : A →

N, find a truth assignment satisfying ϕ such that the sum of the weights of true

variables is maximum.

It is known that MAX-WEIGHTED-SAT is NPO-complete (Ausiello et al., 2003),

hence not approximable within any constant bound. We now prove NPO-hardness

of both MAX-SUM-MBN-P(N ) and MAX-PROD-MBN-P(N )—that is, we prove

that tailored algorithms yielding solutions approximated within a guaranteed bound

from the optimum are unlikely to exist—by reducing MAX-WEIGHTED-SAT to both

problems.

Theorem 2 MAX-SUM-MBN-P(N ) and MAX-PROD-MBN-P(N ) are NPO-complete

problems, even if T is in 3CNF and both B and S are sets of positive literals.

Proof. Let W = 〈ϕ,w〉 be an instance of MAX-WEIGHTED-SAT, with ϕ in

3CNF, and let A = {A1, . . . ,An}.

First, we prove the claim for MAX-SUM-MBN-P(N ). Define an instance M+

of MAX-SUM-MBN-P(N ) as follows. Let T = ϕ, B = S = A. Moreover, let

S =
∑n

i=1w(Ai) and let uβ(Ai) = uσ(Ai) = 1
Sw(Ai) for i = 1, . . . , n. Finally,

let tβ = tσ = 0. Clearly, every solution for W is also a solution for M+, and

for every model I, the value of the objective function uβ,P(N )(I) + uσ,P(N )(I) is

proportional with a factor 2
S to the one for W . Hence, the above is an L-reduction

with α = 1
2S and β = 1

2S.

Similarly, define an instance M× of MAX-PROD-MBN-P(N ) as follows. Let

T = ϕ, B = A, S = {A0} where A0 is a new atom not in A. Moreover, let S =∑n
i=1w(Ai) and let uβ(Ai) = 1

Sw(Ai) for i = 1, . . . , n and uσ(A0) = 1. Finally,

let tβ = tσ = 0. Also in this case, every solution for W satisfies also T , and for

every model I the value of the objective function uβ,P(N )(I) · uσ,P(N )(I) of M×
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is proportional to W ’s one. Hence, also the above reduction is an L-reduction with

α = β = S.

On the other hand, let S be the smallest integer such that both uβ(Ai) · S,

uσ(Ai) · S are integers for every i = 1 . . . n. Also in this case, a solution for

MAX-SUM-MBN-P(N ) and MAX-PROD-MBN-P(N ) can be transformed into a

solution for W by multiplying it by S.

The proof of the above theorem highlights the fact that a source of complexity

for both MAX-SUM-MBN-P(N ) and MAX-PROD-MBN-P(N ) comes from the

inherent conflicts between the preferences of a single agent. In conclusion, linear

and quadratic programming are computationally adequate for solving MAX-SUM-

MBN-P(N ) and MAX-PROD-MBN-P(N ).

5.5 The bargaining process

Summing up, the negotiation process covers the following steps:

Preliminary Phase. The buyer defines strict β and preferences B with corre-

sponding utilities uβ(βi) , as well as the threshold tβ , and similarly the seller σ,

S, uσ(σj) and tσ. Here we are not interested in how to compute tβ ,tσ, and the

weight of each preference; we assume they are determined in advance by means of

either direct assignment methods (Ordering, Simple Assessing or Ratio Compari-

son) or pairwise comparison methods (like AHP and Geometric Mean) (Pomerol

and Barba-Romero, 2000). Both agents inform the mediator about these specifi-

cations and the ontology T they refer to. Notice that for each feature involved in

the negotiation process, both in β and σ their respective reservation values are set

either in the form f ≤ rf or in the form f ≥ rf .

Keeping the example referring to the automotive e-marketplace, buyer and

seller specify respectively their strict requirements β and σ, thresholds tβ and tσ,

preferences and the worth thereof as in the following:

β = Sedan ∧ (price ≤ 30000) ∧ (km warranty ≥ 120000) ∧ (year warranty ≥ 4)
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β1 = GPS system ∧ AlarmSystem

β2 = ExternalColorBlack⇒ Leather seats

β3 = (km warranty ≥ 140000)

uβ(β1) = 0.5

uβ(β2) = 0.2

uβ(β3) = 0.3

tβ =0.2

σ = Sedan ∧ (price ≥ 20000) ∧ (km warranty ≤ 160000) ∧ (year warranty ≤ 6)

σ1 = GPS system⇒ (price ≥ 28000)

σ2 = (km warranty ≤ 150000) ∨ (year warranty ≤ 5)

σ3 = ExternalColorGray

σ4 = NavigatorPack

uσ(σ1) = 0.2

uσ(σ2) = 0.4

uσ(σ3) = 0.2

uσ(σ4) = 0.2

tσ =0.2

Let T be the ontology in P(N ), which the participants refer to:

T =

8>>><>>>:
ExternalColorBlack⇒ ¬ExternalColorGray

SatelliteAlarm⇒ AlarmSystem

NavigatorPack⇔ SatelliteAlarm ∧ GPS system

Negotiation-Core phase. For each βi ∈ B the mediator picks up a new propo-

sitional atom Bi and adds the axiom B1 ⇔ βi to T , similarly for S. Then,

it transforms all the constraints modeled in β, σ and (just extended) T in the

corresponding linear inequalities following the procedures illustrated in Section

5.4.2. Given the preference utility functions uβ,P(N )(I) =
∑k

i=1 biuβ(βi) and

uσ,P(N )(I) =
∑h

j=1 sjuσ(σj), the mediator adds to this set of constraints the

ones involving disagreement thresholds uβ,P(N ) ≥ tβ and uσ,P(N ) ≥ tσ.

With respect to the above set of constraints, the mediator solves an optimization

problem maximizing the sum (or the product) of global utilities for both buyer
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uGβ (I) and seller uGσ (I). The returned solution to the optimization problem is

the agreement proposed to the buyer and the seller. Notice that this solution is a

Pareto optimal one, furthermore the solution proposed by the mediator is also a fair

solution, if among all the Pareto-optimal solutions we take the one maximizing the

product of utilities of both the buyer and the seller (see Section 5.4.2).

With reference to the previous example the mediator proposes the following

agreement to the players. We omit for the sake of conciseness propositional atoms

interpreted as false, then the final agreement is:

I : {SedanI = true,ExternalColorGrayI = true,

SatelliteAlarmI = true,GPS systemI = true,

NavigatorPackI = true,AlarmSystemI = true,

priceI = 28000,km warrantyI = 160000,year warrantyI = 5}

From this point on, it is a take-it-or-leave-it offer, as the participants can either

accept or reject the proposed agreement (Jennings et al., 2001).

5.6 Discussion

In this section we briefly analyze the properties characterizing the negotiation

mechanism here proposed.

Individual rationality. Individual rationality means that no agent will get a

worse payoff by participating in the mechanism as compared to not participating,

i.e., an agent does not ever lose by participating. This property is assured by the

fact that each agent, among his preferences, expresses a threshold, representing the

disagreement payoff (see Section 5.2). This threshold is one of the constraints

of the optimization problem, which automatically rules out all the agreements that

are below that threshold, and that the agent would have regretted if accepted. In

other words, it is not possible to have a final agreement with a utility for one of

the participant lower than his threshold, so that for the agent would be better not

participating at all.
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Efficiency. Our mechanism is efficient, as the mediator computes a solution

which is Pareto-efficient (see Section 5.4.2). Besides, among all the possible

Pareto-efficient solutions, it chooses either the one maximizing the sum of the utili-

ties (welfare maximization), or the one maximizing the product of the utilities, also

known as the fair solution or the Nash bargaining solution (Nash, 1950) 7. An-

other definition of efficiency is the ex-post efficiency, meaning that an agent will

not change his strategy even after he observed the result of the negotiation. That

is he will not change his preferences after observing the preferences expressed by

the other agent. We do not address this issue in this work as the mediator does not

disclose the agent’s preferences to the other party, at the end of the negotiation the

players can see only the proposed final agreement.

Budget balance. A mechanism is budget balanced when it does not make

either a profit or loss, meaning that the amount of money collected and distributed

from and to the agents is equal. Our mechanism is budget balanced as the price paid

by the buyer is exactly the same of the price received by the seller. That is there

is not any third party that can either to subside or exploit the buyer and the seller

(Myerson and Satterthwaite, 1983). In our framework the mediator has more the

role of a nonbinding arbitrator than a broker (Raiffa et al., 2002). Even if we do not

exclude that the traders have to pay some fee if the transaction ends successfully.

Incentive compatibility. A mechanism is incentive compatible if each partic-

ipant can maximize his (expected) utility by reporting his true preferences, given

that the other participants do the same (Myerson and Satterthwaite, 1983), i.e.,

the truth-telling strategy is the best response strategy, given that also the other

agents report truthfully. Our mechanism is not incentive compatible, but this is

not a surprising result, as Myerson and Satterthwaite (1983) proved that in a bilat-

7Observe that there can be many fair-Pareto-efficient solutions, or welfare solutions. Neverthe-

less, as they are perfectly equivalent, the mediator will simply randomly choose one of them and

propose that to the participants.
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eral trading with incomplete information 8 it is impossible to design a Bayes-Nash

incentive-compatible mechanism that is simultaneously efficient, budget balanced

and individually rational. Therefore it is only possible to design an incentive-

compatible mechanism that achieves any two of these three properties. They proved

the general impossibility to have such a mechanism without outside subsidies, i.e.,

without relaxing the budget balanced property.

Furthermore we point out that in our mechanism the absence of incentive com-

patibility only affect the revelation of the reservation value on numerical features,

e.g., price, warranty, etc. Indeed an agent cannot manipulate the mechanism ex-

pressing a bigger, or smaller, number of preferences, as agent’s utility is normal-

ized to 1, in order to both rule out such a possibility and make utilities expressed by

traders comparable (see Def. 6 in Section 5.2). Besides, even if an agent expresses

a fake preference this fact could only lower its utility as, normalizing utilities to 1,

the value of the “true” preferences will be lowered.

Moreover the threshold is only used to check if an agreement can be accepted

or not by the agents. Therefore if agents express a bigger disagreement threshold

they can only rule out some agreements which instead were acceptable. In this

way they would end up with a disagreement payoff while they could have reached

a satisfactory agreement by acting truthfully. Similarly if they express a smaller

threshold they would only add the possibility to end up with an agreement which

is not Pareto-efficient (w.r.t. their true evaluation).

Besides, there is no incentive for agents to lie on preferences which do not

involve numerical features, because they could only end up with a car different

from their true expectations, e.g., a car with a diesel engine instead that a gas one.

For what concern numerical features the argument is analogous to the one of the

thresholds. Let’s take the price example. If the buyer reveals a value lower than her

true reservation value, while the seller reveals one higher than his true value, then

8With the term “incomplete information” we indicate that each agent ignores both preferences

and the worth thereof of the opponent.
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the buyer’s value might be lower than the seller’s one, when, in fact, their true value

were compatible. Hence, also in this case the player could end up with a disagree-

ment payoff, when being truthfully they could reach a better payoff. Therefore

even if the mechanism is not incentive compatible w.r.t. the numerical features the

agents are motivated to act in a truthful way, because of the risk to end up with a

disagreement payoff when instead a better (efficient) agreement exists.

5.7 Related Work

Automated bilateral negotiation has been widely investigated, both in artificial in-

telligence and in microeconomics research communities, so this section is neces-

sarily far from complete. Attempting a coarse subdivision, we may note that, in

classic game theory, the bargaining problem has been modeled either as cooper-

ative or non-cooperative games (Gerding et al., 2000). In the first approach, the

aim is finding a solution given a set of possible outcomes, so given a set of axioms

and a coalition, one determines how to split the surplus among the participants.

Instead, in non-cooperative games there are a well-defined set of rules and strate-

gies. In such games it is possible to define an equilibrium strategy, which ensures

the rational outcomes of a game: no player could benefit by unilaterally deviating

from her strategy, given that the other players follow their own strategies (Li et al.,

2003).

AI-oriented research has usually focused on automated negotiation among agents

and on designing high-level protocols for agent interaction (Lomuscio et al., 2003).

Agents can play different roles: act on behalf of a buyer or seller, but also play the

role of a mediator or facilitator. Depending on the presence of a mediator we can

distinguish between centralized and distributed approaches. In the former, agents

elicit their preferences and then a mediator, or some central entity, selects the most

suitable deal based on them. In the latter, agents negotiate through various nego-

tiation steps reaching the final deal by means of intermediate deals, without any
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external help (Chevaleyre et al., 2005). Distributed approaches do not allow the

presence of a mediator because—as stated by Kraus (2001, p.25)—agents cannot

agree on any entity, so they do not want to disclose their preferences to a third party,

that, missing any relevant information, could not help agents. In dynamic systems

a predefined conflict resolution cannot be allowed, so the presence of a mediator

is discouraged. On the other hand the presence of a mediator can be extremely

useful in designing negotiation mechanisms and in practical important commerce

settings. According to MacKie-Mason and Wellman (2006), negotiation mecha-

nisms often involve the presence of a mediator 9, which collects information from

bargainers and exploits them in order to propose an efficient negotiation outcome.

The presence of a trusted third party can help parties to reach a Pareto-efficient

agreement. As pointed out by Raiffa et al. (2002, p.311), usually bargainers may

not want to disclose their preferences or utilities to the other party, yet they can be

more willing to reveal these information to a trusted—automated—mediator, help-

ing negotiating parties to achieve efficient and equitable outcomes. The presence

of a mediator and the one-shot protocol is an incentive for the two parties to reveal

the true preferences, because they can trust in the mediator and they have a single

possibility to reach the agreement with that counterpart.

Several approaches adopt a mediator (Fatima et al., 2003; Klein et al., 2002;

Gatti and Amigoni, 2005). In the paper by Fatima et al. (2003) an extended

alternating-offers protocol is presented, with the presence of a mediator, which

improves the utility of both agents. No inter-dependent issues are taken into ac-

count. Klein et al. (2002) propose a mediated-negotiation approach for complex

contracts, where inter-dependency among issues is investigated. The agreement is

a vector of issues, having value 0 or 1 depending on the presence or absence of a

9The most well known –and running– example of mediator is eBay site, where a mediator receives

and validates bids, as well as presenting the current highest bid and finally determining the auction

winner (MacKie-Mason and Wellman, 2006). Observe also that eBay retains private information of

traders, such as selling reservation value.
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given contract clauses. Only binary dependencies between issues are considered:

the agent’s utility is computed through an influence matrix, where each cell repre-

sents the utility of a given pair of issues. However in this approach no semantic

relations among issues are investigated.

A large number of negotiation mechanisms have been proposed and studied

in the literature; it is possible to distinguish, among other, game-theoretic ones

(Kraus, 2001; Rosenschein and Zlotkin, 1994), heuristic-based approaches (Fa-

tima et al., 2003; Faratin et al., 2002) and logic-based approaches. Although game-

theoretic and heuristic-based approaches are highly suitable for a wide range of ap-

plications, they have some limitations and disadvantages. Often in game-theoretic

approaches it is assumed that agents have a complete knowledge about the space of

possible outcomes, as well as unbounded computational resources (Rahwan et al.).

On the other hand, heuristic-based approaches use empirical evaluations in order

to find an agreement, which can be sub-optimal, as they do not explore the entire

space of possible outcomes. With respect to our approach, the main drawback is

that, usually, the issues to negotiate on are fixed in advance and are known by both

agents, as in multi-dimensional auctions (Peter R. Wurman and Michael P. Well-

man and William E. Walsh, 2001). Hence agents are not allowed to exchange any

additional information during the negotiation process (Rahwan et al.).

In the following we give a brief overview of logic-based approaches to auto-

mated negotiation, comparing our approach with existing ones and highlighting

relevant differences.

5.7.1 Logic-based approaches

There is a huge amount of literature focused on argumentation-based negotiation

(Rahwan et al.; Parsons et al., 1998; Sadri et al., 2002; Bentahar et al., 2005).In

these approaches an agent can accept/reject/critique a proposal of its opponent,

so agents can argue about their beliefs, given their desires and so pursue their in-

tentions (Parsons et al., 1998). With respect to our framework, these approaches
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require a richer communication language (e.g., modal logic) in order to exchange

information and a specific negotiation protocol to constrain the use of the language.

While we use a one-shot protocol with the presence of a mediator, which ensures

the termination after only one round, in argumentation-based frameworks, usually,

agent interactions go back and forth for multiple rounds, without the intervention

of a third party. Moreover agents have to be able not only to evaluate opponent pro-

posals or possible agreements, but also generate a critique or a counter-proposal,

given the opponent’s one. With references to BDI approaches proposed by Parsons

et al. (1998), Desires and Intentions match in our framework with Preferences, and

Beliefs are implicit in each agent: the agent enters the e-marketplace because he

believes there will be another agent having what he is searching for.

Several recent logic-based approaches to negotiation are based on propositional

logic. Bouveret et al. (2005) use Weighted Propositional Formulas (WPF) to ex-

press agents preferences in the allocation of indivisible goods, but no common

knowledge (as our ontology) is present. The use of an ontology allows e.g., to

catch inconsistencies between demand and supply or find out if an agent prefer-

ence is implied by a preference of its opponent, which is fundamental to model an

e-marketplace. Chevaleyre et al. (2006) classify utility functions expressed through

WPF according to the properties of the utility function (sub/super-additive, mono-

tone, etc.). We used the most expressive functions according to that classification,

namely, weights over unrestricted propositional formulas.

Zhang and Zhang (2006) adopt a kind of propositional knowledge base arbi-

tration to choose a fair negotiation outcome. However, common knowledge is con-

sidered as just more entrenched preferences, that could be even dropped in some

deals. Instead, the logical constraints in our ontology T must always be enforced

in the negotiation outcomes. Finally we devised a protocol which the agents should

adhere to while negotiating; in contrast, Zhang and Zhang (2006) adopt a game-

theoretic approach, presenting no protocol at all, since communication between

agents is not considered.



5.7. Related Work 130

We borrow from Wooldridge and Parsons (2000) the definition of agreement as

a model for a set of formulas from both agents. However, Wooldridge and Parsons

(2000) only study multiple-rounds protocols and the approach leaves the burden to

reach an agreement to the agents themselves, although they can follow a protocol.

The approach does not take preferences into account, so that it is not possible to

guarantee the reached agreement is Pareto-efficient. Our approach, instead, aims

at giving an automated support to negotiating agents to reach, in one shot, Pareto

agreements. The work presented here builds on the work by Ragone et al. (2006a),

where a basic propositional logic framework endowed of a logical theory was pro-

posed. Afterward Ragone et al. (2006b) extend the approach also discussing com-

plexity issues. In this work we further extended the framework, introducing the

extended logic P(N ), thus handling numerical features, and showed we are able

to compute Pareto-efficient agreements, by solving an optimization problem and

adopting a one-shot negotiation protocol.

5.7.2 Constraint Satisfaction Problems (CSP)

Our framework shares some similarities with approaches related to Distributed

CSPs and Soft CSPs. For what concerns the former, while in Distributed CSPs

constraints are distributed among agents and each agent controls its own set of

variables (Yokoo and Hirayama, 2000), in our approach variables (issues) do not

belong to any agent and there is a mediator, who rather than simply finding a legal

assignment (an assignment to variables that does not violate any constraints), com-

putes assignments which are Pareto-efficients. A further extension of CSPs con-

sidering also preferences among solutions is Soft CSPs: preferences are expressed

as soft constraints and a solution has to satisfy all hard constraints and as much

as possible of soft constraints (preferences) (Bistarelli et al., 1997). Depending

on the approach, the most important ones (hierarchical CSP(Wilson and Borning,

1993)) can be satisfied, or the number of violated constraints (Partial CSP(Freuder

and Wallace, 1992)) can be minimized or some satisfaction level (semiring-based
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CSP(Bistarelli et al., 1997)) can be maximized. Our approach is more similar to

the semiring-based one, however in such an approach only a partial order between

preferences can be modeled and no conditional preference can be expressed, even if

some attempts have been done by Domshlak et al. (2006) to mix hard and soft con-

straints with CP-nets (Boutilier et al., 2004a), which express qualitative preferences

(like conditional ones) over the values of a single property of the outcomes. More-

over, in this approach the translation of conditional preference statements into soft

constraints requires some approximations in order to improve the computational

efficiency of reasoning about this statements.

5.7.3 Summary and future directions

We are aware that there is no universal approach to automate negotiation fitting

every scenario, but rather several frameworks suitable for different scenarios, de-

pending on the assumptions made about the domains and agents involved in the

interaction. Here, we have proposed a logic-based framework to automate multi-

issue bilateral negotiation in P2P e-marketplaces, where agents communicate using

the logic P(N ), able to handle both numerical features and non numerical ones.

Modeling issues in a P(N ) ontology it is possible to catch inconsistency between

preferences and then reach consistent agreements, as well as to discover implicit re-

lations (such as implication) among preferences, which do not immediately appear

at the syntactic level. The logic has been mixed to utility theory in order to model

preferences both qualitative and quantitative. Exploiting a mediator it is possible

to overcome the problem of incomplete information about opponent’s preferences.

We adopted a one-shot protocol, using a mediator to solve an optimization problem

that ensures the Pareto-efficiency of the outcomes. We have also investigated the

complexity of the problem of finding Pareto-efficient solution, proving that MAX-

SUM-MBN-P(N ) is a NPO-complete problem.

An extension of this work to fuzzy propositional logic is presented in (Ragone

et al., 2008d).



Chapter 6

Description Logics for

Multi-issue bilateral negotiation

In Chapter 5 we have shown an approach to bilateral negotiation based on propo-

sitional logic endowed with concrete domains. In this Chapter and in the next one,

we will present two different approaches to bilateral negotiation based, instead, on

Description Logics.

In the first one, we analyze a scenario with partial incomplete information,

while in the second one, we analyze a scenario with full incomplete informa-

tion. We propose Description Logics (DLs) as languages to model agents’ goals in

Multi-issue Bilateral Negotiation, one of the reason for choosing DLs is that they

are the basis of Semantic Web Languages as OWL1 and, moreover, thay are much

more expressive than e.g., Propositional Logic, yet they have decidable inference

problems that can be useful in a number of negotiation scenarios.

In this chapter, in particular, we present a DL-based approach to multi-issue

bilateral negotiation and introduce a novel logic-based alternating-offers protocol.

The protocol merges DLs formalism and non-standard reasoning services with util-

ity theory, to find the most suitable agreements. To this aim it takes into account ex-

1www.w3.org/TR/owl-features/
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isting logical relations between issues in requests and offers and related utilities of

agents, expressed through logical formulas. The roadmap to the rest of this chapter

is as follows: next Section outlines the approach and assumptions we make. Then

we move on to the logical formalism we adopt. Section 6.3 presents and motivates

the protocol we devised. We discuss features of the protocol in Section 6.4.

6.1 Scenario and Assumptions

We consider a marketplace of peer entities where users submit their semantically

annotated descriptions, and negotiations among agents take place in a fully auto-

mated way. We start outlining: the negotiation protocol, i.e., the set of rules that

specifies how an agreement can be reached; the negotiation strategy, that specifies

the action to take in each situation, given an explicit set of rules specified in the

negotiation protocol (Rosenschein and Zlotkin, 1994); the utility function of the

agents, which is used to evaluate the possible outcomes of the negotiation (Kraus,

2001). The assumptions characterizing the proposed negotiation mechanism are:

one-to-many: the negotiation is a one-to-many negotiation, since the buyer’s agent

will negotiate simultaneously with other m different agents – each one rationality:

agents are rational, they behave according to their preferences and seek to maxi-

mize their utilities (Kraus, 2001, p.19) doing in each step the minimum possible

concession, i.e., the concession involving the minimum utility loss, see protocol

Section 6.3.

incomplete information: each agent knows its utility function and ignores the op-

ponent disagreement thresholds and utility functions.

conflict deal: disagreement is better than an agreement iff the agent’s utility over

such an agreement is smaller than disagreement thresholds2 set by the agent before

negotiation starts. Therefore when the agent’s utility deriving from accepting an

2Disagreement thresholds, also called disagreement payoffs, or reservation values, are the mini-

mum utility that each agent requires to pursue a deal (Rosenschein and Zlotkin, 1994).
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agreement (or going on with the negotiation) and opting out it is the same, it will

prefer not to opt out (Kraus, 2001).

Here we just give a quick outlook of the protocol we propose in the framework,

and will thoroughly detail it in Section 6.3. The protocol is inspired to Rubinstein’s

alternating-offers one (Rubinstein, 1982). In that setting an agent starts making

an offer to its opponent, who can either accept, make a counter-offer or exit the

negotiation. If a counter-offer is made, the negotiation goes on until one of the

agents accepts an offer or exits the negotiation. In some cases there is a negotiation

deadline; if such deadline is reached before one agent has accepted an offer, the

negotiation ends in a conflict deal. Our protocol anyway is different from that of

Rubinstein; actually we consider: multi-issue negotiation: buyer and seller do not

negotiate on a single item or on a single bundle of items, but on many issues, which

are related with each other through an ontology; such issues may also characterize

more complex items (e.g., in a computer store domain a notebook equipped with

Wi-Fi adapter and DVD recorder). Note also that at this stage of our work we do

not consider a time deadline. The protocol is sorted out by a finite set of steps3:

the negotiation always terminates because either the agreement has been reached

or because one agent opts out. The agent who moves first is selected randomly

for each negotiation. At each step the agent who moves has two choices: concede

or opt out, while the other one stands still. Agents are forced to concede until a

logical compatibility is reached between the initial request and the supply, i.e., until

the inconsistency sources are eliminated. At each step, amongst all the allowed

concessions that satisfy the concession criteria enforced by the protocol, the agent

should choose the concession that gives the highest utility to itself: the minimal

concession. Therefore a concession should be minimal w.r.t. the utility loss paid

by the agent who makes the concession (Endriss, 2006). The negotiation ends

3In the following, for the sake of simplicity, we always describe an interaction between only two

opposite agents; although we notice that multiple negotiations can be performed at the same time,

among one agent and many candidate partners.
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either if a logical compatibility is reached (the negotiation succeeds) or if one agent

opts out (the negotiation ends in a conflict deal). For what concerns strategy,

the main target of the agent is to reach the compatibility, because only through

compatibility it is possible to reach an agreement. If it is its turn to move, an agent

can choose to concede or opt out: if the utility of the agent at that step is smaller

than its disagreement threshold, then the agent opts out and the negotiation ends

immediately. Otherwise, it will do a concession: the concession is the minimum

possible concession, that is the concession less decreasing its utility.

We define an agent’s utility function over all possibile outcomes (Kraus, 2001)

as:

up : A ∪ {Opt} → < (6.1)

where p ∈ {β, σ}—β and σ stand for buyer and seller respectively— A is the set

of all possible agreements, Opt stands for Opt out.

6.2 Logical Formalism

In this chapter we will refer to AL(D) (Baader et al., 2002), a fragment of OWL-

DL, where besides owl:Class and owl:ObjectProperty, one is able to

express owl:DataTypeProperty f (for Features) on objects such as year of

building, length, weight and many others by means of concrete domains. Without

loss of generality we assume that concrete domains we deal with are admissible4.

In order to model the domain knowledge and represent relationships among ele-

ments, we use an ontology O containing Concept Inclusion axioms of the form

A v C and A ≡ C, where the concept name A can appear only once on the left-

had side of axioms. We restrict O to be acyclic, i.e., the definition of A should

not depend on A itself (see (Baader et al., 2002) for a precise definition). Using

AL(D) it is possible to express subclass relations, disjointness relations involving

concept names. As an example consider the following axioms (hereafter we will

4It is well known that < is admissible (Baader and Hanschke, 1991).
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HomePC v PC u ∃hasOS u ∃hasProcessor; CheapPC v PC u (price ≤ 600)

Pentium v Intel Processor u (mhz ≥ 3000) Centrino v ¬Pentium

WinX v OperatingSystem; Unix v OperatingSystem

Linux v Unix; Unix v ¬WinX
Figure 6.1: The ontology used in the examples

use DL syntax which results more compact than OWL one):

CheapPC v PC u (price ≤ 600) (Subclass)

WinX v ¬Unix (DisjointClasses)

Formulas representing demands D and supplies S, are expressed as generic

OWL-DL expressions. So, an example description can be the following one:

PC u ¬Notebook u (ram ≥ 1024) u (hdd ≤ 160) u∃hasOS u ∀hasOS.Linux

u∃monitoru∀monitor.(LCDmonitoru∃characteristicsu∀characteristics.(inch ≥

17))

formally modeling this advertisement: “personal computers, no notebooks, with a

RAM of 1 Gbyte (with the possibility to extend), with an hard disk of at most 160

Gbytes and a 17” LCD monitor.”.

Notice that for what concerns numerical properties, also range expressions are

allowed in the form (f ≥ n) u (f ≤ m). In order to better explain the approach,

in the rest of the chapter we will refer to ontology O in Figure 6.1. Even though

subsumption and satisfiability are basic and useful reasoning tasks in a number

of applications, there are typical problems related to negotiation that call for non-

standard reasoning services. For instance, suppose you have the buyer’s agent β

with her Demand represented by the concept D and the seller’s agent σ with his

Supply represented by S. In case β’s request D and σ’s offer S are in conflict with

each other with respect to the domain knowledge modeled in the ontology O— in

formulae SuD vO ⊥— how to suggest to β which parts inD are in conflict with

S and conversely to σ which parts in S are conflict with D? The above question

is very common, among others, in negotiation scenarios where you need to know
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“what is wrong” between D and S and negotiate on it. In order to give an answer

to the previous question and provide explanations, Concept Contraction (Colucci

et al., 2003; Di Noia et al., 2007a) can be exploited.

Concept Contraction . Given two concepts C1 and C2 and an ontologyO, where

C1 u C2 vO ⊥ holds, find two concepts K (for Keep) and G (for Give up)

such that both C1 ≡ K uG and K u C2 6vO ⊥.

In other wordsK represents a contraction ofC1 which is satisfiable withC2, whilst

G represents some reason why C1 and C2 are not compatible with each other. With

Concept Contraction, conflicting information both in β’s request w.r.t. σ’supply

can be computed and vice versa. Actually, for Concept Contraction minimality

criteria have to be introduced. Following the Principle of Informational Economy

(Gärdenfors, 1988), for G we have to give up as little information as possible.

Colucci et al. (2003, 2005a) introduced and analyzed some minimality criteria. In

particular, if the adopted DL admits a normal form with conjunctions of concepts

as AL(D), G∃ minimal irreducible solutions can be defined.

Definition 16 Let C1 and C2 be two concepts such that C1 u C2 vO ⊥. For the

corresponding concept contraction problem Q, we say the solution 〈Girr,Kirr〉

problem is G∃-irreducible minimal if the following conditions hold:

1. Girr =
d
i=1...nGi where both Girr vO ∃R and Kirr 6vO ∃R iff C2 v

∀R.⊥;

2. K uGi u C2 vO ⊥, for every i = 1 . . . n;

3. if 〈G′,K ′〉 is a solution toQ satisfying Condition 1 then K ′ 6vO Kirr holds.

The rationale behind the three conditions in above definition is the following:

Condition 1 This condition is needed in order to avoid solutions, i.e., negotiation

outcomes, which could not be useful in the user perspective. Consider the
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following example referring to the ontology in Figure 6.1.

D = HomePC u ∀hasOS.Linux

S = PC u ∀hasOS.WinX

Now, D and S are in conflict with each other w.r.t. O; in order to regain the

compatibility, β may contract her request. In this case two possible solutions

are:

〈G1,K1〉 = 〈HomePC,PC u ∃hasProcessor u ∀hasOS.Linux〉

〈G2,K2〉 = 〈∀hasOS.Linux,HomePC〉

The first solution does not satisfy Condition 1 because for the property hasOS

both HomePC vO ∃hasOS and PCu∃hasProcessoru∀hasOS.Linux 6vO

∃hasOS. If β decides to contract her request following this solution, then

she keeps all the specifications of requested characteristics (also the one on

the operating system) but her choice would lead to a vacuously true agree-

ment on the operating system specification with σ. In fact, K1 u S implies

∀hasOS.⊥ i.e., no operating system is admitted.

Condition 2 We desire to keep the number of conjuncts in Girr as small as pos-

sible in order to avoid redundancies (minimality of Girr). Turning back

to the previous example, another solution to the same Q is 〈G3,K3〉 =

〈∀hasOS.(Linux u Unix),HomePC〉.

Condition 3 Conversely, we want to keep as much information as possible in

Kirr. In this example 〈G4,K4〉 = 〈∀hasOS.Linux,HomePCu∀hasOS.OperatingSystem〉.

With respect to the above example the only solution satisfying Definition 16 is

〈G4,K4〉. To compute a G∃-irreducible minimal solution, the algorithm proposed

by Colucci et al. (2004) can be simply adapted and used. Notice that even though

within O in Figure 6.1 the disjunction relation is between WinX and Unix, the

concept contraction procedure suggests to give up ∀hasOS.Linux because Linux

is a sub-class of Unix.
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6.2.1 Dealing with Incomplete Information

Information about supply/demand descriptions can be, in our setting, incomplete.

This may happen not only because some information may be unavailable, but also

because some details have been considered irrelevant by either the seller or the

buyer when they submitted their advertisements. For instance, some user may find

tiresome to specify a lot of characteristics related to the brand or more technical

characteristics of the product the user can be unaware of. Currently, the most com-

mon approach to this problem is avoiding incompleteness by forcing the user to

fill long and tedious forms. There are several ways to deal with incomplete infor-

mation and the choice may influence a negotiation. Suppose to have the following

two entries in the e-marketplace:

D: I am looking for a PC equipped with Wi-Fi and DVD recorder.

S: I offer a home PC with Intel Processor equipped with Linux Operating System.

The above descriptions are then formalized as:

D: PC u ∀hasDevice.WiFiu ∀hasStorageDevice.DVDrecorder

S: HomePC u ∀hasProcessor.Intel u ∀hasOS.Linux

Under an open-world assumption we have two possible choices. First, we can

keep incomplete information as missing information: we do not know e.g., if the

buyer is not interested in a particular characteristic or he simply has forgotten to

specify it. In this case the system has to contact to buyer/seller to further refine

her/his description. Asking users to refine their descriptions before the negotiation

process starts seems quite unrealistic, because of the amount of descriptions that

can be stored in the system itself. It appears more feasible to leave this phase to

a second negotiation stage related to a small subset of supplies/demands. For in-

stance, the ones with the highest utility product. In fact these solutions are known

to be Pareto-efficient and “fair”, according to Nash (Kraus, 2001). Once buyer and

seller have refined their descriptions it is possible to start a new negotiation (the

so-called post-negotiation phase) where only the updated information is negoti-

ated. On the other hand, still in the open-world assumption setting, a second possi-
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ble choice can be to assume incomplete information as an any-would-fit assertion

(don’t care), so the system should cope with this incompleteness as is. Therefore

also this information will be presented in the final agreement. Following the above

example the final agreement would be:

A = HomePC u ∀hasProcessor.Intel u ∀hasOS.Linux u PC u

∀hasDevice.WiFi u ∀hasStorageDevice.DVDrecorder

In the latter case no human intervention is needed. In this work we take this ap-

proach, with agents not caring about missing information.

6.3 Logic-based Alternating-offers Protocol

In this section we model an alternating-offer protocol taking into account the se-

mantics of request and offers as well as the domain knowledge modeled within an

ontology in the OWL DL fragment we identified in Section 6.2, exploiting Concept

Contraction. For the sake of clarity and without loss of generality, from now on we

consider that the agent entering the marketplace is the buyer β and her potential

partners are the sellers’ agents σ. The first step of the protocol is the normalization

of both β’s demandD and σ’s supply S. The normalization step substitutesA with

A u C everywhere in a concept, if either A v C or A ≡ C appears in O, then

considers the equivalence ∀R.(AuB) ≡ ∀R.Au∀R.B as a recursive rewrite rule

from left to right. After the normalization stage, D is a conjunction of elements in

the form:

D =
l

i

Ci (6.2)



6.3. Logic-based Alternating-offers Protocol 141

where Ci ∈ Norm with

Norm =



CN

¬CN

〉
− CN is a Class Name

∃R − R is an Object Property

(f ≤ n)

(f ≥ n)

(f = n)

〉
− Constraints on numerical features

∀R.C − with C ∈ Norm

As an example consider the concept in Section 6.2. After normalization it is rewrit-

ten as:

PC u ¬Notebooku (ram ≥ 1024) u (hdd ≤ 160) u∃hasOS u ∀hasOS.Linuxu

∃monitor u ∀monitor.LCDmonitoru ∀monitor.∃characteristicsu

∀monitor.∀characteristics.(inch ≥ 17) .

In the normalized form Ci represents issues the user is willing to negotiate on. The

buyer is able to express her utilities on single issues or on bundles of them. For

instance, w.r.t. the previous request the buyer may set utility values on PC (single

issue) as well as on the whole formula (ram ≥ 1024)u∀monitor.LCDmonitor

(bundle of issue). We indicate these concepts with Pk — for Preferences.

Now, for eachPk the buyer β expresses a utility value uβ(Pk) such that
∑

i u
β(Pk) =

1. As usual, both agents’ utilities are normalized to 1 to eliminate outliers, and

make them comparable. Since we assume that utilities are additive, the global

utility is just a suitable sum of the utilities for preferences entailed by the final

agreement. In particular, given a concept expression A representing a final agree-

ment, we define the final utility associated to the agent p, with p ∈ {β, σ}, see

(6.1) as:

up(A) =
∑
k

{up(Pk) | A v Pk} up(Opt) = tp (6.3)

where tp is the disagreement threshold of agent p (see Section 8.4).
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6.3.1 The Protocol

Summing up, before the real negotiation starts (step 0) we have a demand D and a

supply S such that:

D =
l

i

Ci S =
l

j

Cj

Based on Ci and Cj , the buyer and seller, respectively, formulate their preferences

Pk (for the buyer) and Ph (for the seller) and for each of them set a utility value

such that:

∑
k

uβ(Pk) = 1
∑
h

uσ(Ph) = 1

Finally, both for β and σ we have the corresponding disagreement thresholds and

utility functions tβ , uβ and tσ, uσ.

IfDuS vO ⊥ then demand and supply descriptions are in conflict with each other

and β and σ need to negotiate on conflicting information if they want to reach an

agreement. The negotiation will follow an alternating offers pattern: at each step,

either β or σ gives up a portion of its conflicting information choosing the item

with the minimum utility. At the beginning, both β and σ need to know what are

the conflicting information. Notice that both agents β and σ know D and S, but

they have no information neither on counterpart utilities nor preferences. Both

β and σ will solve two Concept Contraction problems, computing a G∃ minimal

irreducible solution, and rewrite D and S as:

D = Gβ0 uK
β
0 S = Gσ0 uKσ

0

In the above rewriting Gβ0 and Gσ0 represent, respectively, some of the causes that

make D in conflict with S and the reason why S is in conflict with D. At a first

glance it would seem β needs only 〈Gβ0 ,K
β
0 〉 and σ needs 〈Gσ0 ,Kσ

0 〉. We will

see later that β needs also information on σ in order to check its fairness during

negotiation steps.
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Since we compute G-irreducible solutions we can normalizeGβ0 andGσ0 , following

the same procedure for D and S, as:

Gβ0 = Gβ(0,1) uG
β
(0,2) u . . . uG

β
(0,n) =

nl

i=1

Gβ(0,i)

Gσ0 = Gσ(0,1) uG
σ
(0,2) u . . . uG

σ
(0,m) =

ml

j=1

Gσ(0,j)

In the previous formulas, indexes (0, i) and (0, j) represent the i-th and j-th con-

junctive element in Gβ and Gσat round 0. Due to the structure of D, S and O we

have that: for eachGβ(0,i) there always exists a Ci in the normalized version ofD—

as represented in Equation (6.2) — such that Gβ(0,i) = Ci. The same relation holds

between each Gσ(0,j) and Cj in the normalized form of S. Hence, some of Pk and

Ph can be partially rewritten in terms of Gβ(0,i) and Gσ(0,j) respectively. Since the

information in Gβ0 and Gσ0 are the reason why an agreement is not possible, then

either β or σ will start conceding one ofGβ(0,i) orGσ(0,j) reducing their global utility

of u(Gβ(0,i)) or u(Gσ(0,j)), respectively.

Suppose β starts the negotiation and gives up Gβ(0,2) = C5 with P3 vO Gβ(0,2).

Then she reformulates her request as

D1 =
l

i=1..4,6..

Ci

and sends it to σ. Notice that since P3 vO Gβ(0,2), the global utility of β decreases

to

uβ1 =
∑

k=1..2,4..

u(Pk)

Now, σ is able to validate if β really changed her request to reach an agreement and

did not lie. To do so, σ computes 〈Gβ1 ,K
β
1 〉 solving a concept contraction problem

w.r.t. the new demand D1 and checks if Gβ1 is more general than Gβ0 . In formulas,

σ checks if Gβ0 vO Gβ1 holds, in case of positive answer, then σ knows that β

did not lie and he continues the negotiation process. Otherwise he may decide to

leave the negotiation (conflict deal) or ask β to reformulate her counteroffer. If
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the negotiation continues, σ computes his conflicting information w.r.t. to D1 and

rewrites S as:

S = Gσ1 uKσ
1 where Gσ1 =

ml

j=1

Gσ(1,j)

Again, for each G(1,j) there exists a Cj in the normalized version of S. Hence, if σ

decides to concede G(1,j), his global utility decreases proportionally to the utility

of Ph to which G(1,j) belongs to. Once σ sends his counteroffer to β, this latter is

able to check if σ lied. Similarly to σ in step 0, β computes 〈Gσ1 ,K
β
1 〉 and checks

if Gσ0 vO Gσ1 . The process ends when one of the following two conditions holds:

1. the global utility of an agent is lower than its disagreement threshold. In

this case the negotiation terminates with a conflict deal.

2. there is nothing more to negotiate on and the global utility of each agent

is greater than its disagreement threshold. In this case the negotiation ter-

minates with an agreement. The agreement A is computed simply as

A = Dlast u Slast, where Dlast and Slast are the request and the offer in

the last step.

6.3.2 Minimum Concession

Since users can express an utility value also on bundles, whenever they concede an

issue as the minimum concession (in term of minimum global utility decrease),

the set of all the bundles in which the issue is present has to be taken into account.

They choose based on the utility of the whole set. For instance, suppose the buyer

sets as preferences the following ones:

P1 = ∀monitor.LCDmonitor

P2 = (hdd ≤ 200)

P3 = ∀monitor.LCDmonitor u ∀monitor.∀characteristics.(inch = 17)

with the following utilities: uβ(P1) = 0.1, uβ(P2) = 0.4 and uβ(P3) = 0.5.

At the n-th step the conflicting information is:

Gβn = ∀monitor.LCDmonitor u (hdd ≤ 200)
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Hence, β can concede whether ∀monitor.LCDmonitor or (hdd ≤ 200). If she

concedes ∀monitor.LCDmonitor then her global utility decreases of uβ(P1)+

uβ(P3) = 0.6, while conceding (hdd ≤ 200) her utility decreases of uβ(P2) =

0.4 only. In this case the minimum concession is (hdd ≤ 200).

6.3.3 The Algorithm

Here we define the behavior of agents during a generic n-th round of the negotiation

process. We present only the algorithm related to β’s behavior since the behavior

of σ is dual w.r.t. β’s one.

1-4 If there is nothing in conflict between the old Dn−1 and just-arrived Sn, then

there is nothing more to negotiate on: the agreement is reached and returned.

Notice that while computing the final agreement we use the ”any-would-fit”

approach to deal with incomplete information (see Section 6.2.1).

5-11 If β discovers that σ lied on his concession, then β decides to exit the negotia-

tion and terminates with a conflict deal. If we want β ask σ to concede again

it is straightforward to change the protocol to deal with such a behavior.

13-15 If after the minimum concession, the utility of β is less than her disagree-

ment threshold, then the negotiation ends with a conflict deal.

6.3.4 An Illustrative Example

Keeping the computer equipment as reference domain, consider the following ex-

ample: a buyer β looking for a “personal computer equipped with an Intel pro-

cessor whose clock frequency is at least 3000 MHz, 2 Giga bytes of RAM. The

computer must have Linux operating system pre-installed. A 19” LCD monitor is

also requested.”. On the other side, a seller offers a “personal computer for do-

mestic use with a 2500 MHz Pentium on board. The computer is provided with a

Windows operating system, a 17” LCD monitor and a WiFi adapter.”. Both the

request D and the offer S can be formalized as:
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if Dn−1 u Sn 6vO ⊥ then
agreement A reached;

return A = Dn−1 u Sn ;

end

if n > 0 then
compute 〈Gσn,Kσ

n〉 from Dn−1 and Sn;

if Gσn−1 6vO Gσn then
σ lied;

conflict deal: exit ;

end

end

compute minimum concession Gβ(n−1,i) ;

if uβn−1 < tβ then
conflict deal: exit ;

end

formulate Dn deleting Gβ(n−1,i) from Dn−1 ;

send Dn to σ;

Algorithm 1: The behavior of β at step n
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D = PCu∃hasProcessoru∀hasProcessor.(Intel Processoru(mhz ≥ 3000))u

∃hasOSu∀hasOS.Linuxu(hdd ≥ 100)u∃monitoru∀monitor.(LCDmonitoru

∃characteristicsu ∀characteristics.(inch = 19))u (ram = 2048)

S = HomePCu∀hasProcessor.(Pentiumu(mhz = 2500))u∀hasOS.WinXu(hdd = 80)u

∃monitor u ∀monitor.(LCDmonitor u ∃characteristics u

∀characteristics.(inch = 17)) u ∃hasWiFi

Their normalized forms5 are respectively:

D = PC u ∃hasProcessor u ∀hasProcessor.Intel Processor u

∀hasProcessor.(mhz ≥ 3000)u∃hasOSu∀hasOS.Linuxu (hdd ≥ 100)u

∃monitor u ∀monitor.LCDmonitor u

∀monitor.∃characteristicsu∀monitor.∀characteristics.(inch =

19) u (ram = 2048)

S = HomePC u ∀hasProcessor.Pentium u ∀hasProcessor.(mhz = 2500) u

∀hasOS.WinX u (hdd = 80) u ∃monitor u ∀monitor.LCDmonitor u

∀monitor.∃characteristicsu∀monitor.∀characteristics.(inch =

17) u ∃hasWiFi

5In order to keep the example compact, we do not consider here the normalization step (f =

n) ≡ (f ≥ n) u (f ≤ n), which should be taken into account.
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Now both agents β and σ set their preferences with corresponding utilities and

utility threshold.

P β1 = ∀monitor.LCDmonitor uβ(P β1 ) = 0.4

P β2 = (hdd ≥ 100) uβ(P β2 ) = 0.2

P β3 = ∀hasOS.Linux uβ(P β3 ) = 0.2

P β4 = ∀monitor.LCDmonitoru

∀monitor.∀characteristics.(inch = 19) uβ(P β4 ) = 0.1

P β5 = (ram = 2048) uβ(P β4 ) = 0.1

tβ = 0.6

Pσ1 = ∀monitor.∀characteristics.(inch = 17) uσ(Pσ1 ) = 0.4

Pσ2 = ∀hasProcessor.(mhz = 2500) uσ(Pσ2 ) = 0.3

Pσ3 = (hdd = 80) uσ(Pσ3 ) = 0.2

Pσ4 = ∀hasOS.WinX uσ(Pσ4 ) = 0.1

tσ = 0.5

K and G are computed for both β and σ.

Kβ
0 = PC u ∃hasProcessor u ∀hasProcessor.Intel Processor u ∃hasOSu

∀hasOS.OperatingSystemu∃monitoru∀monitor.∃characteristicsu

∀monitor.LCDmonitor u (ram = 2048)

Gβ0 = ∀monitor.∀characteristics.(inch = 19) u ∀hasProcessor.(mhz ≥

3000) u ∀hasOS.Linux u (hdd ≥ 100)

Kσ
0 = HomePCu∀hasProcessor.Pentiumu∃monitoru∀monitor.LCDmonitoru

∀monitor.∃characteristics u ∃hasWiFi

Gσ0 = ∀monitor.∀characteristics.(inch = 17) u ∀hasProcessor.(mhz =

2500) u (hdd = 80) u ∀hasOS.WinX

Now suppose that by coin tossing, β moves first. She starts giving up the constraint

on processor clock frequency, which is her minimum concession since a utility not

assigned to a characteristic is usually equivalent to a utility equal to zero. Then she
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computes her utility and, since it is greater than the threshold value, decides to go

on with the negotiation process. In the following step we have:

Kβ
1 = PC u ∃hasProcessor u ∀hasProcessor.Intel Processor u ∃hasOS

u∀hasOS.OperatingSystemu∃monitoru∀monitor.∃characteristicsu

∀monitor.LCDmonitor u (ram = 2048)

Gβ1 = ∀monitor.∀characteristics.(inch = 19)uhasOSLinuxu(hdd ≥ 100)

Kσ
1 = HomePCu∀hasProcessor.Pentiumu∃monitoru∀monitor.LCDmonitoru

∀monitor.∃characteristics u ∃hasWiFi u ∀hasProcessor.(mhz =

2500)

Gσ1 = ∀monitor.∀characteristics.(inch = 17)u (hdd = 80)u∀hasOS.WinX

At this point, σ gives up ∀hasOS.WinX which is the preference with the minimum

utility. The protocol continues until agents reach logical compatibility. A final

agreement could then be:

A = HomePCu∃hasOSu∀hasOS.Linuxu∃hasProcessoru∀hasProcessor.(mhz =

2500) u ∀hasProcessor.Pentium u (hdd = 80) u (ram = 2048)u

∀monitor.LCDmonitor u ∀monitor.∃characteristicsu

∀monitor.∀characteristics.(inch = 19) u ∃hasWiFi,

with corresponding utilities uβ = uβ(P β1 ) + uβ(P β3 ) + uβ(P β4 )+ uβ(P β5 ) = 0.8

for β and uσ = uσ(P σ2 ) + uσ(P σ3 ) = 0.5 for σ.

6.4 Features of the Negotiation Mechanism

We briefly point out some characteristics of the proposed negotiation protocol

(Rosenschein and Zlotkin, 1994).

Semantics. In the proposed protocol a formal language is exploited. Using a do-

main ontology it is possible to discover implicit conflicting information between

a demand D and a supply S. Furthermore, a general logic-based technique, i.e.,

Concept Contraction, grounded in well-known belief revision theory (Gärdenfors,

1988), is adopted to compute concessions. Bundles. Users (both β and σ) can
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set utility values not only on single issues but also on a bundle of issues. Strong

Agreement. During the negotiation process the agents negotiate on conflicting

issues. Hence, if the negotiation does end with an outcome, no conflicting infor-

mation are present in the final agreement. Simplicity. Interaction among agents

requires low communication costs: agents do not have to guess either the prefer-

ences of their opponent or their utility function. Moreover it is possible to compute

strategy in a reasonable amount of time (Kraus, 2001). Distribution. The negotia-

tion mechanism does not require a mediator helping parties to reach an agreement

during the negotiation process or managing the entire process. Agents negotiate on

their own with no need of an external help. Efficiency. If the protocol ends with

an agreement, this is on the Pareto frontier. Due to the structure of formulas β and

σ and G-irreducible solutions to concept contraction problems, during round n for

each Gβ(n,i) ∈ G
β
n, representing the source of information in Dn, there is always at

least one (in the most general case, more than one) Gσ(n,j) ∈ G
σ
n representing the

corresponding source of information in Sn. Hence, if β concedes Gβ(n,i), losing the

utility of bundles containing Gβ(n,i), then σ is sure to maintain the utility on bun-

dles involving Gσ(n,j). In other words, if an agent concedes something decreasing

its utility then the opponent’s utility does not decrease.

Notice that, in order to reach a surely Pareto-efficient agreement and always

find a Nash bargain solution, while maintaining the same logic approach and the

use of bundles, a protocol similar to the one proposed by Endriss (2006) can be

adopted. Nevertheless, if we want to consider the willingness to risk conflict of

both agents, in order to decide for each round which agent will concede, it becomes

hard to maintain the approach fully distributed. If the approach remains distributed

then we have to hypothesize agents estimate the willingness to risk conflict of the

opponent. In this case we would probably lose in simplicity.
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6.4.1 Discussion

Summarizing, we have motivated and illustrated a logic-based approach to bilat-

eral negotiation in P2P e-marketplaces; we proposed a semantic-based alternating-

offers protocol exploiting Description Logics, non-standard inference services, and

utility theory to find the most suitable agreements. To the best of our knowledge

there is only another work exploiting DLs in negotiation scenarios (Ragone et al.,

2007b). That work is presented in the next Chapter, there a more expressive DL,

SHOIN(D), is used to model the logic-based negotiation protocol, and only stan-

dard inference services, such a satisfiability, are exploited in order to catch in-

consistency sources between D and S. Instead, here, the use of a non-standard

inference service, such a Concept Contraction, can be useful to provide also an

explanation of “what is wrong” between D and S, i.e., the reason why β and σ can

not reach an agreement and what has to be given up in order to reach that. How-

ever, in this work we model a scenario with partial incomplete information (agents

know opponent preferences, but not utilities of such preferences), while in (Ragone

et al., 2007b) a scenario with fully incomplete information is studied, where agents

do not know anything about the opponent one (neither preferences nor utilities).

Moreover, differently from the approach presented in (Ragone et al., 2007b), the

negotiation mechanism also works without agents knowing their exact utilities. It

is enough that each agent knows, at every round, which issue to concede next; so

only partial orders on issues are needed.

Work is ongoing on various directions, namely: extending the DL adopted,

finding a “cheap” way to ensure that the reached agreement is Pareto-efficient, and

carry out large-scale experiments with real advertisements.



Chapter 7

DLs for Multi-issue bilateral

negotiation with Incomplete

Information

In this chapter we propose an approach to model multi-issue bilateral negotiation

using the DL SHOIN(D) as languages to model agents’ goals and two standard

inference services—satisfiability and subsumption—to reason about goals. Satisfi-

ability is useful to catch inconsistency between agent’s goals w.r.t. the ontology T ,

i.e., inconsistent goals cannot be in the same agreement, (e.g., agents cannot agree

onA andB at the same time if in T A is defined as disjoint fromB). Through sub-

sumption one can discover if an agent’s goal is implied by a goal of its opponent,

even if this fact does not immediately appear at the syntactic level.

We remark that the framework, presented in this chapter, could be applied to

every logic whose logical implication and satisfiability are decidable. We set the

stage of our approach in a generic scenario with incomplete information, and define

a logic-based protocol. We prove that the protocol converges for DLs restricted by

the finite implicant property.

The protocol leaves open the possibility to the agents to pursue different strate-

152
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gies. Among others, we study two possible strategies that agents can adopt with

reference to the rules set up by the protocol and analyze relevant properties of such

strategies.

As the negotiation scenario is one with fully incomplete information, we as-

sume agents do not reveal their goals either to the opponent or to a mediator, but

they keep as private information both goals and their worths.

Actually, the difficulty to model scenarios with incomplete information is due

to the fact that the agent cannot be sure how the opponent will evaluate its offers,

and therefore it may be unable to negotiate to the best of its capacity (Kraus, 2001).

Usually, to overcome such drawback, a preliminary step is added to strategic ne-

gotiations where agents reveal some (or all) private information. Obviously, the

revelation mechanism has to ensure agents truthfully report their private informa-

tion and punish liars (Rosenschein and Zlotkin, 1994). Yet it is not always possi-

ble to design truthful revelation mechanisms, since they depend on the particular

scenario taken into account (see (Kraus, 2001, p.64) for an extensive discussion).

When negotiation involves organizations, e.g., companies, revealing information

may conflict with company’s interests and assessing the truthfulness of the agents’

declarations can can be very hard or impossible.

The protocol we propose here is able to deal with such incomplete information

without forcing agents to reveal either their goals or utility functions, so it suits all

scenarios where agents are not willing to reveal private information or when it is

hard to design a truthful revelation mechanism.

The remaining of this chapter is structured as follows: first we outline the no-

tation we adopt and define an agent in our setting together with the information

characterizing its type (goals, utility functions, thresholds). Next we present the

negotiation mechanism, illustrating the logic-based negotiation protocol and the

convergence property of the protocol itself. Then we introduce and discuss two

possible strategies compliant with the protocol, highlighting their properties.
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7.1 Notation

We use symbols A,B,C,D, . . . ,>,⊥ to denote concepts, and symbols T , G, R,

to denote sets (of inclusions, of concepts, etc.). Note that we refer both to concept

names and to DL formulas with the term “concept”. The symbol > denotes the

universal concept, while ⊥ the empty (contradictory) one. Here we use T (for

Terminology) to indicate a DL ontology, i.e., a set of axioms of the form C v D

(inclusion) and C ≡ D (definition) with C and D being concepts. We say C is

subsumed by D w.r.t. T when T |= C v D, or equivalently C vT D; C is not

satisfiable w.r.t. the ontology T when it is subsumed by the most specific concept

T |= C v ⊥, or equivalently C vT ⊥; C is not subsumed by D w.r.t. T when

T 6|= C v D, or equivalently C 6vT D.

In the following, the symbol a denotes a generic agent, and the symbol o de-

notes a’s opponent.

7.2 Negotiating over related issues

Extending the well-known preference mechanism of Weighted Propositional For-

mulas (Pinkas, 1991; Lafage and Lang, 2000; Chevaleyre et al., 2006), we assign

normalized weights to concepts C1, . . . ,Cn in a Description Logic, and define the

utility of a proposal C as the sum of the weights of the concepts subsumed by C

w.r.t. a ontology T . The agent’s type embodies any private information which is

not common knowledge to all agents, but is relevant to the agent’s decision making

(Fudenberg and Tirole, 1991). In our setting the type embodies goals, their worth,

an utility threshold and unwanted issues. More formally, we define agent a and its

opponent o as in the following.

Definition 17 [Agent] Let T be an ontology in a DL L. Agent a is defined as a

tuple (Ga, ua(·), ta,Ra), where:

• Ga is a set of concepts {C1, . . . , Cn}, each one satisfiable in T , represent-
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ing a’s goals. To each goal Ci is associated a weight wai ∈ <+ such that∑n
i=1w

a
i = 1.

• ua(·) : L → <+ ∪ {0} is a function that assigns a worth (utility) to every

concept C ∈ L as follows:

ua(C) =
∑
{wai | i = 1, . . . , n, and C vT Ci}

• ta is a threshold for a’s utility. If an agreement is reached such that the cor-

responding a’s utility is lower than ta, then a rejects the agreement (conflict

deal).

• Ra is the set of concepts that a explicitly rejects during the negotiation.

In an analogous way, the opponent o is defined as (Go, uo(·), to,Ro).

Note that the weight of a goal may not be its worth: e.g., let T embody knowledge

about guarantees, and let C1, C2 represent in T a guarantee of at least one year and

at least two years, respectively, both with weight wa1 = wa2 = 0.1; then ua(C2) =

0.2 6= wa2 since C2 vT C1.

Ra, Ro are sets of concepts declared unacceptable by a and o, respectively,

i.e., if N ∈ Ra then a declared that it will reject any agreement implying N .

Both agents can start negotiation with an empty or a non-empty R, depending on

their own strategy. We build on the definition of Multi-issue Bilateral Negotiation

(MBN) problem as proposed by Ragone et al. (2006b) and extend it as follows:

Definition 18 (MBN) Given two agents a and o, a Multi-issue Bilateral Negotiation

(MBN) problem is finding a conceptA (for Agreement) in L, consistent w.r.t. T and

such that:

1. ua(A) ≥ ta and uo(A) ≥ to;

2. for each concept Ci ∈ Ga either A vT Ci or A vT ¬Ci and for each

concept Cj ∈ Go either A vT Cj or A vT ¬Cj;
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3. for each concept Ni ∈ Ra and Nj ∈ Ro both A 6vT Ni and A 6vT Nj

hold.

In the above definition, Condition 1 states that agents accept an agreement A iff

their utility is greater or equal to their threshold’s utility. With the second condition

we impose all the goals have to be decided in the final agreement A, i.e., the agent

is able to compute if each goal is attained or not. Finally, the last condition says

that an agent will never accept any agreement implying any unwanted issue.

7.3 A Cumulative Protocol

Following the idea of Parsons et al. (1998), here we introduce a DL-protocol for

MBN based on proposals and counter-proposals. Basically, in this protocol agent

a makes a proposal C to agent o trying to satisfy its goals in Ga and avoiding

elements in Ra. On the other hand, o may decide to accept, reject or refine a’s

proposal taking into account its own goals Go and unwanted issues modeled in

Ro. If o decides to refine C proposing C ′, then it is up to a the decision to ac-

cept/reject/refine C ′ and so on, until an agreement is reached or an agent opts out.

It is easy to see that whenever during the negotiation either a or o decide to ac-

cept, they agree on some issues they are negotiating on. Hence, at each step of the

protocol there is a part of the agreement they already set.

In our framework, given a DL L, a proposal is a concept C ∈ L. Similarly,Asf

is a concept in L representing aspects the agents Agreed So Far in the negotiation.

When negotiation starts, Asf = >.

Reasonably, an agent makes a proposal because it expects increasing its own

utility with respect to the agreement so far Asf .

Definition 19 [Utility of a proposal] Given a proposal C made by agent a, the

utility of C for a with respect to Asf is ua(C uAsf ).

i.e., ua(C uAsf ) is the sum of all utilities of goals attained by a if C is accepted.
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Hereafter, when no ambiguity arises, we write ua(C) instead of ua(C uAsf ).

Definition 20 (Motivated proposal) Let T be a reference ontology for both a and

o, and let Asf ,Ro as in the previous section. A concept C is a motivated proposal

for Agent a, w.r.t. T , Asf , ua(·), if all of the conditions below hold:

1. Asf u C is satisfiable w.r.t. T

2. Asf u C 6vT N for every N ∈ Ro

3. ua(C) > ua(>)

First condition states that new proposals cannot be in contrast with what has been

agreed so far. Second condition requires that a must take into account what o

already declared unacceptable. Third condition requires that C should actually

increase a’s utility w.r.t. what a already gained withAsf . Observe that> represents

a shallow proposal (it implies no goal), and that > is never a motivated proposal,

because it fails on Condition 3.

In what follows, we require that both agents make only motivated proposals.

In doing so, we assume agents are self-interested and willing to conclude the ne-

gotiation.

Theorem 3 Condition 3 in Definition 20 is equivalent to the following one: there

exists a concept D such that

1. ua(D) > 0, and

2. Asf 6vT D, and

3. Asf u C vT D

Proof. If. If such a D exists, then proposing C should add at least ua(D) to global

utility of a, implying Condition 3. Only if. Applying Defs. 17 and 19, Condition 3

can be rewritten as
∑
{wai | i = 1, . . . , n, and C u Asf vT Ci} >

∑
{wai | i =

1, . . . , n, and Asf vT Ci}. This implies that there exists an h ∈ {1, . . . , n} such
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that Ch ∈ Ga, and both Asf 6vT Ch and Asf u C vT Ch. Then the claim holds

with D = Ch, since ua(Ch) ≥ wah > 0.

Negotiation starts with Asf = > (nothing agreed so far), and with one agent

making a (motivated) proposal C. We leave open in the protocol which agent

should start. Then, the agent that receives the proposal C—say, agent a—has the

following options:

1. reject: letRa := Ra ∪ {C};

2. accept: let Asf := Asf u C;

3. refine: propose C uD such that C uD is a motivated proposal for a w.r.t.

T , Asf u C, ua(·).

For Options 1–2, it is left open who will propose next; for Option 3, o should

receive C uD using the options above.

A round is either a proposal or one of the three actions above (reject, accept,

refine). Negotiation ends when no agent can make a motivated proposal, which

means no agent can increase its utility by making a consistent addition to Asf . At

this point, each agent a is supposed to accept Asf as the specification of a deal

if ua(C) > ta (the threshold utility for a), and reject otherwise; if both agents

accept, the deal is reached, otherwise the conflict deal is the outcome.

Observe that the satisfiability condition in Definition 20 forcesAsf to be always

satisfiable w.r.t. T .

7.4 Convergence

When using the Cumulative Protocol, an agent a could propose directly its goals

C1, . . . ,Cn, one at a time, or as many as possible at once, or some combination

of the goals, depending on a’s strategy. However, proposing a goal reveals it to

the opponent, who can exploit such a knowledge. Instead, the Cumulative protocol

allows an agent to propose a concept D which only implies one or more goals C.
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The convergence of the protocol depends on how many motivated proposals can be

made, and rejected, before negotiation ends.

We start by extending to DLs a standard terminology in Propositional and First-

Order Logic. Given a concept C, and a TBox T , we say that D is an implicant

of C w.r.t. T if D vT C. Two implicants D1, D2 of C are independent if neither

D1 vT D2 norD2 vT D1. A description logicL has the finite implicants property

if for every concept C ∈ L, the set of concepts {D ∈ L | D v C} is finite,

and L has the finite independent implicants if every set of mutually independent

implicants is finite. Observe that the latter notion rules out syntactic variants of

semantically equivalent formulas.

While Propositional Logic has the finite independent implicants property, DLs

in general do not. Consider the very basic DL FL0 (Nebel, 1990), whose con-

nectives are just u and ∀R.C. Given a concept C ∈ FL0, and a concept name

A not appearing in C, a set of independent implicants of C is D0 = C u A,

D1 = C u ∀R.A, D2 = C u ∀R.∀R.A, . . .

Therefore, no DL has the finite implicants property. However, taking into

account our application to negotiation, several meaningful syntactic restrictions

would yield the finite implicants property: for instance, a bound on the quantifi-

cation nesting of concepts; or a restriction that allows an agent to propose only

concept names (defined in the TBox); or to propose only concepts of the syntactic

closure of T and the goals of both agents.

Theorem 4 Let L be a description logic with the finite implicants property; let

ua(·), uo(·) two utility functions over na and no concepts in L, respectively; let T

be a TBox. Every run of the Cumulative Protocol terminates in a finite number of

rounds.

Proof. First we prove that there cannot be an infinite sequence of refinements. In

fact, every refinement C uD must be a motivated proposal, hence from Theorem 3

it must “use” a goal not previously attained. Hence, after at most na + no refine-
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ments, either an “accept” or a “reject” must be issued by the agent who cannot

make further refinements.

Then, we prove that at each rejection or acceptance, a finite set of concepts is

reduced by one. Regarding acceptance, since the accepted concept is a motivated

proposal, from Theorem 3 there is at least one goalD which is implied byAsf after

acceptance. Hence, D cannot be the objective of any further motivated proposal.

Regarding rejection, we use the finite implicants property of L: every goal has a

finite number of implicants. When a motivated proposal C made by a is rejected

by o, at least one implicant—C itself—of a goal cannot be proposed anymore by a,

since now C is in Ro, and vice versa for implicants of o’s goals. Therefore, there

cannot be an infinite number of acceptances and rejections.

The above theorem shows that the representation language is not neutral w.r.t.

the negotiation mechanism. Some languages may allow agents to go astray, while

others, limiting the number of possible proposals, force termination sooner of later.

7.5 Strategies

We now analyze possible strategies that the agents may adopt when negotiating

with a Cumulative protocol. Given an ontology T , an ongoing agreement Asf , and

previous rejections Ra, Ro, a goal C of a is attainable w.r.t. Asf , T , Ro if both

Asf 6vT C, and for every N ∈ Ro, Asf uC 6vT N . That is, C does not imply any

concept N already rejected by o. In other words, at a given stage Asf , Ra, Ro of

the negotiation, a can expect to gain the utility of each attainable goal—although

maybe not all together. In what follows, we refer to the set of attainable goals of

an agent.

7.5.1 IWIN

The first strategy we consider is IWIN: when making a proposal or a refinement, an

agent maximizes immediately its utility—of course, always relative to satisfiability
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with Asf .

Definition 21 (SUP) Given an ontology T , an ongoing agreement Asf , and previ-

ous rejectionsRa,Ro, let {C1, . . . ,Ck} be the set of a’s attainable goals. Then C

is a saturated utility motivated proposal (SUP) w.r.t. T ,Asf , ua(·), if all conditions

below hold:

1. C is a motivated proposal for a, w.r.t. T , Asf , ua(·),

2. either Asf u C vT Ci or Asf u C vT ¬Ci, ∀i ∈ {1, . . . , k}

3. ua(C) is maximal over all possible motivated proposals.

Hence a SUP is a proposal in which a decides every goal of hers not already de-

cided, getting the worth of the goal if possible. Observe that, in general, the concept

C1u· · ·uCk may not be a SUP, since it may be unsatisfiable by itself or w.r.t. Asf

and T . For instance, if a sets increasing utilities over several mutually disjoint al-

ternatives (e.g., colors, methods of payment, ways of shipping, etc.), then a cannot

attain all such goals at once.

When receiving a proposal C, IWIN suggests that a should:

1. reject if a has a proposal C ′ starting from Asf , such that ua(C ′) > ua(C),

and Asf u C u C ′ is unsatisfiable w.r.t. T ; otherwise

2. refine proposing C u D, if there is a concept D which is a SUP w.r.t. T ,

Asf u C, ua(·); otherwise

3. accept if there is neither a proposal nor a refinement better than C.

If both agents adopt this strategy, refinements end in one round: a makes a SUP

C (w.r.t. T , Asf , ua(·)), o may refine it adding a SUP D (now w.r.t. T , Asf u C,

uo(·)), and then a can only accept or reject it, since no motivated addition could

be further made on C u D (every attainable goal is implied by C). If a accepts,

negotiation ends; if a rejects, a new SUP can be made by either agent.
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This strategy is naive (it reveals all of one’s true goals) and computationally

demanding: it is (at least) NP-hard to find a SUP, since e.g., the problem MAX-

SAT (given a set of clauses, find an assignment satisfying the maximum number

of them) can be immediately reduced to finding a SUP. However, maximization

of utility in SUP yields Pareto-efficiency w.r.t. the agreements allowed by Asf , as

formalized by the following theorem.

Theorem 5 If both agents adopt IWIN, then every accepted proposal is Pareto-

efficient w.r.t. Asf .

Proof. Suppose C is a proposal that is accepted by a. Since a adopts a saturated

utility strategy, if a accepts C then it must be so because a cannot make any refine-

ment on C—that is, Asf u C already decides (positively or negatively) every goal

of a. We distinguish two cases: (i) C was a proposal of o, (ii) C was a refinement

of o on a proposal of a.

Suppose C was a SUP made by o. Then, if C is not Pareto-efficient there

should be a concept C ′ such that either ua(C) ≤ ua(C ′) or uo(C) ≤ uo(C ′),

with at least one strict inequality. But if the latter inequality is strict, then C would

not be a SUP (o should have offered C ′ instead). If the former inequality is strict,

then a would reject C and propose C ′ or better in the next round. Contradiction.

Suppose now C is a refinement of o on a previous SUP Ca made by a. If o had

a better refinement or proposal C ′ then it would have not refined Ca as C, hence

there does not exist a C ′ such that uo(C) ≤ uo(C ′). On the other hand, if a had

a better proposal C ′, then it would have proposed C ′ instead of Ca. Again, such a

C ′ does not exist. Observe that we had to state Pareto-efficiency only

relative to agreements allowed byAsf , that is, conditions which both agents agreed

so far. The strategy allows an agent a to reject a convenient proposal C, and in the

rest of the negotiation C is added toRa. In this way, later on agents may agree on

a proposal D, which was dominated by C in the initial setting, but which becomes

Pareto-efficient after C has been excluded byRa.
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Of course, this strategy yields highly unfair distributions of utility in proposals:

namely, the agent making a SUP gets more than the opponent who can make only

refinements. Therefore, a SUP will likely be rejected by a self-interested opponent,

without any refinement at all. Hence, a negotiation where both agents immediately

saturate their utility is likely to be a very long sequence of SUP-s and rejections.

Theorem 6 (IWIN vs. IWIN) If both agents adopt IWIN, the number of steps

needed to end negotiation can be, in the worst case, exponential in na, no, and

the size of T , even when agents are allowed to propose only conjunctions of their

goals.

Proof. Let o have the goalsCo
1 , . . . ,C

o
n , and a the goalsCa

1 , . . . ,C
a
n (same number

n of goals), with n even, all goals with weight 1
n for each agent: wa

i = wo
i = 1

n

for every i = 1, . . . , n. Moreover, let T = {Co
i u Ca

i v ⊥ | i = 1, . . . , n}.

This is equivalent to say that agents fully compete in a zero-sum game. Then, no

matter who starts, both agents will propose their combinations of n, n−1, n−2, . . .

goals, rejecting the opponent’s proposals until they reach an agreement on sharing
n
2 goals each. To reach such an agreement, they need a number of proposals which

is the sum of binomial coefficients from

0@n

n

1A down to

0@ n

n/2

1A, which is O(2cn).

Observe that the above theorem holds independently of the thresholds. Inter-

estingly, in the case of the above proof if one drops axioms in the ontology—i.e.,

T = ∅—one obtains a total cooperation game, in which there is an agreement

Ca
1 u · · ·uCa

n uCo
1 u · · ·uCo

n in which each agent can get all of its utility. If both

agents adopt IWIN, they reach it in two rounds—a SUP and a refinement. Hence,

the exponential behavior of IWIN seems to depend on the number of incompatible

goals between the two agents.
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7.5.2 Compensating Conceder (CoCo)

Real life negotiations are often cooperative rather than non-cooperative and max-

imizing utility is not the only criterion to pursue, but also fairness, establishing

a reputation or trust relation and maintaining good relationships would also play

a major role. Hence a different strategy with the above characteristics, that may

converge more rapidly to a fair agreement, is the following one: when making

a proposal, an agent a proposes C such that C implies one of the most valuable

a’s goals, leaving other goals to be decided in further negotiation rounds. More

formally,

Definition 22 (BFMP) Let {C1, . . . ,Ck} the set of a’s attainable goals w.r.t. Asf ,

T , Ro. Then C is a best first motivated proposal (BFMP) w.r.t. T , Asf , ua(·), if

there exists one i ∈ {1, . . . , k} such that Asf uC vT Ci, and moreover, ua(Ci) is

maximal among {ua(C1), . . . , ua(Ck)}.

When issuing a proposal, an agent adopting CoCo should propose a BFMP. Of

course, such an agent should also protect itself from more aggressive strategies

such as IWIN. Hence, when receiving a proposal C, CoCo suggests that a should

first evaluate how much of a’s own utility is definitely lost—and possibly, how

much is gained—if a accepts C, as follows.

Definition 23 (Evaluation) Let C be a proposal by o and let {C1, . . . ,Ck} the set

of a’s attainable goals w.r.t. Asf , T and Ro. Then, a’s evaluation E(C,Asf , T )

about C is
∑
{wa

i | Asf u C vT Ci} −
∑
{wa

i | Asf u C vT ¬Ci}

Intuitively, the evaluation of C made by a is the sum of utilities that a gains minus

the sum of utilities that a loses for sure if a accepts C. The CoCo strategy then

suggests to accept C if its evaluation is positive, otherwise refine C as C uD in a

way that the loss induced by accepting C is compensated by D—if possible—and

reject otherwise. Some care must be taken for the last proposal (the one which

“burns” the last goal), otherwise since the last goal cannot have a compensation
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CoCo would always reject in the end. More precisely, CoCo suggests to:

1. accept if either E(C,Asf , T ) ≥ 0, or if the set of a’s attainable goals w.r.t.

C, Asf , T is empty and ua(C) ≥ ta (a’s threshold); otherwise

2. refine proposing C u D if E(C,Asf , T ) < 0 and there exists a concept D

such that

(a) either E(C u D,Asf , T ) ≥ 0, and D is a BFMP w.r.t. T , Asf u C,

ua(·),

(b) or there are no attainable goals w.r.t. Asf u C uD, and ua(Asf u C u

D,Asf , T ) ≥ ta;

3. reject otherwise.

Observe that Case 2 implies that the set of a’s attainable goals w.r.t.Asf uC, T ,Ro,

is not empty, otherwise there cannot be any conceptD compensating the evaluation

of C. In particular, in Case 2(a) a has enough still attainable goals to completely

compensate C, while in Case 2(b) although a cannot completely compensate, it

can make a refinement whose utility exceeds a’s threshold. Instead, when C leaves

a no more attainable goals, either Case 1 or Case 3 applies.

When both agents adopt CoCo, negotiations tend to end very quickly on a fair

agreement, if one exists. For instance, in the case used in the proof of Theorem 6,

negotiation ends in 2n rounds on an agreement which evenly divides goals between

o and a. Clearly, since CoCo uses a greedy approach, the final agreement might

not be Pareto-efficient. Yet the decision about which is the next BFMP to propose

is a look-up on attainable goals, and so is the refinement. Hence CoCo has a low

computational effort compared to IWIN.

7.5.3 Comparing IWIN and Coco

When one agent—say, a—adopts CoCo and the opponent adopts IWIN, a will

reject all of o’s proposals and refinements until o makes a SUP that either directly
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exceeds a’s threshold, or can be refined to an acceptable proposal. Here is evident

that the threshold ta is not just encoding overheads and a’s general attitude towards

concluding the negotiation; ta encodes also CoCo’s defense against aggressive

opponents.

Theorem 7 (CoCo vs. IWIN) If agent a adopts CoCo, and agent o adopts IWIN,

the number of steps needed to end negotiation can be, in the worst case, exponen-

tial in na, no, and the size of T , even when agents are allowed to propose only

conjunctions of their goals.

Proof. As in the proof of Theorem 6, let Go = Co
1 , . . . ,C

o
n , and the Ga =

Ca
1 , . . . ,C

a
n , with n even, all goals worth 1

n for each agent. Again, let T = {Co
i u

Ca
i v ⊥ | i = 1, . . . , n} setting up a zero-sum game. Suppose that o always

proposes first (a SUP): then, a rejects all combinations of n, n− 1, n− 2, . . . goals

until o proposes a combination of n−k goals such that kn ≥ ta, that is, k = dn·tae.

Then a accepts such a deal. To reach it, however, it is necessary a number of

rounds that is the sum of

0@n

n

1A down to

0@ n

n− k

1A =

0@ n

dn(1− ta)e

1A, which is again

an exponential in n. If instead a proposes first, then o always refines a’s proposals

with a saturation of remaining goals, obtaining a’s rejections until the same bound

above is reached.

When time is brought into our framework as a private bound set by each agent

on the number of rounds, agents adopting IWIN will tend to reach no agreement

at all in competitive cases, both against other IWIN-agents, and CoCo-agents. In

contrast, when both agents adopt CoCo, they tend more often (if their threshold is

not too high) to reach agreements, although non-optimal ones.

7.6 Discussion

To the best of our knowledge there are only two more works modeling logic-

based negotiation mechanism using DLs (Ragone et al., 2007d,c), ensuring ex-
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pressiveness greater than Propositional Logic. Moreover, w.r.t. to non-logic-based

approaches, we point out that using an ontology T allows exploiting inference

services that make possible to catch inconsistency and subsumption relations be-

tween goals. We have set our negotiation model in a worst-case scenario with

no mediator and incomplete information, and illustrated a protocol ensuring the

convergence under some syntactic restrictions of the DLs used. Such a protocol

allows agents using different strategies; here we have presented two possible ones

and shown that if both agents adopt an IWIN strategy the negotiation can end in a

number of steps which is exponential in the size of agents’ definition. Adopting a

CoCo strategy—a greedy approach—they may not always reach a Pareto-efficient

agreement, but the negotiation tends to end in a fair agreement more quickly and

with lower computational cost than the IWIN strategy. Also in the case when an

agent adopts an IWIN strategy and the opponent a CoCo strategy the number of

rounds to reach an agreement can be exponential. So it would seem that for agents

a good way to reach a fair agreement in a reasonable amount of time is to adopt a

CoCo strategy. Future work will include the definition of alternative strategies in

more restricted frameworks, including the presence of a mediator, the implemen-

tation of a prototype test-bed to numerically evaluate best strategies to adopt w.r.t.

the negotiation mechanism.



Chapter 8

Structured Multiattribute

Auctions with Expressive

Preference Representation

A multiattribute auction is a market-based resource allocation mechanism that me-

diates negotiations over deals involving multiple issues 1. The negotiation deter-

mines not only the price of a fixed good (or service) to be exchanged, but also the

configuration of the good itself, which can be described as an assignment of values

to a set of attributes. For instance, in an auction for procurement of desktop com-

puters, the attributes might include processor type, processor speed, and capacities

of random-access memory and secondary storage.

As typical for auction mechanisms, multiattribute auctions commonly admit

bids expressing offers in the form of valuations or preferences for alternative out-

comes, in this case configuration and price. A core issue, therefore, is how to rep-

1This research has been undertaken while Azzurra Ragone was visiting the Artificial Intelligence

Laboratory of University of Michigan at Ann Arbor. This is a joint work with Tommaso Di Noia,

Michael Wellman and Yagil Endel. Sections 8.4.3, 8.5 and 8.6 have been written entirely by Yagil

Endel and have been included in this chapter for the sake of completeness.
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resent preferences over multiattribute domains, both internally for agents’ decision

making and externally for communicating with auction mechanisms. The repre-

sentation problem is especially acute in this context because even if the domain of

each attribute is small, the number of potential configurations is exponential in the

number of attributes.

Many proposed multiattribute auction mechanisms simplify representation by

assuming that the overall value of a configuration is a linear combination of values

for individual attributes (Beil and Wein, 2003; Bichler, 2001; Parkes and Kalagnanam,

2005). This provides great benefits in reducing complexity, but rules out any pos-

sibility to express interdependencies among the attributes. For example, in the

desktop computer realm, we could not with an additive value function capture the

fact that some operating systems require a minimum amount of memory in order

to perform up to their potential, or that a high-end graphics card may be valuable

only if the display is large enough to require the extra speed. For this reason, we

consider fully additive models to be practically unrealistic for typical multiattribute

trading scenarios. On the other hand, as fully general models are intractable, we

need to identify and exploit some structure underlying preferences in multiattribute

domains.

One source of structural principles are the various independence concepts de-

veloped in the field of multiattribute utility theory (Keeney and Raiffa, 1976).

Some AI work in graphical models of preference (Bacchus and Grove, 1995; Boutilier

et al., 2004b; Engel and Wellman, 2008) has demonstrated the possibility of ex-

ploiting independence structure for compact representation, without resorting to

full additivity. In recent work Engel and Wellman (2007) showed how flexible

structure based on generalized additive independence (GAI) (Fishburn, 1967) can

be exploited in the design of computationally and economically efficient multiat-

tribute auctions. The present framework builds on that work, extending the repre-

sentation of preference to support logical statements about properties of configura-

tions, rather than specifications directly in terms of assignments to attributes.
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The remainder of the chapter proceeds as follows. First, we introduce the

description-logic framework on which our chosen preference representation is based.

We explain how to support the incorporation of background knowledge through on-

tologies, for instance representing the fact that Vista is a Windows operating system,

which is not a statement about preference per se but affects the interpretation of

preferences referring to Vista and/or Windows. Through examples, we show how

the use of logical preferences with ontologies supports a more flexible expression

of preference compared to direct multiattribute constructions. We then show how

to extract preference structure, and in particular GAI relations, from a set of prefer-

ence statements in the logical language. This structure can then be employed in the

design of multiattribute procurement auctions that achieve efficiency by exploiting

the buyer’s known preference regularities. We present two such mechanisms, one

driven by bids on configurations sellers want to provide and the other one driven by

buyer’s preferences, showing that both lead to computationally and economically

efficient outcomes.

8.1 The reference ontology

We adopt here the particular description logic known asALCN (D) (Baader et al.,

2002). In the rest of the chapter we refer to the Ontology T depicted in Figure

8.1. Notice that axioms (8.1) and (8.2) force the domain and range of arch to

be a CPU (domain) and a CPUArchitecture (range) respectively. Similarly,

axioms (8.3) and (8.4) are range axioms for hasCPU and OperatingSystem

respectively. With axiom (8.7) we state that a CPU is not an OperatingSystem

and vice versa. Note also that axioms (8.5) and (8.6) define the complete partition

of CPUArchitecture.
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∃arch v CPU (8.1)

> v ∀arch.CPUArchitecture (8.2)

> v ∀hasCPU.CPU (8.3)

> v ∀hasOS.OperatingSystem (8.4)

CPUArchitecture ≡ 64BitCPU t 32BitCPU (8.5)

32BitCPU v ¬64BitCPU (8.6)

CPU v ¬OperatingSystem (8.7)

Vista v Windows

Intel t AMD v CPU (8.8)

Intel v ¬AMD

hasUSBport v hasPeripheralPort

∃hasCPU.Centrino v ∃netSupport.WiFi

Athlon64 v AMD u ∃arch u

u∀arch.64BitCPU

Centrino v Intel u ∃arch u

u∀arch.32BitCPU

∃hasCPUu

IntelDuo v Intel u ∃arch u

u∀arch.32BitCPU

Sempron v AMD u ∃arch u

u∀arch.64BitCPU

u∀hasCPU.MotorolaG4 v ∀hasOS.¬Windows (8.9)

Figure 8.1: Reference ontology.
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8.2 Preference Representation Using Description Logics

The problem of preference representation deals with the expression and evaluation

of preferences over a set of different alternatives (outcomes). This problem can

be challenging even for a small set of alternatives, involving a moderate number

of features, as the user has to evaluate all possible configurations of feature values

in the domain. In this work, we deal with this problem by a combination of ex-

pressive language to facilitate specification, and structure exploitation justified by

multiattribute utility theory.

Several approaches to negotiation have exploited logic languages in order to

express preferences, most of them using propositional logic (Pinkas, 1991; Lafage

and Lang, 2000; Chevaleyre et al., 2006), however only few of the approaches

proposed in the literature have explored the possibility to use also an Ontology to

model relations among attributes (Ragone et al., 2006b) and fewer have exploited

the use of more expressive logics as DLs (Ragone et al., 2007b,d).

We point out the importance to refer to a background knowledge, i.e., having

an Ontology T , in order to model not only interdependencies among attributes

in preference statements, but also to model inner relations among attributes that

cannot be disregarded, e.g., is-a, disjoint or equivalence relations. In order to lay

out the importance of the Ontology T and why we cannot abstract from it, we show

a simple example.

Example 8 Let us suppose the buyer has among her preferences:

φ = ∃hasCPU.(AMD u ∃arch u ∀arch.64BitCPU)u u∃hasRam.(≥2 GB)

PC with a 64-bit AMD processor and at least 2 GB of memory

and there are two sellers, A and B, that can provide the respective configurations:

θA = ∃hasCPU.Athlon64 u hasRam(=2 GB)

θB = ∃hasCPU.Centrino u hasRam(=1 GB)
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If we refer to the ontology T in Figure 8.1 we can state that seller A can satisfy

the preference expressed by the buyer —from T we know that Athlon64 is a 64-bit

AMD processor. Conversely, seller B cannot satisfy buyer’s preference, because

Centrino is not a 64-bit AMD processor.

We extend the well-known approach of weighted propositional formulas (Pinkas,

1991; Lafage and Lang, 2000; Chevaleyre et al., 2006), representing preferences

as DL formulas, where at each formula we associate a value v representing the

relative importance of that formula.

Definition 24 Let T be an ontology in a DL. A Preference is a pair P = 〈φ, v〉

where φ is a concept expression such that φ 6vT ⊥ and v is a real number assigning

a worth to φ. We call a set P of preferences a Preference Set.

Intuitively, given a Preference Set we can check if two or more Preferences can

be satisfied or not at the same time using Satisfiability as inference service. In

fact, if we have P1 = 〈φ1, v1〉 and P2 = 〈φ2, v2〉 and the relation φ1 u φ2 vT ⊥

holds, then P1 and P2 are in conflict with each other. This means that, due to the

knowledge modeled within T , we know that they cannot be satisfied at the same

time. On the other side, using Subsumption we are able to compute if P1 is satisfied

by a given configuration θ. We have just to check if θ vT φ1.

Based on the previous setting, following the work of Ragone et al. (2007b), we

can define a utility function.

Definition 25 Given a description Logic L, an ontology T ∈ L and a Preference

Set P = {〈φi, vi〉} where φi ∈ L and vi ∈ <+, a utility function u(·) : L →

<+ ∪ {0} assigning a worth to every formula C ∈ L is defined as:

u(C) =
∑
{vi | C vT φi}

Hence, the utility of a formula C (e.g., representing a configuration) is the sum of

the values of the formulas subsumed by C w.r.t. an ontology T .
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This language is hence used not only to communicate and represent prefer-

ences. It also provides a convenient way to specify a multiattribute function, that

is it allows one to rank different type of alternatives. This is done within com-

putationally efficient reasoning services, as subsumption and satisfiability, that are

decidable in our DL setting.

8.3 GAI structures and DLs

In this section we describe the relation of the DL preference representation scheme

with another popular approach; one based on a compact representation of a utility

function over the domain. In particular, we use the well-known generalized addi-

tive independence (GAI) decomposition. What is now known as the GAI condition

was originally introduced by Fishburn (1967), and was named GAI and brought to

the attention of AI researchers by Bacchus and Grove (1995). Previous research

also introduced graphical models of preference and elicitation procedures for GAI

decomposable utility were previously developed (Boutilier et al., 2001; Braziunas

and Boutilier, 2005).

We provide the theoretical background for GAI, as adapted to the trading do-

main by Engel and Wellman (2007). Let Θ̂ denote a space of possible outcomes.

Let A be a set of attributes describing Θ̂. In the trading domain, we assume the

existence of a willingness-to-pay (WTP) function û : Θ̂ → <+, which is a partic-

ular type of utility function that represents a monetary valuation of each possible

outcome. To alleviate the exponential nature of the utility function, preference han-

dling research defines structural properties of utility functions based on indepen-

dence between the preferences over some attributes to the value of other attributes.

The following example, which is an adaptation of the well-known conditional ad-

ditive independence condition (Keeney and Raiffa, 1976) to the trading domain, is

particularly convenient to identify.

Definition 26 Let x, y ∈ A, and let û(·) be a utility function over A. Let Z =
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A \ {x, y}. x is conditionally difference independent of y given Z , denoted as

CDI(x, y | Z), if

∀ instantiations Ẑ, x1, x2, y1, y2

u(x1, y1, Ẑ)− u(x2, y1, Ẑ) = u(x1, y2, Ẑ)− u(x2, y2, Ẑ) (8.10)

That is, the willingness to pay for a difference in the value of x, given a fixed

value for y, does not depend on the particular value chosen for y. This condition

is normally defined with respect to the underlying preferences, and therefore does

not depend on the particular utility function representation. We define it directly

using a utility function to streamline the presentation.

CDI conditions can be aggregated, as explained below, to the GAI decomposi-

tion of û(·), which is a sum of local utility functions over potentially overlapping

subsets of A. One way to formally define GAI is simply through the existence of

the lower dimensionality representation.

Definition 27 Let I1, . . . , Ig ⊆ A such that
⋃g
i=1 Ii = A. I1, . . . , Ig are called

generalized additive independent (GAI) if there exist functions f1, . . . , fg such that

û(A) =
g∑
r=1

fr(Ir). (8.11)

Let G be the dependence graph generated based on CDI, that is for any two at-

tributes x, y, their respective nodes in G are directly connected by an edge if and

only ifCDI(x, y|A\{x, y}) does not hold. It has been shown (Bacchus and Grove,

1995; Engel and Wellman, 2007) that û(·) has a GAI decomposition to local utility

functions over the maximal cliques of G.

In the logic framework we propose here, attributes in Acorrespond to what we

call basic properties in the Ontology. That is, we identify a set of properties that

describe traded items. For example, a Personal Computer could be characterized by

its CPU, Operating System, amount (and type) of Ram, Monitor, supported

Network connections, etc..
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Furthermore, given a DL L, an instantiation of such attributes is a formula in L

involving the basic properties representing the attribute themselves. An instantia-

tion ofA = {hasCPU,hasMonitor}would be ∃hasMonitor.(LCDmonitor

u =19 inch) u ∃hasCPU.Centrino.

Then, w.r.t. a Description Logic L, we define the space of possible outcomes

as the sublanguage Θ ⊂ L where formulas θ, φ follows the syntax in Figure 8.22.

Similarly, traders’ preferences are formulas in Θ. Hereafter we will denote with φ

θ, φ → ∃R u ∀R.C

∃R.C

θ u φ

Figure 8.2: Syntax rules for Θ. R represents a basic property or a sub-property of

a basic property.

and θ formulas related to the buyer and and to the seller respectively.

Consequently, a trader looking for a PC could express the following prefer-

ences:

Example 9 φ1 = ∃hasCPU.IntelDuo u ∃hasOS.(Windows u ¬Vista)

The computer should have an Intel Duo processor if the Operating System is a

Windows one, every Windows OS is acceptable, but Vista.

φ2 = ∃hasCPU.Intel u ∃hasOS.(Unix t MacOS)

If the computer is provided with a Unix or Mac OS every Intel processor is ad-

missible.

φ3 = ∃hasOS.(¬Unix) u ∃hasRam.(≥2 GB)

2∃R is an abbreviation for ∃R.>.
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If the OS is not Unix the RAM should be at least 2GB.

φ4 = ∃hasOS.Unix u ∃hasRam.(≥1 GB)

If the OS is Unix the Ram should be at least 1GB.

φ5 = ∃hasMonitor.(LCDmonitoru ≥17 inch)

The computer should have an LCD monitor at least 17 inch.

φ6 = ∃netSupport.WiFi

The computer should support a wireless connection.

Note that, thanks to the expressive logic language we use and to the ontology

T , traders can express preferences on bundle of interrelated issues, conditional

preferences, as well as negative ones.

8.3.1 Design of Ontology Axioms: Assumptions

Description Logics do not impose any limit on the length or structure of the axioms

in the ontology. Nevertheless, some design guidelines have to be followed in order

to model a knowledge domain in an appropriate way (Guarino and Welty, 2002).

For the sake of clarity and presentation hereafter we will not consider subprop-

erty axioms. All the results we will present in the rest of the chapter can be easily

adapted in the presence of subproperty axioms.

In our logical setting we identify two separate sets of axioms in our ontol-

ogy. One containing formulas involving basic attributes, denoted TA, and the other,

where there is no occurrence of any basic attribute, denoted TA.

For TA we impose the following design restrictions:
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1. For each basic property R ∈ A we have a domain axiom in the form > v

∀R.Crange (see Axioms (8.3),(8.4) in Figure 8.1). We call these axioms

range(R).

2. Concept expressions involving basic attributes can never be used as a spec-

ification of other properties. If we had as a basic attribute hd (hard disk),

then ∃hd.(=5400 RPM) or ∀hd.maxtor are accepted formulas. We do

not accept formulas like ∃storage.∃hd.(=5400 RPM). In fact, in the

latter formula the concept expression involving the basic property hd, i.e.,

∃hd.(=5400 RPM), is used as a specification of the property storage.

3. Concept expressions both on the left hand side and on the right hand side of

an axiom in TA have to be Boolean combinations of basic property instanti-

ations. Hence, axioms like:

HomePC u ∀hasCPU.(Intel t MotorolaG4) v

∃hasOS. u ∀hasOS.(Windows t MacOS)

are not allowed since in left hand side we have a boolean combination of a

basic property instantiation and a concept name.

4. Axioms in TA can have an instantiation of only one basic attribute on the left

hand side of the axiom. As an example, axioms like:

∃hasOS.Vistau

∀hasCPU.Centrino v ∃hasRam. ≥2 GB

are not allowed since in the left hand side we have two basic properties.

Axioms in TA do not contain basic properties. The only restriction we impose on

TA is that:

1. All concept expressions Crange in TA are disjoint with each other (as an

example, see Axiom 8.7 in Figure 8.1).
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Restriction 1. in TA and restriction 1. in TA are needed in order to avoid wrong

instantiations of basic properties. By forcing the range of a basic property and

modeling all the ranges as disjoint with each other we avoid instantiations of basic

properties like ∃hasCPU.Vista.

Restriction 2. and 3. in TA are made since we want the basic properties to be

the most “high level” properties. Everything in our domain has to be described in

terms of basic properties.

Finally, the last assumption in TA allows us to decompose traders’ preferences

in a GAI structure (see Section 8.3.2).

8.3.2 Extracting GAI structure from DL preference set

At this point we can describe how to extract GAI decomposition given a set of basic

propertiesA (in our example we haveA = {hasCPU,hasOS,hasRam,hasMonitor,

netSupport}) and a preference set P . The procedure is illustated in Algorithm

2.

LetA be the set of basic properties,P be the set of trader’s preferences and I be

the set of GAI nodes. The algorithm takes each preference 〈φ, v〉 in the preference

set P = {〈φ1, vi〉, 〈φ2, v2〉, . . . , 〈φn, vn〉} and for each basic property R in the set

A = {R1, R2, . . . , Rm} it checks if φ implies R via an existential or universal

quantification. In this case R is added to I . Each time a new preference is taken

from the set P a new set I , corresponding to a new GAI node, is instantiated. Once

we have the initial set I , for each pair of nodes in I we check if there is a subset

relation. If the relation holds we keep only the biggest node.

The algorithm returns a GAI decomposition I, corresponding to the trader pref-

erences expressed by the logical formulas in P .

Consider the following, “incomplete” specification of preferences by the buyer:

φ1 = ∃hasOS.MacOS
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Input: A,P [set of basic properties, set of trader’s preferences]

Output: I [GAI decomposition]

foreach 〈φ, v〉 ∈ P do
I = ∅;

foreach R ∈ A do

If. T |= φ v ∃R I = I ∪ {R} ;

If. T \ {range(R)} |= φ v ∀R.Crange I = I ∪ {R} ;

I = I ∪ {I} ;

end

foreach Ii ∈ I do

foreach Ij ∈ I with j 6= i do
If. Ij ⊆ Ii I = I\Ij ;

end

end

end

return I;
Algorithm 2: A procedure to extract nodes of a GAI decomposition from

trader’s preferences.



8.3. GAI structures and DLs 181

φ2 = ∃hasOS.Vista u ∃hasCPU.Centrino

φ3 = ∃netSupport.Bluetooth2 0 u ∃hasCPU.Centrino

Applying Algorithm 2, the corresponding GAI decomposition is I1 = {hasCPU,hasOS},

I2 = {netSupport,hasCPU}. Notice that in building the GAI decomposition,

we assume the most conservative hypothesis, i.e., for the buyer there is a relation

between Operating System and CPU; the fact that she did not express any prefer-

ence about a particular CPU in φ1 means that if the PC is equipped with a Mac

OS, she does not care about the specific CPU. That is, the preferences φ1 can be

rewritten as φ1 = ∃hasOS.MacOS u ∃hasCPU.

Similarly to the buyer, also the seller has his own preferences and a value as-

sociated to each of them. Therefore, in the same way, a GAI decomposition can be

extracted according to seller’s preferences using Algorithm 2.

Theorem 8 Assume P (a preference set) fully describe a preference relation over

the domain Θ × <+. Then the resulting subsets I of Algorithm 2 correspond to a

valid GAI decomposition w.r.t. the preference relation.

Proof. The decomposition to I is a valid GAI decomposition if its elements

contain the maximal cliques of the CDI dependency graph. This breaks only if

there exist two nodes that are connected in the CDI graph but are not contained in

a single Ir ∈ I . In other words, all we need to show is that if for two properties

Rs, Rt there is no Ir ∈ I such that Rs, Rt ∈ Ir, then

CDI(Rs, Rt | A \ {Rs, Rt}).

To prove that, we need to consider two exact instantiations of Rs: R1
s , R2

s and a

generic instantiation of Rt: Rkt .3, and show that (8.10) holds. From Algorithm 2

, we know that there is no preference formula φ that refers both to Rs and to Rt.

3We remember that, in our setting, instantiations of basic properties are formulas in Θ
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Also, let Ĉ denote a formula that represents any instantiation to the rest of the basic

properties. We first rewrite the LHS of (8.10) in our logical setting.

u(R1
s uRkt u Ĉ)− u(R2

s uRkt u Ĉ) (8.12)

Then we rewrite the two terms of Equation 8.12 considering the definition of utility

in Definition 25.

u(R1
s uR1

t u Ĉ) =
∑

〈φ,v〉∈P

{v | R1
s uR1

t u Ĉ vT φ}

u(R2
s uR1

t u Ĉ) =
∑

〈φ,v〉∈P

{v | R2
s uR1

t u Ĉ vT φ}

In general we may have

u(R1
s uRkt u Ĉ) ≥ u(R1

s u Ĉ) + u(Rks u Ĉ) (8.13)

u(R2
s uRkt u Ĉ) ≥ u(R2

s u Ĉ) + u(Rks u Ĉ) (8.14)

Let us start with Equation (8.13). Suppose we have

u(R1
s uRkt u Ĉ) > u(R1

s u Ĉ) + u(Rks u Ĉ)

Then, there exists at least a preference 〈φ, v〉 such that:

R1
s u Ĉ 6vT φ

Rkt u Ĉ 6vT φ

R1
s uRkt u Ĉ vT φ

For the sake of simplicity we consider A = {Rs, Rt, Ru} and φ = R2
u. Then:

R1
s uR1

u 6vT R2
u

Rkt uR1
u 6vT R2

u

R1
s uRkt uR1

u vT R2
u

This means that there exists an axiom (or more than one) in TA such that

R1
s uRkt uR1

u vT R2
u
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but this is not possible because of restriction 4. on TA as defined in Section 8.3.1.

Hence, Equation (8.13) and Equation (8.14) can be rewriteen as

u(R1
s uRkt u Ĉ) = u(R1

s u Ĉ) + u(Rks u Ĉ) (8.15)

u(R2
s uRkt u Ĉ) = u(R2

s u Ĉ) + u(Rks u Ĉ) (8.16)

At this point it is easy to see that Equation (8.12) is independent from Rkt . The

proof can be easily extended with a generic A.

8.4 Auctions with DL Bidding

We consider two auction scenarios. In the first one, a buyer submits her preferences

to the mechanism, that uses those to extract a GAI structure and a price structure.

The mechanism publishes the set of buyer preferences, without revealing their re-

spective values. Sellers’ bids are expressed in term of subset of buyer’s preferences

that they can satisfy for each sub-configuration.

In the second scenario, a buyer submits a preference set and the mechanism

uses this set to extract a GAI structure and a price structure. In this case, the only in-

formation revealed by the mechanism to the sellers is the set of basic propertiesRi,

(in the computer domain example: hasCPU, hasOS, hasRam, netSupport,

hasMonitor). Note that the buyer could also decide to rule out some basic prop-

erties, e.g., hasMonitor or netSupport, if she does not need them. Sellers

bid by identifying the full configuration they want to supply and then communicate

that to the mechanism.

In the first scenario the auction is driven by the preference structure of buyer,

while in the second one, the auction is driven by configurations submitted by sell-

ers. Therefore, we refer to the first scenario as buyer-driven auction and to the

second one as seller-driven auction.
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8.4.1 Buyer-driven auction

Given a Preference Set P = {〈φi, vi〉} we denote the cardinality of P with |P|.

We usually denote by Φ a formula such as:

Φ = ui=1...n≤|P| φi

In other words, Φ represents the conjunction of some formulas occurring in P .

In the buyer-driven auction a price is attached to any sets of preferences that

refers to all the basic properties.

Definition 28 (Full Set) Given a set of basic properties A = {Ri}, a preference

formula Φ is a full set iff the following conditions hold:

1. T 6|= Φ v ⊥

2. Φ vT ui∃Ri

The first condition states that the set Φ has to be satisfiable w.r.t. the ontology T ,

the second condition ensures that the preference set is complete, meaning that it

encompasses all the basic properties.

For presentation purposes, we first describe a simple version of the auction, that

does not take advantage of the GAI structure. A buyer reports a set of preferences

to the auction mechanism. The preference statements, without their corresponding

valuations, are published to the sellers. An initial (high) price p0(Φ) is attached to

each full set Φ. In each round t, seller bids have to match the current bid price at

each full set and they represent a commitment to sell a configuration that satisfies

all of the preferences φ such that Φ v φ, at the current price pt(Φ).

The auction is conducted in two phases, A and B. At each round of Phase A,

the auction marks some of the full sets as buyer-optimal given current prices, as

follows:

M t = {Φ | (ub(Φ)− pt(Φ)) ≥ max
Φ

(ub(Φ)− pt(Φ))− ε},

for some predefined small ε.
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Then, prices are reduced by ε on any full set that has a seller bid and is not

buyer-optimal, and bids are elicited for the new prices. Bids are not retained from

one round to another.

To remain active, a seller must bid in each round. At some point, as we show

later, the auction converges to a state in which each active seller si has a bid on

a buyer-optimal full set Γi. At this point Phase A terminates, and Phase B com-

mences. In Phase B, sellers compete over a discount ∆ they are willing to provide

for Γi off the final prices of Phase A. ∆ is increased by ε in each round, until a

single winner si is identified.4 In the final allocation, si may sell any configuration

that satisfies Γi, for the price pT (Γi)−∆.

Phase A drives each seller towards her efficient configuration, that is the con-

figuration that maximizes the difference between the buyer’s value and the seller’s

cost. Phase B is a competition on the amount of surplus that each seller is able to

transfer to the buyer.

We use a simple example to illustrate the bidding in this auction. In the on-

tology T (see Fig. 8.1) there are two axioms, one stating that if a PC has an Intel

Centrino processor then it supports a Wi-Fi connection:

∃hasCPU.Centrino v ∃netSupport.WiFi

and one stating that an Intel Centrino is an Intel processor with a 32bit architecture:

Centrino v Intel u ∃arch u ∀arch.32BitCPU.

Now, suppose the buyer has only one preference: she is looking for a PC support-

ing a Wi-Fi connection and equipped with an Intel processor (φ = ∃hasCPU.Intelu

∃netSupport.WiFi). A seller, having among his configurations the following

one: θ = ∃hasCPU u ∀hasCPU.Centrino, can bid on buyer’s preference φ, as

he can satisfy such a preference given his configuration θ.

4In case the last sellers drop at the same round we pick one of the finalists. We refer to (Engel

and Wellman, 2007) for details.
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In a more realistic case the buyer has more than one preference, so sellers bid

on a set of preferences. We require that bids are submitted on full set Φ, ensuring

that sellers provide all of the basic properties of the item. For example, a computer

must be at least equipped with a CPU, a Ram, an Operating System, a Monitor and

a Network Support.

A potential problem with this scenario is that the number of prices maintained

by the auction is exponential in the number of buyer preferences. In the case that

the number of preferences is large, we can apply the GAI decomposition to reduce

the size of the price structure. After the buyer submits his preferences, we apply

Algorithm 2 to find the buyer’s GAI structure I = {I1, . . . , Ig}. We then divide

the set of preferences to potentially overlapping subsets P1, . . . ,Pg, such that the

preferences in Pr are the preferences that relate to basic properties of Ir (Algo-

rithm 2 can be easily extended to provide it as output). A price is attached to each

subset of Pr, which we call local preference sets (LPS). An LPS is a preference

formula, restricted to a GAI element Ir: Φ = ui=1...n≤|Pr| φi. The price of a full

set is considered the sum of prices of the LPS comprising it. Sellers still bid on

full sets, but the bids are maintained on their respective LPSs. Here, too, the auc-

tion selects buyer-optimal full sets, and prices are reduced on LPSs that received a

seller bid and are not part of any buyer-optimal full set.

We omit the more technical details of the GAI-based buyer-driven auction for

two reasons. First, this was already done for GAI auctions that are not based on

logic (Engel and Wellman, 2007), and also because we next describe another GAI

structured auction, which is the seller-driven version.

8.4.2 Seller-driven auction

We refer to a statement which encompasses all the basic properties in the domain

as full configuration.

Definition 29 (Full Configuration) Given a set of basic properties A = {Ri}, a

concept expression θ is a full configuration iff all the following conditions hold:
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1. T 6|= θ v ⊥ (θ is consistent with T ).

2. θ vT ui∃Ri.

Prices in this auction are associated with sub-configurations.

Definition 30 A sub-configuration θr is the projection of a full configuration θ to

the domain of a GAI element Ir. That is, it includes exactly all conjuncts of θ the

refer to the basic properties included in Ir.

In the seller-driven auction, the buyer again reports a set of preferences P to the

mechanism, and the auction uses Algorithm 2 to extract the buyer’s GAI structure.

Instead of bidding on the preferences they can satisfy, sellers may bid on any full

configuration, and the auction adapts the submitted configurations to the buyer’s

GAI structure. This allows the auction to be driven by a compact price structure

over the space of sub-configurations. The price change rule is similar to the buyer-

driven scenario: the auction designates a set of buyer-optimal full configurations,

and prices are reduced on sub-configurations that are part of a seller bid in the

current round, and are not part of a buyer-optimal configuration. Note that the

auction does not publish the buyer’s preferences to the sellers. During the course

of the auction the sellers may learn some of the buyer’s information, in particular

the GAI structure.

We now describe the mechanism in more detail. First we introduce Algo-

rithm 3, which computes the sub-configurations of a given full configuration θ.

The auction starts with an empty price structure, and the price of any sub-

configuration is some default high price. When a seller bid is submitted for a

full configuration, the auction decomposes it to its sub-configuration using Algo-

rithm 3. If a sub-configuration does not yet exist in the price structure, it is added.

The price of a full configuration in round t is considered to be the sum of prices of

its sub-configurations:

pt(θ) =
∑
r

pt(θr)
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Input: A, θ, I [set of basic properties,configuration provided by the

sellers,set of nodes of buyer’s GAI]

Output: θ̄ = {θ1, . . . , θg} [set of projections of a full configuration θ to the

domain of a GAI nodes]

θ̄ = ∅ ;

foreach Ir ∈ I do
θr = > ;

foreach R ∈ A s.t. R ∈ Ir do

If. θ contains ∃R θr = θr u ∃R ;

If. θ contains ∃R.C θr = θr u ∃R.C ;

If. θ contains ∀R.C θr = θr u ∀R.C ;

end

θ̄ = θ̄ ∪ {θr} ;

end

return θ̄;
Algorithm 3: Breaking down a full configuration into sub-configurations

compliant with the buyer’s GAI.
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Analogously to Section 8.4.1 we define the buyer-optimal set.

M t = {θ | (ûb(θ)− pt(θ)) ≥ max
θ∈Θ

(ub(θ)− pt(θ))− ε},

Where

ûb(θ) =
∑
{v | 〈φ, v〉 ∈ P and θ vT φ}

And this yields the set of buyer-optimal sub-configurations.

Mt = {θr|θ ∈M t}

After the bids of round t are received, the auction computesMt (we note on the

computation later). Prices are reduced by ε
g on any sub-configuration for which a

bid was received in round t, and is not inMt (so the price of no configuration is

reduced by more than ε). To be active, a seller must bid in every round. Phase A

terminates, in round T , when every active seller si bids on a configuration ηi that

all of its sub-configurations are inMT . Phase B is similar to DL-BD, but instead

of a fixed full set, the sellers bid on a fixed full configuration.

8.4.3 Straightforward Bidding

Sellers participating in these auctions are free to adopt any bidding strategy con-

sistent with the mechanism rules. However, we define the sellers’ straightforward

bidding strategy, for two reasons. First, assuming that sellers adopt it, we are able

to establish desirable efficiency properties. Moreover, this strategy is shown to be

an ex-post Nash Equilibrium in these auctions. That is, if all other sellers follow it,

any specific seller’s gain from deviating from it is bounded by a small constant.

To define this strategy, we first explain how sellers compute their costs, for each

version of the auction mechanism. We assume that a seller si has a cost function

ci : Θ → <+. Internally preferences may be expressed, similar to the buyer, as a

DL preference set, and ci can be generated as it is done for the buyer.

In the buyer driven mechanism, the price of a particular preference set Φ is

the sum of prices according to the buyer’s GAI structure. ĉi(Φ) is defined w.r.t.
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configurations that are subsumed by Φ.

ĉi(Φ) = min{c(θ) | θ vT Φ}

And the seller’s profit from a particular preference set Φ, w.r.t. prices of round

t, is defined as

πti(Φ) = p(Φ)− ci(Φ)

A straightforward bidder bids only on full sets Φ that maximize πti(Φ) over the

space of full sets.

In the seller driven mechanism, the profit is defined directly in terms of config-

urations

πti(θ) = p(θ)− ci(θ)

Definition 31 A seller is called Straightforward Bidder (SB) if at each round t, she

bids on Bt
i as follows: if maxθ∈Θ π

t
i(θ) < 0, then Bt

i = ∅. Otherwise in DL-SD,

Bt
i ⊆ arg max

θ∈Θ
πti(θ),

and in DL-BD,

Bt
i ⊆ arg max

θ∈Θ
πti(Φ)

Intuitively, an SB seller follows a myopic best response strategy, meaning they

bid myopically rather than strategically by optimizing their profit with respect to

current prices. To calculateBt
i sellers need to optimize their current profit function.

8.4.4 Example

The following example shows the preference representation of the buyer and sellers

and the basics of the auction mechanism. We refer to the ontology in Figure 8.1.

The buyer’s preferences are depicted in Figure 8.3. The preference set is

P = {〈φ1, 70〉, 〈φ2, 60〉, 〈φ3, 80〉, 〈φ4, 60〉, 〈φ5, 70〉, 〈φ6, 40〉}
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The buyer’s GAI is

I1 = {hasCPU,hasRam}, I2 = {hasOS,hasCPU},

and the preference set decomposes accordingly: P1 = {φ1, φ2} andP2 = {φ3, φ4, φ5, φ6}.

φ1 = ∃hasCPU.Intel u ∃hasRam.(≥2 GB)

φ2 = ∃hasCPU.AMD u ∃hasRam.(≥1 GB)

φ3 = ∃hasCPU.IntelDuo u ∃hasOS.Windows

φ4 = ∃hasCPU.Centrino u ∃hasOS.(Windows u ¬Vista)

φ5 = ∃hasCPU.AMD u ∃hasOS.Vista

φ6 = ∃hasCPU.AMD u ∃hasOS.(Windows u ¬Vista)

Figure 8.3: Buyer preference set

We consider two sellers, and for simplicity assign them the same GAI structure

as the buyer. Seller s1 has the following sub-configurations:

θ1
s1 = ∃hasCPU.AMD u ∃hasRam.(=1 GB)

θ2
s1 = ∃hasCPU u ∀hasCPU.Athlon64 u ∃hasOS.Vista

θ3
s1 = ∃hasCPU u ∀hasCPU.Sempron u ∃hasOS.WindowsXp

Therefore s1 can propose the following full configurations: θ1,2
s1 = θ1

s1 u θ
2
s1 or

θ1,3
s1 = θ1

s1 u θ
3
s1 . We associate a cost to each sub-configurations as follows:

c1(θ1
s1) = 20, c2(θ2

s1) = 40 and c3(θ3
s1) = 30. Seller s2 has the sub-configurations:

θ1
s2 = ∃hasCPU.Intel u ∃hasRam.(=2 GB)

θ2
s2 = ∃hasCPU u ∀hasCPU.Centrino u ∃hasOS.WindowsXp

θ3
s2 = ∃hasCPU u ∀hasCPU.IntelDuo u ∃hasOS.Vista
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s2 can propose full configurations θ1,2
s2 = θ1

s2 u θ
2
s2 or θ1,3

s2 = θ1
s2 u θ

3
s2 . The

cost associated to each sub-configurations is c1(θ1
s2) = 30, c2(θ2

s2) = 40 and

c3(θ3
s2) = 65. The configuration (θ1,2

s1 ) satisfies the full set φ1 u φ4, hence yields

buyer surplus of 70 + 60 = 130. As its cost to s1 is 20 + 40 = 60, it yields a

surplus of 70, more than any other configuration.

Initial prices are set above buyer’s valuation, for example it can be set to 80

over I1 and to 95 over I2. In DL-SD, SB sellers communicate their optimal con-

figurations. In the first round, given that the price of all configurations are equal

(175), s1 submits his cheapest configuration θ1,3
s1 . The mechanism will split this

configuration to θ1
s1 and θ2

s1 (note that in general the seller’s GAI structure may be

different). s2 submits the configuration θ1,2
s2 . The auction selects the buyer-optimal

set, which is initially (given uniform initial prices) defined by all configurations

subsumed by preferences φ1 u φ3. The price space defined initially on the sub-

configurations θ1
s1 and θ1

s2 for element I1, and θ2
s1 , θ2

s2 for element I2. θ1
s2 is the

only one subsumed by on of the preferences (φ1) in the buyer-optimal set, there-

fore its price will stay 80. The price of all other sub-configurations is reduced by
ε
2 . If ε = 8, s1 bids the same until round 3. In round 4, as p3(θ1

s1) = 68 and

p3(θ3
s1) = 83, s1 switches to his efficient configuration θ1,2

s1 which became optimal

at round 5. s2 keeps bidding on θ1,2
s2 , which at round 6, as its price reduced enough,

becomes buyer optimal. At this point each bidder has a buyer optimal bid on a full

configuration, and the auction transitions to phase B in which the price is decreased

until s2 drops out when the profit on his efficient configuration drops below zero.

It may seem as if the auction uses personalized prices, but this is not the case.

Any active seller is allowed to bid on any configuration in the price space, accord-

ing to its current price.

We show just a flavor of DL-BD. We associate an initial price with each LPS.

In our example, s1 bids on φ2 u φ6, being the cheapest LPS he can satisfy. The

buyer-optimal set is designates as {φ1, φ3}, hence in round 1 the price is reduced

for both φ2, and φ6.
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8.5 Economic Properties

In this section we establish that both the buyer-driven (DL-BD) and seller-driven

(DL-SD) auction versions we introduced provide the same theoretical efficiency

guarantees as the GAI auctions (Engel and Wellman, 2007). GAI auctions maintain

a price for each exact sub-configuration, which there means an instantiation of the

attributes in a GAI element. The results there establish approximate efficiency

and incentive properties, with well defined bounds on the error. Here we omit the

details of the approximation, and refer to the previous work for the exact bounds.

To facilitate the discussion we first provide a schematic flow of the proof and

results regarding GAI auctions.

1. At least one price is reduced in every round of Phase A, and the auction must

therefore reach Phase B, unless there is no trade that yields positive surplus.

2. Mt is the set of all sub-configurations that appear in the approximately op-

timal configurations. It is proved that any new configuration that is a combi-

nation of sub-configurations ofMt is also approximately optimal.

3. As a result, the configuration ηi, chosen at the end of Phase A for SB seller si,

is approximately efficient. That is, it approximately maximizes the bilateral

surplus u(·)− ci(·).

4. SB sellers drop in Phase B (approximately) according to the order of their

bilateral maximal surplus.

5. Given SB sellers and truthful buyer, the auction results in an approximately

efficient outcome. That is, the pair of seller and configuration chosen yields

close to the highest surplus among all such pairs.

6. It is then shown that SB is approximately ex-post Nash Equilibrium in GAI

auctions.



8.5. Economic Properties 194

Note that we must assume that the buyer reports truthful preferences. The mechan-

ics of GAI auctions, DL-BD and DL-SD are the same in terms of initial prices

and price change rules, therefore the first two results are immediately applicable.

Moreover, the second point is a property of GAI structure, and it carries over to

the domain of LPSs or to the domain of configurations submitted to DL-SD. If we

establish that point 3 above holds for DL-BD and DL-SD, then the rest of the flow

is immediately applicable as well, because their proofs do not require reasoning

about any configuration other than the chosen ηi. Therefore, the proofs below only

need to establish bilateral efficiency, meaning that point 3 holds.

Note that GAI auctions deal with exact instantiations. That is, let Θ̂ = {ui Rji}

where Rji represents the j-th instantiation of the property Ri, and denote the pro-

jection of Θ̂ to Ir by Θ̂r, then in GAI auctions a price is attached to all points

θ̂r ∈ Θ̂r. We refer to such points as exact sub-configurations.

Theorem 9 Auction DL-BD achieves the same economic properties as GAI auc-

tion.

Proof. We introduce the following notations. For a Preference Set P = {〈φi, vi〉}

and for any full set Φ

ΛΦ = {θ̂ ∈ Θ̂ | θ̂ vT Φ}.

The buyer preference domain is defined as

Λ =
⋃
Φ

ΛΦ.

By Definition 25 of u(·), we assume the following

1. u(θ) = 0 for any θ ∈ Θ̂ \ Λ.

2. u(θ) = u(ψ) for any θ, ψ ∈ ΛΦ, where Φ is a full set.

Consider the full set Φi chosen by DL-BD for si in the end of Phase A. This set

is optimal for si. In other words, by definition of SB, and for ηi ∈ ΛΦi such that
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ci(ηi) = minψ∈ΛΦi
(ψ) we get

∀θ ∈ Λ, πTi (ηi) ≥ πTi (θ)

Due to assumption 1 above, we do not need to consider any configuration outside

of Λ. In addition, at the same prices, ηi is approximately optimal for the buyer,

from the choice of Φi as buyer-optimal and because of assumption 2. ηi is hence

approximately efficient, and note that if (si,Φi) is ultimately selected he would

supply ηi, as it yields the highest surplus of all ΛΦi . Therefore step 3 of the GAI

auctions proof is maintained.

In DL-SD, we use αtr to denote the set of sub-configurations (back in Θ) that

already received seller bids, and αt = ∪rαtr. We also define the set of resulting

configuration,

Γt = {θ = ur θr ∈ Θ̂ | ∀r.θr ∈ αtr}.

We denote the initial price set for a GAI element r by p0
r .

Theorem 10 Auction DL-SD achieves the same economic properties as GAI auc-

tions.

Proof. We define the image of a configuration θ in the space of exact configura-

tions, as we did for full sets:

Γθ = {θ̂ ∈ Θ̂ | θ̂ vT θ}.

The buyer considers the worst case option of each available configuration θ. We

denote it by θ̃:

θ̃ = min
θ̂∈Γθ

û(θ̂)

Taking the final prices of Phase A, we define an alternative price structure p̂(·) over

Θ̂ as follows.

∀θ̂r ∈ Θ̂r \ αtr, p̂(θ̂r) = p0
r (8.17)

∀θr ∈ αTr , p̂(θ̃r) = pT (θr) (8.18)

∀θr ∈ αTr , θ̂r ∈ Γθr \ {θ̃r}, p̂(θ̂r) = p0
r (8.19)
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Consider the configuration ηi, chosen for seller si in the end of Phase A. We again

establish bilateral efficiency due to the fact at it is optimal to the buyer and the

seller at the same price, given the price structure above. For η̂i ∈ Γηi such that

ci(η̂i) = minψ̂∈Γηi
ci(ψ̂), we get

∀θ̂ ∈ Θ̂, πTi (η̂i) ≥ πTi (θ̂) (8.20)

η̂i is also optimal to si w.r.t. p̂(·), because he always has the option to submit a

bid on a sub-configuration appearing in (8.17) or (8.19), for price p0
r . The buyer’s

optimality condition holds as follows (and carries over to p̂(·))

∀θ̂ ∈ Θ̂, πTb (η̃i) ≥ πTi (θ̂)− δ.5 (8.21)

This condition carries over to p̂(·), by definition of buyer-optimal set, that assumes

initial prices to sub-configurations appearing in (8.17) and (8.19). The two con-

ditions (8.20) and (8.21) are defined with respect to the same price space p̂(·).

The apparent problem is that η̃i and η̂i are not necessarily the same. However, if

p̂(η̃i) < p̂(η̂i), the seller would have bid directly on η̂i (note that its cost is lower).

He bids on ηi, hence p̂(η̃i) ≥ p̂(η̂i). Given the definition of (̃ηi), it must be the case

that p̂(η̃i) = p̂(η̂i).

It also has been shown that all computational tasks during GAI auctions, of

either the mechanism and any SB seller, are polynomial in the number of sub-

configurations, so no computation depends on the fully exponential domain. This

holds for all variations considered here too. In DL-BD, the buyer-optimal set is

computed directly over the space of LPSs. In DL-SD, the problem seems more

involved. The prices are marked on formulas that may not have an exact match

in an LPS maintained for the buyer. However, these formulas are restricted to

the buyer’s GAI structure. We simply compute how much it will cost to satisfy

a given LPS Φ = uφi (within GAI element Ir) at current prices: by default, the

price is p0
r . If there exist sub-configurations that satisfy Φ, the price is the lowest

5As mentioned above, details of the error bound δ can be found in (Engel and Wellman, 2007).
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of their respective prices. Now the optimization is done again over the space of

LPSs, yielding a set of approximately optimal full-sets. These are translated back

to configurations in order to construct M t.

8.6 Incremental Buyer Elicitation

Up to this point we made two assumptions about the extent to which the buyer pro-

vides initial preference information: the buyer evaluates at zero any configuration

that is not subsumed by any of his preferences, and the buyer is indifferent between

any two configurations subsumed by the same full set. In this section we examine

the motivation and the application associated with relaxing these assumptions.

There are two motivations for relaxing the first assumption. First, describing

all the possible combinations that he is willing to trade may be too exhaustive for

the buyer even when using the compact logic statements. In particular, there may

be values that the buyer is not particularly interested in but he may be willing to

consider if they are very cheap. Moreover, there may be combinations that he did

not know that are available (e.g. a particular OS for a particular processor) and if

introduced by a seller he will consider it valuable.

To relax this assumption in Auction DL-SD, we must allow the buyer to eval-

uate each new sub-configuration, after a bid that is not subsumed by the buyer’s

preferences is submitted. Note that this new sub-configuration can be directly rep-

resented by a new preference. In DL-BD, we could let sellers submit any regular

configuration as a bid and ask the buyer to evaluate it. Here, the buyer’s prefer-

ences can be seen as guidance to the sellers, indicating the kind of configurations

the buyer is in general interested in, but not preventing the sellers from bidding on

others. In a sense, this combines the power of DL-BD and DL-SD.

The second assumption can also be relaxed. The motivation to do that is that

it allows the sellers to distinguish themselves in ways not initially considered im-

portant to the buyer. For example, the buyer may specify that he wants the monitor
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to be at least 17inch. If an offer that includes a 19inch monitor is submitted, he

may consider to mark up his evaluation for 19inch monitors by some amount. To

do that, we will ask the buyer to refine his preferences when a more specific bid is

submitted.

To summarize this part, we consider the following general auction mechanism

DL-GEN. We denote the full set that a given full configuration θ satisfies:

Φθ = ui φi, s.t.〈φi, vi〉 ∈ P, θ vT φi

And its projection on Ir:

Φθr = ui φi, s.t.〈φi, vi〉 ∈ Pr, θr vT φi

1. Prices are initially attached to full-sets (as in DL-BD).

2. Sellers may bid on existing full-sets, or they may communicate arbitrary full

configurations (as in DL-SD).

3. A bid B is received on a configuration θ. One of the following occurs:

• θ ∈ Λ and Φθr vT θr, i.e., θr ≡ Φθr .

• θ 6∈ Λ.

(a) Buyer evaluates u(θr) for each projection of θ.

(b) A new preference Pr = 〈θr, u(θr)〉 is added to Pr for each GAI

element.

(c) New LPS is generated for each resulting new subset of Pr, with

price p0
r .

• θ ∈ Λ, and Φθr 6vT θr, that is θ is more specific, on some if its sub-

configurations, than the corresponding LPS.

(a) Buyer evaluates u(θr) for each projection of θ which is more spe-

cific than Φθr .
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(b) If u(θr) 6= u(Φθr), a preference

Pr = 〈θr, u(θr)− u(Φθr)〉

is created.

(c) New LPSs are generated as above.

For example, a preference P1 may include the expression

∃hasMonitor.(LCDmonitoru ≥17 inch)

, with value y. A seller’s bid may include a sub-configuration with value 19inch

for the monitor. When such bid is received, the buyer may specify that this sub-

configuration worths x > y. The new preference P2 with

φ2 = ∃hasMonitor.(LCDmonitoru =19 inch)

will carry the value v2 = x − y, and hence the new sub-configuration, that now

corresponds to the valid set {P1, P2}, is evaluated correctly at x.

We note however that incremental elicitation provides an additional opportu-

nity for a buyer to gain from an untruthful preference report (Parkes and Kalagnanam,

2005).

8.7 Discussion

Description Logics have been proposed before as a natural and powerful preference

representation tool. We have shown how this form of preference expression is

employed to detect a GAI structure over the preference relation. This allows us

to combine the two popular preference representation schemes, and to propose a

family of structured multiattribute auctions. In a buyer-driven auction, seller bids

are extracted according to the buyer’s DL statements, and the GAI structure allows

to significantly reduce the price space. In a seller-driven auctions, where bids can

be submitted for any concept in the domain, the GAI structure is even more crucial
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to maintain compactness. Despite their apparent differences, both types of auctions

maintain similarly attractive economic properties. Finally, we have shown how to

incorporate incremental preference elicitation from the buyer. This may reduce the

buyer’s preference elicitation burden by directing the evaluation to the parts of the

domain that become relevant due to seller bids.



Chapter 9

Web Services Discovery and

Composition using non

monotonic inferences

Web service composition amounts to the orchestration of a certain number of exist-

ing Web services (or Web service providers) to provide a composite service able to

satisfy the user’s requirements, in case a single Web service is not adequate. Vari-

ous approaches have been recently proposed able to provide the orchestration of a

Web services set, based on different aspects of both Web service (Sirin et al., 2003;

Fensel and Bussler, 2002; Motta et al., 2003) and composition flow (Laukkanen

and Helin, 2003; Mecella et al., 2002; Narayanan and McIlraith, 2002; Korhonen

et al., 2003) modeling. But, due to the lack of automatic procedures able to cope

with non-exact matches, in many of such approaches there is the need for a human

intervention in order to establish candidate execution flows. Fully-automation of

Web services discovery and orchestration requires as a first step providing service

descriptions – what a service offers– that have to be well defined, machine un-

derstandable and processable. The Semantic Web initiative aims to provide web

resources with a meaning, with the aid of formal languages and ontologies to al-

201
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low reasoning on service description. Such type of web-services are now named

semantic Web services: ”a Semantic Web service (SWS) is a Web service whose

description is in a language that has well-defined semantics. Therefore, it is un-

ambiguously computer interpretable,and facilitates maximal automation and dy-

namism in Web service discovery, selection, composition, negotiation[...]” (Sycara

et al., 2003b); therefore the Semantic Web provides –or should provide– the infras-

tructure for the semantic interoperability of Web services (Cabral et al., 2004).

The approach we propose here models the discovery, retrieval and composition

with respect to a resource retrieval scenario, that is, a scenario where there is a re-

quest and several available resources, which can satisfy the request in a one to one

match (one resource retrieved for the request) or in a one to many match (several

retrieved resources whose combination satisfies the request). Our target model is

hence a user oriented and friendly framework where a typical request is like ”I’d

like to book a hotel provided with a swimming pool and a fitness center” rather than

only ”Effects = HOTEL RESERVATION” and a typical service description is like

”We book for you hotels near the sea provided with all the facilities: swimming

pool, fitness center, children area and restaurants” rather than only ”Preconditions

= VALID CREDIT CARD; Effects = HOTEL RESERVATION”. What we would

like to point out is that limiting the information provided by services to only pre-

conditions (and / or inputs) and effects (and / or outputs) makes hard to detail

the service provided. We believe that a service should provide two kinds of in-

formation: (1) description of the service behavior, even not a functional one, (2)

execution information.

1. Descriptive Information. Description of the service behavior, even not a

functional one. A simple free text description is not enough if you want

to describe in a machine understandable way, that is in the Semantic Web

vision, such behavior and its details.

2. Execution Information. Effects. How the Web service changes the state of

the domain world – (Outputs. What it changes in the domain world). Pre-
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conditions. Which state of the world is needed to make the Web service

producing such change – (Inputs. What it needs to change the state of the

world) .

Composed Web services can be atomic ones (having a single step of execution)

or composite services themselves. The service composition process can hence cre-

ate services with an increasing level of complexity, built out of services at a lower

abstraction level. Obviously, service composition is not based on the physical in-

tegration of its components (Alonso et al., 2003): each service has, in fact, an

interface through which it can be invoked, and the base components of the service

remain so separated from the composite service. The main issues in service com-

position are hence modeling –how to define the process model– and execution –the

middleware that executes the process model.

In this work we propose a framework and algorithms, fully compliant with

the Semantic Web vision and its technologies, for the automated discovery and

composition in a semantic web-services orchestration scenario.

Main contributions of the work are:

• a logic based approach to service discovery and composition exploiting non

standard inference services, i.e., Concept Covering (Hacid et al., 2002) and

Concept Abduction(Di Noia et al., 2003). The approach is based an exten-

sion of the Concept Covering definition, originally proposed in (Hacid et al.,

2002) for Description Logics endowed of limited expressivity, to a general-

ized one, which exploits the recently proposed Concept Abduction (Di Noia

et al., 2003) inference service in Description Logic.

• efficient greedy algorithm, based on the generalized definition, to solve a

Concept Covering for semantic service discovery.

• an extension of the concept covering algorithm, to compose a flow of discov-

ered services, i.e., an orchestration. The algorithm takes into account both

effects duplication and approximate solutions. Both algorithms we present
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are polynomial in time for the significant subset of OWL-DL we adopt. Our

approach, by means of concept abduction, also hypothesizes, when an exact

solution is not found, what is still missing to complete the cover.

• complete prototype system developed in the MaMaS-tng framework, based

on an enhanced extension of OWL-S 1.1 model, and an extended version of

JUDDI, namely JUDDI+, and experiments carried out with it (Colasuonno

et al., 2006).

The remaining of the chapter is structured as follows: next Section summarizes

relevant related work, then we present our extension of Concept Covering defini-

tion and a greedy algorithm, which exploits Concept Abduction, to determine a

Concept Cover. After that we show how such algorithm can be at the basis of a

semantic Web services composition. Subsequently, the approach and behavior of

the related algorithms are thoroughly explained with the aid of an example. Finally

a section is devoted to the description of our prototype implementing the approach,

its integration in the OWL-S 1.1 framework, and to experimental results obtained

with it. Last section draws the conclusion and outlines future research directions.

9.1 Related Work

We start noting that the automation of service discovery and composition processes

calls for clearly establishing what a service actually is, how we can define its de-

scription and at which level of abstraction. As defined in W3C Web Services Archi-

tecture (WSA) (W3C) a service is ”an abstract resource that represents a capability

of performing tasks” and it has a service description describing its semantics. Yet

in (W3C) the semantics of a service is defined as ”the behavior expected when

interacting with the service. The semantics expresses a contract (not necessarily

a legal contract) between the provider entity and the requester entity. It expresses

the intended real-world effect of invoking the service. A service semantics may

be formally described in a machine readable form, identified but not formally de-
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fined, or informally defined via an out of band agreement between the provider

entity and the requester entity.” Preist (2004) correctly argues ”how can something

which is defined as an agreement between the two entities be advertised prior to

the two entities communicating?” He then suggets to make a distinction between

three categories of services: abstract service, agreed service and concrete service.

An abstract service can provide many different possible concrete service, so a con-

crete service is a kind of realization of an abstract service. An agreed service is an

abstract service agreed between two parties, which completely defines the service

requester and the service provider, with their associated interfaces. An abstract ser-

vice can be used in the discovery phase, because it shows ”what capabilities” the

service provides, while not already requiring a definition of what a requester and

provider have to agree upon.

In this chapter we refer, in accordance with Preist’s categorization, to an ab-

stract service description, that is a machine-processable description specification

of a set of provided services.

9.1.1 Background work

In recent years commercial systems have emerged based on service-oriented ar-

chitectures, including IBM webshpere and BEA WebLogic, which anyway cur-

rently adopt discovery and composition approaches that usually rely on UDDI

and tModels for pure keyword-based search. Inspired by the Semantic Web ini-

tiative, various frameworks have been proposed to semantically enrich service de-

scriptions, thus supporting sophisticated discovery and orchestration techniques.

Striving to become ”de facto” standards are OWL-S (formerly DAML-S)(OWL-S,

2004), WSMO (Lausen et al., 2004), IRS-III, and METEOR-S (Patil et al., 2004).

The main objective of OWL-S is to provide an OWL-based Web service on-

tology in order to give an unambiguous and machine-interpretable description of a

Web service, allowing software agents to discover, invoke, compose and monitor

web resources offering specific services. WSMO (Lausen et al., 2004) also is a
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formal ontology for describing several aspects related to Semantic Web services.

WSMO is based on WSMF (Web Service Modeling Framework), proposed by

Fensel and Bussler (2002) with the aim to provide a conceptual model for develop-

ing and describing services. It consists of four elements: ontologies, represent the

terminology, which give meaning to the other elements; goals, the desires of the

service requester, provide the means to express a high level description of a con-

crete task; Web services, define capability description, interface, used mediators

and non functional properties; and mediators, that deal with the interoperability

problems. Differently from the previous two frameworks, METEOR-S does not

introduce a dedicated upper ontology, and utilizes existing Web service technolo-

gies enriched with RDF-S to map WSDL messages and operations to concepts in

domain ontologies. Another framework developed to describe and execute seman-

tic Web services is IRS-II (Motta et al., 2003) (Internet Reasoning Service). IRS-II

is based on the UPML (Unified Problem Solving Method Development Language)

framework. UPML has four categories of components specified by means of an

appropriate ontology: domain models, the domain of an application; task models,

which specify the input, output, goal to be solved, pre and post-conditions; Prob-

lem Solving Methods (PSMs), relate to reasoning processes applied to solve spe-

cific tasks; bridges, which provide mappings between the components. The IRS-III

(Domingue et al., 2004) platform, built upon IRS-II, allows to create WSMO-based

Semantic Web services, extending UPML based types of knowledge models with

the types exposed in WSMO, in order to incorporate and extend the WSMO ontol-

ogy.

Semantic-based discovery and composition is currently a widely researched

area. Much work has been devoted to the basic discovery process, and we briefly

recall some relevant work here, without any claim of completeness, before moving

on to the composition stage. In (Paolucci et al., 2002) the location of Web services

is based on the capabilities they provide. The matching is based only on the inputs

and outputs of a Web service without taking into account the overall description
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of the service, which lacks in this approach, the discovery is carried out mainly

exploiting features of the LARKS approach. Description Logics based approaches

include those in (Di Noia et al., 2004; Gonzales-Castillo et al., 2001; Li and Hor-

rocks, 2004; S. Agarwal and S. Lamparter, 2005; Klusch et al., 2005a; Keller et al.,

2005), in which the discovery phase amounts to a semantic matchmaking process

between requests and services. The need to overcome exact –though logic-based–

matches, led researchers to study different possibilities. In (Li and Horrocks, 2004;

Paolucci et al., 2002) matches are divided into categories, yet once they have been

categorized there is still the need to determine most promising ones. To this aim

in (Di Noia et al., 2004) matches are not only categorized, but also ranked accord-

ing to a semantic-based score. In (S. Agarwal and S. Lamparter, 2005) the idea

is to use a fuzzy description logic to obtain a ranking of matches, while in the

recent (Klusch et al., 2005a) it is proposed to adopt a mixed approach, using both

logic-based classification and rankings determined using classical unstructured text

retrieval measures. This approach derives from the LARKS matchmaker, and as

the authors admit, prevents fully automated discovery and composition. In (Keller

et al., 2005) a model to automate service discovery was proposed. In this approach

static and dynamic aspects of service descriptions are considered, providers of ser-

vices are dynamic selected based on the semantic descriptions of their capability.

Semantic-based composition approaches have also been proposed by several

authors. Various proposals derive from the wide experience of the AI planning

community, although some issues, related to the typical closed world assumption

of planning approaches, have still to be clearly clarified . For a recent survey on

such approaches please refer to Rao and Su. (2004) and J.Peer (2005). In (Sirin

et al., 2003) a prototype was developed guiding the user in the dynamic composi-

tion of Web services. The service filtering is based first on the profile descriptions,

with reference to the ServiceProfile of OWL-S, then on the constraints that the user

specifies at each step of the workflow. The main limits of this approach are primar-

ily two: a human intervention is needed at each step for composing the workflow
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and the matching between two services is performed taking into account only the

output of the first service that could be fed to the second service as input. A semi

automated system has also been proposed in (Liang et al., 2004), using WSFL

and adopting a constraint-based approach. A rule-based system, which may also

require user intervention in the selection is presented in (Medjahed et al., 2003).

Also rule-based, but with discovery carried out using the matchmaker in (Paolucci

et al., 2002), is the OWLS-UDDI system presented in (Sycara et al., 2003b). In

(Gomez-Perez and Gonzalez-Cabero, 2004) a PSM-based approach is proposed

for services modeling, where the functional features of a service are described as

tasks, while the internal structure of the services are modeled as the methods that

solve those tasks. Here only functional information is taken into account for com-

position. No descriptive information is provided neither used. The same is in

the following related works. In (Narayanan and McIlraith, 2002) they focus on

OWL-S ontology to describe the capabilities of Web services. The semantic of

OWL-S specification is translated to a first-order logic language to allow reasoning

on the features of the same services. Encoding service description in a Petri Net

formalism provides decision procedures for Web service simulation, verification

and composition. Petri Nets were proposed both for modeling and orchestration

of services in (Mecella et al., 2002; Mecella and Pernici, 2002), too. In (Berardi

et al., 2003) an approach based on finite state machine was presented for automatic

e-service composition. In (Berardi et al., 2004) also incomplete specification of

the client action sequences was taken into account. In (Grimm,S. and Motik, B.

and Preist, C., 2004) several inferences are discussed based on different ways of

handling variance during the matching process. This variance is, according to the

authors, due to a gap between the formal semantics of service descriptions and the

modeler’s intuition. Hence the quality of the discovery process depends on the con-

trol of service variance in service discovery. In (Haller et al., 2005) the principles

of the Web Service Modeling Ontology (WSMO)(Lausen et al., 2004) are applied

to SSOA (Semantic Service Oriented Architecture), which extends the notion of
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Service-Oriented Architectures by Semantic Web services with the aim to enable

dynamic discovery and invocation in enterprise application integration (EAI). In

(Benatallah et al., 2004) a fully description logic based service discovery approach

is presented, which adopts a non-standard inference service, namely concept cov-

ering, to discover one or more service able to fulfill a given request. Unfortunately

the concept covering, as defined there, needs the Difference operator, which makes

sense only for a limited set of logics –we discuss this thoroughly in later sections–

and, furthermore, the orchestration process is not dealt with.

9.2 Concept Covering via Concept Abduction

Standard inference services in DLs –subsumption and satisfiability– can be used

in several frameworks, including Semantic Web services discovery. For example,

given a Web service S and a service request D modeled as concept expressions

in a DL L w.r.t. an ontology T , Concept Satisfiability can determine whether the

request is compatible with the service,i.e., S models information which is not in

conflict with the one modeled by D. This task can be performed checking the sat-

isfiability of the concept T |= S uD 6v ⊥.

On the other hand subsumption can be used to verify if a Web service described

by S can satisfy a service request D. In fact if the relation T |= S v D holds,

then S is more specific than D and it contains at least all the requested features.

Satisfiability and subsumption, return a Boolean yes/no answer, so one is left with

the need for results explanation. The Concept Abduction Problem (CAP) was in-

troduced and defined as a non standard inference problem for DLs by Di Noia et al.

(2003), to provide an explanation hypothesis when subsumption does not hold, thus

someway extending the subsumption relation. We recall its definition for the sake

of completeness:

Definition 32 Let S, D, be two concepts and T a set of axioms in a Description

Logic L, where both S and D are satisfiable in T . A Concept Abduction Problem
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(CAP), denoted as 〈L, S,D, T 〉, is finding a conceptH such that T 6|= SuH v ⊥,

and T |= S uH v D.

Given a CAP, ifH is a conjunction of concepts and no sub-conjunction of concepts

in H is a solution to the CAP, then H is an irreducible solution. Di Noia et al.

(2003) also proposed minimality criteria for H and a polynomial algorithm, for a

bushy TBox, to find solutions which are irreducible, for an ALN DL.

The solution to a CAP can be read as why does not S v D hold?, what is a

possible explanation with respect to the ontology T ? In other words H represents

what is expressed, explicitly or implicitly (that is, entailed because of the ontology),

in D and is not present in S, or also which part of D is not covered by S?

Di Noia et al. (2004) introduced the rankPotential algorithm such that, given a

set of ALN axioms T and two ALN concepts S and D both satisfiable in T , it

computes a semantic distance of S from D with respect to the ontology T . Notice

that we write the distance of D from S rather than the distance between S and D

because of the non-symmetric behavior of rankPotential (see (Di Noia et al., 2004)

for further details). Recalling the definition, rankPotential (S,D) corresponds to a

numerical measure of what is still missing in S w.r.t.D. If S = >we have the max-

imum value for rankPotential (S,D), that is the maximum (potential) mismatch of

S from D.

In order to understand the approach we consider the following trivial example

where the ontology is just a simple taxonomy1.

T =


B v A

C v B u E

D ≡ A u F

With respect to the previous T consider the service request D = C u D and the

web service description S = E u B uG. Referring to the above classification we

1For the sake of simplicity in this example we do not consider roles even if rankPotential is able

to deal with them for ALN ontologies.
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see that D and S are a potential match. Unfolding T in both D and S we obtain

D = C u B u A u E u F and S = E u B u A u G. Since in the ontology the

third one is an equivalence axiom, we rewrite D with A u F instead of expanding

it as for B and C. Once we have the unfolded version of D and S we say that

two pieces of information {C,F} are missing in S in order to completely satisfy

D (and then reach a full match). Since the maximum number of missing pieces of

information is equal to the length of the unfolded D, in this case five, we assign a

normalized semantic similarity score of (1− 2
5 ) to the previous example match.

The value returned by rankPotential(T ,>,D) hence amounts to how specific is

a complex concept expression D with respect to an ontology T , what we call the

depth of D: depth(D) . Such a measure is not trivially the depth of a node in a

tree for at least two main reasons:

1. AnALN ontology, typically, is not a simple terms taxonomy tree, i.e., its struc-

ture is not limited to simple IS-A relations between two atomic concepts2.

2. AnALN complex concept is generally the conjunction of both atomic concepts

and role expressions.

It is straight to show that, given a concept description C and anALN ontology

T , rankPotential(T ,>,C) can be used as a total order relation over ALN which

takes into account the domain knowledge modeled within the ontology T .

How can a solution to a CAP be useful in semantic Web services discovery and

composition? It is intuitive that H , in a CAP solution, is an explanation hypothesis

for the missing part in the available service S needed to completely satisfy a request

D. A not-full match with the request is then due to H . An observation we can also

express defining H as: what is not covered by Swith respect to D. Based on this

last remark we use solutions to sets of CAP to solve Concept Covering Problems

2It can be better represented as a labeled oriented graph.
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as it is shown in the following. In particular, we show that we are able, through

Concept Abduction, to extend the definition of Concept Covering to expressive

DLs, and we introduce a greedy algorithm to compute a Concept Covering in terms

of Concept Abduction (Colucci et al., 2005d; Ragone et al., 2005). Such algorithm

provides as output the obtained covering and, when such covering does not exist,

also a logical explanation on what remains missing in the request.

Let us start recalling that in (Hacid et al., 2002) the best covering problem in

DLs was introduced as ”...a new instance of the problem of rewriting concepts

using terminologies”, and proposed by Benatallah et al. (2004) to cope with au-

tomated semantic Web service composition. In order to define a concept cover-

ing two non standard inference services were used: the least common subsumer

(lcs)(F.Baader, 2003) and the difference or subtraction operation (Teege, 1994).

Unfortunately, as the authors admitted, concept difference (Teege, 1994), can be

used only for DLs that have structurally unique Reduced Clause Forms (RCF), and

the logic they adopted, namely FL0 ∪ (≥ nR) has limited expressiveness w.r.t.

other DLs, e.g., ALN (for a complete description see (Teege, 1994)).

In a more formal way Hacid et al. (2002) defined cover as follows.

Definition 33 Let L be a Description Logic with structural subsumption, T be a

terminology using operator allowed by L,R be the set of concept definitions in T ,

R = {Si, i ∈ [1..n]}, and D be a concept in L such that T 6|= D ≡ ⊥. A cover of

a D using T is finding a setRc ⊆ R such that considering uSj , conjunction of all

the Sj ∈ Rc, D − lcsT (D,uSj) 6≡ D occurs.

That is, a cover is finding a set of concepts defined in T such that they contain

the information in D. Notice that a DL with structural subsumption and Reduced

Clause Forms (RCF) is needed in order to use concept difference.

We start proposing an extension to the previous definition of a Concept Cov-

ering, which withdraws limitations on the adopted DL, by exploiting Concept Ab-

duction.
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Definition 34 Let Dbe a concept, R = {S1, S2, ..., Sk} be a set of concepts,

and T be a set of axioms representing an ontology, all in a DL L, where D and

S1, . . . , Sk are satisfiable in T . Let also ≺T be an order relation over Ltanking

into account the ontology T . The Concept Covering Problem (CCoP) denoted as

V=〈L,R, D, T 〉 is finding a pair 〈Rc, H〉 such that

1. Rc ⊆ R, and T 6|= uSi∈RcSi ≡ ⊥;

2. H ∈ SOL(〈L, S,D, T 〉), and H ≺T D.

We call 〈Rc, H〉 a solution for V , and say that Rc covers D. Finally, we denote

SOLCCoP (V) the set of all solutions to a CCoP V .

In the above definition the elements for the solution 〈Rc, H〉 of a CCoP represent

respectively:

• Rc. Which concepts inR represent the cover for D w.r.t. T .

• H . What is still in D and is not covered by concepts inRc.

Intuitively, Rc is a set of concepts that completely or partially cover D w.r.t. T ,

while the abduced concept H represents what is still in D and is not covered by

Rc. It is worth noticing that Concept Covering Problem is similar, but has remark-

able differences when compared to classical set covering. CCoP is not trivially a

different formulation of a classical minimal set covering (SC) problem, as an exact

solution to a CCoP may not exist. Furthermore in SC elements are not related with

each other, while in CCoP elements are related with each other through axioms

within the ontology, and while the aim of an SC is to minimize the cardinality of

RC the aim of a CCoP is to maximize the covering, hence minimizing H .

There can be several solutions for a single CCoP, depending also on the strategy

adopted for choosing concepts in Rc. This consideration leads to the definition of

best cover and exact cover.

Definition 35 A best cover for a CCoP V , w.r.t. an order≺T on the DL adopted, is

a solution 〈Rc, Hb〉 for V such that there is no other solution 〈R′c, H ′〉 for V with

H ′ ≺T Hb.
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There is no solution 〈R′c, H ′〉 for V such that H ′, the remaining part of D still to

be covered, is *smaller* than Hb with respect to an order ≺T . The definition of

some minimality criteria is in (Di Noia et al., 2003; Colucci et al., 2003; Di Noia

et al., 2004). Observe that, since the solution for a concept abduction is not unique

in general, there could be two solutions 〈Rc, H1〉, 〈Rc, H2〉 such that the first is

a best cover, while the second one is not. However, when a full cover exists, it

is independent of any order ≺T on the DL adopted. The rankPotential algorithm

presented by Di Noia et al. (2004) can be used to compute an order ≺T for ALN .

Definition 36 An exact cover for a CCoP V is a solution 〈Rc, He〉 for V such that

T |= He ≡ >.

It is well-known that even the basic set covering problem is NP-hard; Concept

Covering to be of any practical use in a Semantic Web services composition process

has to be reasonably fast. With this issue in mind we devised a tractable greedy

Concept Covering algorithm, which is polynomial for ALN 3, building on and

extending a classical greedy set covering one (Cormen et al., 1990).

Algorithm GREEDY solveCCoP (R, D, T )

input concepts D, Si ∈ R, i = 1..k, where D and

Si are satisfiable in T

output 〈Rc, H〉

begin algorithm

Rc = ∅;

Du = D;

Hmin = D;

do

SMAX = >;

3Being greedy, the computed solution will not be optimal in general (neither a full cover, nor a

best one).
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/* [♣] Perform a greedy search among Si ∈ R */

for each Si ∈ R

if Rc ∪ {Si} is a cover for Du then

H = solveCAP (〈L, Si, Du, T 〉);

/* [♦] Choose Si based on an order ≺T */

if H ≺ Hmin then

SMAX = Si;

Hmin = H;

end if

end if

end for each

/* [♠] If a new Si is found then add Si toRc and remove it fromR */

if T |= SMAX 6≡ > then

R = R\{Si};

Rc = Rc ∪ {Si};

Du = Hmin;

end if

/* [♥] Continue searching until no Si is found */

while(SMAX 6≡ >);

return 〈Rc, Du〉;

end algorithm

The algorithm tries to cover D as much as possible, using the concepts Si ∈ R.

♥ If it is not found any new useful Si ∈ R, that is any Si such that it covers D

more, then the algorithm terminates.

♣ A greedy approach is used to choose candidates forRc.

♦ Choose among the candidates the one such that H , solution for the local CAP,

is minimal w.r.t. the order ≺T .

♠ If the greedy search returns a new Si, it is removed fromR and added toRc.
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In (Cormen et al., 1990) it is proved that, for a set covering problem, the solu-

tion grows logarithmically in the size of the set to be covered with respect to the

minimal one. In GREEDYsolveCCoP the complexity source is in the solution of

the CAPs and the comparison in [♦]. ForALN , in (Di Noia et al., 2003) a polyno-

mial algorithm (findIrred) is proposed to find irreducible solutions for a CAP, and

in (Di Noia et al., 2004) the tractable rankPotential is presented to rank concepts

and establish an order relation among them. Using such algorithms it can be easily

proved that also GREEDYsolveCCoP can be solved in polynomial time. Obviously

we are not claiming that we solve a covering problem polynomially. The algorithm

returns a cover, not the best one.

9.3 Semantic Web Service Discovery and Composition

In this section we build on the previously introduced services and algorithms to

carry out a fully Semantic Web service discovery and composition. Let us point out

that we refer to a general framework, compliant with all the ones modeling Seman-

tic Web services with respect to a Input-Output-Precondition-Effect model. This

implies that our approach can be reformulated using OWL-S (2004) model with

practically no changes. Notice that the need for common, shared, ontologies is usu-

ally the first objection towards approaches to SWS discovery and composition, a

claim that obviously undermines the whole Semantic Web initiative. Nevertheless,

it should be considered that effective integration approaches are being proposed for

descriptions expressed in heterogeneous forms (Madhavan et al., 2001; Calı̀ et al.,

2004), while specific initiatives such as WSMO 4 also stress the role of Mediators

to ease interoperability between heterogeneous service descriptions.

As stated above, we believe that the service discovery process is a sub-problem

of the more generic resource retrieval one: ”having a request and several available

resources potentially matching it, if it is not possible to retrieve some resources so

4www.wsmo.org
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that they completely satisfy the request, is an approximate solution possible? Is it

possible to have explanation on such approximation?”

To explain and motivate the approach, we start with a simple semantic web-

service model and then add features, enriching the model. In the initial model

we define both the request D and the description WSD of each Web service as

DL concept descriptions w.r.t. an ontology T . A classification schema such as

UNSPSC can then be used to classify tasks and related ontologies. We assume

the existence of a registry where service providers store, for each service, both all

the information needed for the invocation and the description WSD of the service

itself. Notice that, as it is also stated in (OWL-S, 2004), assuming the existence of

a registry does not limit the approach.

Given a request D modeled w.r.t. an ontology T , the steps needed in order to

obtain a set of services satisfying as much as possible D are hence the following:

1. query the registry in order to obtain all the service descriptions WSD that

refer to the same T ;

2. put all the retrieved services descriptions in a setR;

3. call solveCCoP (R, D, T );

4. with reference to 〈Rc, H〉 returned by solveCCoP in the previous step, re-

turn to the requester both H and, for each WSD ∈ Rc, the invocation infor-

mation of the corresponding service.

Rc and H are, respectively, the set of resources representing an approximate

solution to the retrieval problem for a composite Web service, and an explanation

on why the solution is not an exact one.

Using the above approach, a discovery and selection is possible for the services

available in the registry, which can be composed in order to satisfy D as far as

possible.

Obviously, proposing a composition of the discovered services in the retrieved

set requires taking into account also their execution information, i.e., inputs, out-
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puts, preconditions and effects specification. Without loss of generality, in what

follows we will consider only preconditions and effects (results), as it is straight-

forward to extend the approach also considering inputs and outputs.

9.3.1 Precondition and Effects for Web Service Discovery and Com-

position

In order to execute a Web service, its preconditions must be satisfied, possibly

using information provided by other Web services. Moreover care has to be paid

in avoiding the duplication of effects when composing services, which might be

due to entailment relationships among different effects provided by services being

composed. After the execution of the composite service we do not want two or

more services providing the same results, even partially.

Turning to the classical scenario proposed in (Frauenfelder, 2001), a booking

agent organizing a trip and composing two services, one able to book both a hotel

stay and a flight and another a flight and a car rental, would not be much appreci-

ated if its outcome is two flights booked for the same trip, together with the hotel

and the car.

In order to deal with the execution information, we extend the Web service

model and define:

Request: a pair 〈D,P0〉, where D is the description of the requested service

and P0 are the preconditions provided with the request.

For example, if the request is made by a personal user agent, then it is able to

provide some initial information to be used as preconditions for a service execu-

tion, e.g., a valid credit card.

Web service 5 : a triple 〈WSD, P, E〉, where WSD represents provided ser-

5A Web service implemented by combining other Web services is referred as composite ”[...] to

distinguish it from the ones implemented through conventional programming languages and invoking

conventional services which are called basic”(Alonso et al., 2003).Since a service being basic as
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vice description, P the preconditions and E the effects.

WSD is a description of the offered service6. Using a language endowed with

a well-defined syntax and semantics, it models what the service offers. P and E

are respectively the preconditions and the effects specification.

In our setting, WSD and D are formulated as DLs concepts w.r.t. the domain

ontology TD. For the sake of simplicity, here P0,P and E are modeled as con-

junction of atomic concepts represented in the Precondition/Effect ontology TP/E .

The following definition and formalization refers to such TP/E ontology but they

can be extended considering other logical formulations for both P and E. In other

words, whatever the logical framework, it has to allow effects duplication detection

and the precondition satisfaction by means of other Web service effects.

A simple covering solution, as the one proposed above, cannot deal with the

P , E specifications of the services. To compose Web services dealing with their

P/E, we introduce an informal definition of Web service flow with respect to some

initial preconditions P0, from now onWSF(P0).

WSF(P0) is a finite sequence of Web services (ws1, ws2, ...wsi, ..., wsn),

where for each Web service wsi belonging to the flow, all the following conditions

hold: 1. The preconditions of the first Web service ws1 executed in a composite

Web service are satisfied by the information P0 provided with the initial request

–Figure 9.1(a).

2. In order to execute a Web service wsi, the available information for precon-

ditions satisfaction comes from the effects of all the Web services wsj , with j < i,

previously executed –Figure 9.1(a).

3. Effects duplication after the execution of the composite Web service has to

be avoided –Figure 9.1(b).

composite is transparent to the client, in the following we address them as Web service for simplicity.
6What we call here WSD –Web service Description– can also be interpreted as a description of

the effects provided by the Web service itself.
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Figure 9.1: The role of preconditions and effects during Web service composition.

The available information for wsi is the conjunction of both the effects pro-

duced by wsj ∈ WSF(P0), with j < i, along the execution flow and the initial

preconditions P0.

In a more formal way, indicating with AIi the Available Information for wsi

and withEj the effects produced by wsj , with j < i, the following relation ensues:

AIi = P0 u E1 u E2 u ... u Ei−1

Since, for simplicity, we illustrate the approach using a concept taxonomy to rep-

resent preconditions and effects, both Pi and Ei are expressed as conjunction of

concept names CN introduced in TP/E ; Pi = ujCNj and Ei = ukCNk.

Now we can formally define a Web service flow.

Definition 37 A Web service flow with respect to some initial preconditions P0

is a finite sequence of Web servicesWSF(P0) = (ws1, ws2, ...wsi, ..., wsn) with

i = 1..n, where for each Web servicewsi ∈ WSF(P0) all the following conditions

hold:

1. for ws1, P0 v P1.

2. for wsi, with i > 1, AIi v Pi.

3. forwsi, with i > 1, for each concept nameCN occurring inEi,AIi 6v CN .

We indicate with DWSF = {WSDi|wsi ∈ WSF(P0)}, the set of Web service
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descriptions inWSF(P0).

Based on the definition of Web service flow, here we define a composite Web

service with respect to a request.

Definition 38 Let R = {〈WSDi, Pi, Ei〉}, with i=1..k, be a set of Web services

wsi, and 〈D,P0〉 be a request, such that bothD andWSDi are modeled as concept

descriptions satisfiable w.r.t. a domain ontology TD, and P0, Pi and Ei modeled

as conjunction of concept names satisfiable w.r.t. a Precondition/Effect ontology

TP/E .

A composite Web service for 〈D,P0〉 with respect toR, CWS(〈D,P0,R〉), is

a Web service flow such that for each wsj in the execution flow, DCWS(〈D,P0,R〉) =

{WSDj |wsj ∈ CWS(〈D,P0,R〉)}, covers D.

A composite Web service is an execution flow such that it can be started using

some information provided by the requester (P0) as initial preconditions, and the

provided composite service covers the user request description (D).

In this definition of composite Web Service, we consider a user perspective

while handling preconditions. In fact, we suppose the only initial information the

user is willing to provide are the ones in P0.

9.3.2 Computing a Composite Web Service

We now extend GREEDYsolveCCoP to cope with Web service preconditions and

effects, and determine an algorithm to automatically compute a composite Web

service.

For such purpose the definition of executable Web service and executable set

are useful.

Definition 39 Given a Web service flowWSF(P0) = (ws1, ws2, ..., wsn), we say

that a Web service is an executable Web service wsex forWSF(P0) iff

1. wsex 6∈ WSF(P0).
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2. WSF ′(P0) = (ws1, ws2, ..., wsn, ws
ex) is a Web service flow.

An executable Web service wsex for WSF(P0) is a Web service which can be

invoked after the execution of WSF(P0), i.e., its preconditions are satisfied af-

ter the execution of WSF(P0) and such that its effects are not already provided

by WSF(P0), and its description is compatible with the service descriptions in

DCWS(〈D,P0,R〉).

Definition 40 Given a Web service flowWSF(P0) and a set of Web servicesR =

{wsi} we call executable set of WSF(P0), the set of all the wsi ∈ R such that

wsi is an executable service forWSF(P0)}.

EXWSF(P0) = {wsexi |wsexi is an executable service forWSF(P0)

The executable set is hence the set of all the services that can be invoked after the

execution of a Web service flow. Based on the above introduced definitions we

present an algorithm able to compute a composite Web service CWS(〈D,P0,R〉).

Algorithm serviceComposer(R, 〈D,P0〉, T )

input a set of servicesR = {wsi = 〈WSDi, Pi, Ei〉}, a

request 〈D,P0〉, where D and WSDi are satisfiable in T

output 〈CWS, H〉

begin algorithm

1: CWS(〈D,P0,R〉) = ∅;

2: Du = D;

3: Hmin = D;

4: do

5: compute EX CWS(〈D,P0,R〉);

6: WSDMAX
= >;

7: for each wsi ∈ EX CWS(〈D,P0,R〉)

8: if DCWS(〈D,P0,R〉) ∪ {WSDi} covers Du then /* ⊗ */

9: H = solveCAP (〈L,WSDi, Du, T 〉); /* � */

10: if H ≺T Hmin then /* � */
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11: WSDMAX
= WSDi;

12: Hmin = H;

13: end if

14: end if

15: end for each

16: if WSDMAX
6≡ > then

17: R = R\{wsi};

18: CWS(〈D,P0,R〉) = (CWS(〈D,P0,R〉), wsi);

19: Du = Hmin;

20: end if

21: while(WSDmin 6≡ >);

22: return 〈CWS(〈D,P0,R〉), Duncovered〉;

end algorithm

The value returned by serviceComposer represents the composite Web service

CWS(〈D,P0,R〉) and the uncovered part, Duncovered, of the request description

D. Notice that since serviceComposer uses a greedy approach, CWS(〈D,P0,R〉)

represents the quickest solution to the orchestration problem, as well as since

Duncovered is computed solving a CAP, it is not the explanation for the uncovered

part of the demand, but is an explanation for that, depending also on the minimal-

ity criterion adopted to solve the CAPs during the algorithm execution. Differently

from GREEDYsolveCCoP, in serviceComposer we have a new source for com-

plexity due to the computation of EX CWS(〈D,P0,R〉) in row 5. The complexity of

such a computation is strongly dependent on the language used to model both P

and E; if EX CWS(〈D,P0,R〉) is computed polynomially, serviceComposer remains

polynomial in time for ALN .
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9.4 An illustrative example

In order to describe the serviceComposer behavior we model a simple travel reser-

vation scenario. The request descriptionD and the Web service descriptionsWSDi

are modeled with respect to the toy ontology T pictured in Figure 9.2.

As in the prototype system (see next Section) we implemented findIrred (Di

Noia et al., 2003) to solve Concept Abduction Problems (� in serviceComposer)

and rankPotential(Di Noia et al., 2004) to rank concepts (� in serviceComposer),

the results presented below refer to such algorithms. From now on we write

HWSname to express that H is a solution to the CAP 〈L,WSnameD, Du, T 〉,

computed using findIrred and |HWSname| to denote the solution computed by

rankPotential(WSnameD, Du).

Imagine you wish to plan your holiday in Florida, particularly in the Orlando

neighborhood, you want to book a flight and reserve a room in a hotel where pets

are allowed and as you would like to move around in Florida, you also want to

rent a car with satellite navigation system. Furthermore you wish to try some at-

traction like Park Tour and Eco Tour. You provide a VALID CREDIT CARD, as

information for Web service accessing.

Your request can be formalized as follows:

〈D = ∃flightBookingu∃hotelReservationu∀hotelReservation.(∃withFacilitiesu

∀withFacilities.PetsAllowed)u∃carRentingu∀carRenting.(∃withFacilitiesu

∀withFacilities.GPS)u∃attractionu∀attraction.(ParksTouruEcoTour),

P0 = VALID CREDIT CARD〉

Let us suppose the registry R stores the following Web services, descriptions

modeled is in accordance with the ontology in figure 9.2.

R = {FloridaTour, SuperCar,HotelBooker,NiceHolidays,MyCar}

FloridaTour is a Web service which includes, among its options, hotel reser-

vation, flight booking with airport transfer and tour around theme parks;
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Kayak v EcoTour ; EcoTour v Tour ; ThemeParksTour v ParksTour ; ParksTour v Tour

SwimmingPool v FitnessFacilities ; FitnessCenter v FitnessFacilities

SmokingAllowed v RoomFacilities ; NoSmoking v RoomFacilities ;

disj(SmokingAllowed,NoSmoking) ; PetsAllowed v RoomFacilities ; NoPetsAllowed v

RoomFacilities ; disj(PetsAllowed,NoPetsAllowed)

FitnessFacilities v HotelFacilities ; RoomFacilities v HotelFacilities

;

AirportTransfer v FlightFacilities

GPS v CarRentalFacilities ; EmergencyAssistance v CarRentalFacilities

;

ExpressReturn v CarRentalFacilities

HotelFacilities v Facilities ; FlightFacilities v Facilities ;

CarRentalFacilities v Facilities ; disj(HotelFacilities,FlightFacilities,CarRentalFacilities)

BedRoom v ∃hasBeds

DoubleRoom ≡ BedRoom u (= 2 hasBeds)

SingleRoom ≡ BedRoom u (= 1 hasBeds)

WeddingRoom ≡ DoubleRoom u ∀hasBeds.DoubleBed

Figure 9.2: The reference ontology for the example
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〈FloridaTour = ∃hotelReservationu∃flightBookingu∀flightBooking.(∃withFacilitiesu

∀withFacilities.AirportTransfer)u∃attractionu∀attraction.ThemeParksTour,

P = VALID CREDIT CARD,

E = FLIGHT RESERVATION u HOTEL RESERVATION u ATTRACTION TICKET〉

SuperCar is a car rental service that includes a satellite navigation system and

ensures emergency roadside assistance;

〈SuperCar = ∃carRentingu∀carRenting.(∃withFacilitiesu∀withFacilities.(GPSu

EmergencyAssistance)),

P = VALID CREDIT CARD,

E = CAR RESERVATION〉

HotelBooker is a Web service that allows to reserve a three diamonds hotel,

but pets are absolutely not allowed;

〈HotelBooker = ∃hotelReservation u ∀hotelReservation.(= 3 diamonds)u

(∃withFacilities u ∀withFacilities.NoPetsAllowed),

P = VALID CREDIT CARD,

E = HOTEL RESERVATION

NiceHoliday reserves rooms in hotels at least three diamonds, organizing a

kayak tour;

〈NiceHoliday = ∃hotelReservation u ∀hotelReservation. ≥ 3diamondsu

u∃attraction u ∀attraction.Kayak,

P = VALID CREDIT CARD,

E = HOTEL RESERVATION u ATTRACTION TICKET

MyCar is a car rental service offering also express return and emergency road-

side assistance;

〈MyCar = ∃carRentingu∀carRenting.(∃withFacilitiesu∀withFacilities.(ExpressReturnu

EmergencyAssistance)),

P = VALID CREDIT CARD,

E = CAR RESERVATION〉
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In order to compute a CWS(〈D,P0,R〉) the first step is to evaluate EX CWS(〈D,P0,R〉)

with respect to an empty Web service flow CWS(〈D,P0,R〉) = ∅ (EX 0 for short).

As P0 = VALID CREDIT CARD then all the services will be in the executable set

EX 0 = {FloridaTour, SuperCar,HotelBooker,NiceHolidays,MyCar}

At this initial step Duncovered = D then:

HFloridaTour = ∀hotelReservation.(∃withFacilitiesu∀withFacilities.PetsAllowed)u

∃carRentingu∀carRenting.(∃withFacilitiesu∀withFacilities.GPS)u∀attraction.EcoTour

|HFloridaTour| = 6

HSuperCar = ∃flightBookingu∃hotelReservationu∀hotelReservation.(∃withFacilitiesu

∀withFacilities.PetsAllowed)u∃attractionu∀attraction.(ParksTouruEcoTour)

|HSuperCar| = 7

HHotelBooker =NOT COMPUTED

HHotelBooker is not computed because both Duncovered and HotelBookerD

are not consistent with each other, Duncovered u HotelBookerD ≡ ⊥, and con-

sequently this Web service cannot belong to a covering solution; in fact we are

looking for a hotel were pets are allowed, while HotelBooker does not admit pets.

HNiceHoliday = ∃flightBooking u ∀hotelReservation.(∃withFacilities u

∀withFacilities.PetsAllowed)u∃carRentingu∀carRenting.(∃withFacilitiesu

∀withFacilities.GPS) u ∀attraction.ParksTour

|HNiceHoliday| = 7

HMyCar = ∃flightBookingu∃hotelReservationu∀hotelReservation.(∃withFacilitiesu

∀withFacilities.PetsAllowed)u∃attractionu∀attraction.(ParksTouruEcoTour)u

∀carRenting.(∀withFacilities.GPS)

|HMyCar| = 8
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Among the services in EX 0, FloridaTour will be chosen because of the small-

est length of H . After the execution of the first iteration in the algorithm [rows

7-16] we have:

• CWS(〈D,P0,R〉) = (FloridaTour)

• AI1 = FLIGHT RESERVATION u HOTEL RESERVATION u ATTRACTION TICKET u

VALID CREDIT CARD

• Duncovered = ∀hotelReservation.(∃withFacilitiesu∀withFacilities.PetsAllowed)u

∃carRentingu∀carRenting.(∃withFacilitiesu∀withFacilities.GPS)u

∀attraction.EcoTour

With respect to AI1, the new executable set EX 1 is:

EX 1 = {MyCar, SuperCar}

Notice that NiceHoliday and HotelBooker are not in EX 1 because the effects

they provide are already in AI1.

HSuperCar = ∀hotelReservation.(∃withFacilitiesu∀withFacilities.PetsAllowed)u

∀attraction.EcoTour

|HSuperCar| = 3

HMyCar = ∀hotelReservation.(∃withFacilitiesu∀withFacilities.PetsAllowed)u

∀carRenting.(∀withFacilities.GPS) u ∀attraction.EcoTour

|HMyCar| = 4

SuperCar will be added to CWS(〈D,P0,R〉) because of |HSuperCar| <
|HMyCar| obtaining:

• CWS(〈D,P0,R〉) = (FloridaTour, SuperCar)

• AI2 = FLIGHT RESERVATION u HOTEL RESERVATION u ATTRACTION TICKET u

CAR RESERVATION u VALID CREDIT CARD

• Duncovered = ∀hotelReservation.(∃withFacilitiesu∀withFacilities.PetsAllowed)u

∀attraction.EcoTour
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The next executable set (EX 2) is:

EX = ∅

The final result is then:

〈(FloridaTour, SuperCar),

∀hotelReservation.(∃withFacilities u ∀withFacilities.PetsAllowed) u

∀attraction.EcoTour〉

That is, with respect to the information provided by the user, the system is able

to compute the candidate composite Web service (FloridaTour, SuperCar), but

it cannot know if FloridaTour service is able both to reserve hotel where pets are

allowed and enjoy an eco tour. Nothing is specified about that in the description

of selected Web services. Notice that missing information can be used to initiate a

dialogue between the user and the orchestrator.

9.5 System and experiments

We implemented a testbed prototype, whose architecture is sketched in Figure 9.3.

The framework includes jUDDI+, an extended version of the open source UDDI

implementation by the Apache Software Foundation – jUDDI7 – able to cope with

OWL based annotation of Web Services (WS). The implementation allowed to val-

idate the approach, test algorithms behavior, and carry out large scale experiments.

We model each Web service specification as an OWL-S 1.1 Profile instance, al-

though as previously hinted, the approach could be implemented in WSDL-S with

minor modifications. In order to deal with the Web service semantic descrip-

tion D we extended the Result class in the OWL-S 1.1 Process by means of

a new <owl:ObjectProperty rdf:ID="effectsDescription"/>8.

The property has OWL-S Result class as domain and <owl:Thing/> as range;

7http://ws.apache.org/juddi/
8This property was introduced in OWL-S 0.9 but disappeared in its subsequent 1.0 version.
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Figure 9.3: Schematic of the Web services Orchestrator Architecture

the cardinality is restricted to 1, because (in this initial prototype) its specification

refers to a description w.r.t. a task ontology identified by a unique UNSPSC code.

The code in Figure 9.4 is the only modification to the standard OWL-S 1.1 defini-

tion and code.

<owl:ObjectProperty rdf:ID="effectsDescription">

<rdfs:label>effectsDescription</rdfs:label>

<rdfs:domain rdfs:resource="#Result"/>

<rdfs:range rdfs:resource="owl:Thing"/>

</owl:ObjectProperty>

Figure 9.4: <owl:ObjectProperty rdf:ID="effectsDescription">

definition.

An example Profile service description is reported in Figure 9.5. The main

component of jUDDI+is the Web Service Orchestrator module (WSO). It uses
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<profile:serviceName>

Service Name.

</profile:serviceName>

<profile:textDescription>

A human-understandable description

of the service.

</profile:textDescription>

<profile:serviceCategory>

<addParam:UNSPSC rdf:ID="UNSPSC-category">

<profile:value>

UNSPSC value

</profile:value>

<profile:code>

UNSPSC code

</profile:code>

</addParam:UNSPSC>

</profile:serviceCategory>

<profile:hasPrecondition>

A logic expression referring to concepts

in the TP/E ontology.

</profile:hasPrecondition>

<profile:hasResult>

<process:Result rdf:ID="HaveSeatResult">

<process:hasEffect>

A logic expression referring to concepts

in the TP/E ontology.

</process:hasEffect>

<process:effectDescription>

An OWL-DL expression referring to the

concepts in the domain ontology

identified by the UNSPSC code.

</process:effectDescription>

</process:Result>

</profile:hasResult>

Figure 9.5: An OWL-S Web service Profile instance
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Figure 9.6: A snapshot of the GUI for service querying to jUDDI+

MaMaS-tng9, a Description Logics based reasoner that exposes non-standard in-

ference services able to cope with incomplete information.

In our implementation, a user request is a triple 〈P0, E, σ〉, where P0 represents

the initial preconditions/inputs provided by the user, e.g., VALID CREDIT CARD,

E the desired effects/outpus after the WS(s) execution, e.g., flight reservation

and double room booking in a hotel with a swimming pool

and SPA, σ is a two-values variable in the set {discovery, composition}

with the obvious meanings.

In OWL-S (2004) compliant version of jUDDI+, the composition process is

performed, using the friendly graphical interface pictured in 9.6, in the following

steps:

1. In the initial step, the agent determines the task ontology that will be used

9http://sisinflab.poliba.it/MAMAS-tng/
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Figure 9.7: A snapshot of the effects composition interface

(or the relative URL) selecting it via the UNSPSC code.

2. The selected ontology (or the relative URL) is sent back to the agent.

3. Using the selected ontology, the user formulates a request representing her

desired effects E, using its OWL Classes and Properties, see the snapshot in

Fig. 9.7. Finally the user selects if she is interested in a composite service or

in discovering a single WS . The request is then transmitted to the system,

together with the initial preconditions P0 the user is able to provide. From

the information provided by the agent, the system selects two types of in-

formation: (a) UNSPSC code identifying the ontology and (b) OWL request

description and initial preconditions.

4. Using (a) in step 3), the system retrieves the corresponding web services

instances and sends them to the Web Service Selector – WSS together with

the corresponding task ontology.
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5. The request description and the initial preconditions selected in (b) part of

step 3), are sent to WSS.

6. The information is converted to DIG syntax and sent to MaMaS-tng.

7. If the user asked for a composite service able to satisfy her request, then

WSS computes: the composite service, the matching degree and, when an

approximate solution occurs, an explanation of which part of the request is

not specified in the composite service. All these information are returned to

the requester. The semantic match degree is computed as:

match degree = 100 ·
(

1− rankPotential (uiWSDi,D)
depth(D)

)
8. If the user asked for single services able to satisfy her request, then WSS

computes, for each WS referring to the same ontology, a match degree with

the request. In particular, for each service, a subsumption relation between

the user provided preconditions/inputs and WS preconditions/inputs is checked.

If the relation holds, the WS is selected as a candidate to satisfy the user

request. For each candidate a subsumption relation between the WS pre-

conditions/inputs and user provided preconditions/inputs is checked. If the

subsumption holds, then the corresponding WS is ranked as the the best one,

else, via MaMaS-tng, the effects/outputs semantic-based covering degree

and explanation are computed as a solution to a Concept Abduction Prob-

lem. Hence, the set of candidate WSs is ranked with respect to the covering

degree and a semantic-based explanation of the match result is also provided

to the user. The result of a query for composite service using our graphical

inteface is shown in Fig. 9.8.

Experiments have been carried out on the system, to test correctness, perfor-

mances and scalability, thus numerically validating theoretical complexity results,

and practical feasibility of our approach.
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Figure 9.8: A snapshot of results obtained from jUDDI+.

We randomly generated a set of 7000 OWL-S service descriptions WSDi,

where depth(WSDi) of the descriptions follows a Gauss distribution with µ = 10

and σ = 20.

Tests were carried out using requests having depth 5, 11, 15, 24, and sets of 10,

50, 100, 150, 200, 250, 300, 350, 400, 450, 500 service descriptions, all randomly

generated for each iteration.

In Fig. 9.9 simulation results are plotted, showing how average t/depth(D)

(time in seconds per request depth) changes w.r.t. the number of services in the reg-

istry, while performing a Concept Covering of a request. Tests were also conducted

to experimentally verify the ability of our algorithms to actually find covering ser-

vices whenever such a cover exists. These were executed adopting as comparison a

full covering algorithm, and results showed that whenever a cover existed our algo-

rithm would find it with 100 % probability, see Fig. 9.10. It is noteworthy to recall

that we were unable —for practical execution time reasons— to run tests using the
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Figure 9.9: Concept Covering numerical evaluation: t/depth(D) vs. registry

cardinality
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Figure 9.10: Comparison between the proposed greedy concept covering algorithm

and a full covering one. (T: time; s: secs; h: hours)

full cover algorithm with a dataset larger than fifty services. We anyway admit that

for large service sets with cardinality over 1000 also the greedy algorithm takes

times that are well over one minute and may become prohibitive in a practical us-

age of the approach. We believe that to circumvent this issue a feasible solution is

a pre-classification on DBMS (Horrocks et al., 2004) of services instances, which

would definitively releave the reasoning engine from much of the processing.

9.6 Discussion and Future Work

In this work we proposed a tractable greedy algorithm to perform an automatic

semantic Web services composition and we presented motivations, examples and

jUDDI+, a framework implementing the presented approach in OWL-S. We ex-

tended Concept Covering definition to a more general setting and to more expres-
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sive logics and re-defined it in terms of Concept Abduction. We showed how a

semantic specification of the service, based not only on the Inputs Outputs Precon-

ditions Effects model but also endowed with a semantic description of the provided

functionalities can be helpful in the composition, particularly in the discovery pro-

cess. Such an approach is also more user-oriented as it makes simpler to devise a

request as description of the service actually searched, rather than a specification

based exclusively on invocation information.

9.7 Beyond Web Services

The work presented in this chapter on Semantic Web Services can be seen as a

starting point; indeed it has been further extended to address the problem of dis-

covery and composition in two different scenarios: one with reference to the skill

management and e-learning scenario and one with reference to business processes.

In (Colucci et al., 2007a) a semantic-based automated skill management sys-

tem is proposed which supports competence search and creation. We exploit the

formalism and reasoning services provided by Description Logics for two different,

but correlate, purposes: team formation and courseware composition. To address

the problem of team formation, we propose a novel algorithm for the assignment

of a set of individuals to a set of tasks, endowed with a logical explanation for

missing/conflicting skills (Colucci et al., 2005c). Such missing skills represent the

learning needs at the basis of a possible learning process proposed by automatically

composing available learning objects to create a personalized courseware (Colucci

et al., 2005d). Therefore the proposed training programs is then targeted at cover-

ing a task rather than at simply increasing the employees background knowledge.

We propose an algorithm to assemble semantic-annotated learning objects in an au-

tomated way, such that the resulting composition satisfies the requested courseware

description (Colucci et al., 2006a).

In (di Cugno et al., 2006) we present a system for automated selection of Build-
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ing Blocks (BB) within ERP systems, by exploiting business process semantics.

The approach has been deployed in a system specifically designed for SAP R/3 best

practices reusability. The selection process is based on a greedy concept covering

algorithm, which computes, given a description of the request, the set of needed

building blocks. If such a set does not exist the algorithm returns the covered subset

and explanation information on both the left-uncovered part and conflicting part of

the request description, exploiting non-standard inference services. The requested

description can be expressed as conjunction of mandatory requirements and pref-

erences.

In order to efficiently cope with large datasets a further enhancement is pro-

posed, exploiting pre-classification techniques using a Description Logics reason-

ing engine in conjunction with a RDBMS to reduce the computational burden, thus

allowing to scale our approach up to thousands of BB descriptions, with negligible

loss in terms of effectiveness (Di Noia et al., 2007b).



Chapter 10

Conclusions

As pointed out at the very beginning of this thesis, since the advent of the Internet,

electronic commerce has witnessed a steady growth, both in terms of exchanges

and of protocols/approaches supporting the various means and stages of electronic

transactions. Nevertheless, as e-commerce becomes more and more pervasive in

everyday life new challenges and issues arise. In particular, within all those sce-

narios where we deal with unstructured or semistructured information, new tech-

niques and technologies are needed in order to represent and manipulate such in-

formative contents. On the other hand, well-known frameworks based on simple

attribute/value models are often not sufficient to the informative richness needed

for effectively and efficiently deciding on the outcome of a commercial transac-

tion. In this thesis we have focused on the first two parts of a transaction, namely

discovery and negotiation, in different scenarios and under various points of view.

We have shown how, using knowledge representation techniques, it is possible to

perform an effective semantic-based matchmaking process (discovery), in order to

find most promising candidates, and to design logic-based negotiation mechanisms

enhancing bid expressiveness. Moreover, we have introduced (Web) service dis-

covery and composition techniques able to automate the process of discovery and

composition exploiting the formal semantics of service annotations. The leading

thread of this work has been in fact the exploitation of knowledge representation

240
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techniques to annotate resources, model preferences and good/service descriptions

and —more important — automatically reason about them, using both classical and

non-monotonic inference services in innovative ways. Using a logic language has

been shown useful to model not only user’s preferences, but, thanks to ontology

modeling, also relations among issues. In the discovery phase, semantic anno-

tation of descriptions together with non-standard inferences has been effectively

exploited to perform a semantic-based matchmaking process. In this direction, we

have studied two different frameworks: one based on Description Logics, the other

exploiting Datalog and fuzzy constraints, to model fuzzy preferences. We have

also presented a knowledge-based approach to e-barter trading, where the match-

making problem has been addressed in closed marketplaces. For what concern

the negotiation phase, we outlined several logic-based negotiation mechanisms,

exploiting different kind of logic languages and dealing with both complete and

incomplete information. We started providing a mechanism using a propositional

logic endowed with concrete domains, adopting a one-shot protocol and using a

mediator to solve an optimization problem that ensures the Pareto-efficiency of the

outcomes. This work has then been extended to fuzzy propositional logic (Ragone

et al., 2008d) in order to model also fuzzy constraints in the negotiation process and

to enhance the expressiveness of the entire approach. A step further has then been

done modeling two bilateral negotiation mechanisms using Description Logics. In

the former, we modeled a scenario with partial incomplete information, where we

originally proposed a semantic-based alternating-offers protocol exploiting as De-

scription Logics AL(D), non-standard inference services, and utility theory to find

the most suitable agreements. In the latter, a scenario with fully incomplete infor-

mation is modeled. In this framework a more expressive DL, SHOIN(D), has been

used to model the logic-based negotiation protocol and standard inference services,

such as satisfiability, have been exploited in order to catch inconsistency sources

between demand and supply. Finally, a multilateral negotiation scenario has been

investigated ,focusing on multiattribute auctions. This scenario has challenges sim-
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ilar to the bilateral one, plus the fact the one has to deal with multiple agents: one

seller and multiple buyers, or, as in procurement auctions, the so-called reverse

auctions, with one buyer and multiple sellers. Here we modeled multiattribute

auctions combining Description Logics formalism with a non-additive preference

structure, in our case GAI structures. The approach, though very expressive, keeps

at the same time attractive economic properties. What has not been analyzed in

this work, but looks like one of its natural extensions, is the process of preference

elicitation, to enhance bid expressiveness and to maintain the efficiency properties,

which are fundamental to move from the research realm to the ”real” world: the

World Wide Web. There are several possible research directions offsprung from

work carried out so far, that we deem interesting and will pursue in the near fu-

ture: investigating new logic-based negotiation mechanisms that maintain, at the

same time, suitable economic properties, as incentive compatibility and ex post ef-

ficiency; studing how to extract graphical models for representation of preferences

from logical formulas in order to represent non-additive utility functions; extend-

ing the negotiation mechanisms here studied to the field of Web services, making

possible to negotiate, in a more expressive way, the level of service, i.e., the Service

Level Agreement (SLA).
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Manuel Núñez, Ismael Rodrı́guez, and Fernando Rubio. Formal specification of

multi-agent e-barter systems. Science of Computer Programming, 57(2):187–

216, 2005.

OWL. Web Ontology Language. www.w3.org/TR/owl-features/, 2004.

OWL-S. The OWL Services Coalition . www.daml.org/services/owl-s/1.0/owl-

s.html, 2004.



REFERENCES 259

M. Paolucci, T. Kawamura, T.R. Payne, and K. Sycara. Semantic Matching of

Web Services Capabilities. In The Semantic Web - ISWC 2002, number 2342 in

Lecture Notes in Computer Science, pages 333–347. Springer-Verlag, 2002.

Christos H. Papadimitriou and Kenneth Steiglitz. Combinatorial optimization: al-

gorithms and complexity. Prentice-Hall, Inc., Upper Saddle River, NJ, USA,

1982. ISBN 0-13-152462-3.

David C. Parkes and Jayant Kalagnanam. Models for iterative multiattribute pro-

curement auctions. Management Science, 51:435–451, 2005.

Simon Parsons, Carles Sierra, and Nick Jennings. Agents that reason and negotiate

by arguing. Journal of Logic and Computation, 8(3):261–292, 1998.

A. Patil, S. Oundhakar, A. Sheth, and K. Verma. Meteor-s web service annotation

framework. In Proc. International World Wide Web Conference (WWW ’04),

pages 553–562. ACM, 2004.

C.S. Peirce. Abduction and induction. In Philosophical Writings of Peirce, chap-

ter 11. J. Buchler, 1955.

Peter R. Wurman and Michael P. Wellman and William E. Walsh. A parametriza-

tion of the auction design space. Games and Economic Behavior, 35(1-2):304–

338, 2001.

Pew Research Center. http://pewresearch.org/. viewed 10 March 2007, 2005.

Gadi Pinkas. Propositional non-monotonic reasoning and inconsistency in sym-

metric neural networks. In Proceedings of the Twelfth International Joint Con-

ference on Artificial Intelligence (IJCAI’91), pages 525–531, 1991.

J.C. Pomerol and S. Barba-Romero. Multicriterion Decision Making in Manage-

ment. Kluwer Series in Operation Research. Kluwer Academic, 2000.



REFERENCES 260

C. Preist. A conceptual architecture for semantic web services. In Proc. of 3rd.

International Semantic Web Conference (ISWC), volume 3298 of Lecture Notes

in Computer Science, pages 395–409. Springer, 2004.

Pearl Huan Z. Pu and Pratyush Kumar. Evaluating example-based search tools. In

Proc. of ACM Conference on Electronic Commerce, pages 208–217, 2004.

A. Ragone, T. Di Noia, E. Di Sciascio, and F.M. Donini. Propositional- logic ap-

proach to one-shot multi issue bilateral negotiation. ACM SIGecom Exchanges,

5(5):11–21, 2006a.

Azzurra Ragone. Logic as a power tool to model negotiation mechanisms in the

semantic web era. In Proceedings of KnowledgeWeb PhD Symposium @ Euro-

pean Semantic Web Conference ESWC 2007, volume 275, pages 46–51. CEUR

Workshop Proceddings, 2007a.

Azzurra Ragone. Owl-dl as a power tool to model negotiation mechanisms

with incomplete information. In 6th International Semantic Web Conference

(ISWC’07), volume 4825 of Lecture Notes in Computer Science, pages 941–

945. Springer-verag, 2007b.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, Francesco M. Donini,

and Simona Colucci. Fully automated web services orchestration in a resource

retrieval scenario. In Proceedings of the International Conference on web Ser-

vices (ICWS ’05), pages 427–434. IEEE, 2005.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. A logic-based framework to compute pareto agreements in one-shot

bilateral negotiation. In Proceedings of the 17th European Conference on Arti-

ficial Intelligence (ECAI 2006), pages 230–234. IOS Press, 2006b.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. Extending propositional logic with concrete domains in multi-issue bi-

lateral negotiation. In Declarative Agent Languages and Technologies V: Fifth



REFERENCES 261

International Workshop, DALT 2007, Selected, Revised, and Invited Papers, vol-

ume 4897 of Lecture Notes in Artificial Intelligence, pages 211–226. Springer-

Verlag, 2007a.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. Description logics for multi-issue bilateral negotiation with incomplete

information. In Proceedings of the Twenty-Second AAAI Conference on Artifi-

cial Intelligence (AAAI-07), pages 477–482, 2007b.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. Dl-based alternating-offers protocol for automated multi-issue bilateral

negotiation. In Proceedings of the 20th Intl. Workshop on Description Logics

(DL’07), volume 250 of CEUR Workshop Proceedings, 2007c.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. Alternating-offers protocol for multi-issue bilateral negotiation in

semantic-enabled marketplaces. In K. Aberer et al., editor, The Semantic Web.

6th International Semantic Web Conference (ISWC’07), volume 4825 of Lecture

Notes in Computer Science, pages 395–408. Springer-Verlag, 2007d.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, Francesco M. Donini,

Simona Colucci, and Francesco Colasuonno. Fully Automated Web Services

Discovery and Composition through Concept Covering and Concept Abduction.

International Journal of Web Services Research (JWSR), 4(3):85–112, 2007e.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. Increasing bid expressiveness for effective and balanced e-barter trad-

ing. In Declarative Agent Languages and Technologies (DALT) VI, Lecture

Notes in Computer Science. Springer, 2008a.

Azzurra Ragone, Tommaso Di Noia, Eugenio Di Sciascio, and Francesco M.

Donini. Logic-based automated multi-issue bilateral negotiation in peer-to-peer



REFERENCES 262

e-marketplaces. Autonomous Agents and Multi-Agent Systems Journal (JAA-

MAS), 16(3):249–270, 2008b.

Azzurra Ragone, Umberto Straccia, Tommaso Di Noia, Eugenio Di Sciascio, and

Francesco M. Donini. Fuzzy matchmaking in e-marketplaces of peer entities

using datalog. Fuzzy Sets and systems, 2008c. to appear, 2008.

Azzurra Ragone, Umberto Straccia, Tommaso, Eugenio Di Sciascio, and

Francesco M. Donini. Towards a fuzzy logic for automated multi-issue negotia-

tion. In International Symposium on Foundations of Information and Knowledge

Systems FoIKS 2008, volume 4932 of Lecture Notes in Computer Science, pages

381–396. Springer-Verlag, 2008d.

Iyad Rahwan, Sarvapali D. Ramchurn, Nicholas R. Jennings, Peter Mcburney, and

Simon Parsons. Argumentation-based negotiation. The Knowledge Engineering

Review, 18(4):343–375.

H. Raiffa, J. Richardson, and D. Metcalfe. Negotiation Analysis - The Science and

Art of Collaborative Decision Making. The Belknap Press of Harvard University

Press, 2002.

R. Raman, M. Livny, and M. Solomon. Matchmaking: distributed resource man-

agement for high throughput computing. In Proceedings of IEEE High Perfor-

mance Distributed Computing Conf., pages 140–146, 1998.

J. Rao and X. Su. A survey of automated web service composition methods. In

Proceedings of the First International Workshop on Semantic Web Services and

Web Process Composition, SWSWPC 2004, volume 3387 of Lecture Notes in

Computer Science, pages 43–54. Springer, 2004.

Jeffrey S. Rosenschein and Gilad Zlotkin. Rules of Encounter. MIT Press, 1994.

A. Rubinstein. Perfect equilibrium in a bargaining model. Econometrica, 50:97–

109, 1982.



REFERENCES 263

S. Russell and P. Norvig. Artificial Intelligence: A Modern Approach. Pearson

Education-Prentice Hall, 2003.

S. Agarwal and S. Lamparter. sMart - A Semantic Matchmaking Portal for Elec-

tronic Markets. In In Proceedings of the 7th Int. IEEE Conf. on E-Commerce

Technology (CEC’05), pages 405–408, 2005.

Giovanni Maria Sacco. The intelligent e-store: Easy interactive product selection

and comparison. In Proc. of IEEE Conf. on Electronic Commerce (CEC ’05),

pages 240–248, 2005.

Fariba Sadri, Francesca Toni, and Paolo Torroni. Dialogues for negotiation: agent

varieties and dialogue sequences. In John-Jules Meyer and Milind Tambe, edi-

tors, Intelligent Agent VIII, LNAI 2333, pages 405–421. Springer-Verlag, 2002.

Arie Segev and Carrie Beam. Brokering strategies in electronic commerce markets.

In Proc. of ACM Conference on Electronic Commerce, pages 167–176, 1999.

Sybil Shearin and Henry Lieberman. Intelligent profiling by example. In Proceed-

ings of the International Conference on Intelligent User Interfaces (IUI 2001),

pages 145–151. ACM press, 2005.

Hideo Shimazu. Expertclerk: A conversational case-based reasoning tool for devel-

oping salesclerk agents in e-commerce webshops. Artificial Intelligence Review,

18(3-4):223–244, 2002.

Shop.org. http://www.shop.org/. viewed 5 Dec. 2007, 2005.

P. Shvaiko and J. Euzenat. A Survey of Schema-based Matching Approaches.

Journal on Data Semantics, 4, 2005.

Evren Sirin, James Hendler, and Bijan Parsia. Semi automatic composition of web

services using semantic descriptions. In Proceedings of the ICEIS Workshop on

Web Services: Modeling, Archit. and Infrastructure, pages 17–24, 2003.



REFERENCES 264

Umberto Straccia. Query answering in normal logic programs under uncertainty. In

8th European Conferences on Symbolic and Quantitative Approaches to Reason-

ing with Uncertainty (ECSQARU-05), number 3571 in Lecture Notes in Com-

puter Science, pages 687–700, Barcelona, Spain, 2005. Springer Verlag.

Umberto Straccia. Towards top-k query answering in deductive databases. In

Proceedings of the 2006 IEEE International Conference on Systems, Man and

Cybernetics (SMC-06), pages 4873–4879. IEEE, 2006.

Umberto Straccia. Towards vague query answering in logic programming for logic-

based information retrieval. In World Congress of the International Fuzzy Sys-

tems Association (IFSA-07), Cancun, Mexico, 2007.
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