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Abstract. One of the main issue in formalizing the Peer-To-Peer (P2P) database
systems is the semantic characterization of P2P mappings. Each peer must be
robust enough in order to take in account the incomplete and locally inconsistent
information of its source databases, typical in Web applications. We consider a
peer as a local epistemic logic system with its own belief, independent from other
peers and their own beliefs. The traditional extensional semantics for mappings
between peers destroys such epistemic independence of peers: the beliefs of other
peers (also when change dynamically) are locally introduced into a given peer, so
that its own belief depends directly and automatically from other peers. Moreover,
the information that one peer provides to another peer may be inconsistent with
the information known by the later. This motivates the need of a new, alternative
semantic characterization of P2P mappings based not on the extension but on the
meaning of concepts used in the mappings. We present a novel proposal, based
on intensional logic, and show that it adequately models this weakly-coupled
framework and supports decidable query answering.

1 Introduction

In this paper, we study the key challenge in building the Semantic Web, that is, the
problem of definition of a semantics for P2P database mappings, and relative query-
answering issues. Given the de-centralized nature of the development of the Semantic
Web, there will be an explosion in the number of ontologies. Many of these ontologies
(that is, peers) will describe similar domains, but using different terminologies, and oth-
ers will have overlapping domains. To integrate data from disparate ontologies, we must
know the semantic correspondence between their elements [1]. Recently are given a
number of different architecture solutions [2,3,4,5,6,7,8].
Indeed, current P2P systems focus strictly on handling semantic-free, large-granularity
requests for objects by identifier (typically a name), which both limits their utility and
restricts the techniques that might be employed to distribute the data. These current
sharing systems are largely limited to applications in which objects are large, opaque,
and atomic, and whose content is well-described by their name. Moreover, they are lim-
ited to caching, prefetching, or pushing of content at the object level, and know nothing
of overlap between objects.
These limitations arise because the P2P world is lacking in the areas of semantics, data
transformation, and data relationships, yet these are some of the core strengths of the
data management community. Queries, views, and integrity constraints can be used to



express relationships between existing objects. Let see some of these new approaches
to the P2P integration.
One of these new architectures is the Piazza system [2]: data origins serve original con-
tent, peer nodes cooperate to store materialized views and answer queries, nodes are
connected by bandwidth-constrained links and advertise their materialized views and
belong to spheres of cooperation with which they share resources.In order to support
dynamic data as well as dynamic workloads, Piazza must refresh materialized views
when original data is updated. For scalability reasons, they have elected to use expira-
tion times on data items, rather than a coherence protocol. This reduces network traffic
but does not achieve the strong semantics of traditional databases.
The other, more semantic, approach is given in [3]. In that paper they introduce the Lo-
cal Relational Model (LRM) as a data model specifically designed for P2P applications.
LRM assumes that the set of all data in P2P network consists of local (relational) data-
bases, each with a set of acquaintances, which define the P2P network topology. For
each acquaintance link, domain relations define translation rules between data items,
and coordination formulas define semantic dependencies between the two databases.
The LRM semantics is a variation of the semantic of distributed first-order logic, which
itself is an extension of the Local Models Semantics, proposed in [4] . The coordina-
tion formulas that relate the contents of peer databases and define what it means for
a coordination formula to be satisfied (with respect to a relational space) are used as
deductive rules and define a global answer to a query with respect to a relational space.
The intuition is to compute the union of all the answers of the peer databases, taking
into account the information carried by domain relations. The Reiter [5] proves that
any partional database can be uniquely represented by a generalized relation theory:
they generalize this result by showing that a relational space is uniquely represented by
a new kind of formal system called multi-context system, consisting of a set of general-
ized relational theories (one per database) and a set of coordination rules.
The Peer-to-Peer (P2P) database systems offer an alternative to traditional client-server
systems for some application domains. A P2P system has no centralized schema and
no central administration. Instead, each peer is an autonomous information system, and
information integration is achieved by establishing P2P mappings among various peers.
Queries are posed to one peer, and the role of query processing is to exploit both the
data that are internal to the peer, and the mappings with other peers in the system.
An increasing amount of data is becoming available in the World-Wide Web, and the
data is managed under an increasing diversity of data model and access mechanisms.
Much of this data is semistructured. In what follows we will consider the reach on-
tology of peer databases, formally expressed as a global schema of a Data Integration
system. A Data Integration System (DIS) [9] is a triple Ii = (Gi,Si,Mi), where
Gi = (GTi , ΣTi) is a global schema (ontology),expressed in a language LO over an
alphabet AGi , ΣTi are the integrity constraints, Si is a source schema and Mi is a set
of mappings between a global schema GTi and a source schema Si.
References: The article [10] is the first seminal work (referred also in [6]) which intro-
duces an autoepistemic semantics for decidable peer’s (conjunctive) query-answering
(it is known that the first-logic semantics for a query answering is undecidable). What
is needed here is:



– a mechanism that is able, given any two peer databases, to define mappings between
them, without resorting to any unifying (global) conceptual structure.

– a completely decentralized network of database peers: each peer serves as entry
points for search, offering its relational schema in order to formalize user queries.

– We do not assume the existence of a single, common set of constants for denoting
the interpretation domain of all the peers. In real applications, this is a too strong
assumption, as the various peers are obviously autonomous in choosing the mech-
anisms for denoting the domain elements.

– query answering is based on interactions which are strictly local and guided by
locally defined mappings of a considered peer w.r.t. other peers in a network.

– we do not want to limit a-priori the topology of the mapping assertions between
peers in the system. In particular, we do not impose acyclicity of assertions.

– we seek for a semantic characterization that leads to setting where query answering
is decidable, and possibly, polynomially tractable (under arbitrary P2P interconnec-
tions, query answering under the first-order semantics is undecidable).

Consequently, we conceive a peer Pi as a software module, which encapsulates a DIS
Ii. The internal structure of a peer database is hidden to the user, encapsulated in the
way that only its logical relational schema GTi can be seen by users, and is able to
respond to the union of conjunctive queries by known answers (true in all models of a
peer-database).
We consider a view definition qk(xk) as a conjunctive query head(qk) ← body(qk)
where body(qk) is a sequence b1, b2, ..., bm, where each bj is an atom over a global
relation name of a peer Pi. The known answer to this conjunctive query corresponds
to true facts of the modal formula Kiqk(xk) where Ki is the local modal epistemic
operator of the epistemic logic of the peer Pi.
Comparative analysis: The first introduction of an autoepistemic semantics for a peer-
database, specified as encapsulation of a DIS, with a decidable query answering, and
given in [10], is compared with other approaches in [6].
Such formal framework does not specify if and how the local epistemic knowledge of
any peer is influenced by the epistemic knowledge of other peer. In fact we are able to
individuate at least two extreme scenarios presented in the literature developed from the
initial article [10] followed in the Lenzerini’s approach for Data Integration Systems:
strongly-coupled [11,7,12] and weakly-coupled [13,14,8] P2P database systems. The
fundamental differences between the two approaches can be summarized as follows:

– The strongly-coupled semantics for peer mappings [11,7] is a direct extension
of extensionally based database mappings between views of peers [15] used for
a (strong) data integration systems: For any given peer its own knowledge is lo-
cally enlarged by extensional knowledge of other peers: any dynamic change of the
knowledge of other peers is directly reflected into the local knowledge of this peer.
As showed in [7], the added knowledge of other peers is seen as some kind of local
’source’ database of data-integration system of a given peer. We can paraphrase this
by taking two peers, ’Peter’ and ’John’ for example, and then imperatively assert
that ’John must know all facts about the Italian art in the 15’th century known by
Peter’ (also when ’Peter’ in his life cycle changes this part of its own knowledge).
In this way, also when ’John’ does not know anything by himself about Italian art,



by such direct extensional mapping he will be able to answer to questions about
Italian art in the 15’th century as ’Peter’. Really, the relational schema of a peer
represents a global schema for the whole answering system able to provide com-
plete answer to queries: the data-integration system of a peer is composed by proper
source databases and ’source’ databases transferred by other peers to this particular
peer. So, we remain in the classical data-integration framework [9]. There is also
the query-answering problem for a given peer: he is able to guarantee for the quality
of known answers but not for the part of his answer composed by exported knowl-
edge from other peers, so that later answers can not be epistemically considered
certain as its own belief.

– The weakly-coupled semantics for peer mappings [13,14,8], where each peer is
completely independent entity with its own epistemic state, which has not to be
directly, externally, changed by the mutable knowledge of other independent peers,
needs other approach to the mapping between their local knowledge based on the
meaning of the mapped concepts.
First requirement is that the knowledge of other peers can not be directly transferred
into the local knowledge of a given peer.
The second requirement is that, during the life time of a P2P system, any local
change of knowledge must be independent of the beliefs that can have other peers:
thus, we have not to constrain the extension of knowledge which may have different
peers about the same type of real-world concept.
In the example above, ’John’ can answer only for a part of knowledge that it really
has about Italian art, and not for a knowledge that ’Peter’ has. Thus, when some-
body (call him ’query-agent’) ask ’John’ about the Italian art in the 15’th century,
’John’ is able to respond only by the facts known by himself ( i.e., certain answers),
and eventually indicate to query-agent that for such question, probably, also ’Peter’
is able to give some answer. Thus, it is the task of the query-agent to reformulate
the request (w.r.t. the local language of ’Peter’) to ’Peter’ in order to obtain some
other possible answers.
We can paraphrase this by the kind of belief-sentence-mapping ’John believes that
also Peter knows something about Italian art in the 15’th century’. Such belief-
sentence has referential (i.e., extensional) opacity. In this case we do not specify
that the knowledge of ’John’ is included in the knowledge of ’Peter’ (or viceversa)
for the concept ’Italian art in the 15’th century’, but only that this concept, cJ , for
’John’ (expressed in a language of ’John’) implicitly corresponds to the ’equivalent’
concept, cP , for ’Peter’ (expressed in a language of ’Peter’). In [13,14] is presented
the formal framework for weakly-coupled P2P systems based on the consideration
of the incomplete and locally inconsistent information in Web, but it lacks of the
formal semantics for the ”equivalent” concepts contained in the local knowledge of
different peers.

Formally, the mappings between any two different peer-databases, Pi, Pk, can be de-
fined as follows: let qPi(x) and qPk

(x) be a two views (conjunctive queries) over Pi and
Pj respectively, with the same set of free variables x. Then,
1. The strong (extensional) multi-modal mapping, introduced in [8], by a formula
KiqPi(x) ⇒ KkqPk

(x) , where ′ ⇒′ is the logic implication, used in a single S5



modality [6,7,12], and very recently adopted in K45 multi-modality [12].
2. The weak (intensional) mapping is defined by
KiqPi

(x) ≈in KkqPk
(x) , where ′ ≈′in is the intensional equivalence [8,13,14,16],

denoted also by qPi(x) ≈ qPk
(x) .

What is the fundamental difference of these two approaches ?
1. First of all in the first ’strong’ mapping case, the instance database of any peer is
strictly dependent of current (in a given instance of time) instance databases of other
peers. That means that we can not encapsulate a peer as an independent ADT (Abstract
Data Type) and see it as a block module of data during query-answering processing.
More over we need a global logic for all peers in order to determine the exact extension
of one peer database. Thus, also if we do not provide any ’global schema’ of a P2P net-
work, semantically we must assume it: the way in which it is used for conjunctive-query
answering is explained in [7], where is used a recursive Datalog for this whole P2P logic
theory, in order to process a given conjunctive-query over a single peer-database. This
global P2P Datalog program returns with the union of conjunctive queries for each peer
database in considered P2P network. Such, query-rewriting approach, based on a global
P2P recursive Datalog logic theory, avoids to materialize the propagations of facts be-
tween peer databases, caused by material implications, KiqPi(x) ⇒ KkqPk

(x) ,
between peers: in Web applications such dynamic (and cyclic) transfer of ground facts
between peer databases practically can not be accepted, because so high traffic of data
in the internet would drastically slow-down the whole web system.
In the second approach we have not such problems: each logic theory of a single peer
database is completely independent from all other peers, and can be encapsulated in
a modular P2P structure as an ADT (as will be explained in what follows), so easily
implemented in a greed computation framework. Moreover, each peer is free to change
not only its data extension, but also its schema representation, without invalidating the
P2P mapping system.
2. The second problem is that in the first ’strong’ approach, the ’system’ has to know
the whole set of peer databases in the P2P network in any time, otherwise no one peer
database can know which are other peers which maps the data toward himself: thus,
must exist some centralized control. The addition of other peer databases must be ex-
plicitly communicated to this global system controller. This information is used by the
query-answering agent (consequently, every query-agent knows the global P2P data-
base schema, differently from the declared fact against any globalization) with above
described recursive Datalog program which contains the whole logic theory of a P2P
network. Otherwise, when any other peer, which was not considered in the actually
P2P network, makes one mapping (by the material implication defined above) toward
some existing peer database in a P2P network, if the ’system’ (basic part of any query-
answering agent) does not know for that, the query-answer is incomplete and can be
also unsound (in the case when this new mapping introduces the mutually inconsistent
information in the P2P network system).
In the second , weak approach, there is no any concept explicitly or implicitly assumed
for a global P2P system. Differently from the first approach where the mappings be-
tween peers are part of the underlying ’system’ (i.e., global logic theory of the whole
P2P network system), the mappings based on intensional equivalences are local compo-



nent of each peer: each peer define its belief set of the correspondent equivalent views
of other peers, and query agent can use these mappings only when it access to a partic-
ular peer. When the user query is generated over a schema (ontology) of a given peer,
the activated query-agent has no any global knowledge about the ’whole’ P2P network
system, but can only use the local mappings of the accessed peer to pass to other locally
mapped peers.
3. The third problem is the inconsistency tolerance. When we consider a peer data-
base as a single Data Integration system with GLAV (Global/local as views) mappings
between the data sources and the global (virtual) peer database schema, the problem
with mutually-inconsistent information from different sources can be localized and re-
solved inside the local peer database (its logic theory defined by the Data Integration
System), by a kind of 2-valued, for example in [17,18], or many-valued belief revision,
for example 4-valued Belnap’s bilattice based belief revision [19]. Such approach for
the resolution of local inconsistency inside a particular peer database is valid, just be-
cause it is local to a peer, and there is a team of developers which are responsible for a
correct implementation of this particular peer database. This handling of local inconsis-
tency of a peer database is common for both approaches to mapping semantics between
different peers. What is problematic in the first ’strong’ approach is that also when each
peer database is consistent by himself (by handling its proper local consistency), the
externally mapped data from other peers into a particular peer database can generate
the inconsistency (in peer databases with integrity constraints) of this particular peer. In
the first approach such problem is addressed in [12] and have not an easy, also from a
theoretical point of view, solution: in that approach it is only partially resolved by the
very strong requirement to simply eliminate any external data coming from an other
single peer, which is potentially inconsistent with the information of this peer. But such
drastic approach, which lose a part of information (instead of considering the mutually
inconsistent information as ’possible’ versions of the same information) it does not re-
solve the problem: let us consider, for example, two different data which comes into the
same peer from two different peers, and each of these data, taken singularly, is consis-
tent with the local knowledge of a peer, but these two data are mutually inconsistent if
taken together (for example, the destination peer has a key constraint for the attribute
x of a relation Person(x,y) where x is name of a person and y is its age, and two
external data which come from two different peers are {John, 40} and {John, 41}).
In the weak mapping semantic instead, such problem do not exists, just because there
is not any correlation between extensions of concepts in different peers, but only inten-
sional mapping between them, based on belief sentences of each local peer. Differently
from the ’strong’ approach, where if we adopt the possibility of materialization of con-
sequences of material implications between peers, an interrogated peer can completely
respond to the user query, in the ’weak’ approach it is not possible theoretically also:
each peer who has the knowledge about the user query has to respond by himself only
to the (appropriately rewritten for it) user query: thus we make an epistemic differ-
ence between the certain answers of the peer interrogated directly by the user, from the
’possible’ answers obtained from all other peers. We do not eliminate any information
which comes from different peers, but the user who receives all answers will take the
appropriate for him actions to verify the part of information that he considers mutually



inconsistent.
It is easy to understand that the complexity of the ’weak’ approach, in a presence of
mutually inconsistent P2P information, is less than the complexity of the First order
multi-modal logic for the ’strong’ semantic mapping.

Motivation: In this paper we adopt the second, weakly-coupled semantics for P2P
mappings, with the following motivation: What we argue is the full epistemic indepen-
dency of peer databases where there is no any forced transfer of a local knowledge of
one peer to other peers, but only their collaboration in order to answer to user queries.
They can change their ontology and/or extension of their knowledge independently
from other peers and without any communication to other peers. In this way we intend
to obtain very robust P2P systems, able to answer to user queries also when intended
mappings between peers do not feet with the modified ontologies (relational database
schemas) of peers, but also to have the possibility to map naturally P2P database sys-
tems into greed computation: having fully independent peers, which as we will see can
be represented as ADTs (Abstract Data Types), it is enough to associate each pair (peer,
query-formulae) to a particular resource of greed computing, in order to obtain known
answer from such peer.
The Plan of this work is the following: In Section 2 we introduce the intensional logic
and the intensional equivalence, which will be used to define intensionally equivalent
views over two different peers. In Section 3 we define formally independent peer data-
bases as ADT (Abstract Data Types) which encapsulate the semantics of a Data Inte-
gration System. Finally, in Section 4 we define the query-answering semantics, context-
dependent, of the P2P system with intensional mapping semantics, which distinguish
the certain answers of interrogated peer from the possible answers of other peers.

2 Intensional equivalence

Tarski’s elaboration of a semantics for formal languages, Kripke’s invention of a possible-
world semantics in connection with modal logic and Montague’s semantics for Inten-
sional logic provided powerful tools by means of which natural languages could be
analyzed rigorously. Indeed, between 1968 and 1970, Montague, a logician from Tarski
school, wrote three papers [20,21,22] the goal of which was to show that no impor-
tant theoretical difference exist between natural languages and the formal languages of
logic. Montague’s research started where Davidson’s work on recursive semantics left
of [23].
Since ’meaning’ is not synonymous with ’truth’, a definition of truth is not necessarily
a definition of the meaning. The recursive semantics (dual to the recursive syntax of the
language) is to show how the meaning of a complex sentence depends upon the meaning
of the elementary sentences of which it is composed. Here, a major difficulty appears:
the meaning of a syntactic constituent which is not a sentence (a formula without free
variables, whereas formulae may contain also free occurrences of variables ) cannot be
identified to its truth conditions, because only sentences may be said to be true or false.
Tarski discovered how to overcome this difficulty: first, he recursively defines a notion
more general than that of truth, the notion of satisfaction, and, next, he defines the no-



tion of truth by way of the notion of satisfaction.
Montague’s intensional logic develops Frege’s distinction between sense and reference
and Carnap’s distinction between intension and extension, to treat phenomenon of refer-
ential opacity, pervasive in belief-sentences. Thus, in his semantic analysis of meaning,
Montague distinguishes two elements: intension (or sense) and extension (or reference).
The intension of a predicate is identified with the property it express; its extension is the
class of objects which posses the property or which stand in the relation expressed by
the predicate. For instance, the extension of a sentence is its truth value; its intension is
the proposition it expresses whose extension can vary from one to other possible world
(i.e., it can be true in some possible world and false in some other possible world). So,
the intension (meaning) is something which needs to be defined in all possible worlds
and not in some particular world: Motague defined the intension of a sentence as a func-
tion from possible worlds to truth values.
The correspondence between syntactic and semantic rules which work in parallel con-
stitutes a formalization of Frege’s compositionality principle that can be stated as fol-
lows: The meaning of a sentence is a function of the meaning of its parts and their mode
of combinations.
For instance, the denotation (or semantic value) of the expression ¬A in any possible
world depends only on the denotation of A in the same world, i.e., [¬A] = [¬][A],
where [ ] denotes the extension (reference) of an expression ( [¬] is the set-complement
function). Sentences of the form ’Necessarily A’ (or ¤A) are a first example of a type
of sentence whose reference (extension), at a given world, cannot be described as a
function of the references of its parts (here ¤ and A), i.e., [¤A] 6= [¤][A]), but holds
[¤A]in = [¤]in[A]in (where [ ]in denotes the intension of an expression).

2.1 Montague’s modal logic framework

In what follows we will use one simplified modal logic framework (we will not consider
the time as one independent parameter as in Montague’s original work) with a model
M = (W,R, S, V ), where W is the set of possible worlds, R is the accessibility rela-
tion between worlds (R ⊆ W ×W), S is a non-empty domain of individuals, while V
is a function defined for the following two cases:
1. V : W × F → ⋃

n<ω SSn

, with F a set of functional symbols of the language,
such that for any world w ∈ W and a functional symbol f ∈ F , we obtain a function
V (w, f) : Sarity(f) → S.
2. V : W × P → ⋃

n<ω 2Sn

, with P a set of predicate symbols of the language and
2 = {t, f} is the set of truth values (true and false, respectively), such that for any world
w ∈ W and a predicate symbol p ∈ P , we obtain a function V (w, p) : Sarity(p) → 2,
which defines the extension [p] = {a|a ∈ Sarity(p) and V (w, p)(a) = t} of this pred-
icate p in the world w.
The extension of an expression α, w.r.t. a model M, a world w ∈ W and assign-
ment g is denoted by [α]M,w,g . Thus, if c ∈ F

⋃
P then for a given world w ∈

W and the assignment function for variables g, [c]M,w,g = V (w, c), that is, for
any set of terms t1, .., tn, where n is the arity of c, we have [c(t1, .., tn)]M,w,g =
V (w, c)([t1]M,w,g, .., [tn]M,w,g); with terms defined by:
1. All variables v ∈ V ar and the constants d ∈ S are terms;



2. If f ∈ F is a function symbol of arity n, and t1, .., tn are terms, then a functional
form f(t1, .., tn, ) is a term.
For any formula A, M ²w,g A ≡ ([A]M,w,g = t), means ’A is true in the world w
of a model M for assignment g’.
Montague defined the intension of an expression α as follows:
[α]M,g

in =def {w 7→ [α]M,w,g | w ∈ W},
i.e., as graph of the function [α]M,g

in : W → ⋃
w∈WN

[α]M,w,g .
One thing that should be immediately clear is that intensions are more general that ex-
tensions: if the intension of an expression is given, one can determine its extension with
respect to a particular world but not viceversa, i.e., [α]M,w,g = [α]M,g

in (w).
In particular, if c is a non-logical constant (individual constant or predicate symbol), the
definition of the extension of c is, [c]M,w,g =def V (w, c). Hence, the intensions of the
non-logical constants are the following functions: [c]M,g

in : W → ⋃
w∈W V (w, c).

The extension of variable is supplied by the value assignment g only, and thus does not
differ from one world to the other; if x is a variable we have [x]M,g

in = g(x).
Thus the intension of a variable will be a constant function on worlds which corresponds
to its extension.

2.2 Intensional equivalence

Carnap suggested that the intension of an expression is nothing more than all the varying
extensions the expression can have. In the next we will take this definition in order
to define that two expressions (or concepts) α, β are intensionally equivalent, in the
following two cases: the basic flat-accumulation case where varying world-dependent
extensions are simply accumulated, and the world-correspondent case where we require
that for a given extension SE of the first expression in some possible world w there is
an other possible world w′ where the second expression has the same extension SE .

Definition 1. Any two expressions, α, β, are intensionally equivalent (in the flat- accu-
mulation or the world-correspondent case, respectively) denoted by α ≈in β, if and
only if :
1. flat-accumulation case: lubM,g(α) = lubM,g(β), where for a given expression
δ, its lub (Least Upper Bound) is defined by: lubM,g(δ) =def

⋃
w∈W [δ]M,g

in (w).
2. world-correspondent case: ∀w∃w′.([α]M,g

in (w) = [β]M,g
in (w′) ),

and viceversa, ∀w′∃w.([α]M,g
in (w) = [β]M,g

in (w′) ),
so that for any two conjunctive queries, qi(x), qj(x) over peers Pi, Pj respectively,
we define: qi(x) ≈ qj(x) if and only if Ki qi(x) ≈in Kj qj(x).

It is easy to verify that the world-correspondent case of intensional equivalence is
stronger then the flat-accumulation case (i.e., each world-correspondent intensional
equivalence is also a flat- correspondent intensional equivalence: so, as first approach
we will use the basic flat-accumulation intensional equivalence. In the context of this
work we will consider each temporary instance (in a some time tk) of the P2P data-
base system as a particular possible world w: the dynamic changes of any local peer
knowledge will result in one other possible world.



3 Abstract Object Types for peer databases

The current World-Wide Web has well over billions pages, but the vast majority of
them are in human-readable format only (e-g., HTML). As a consequence software
agents cannot understand and process this information, and much of the potential of
the Web has so far remained untapped. In response, researches have created the vision
of the Semantic Web [24], where data has structure and ontologies describe the se-
mantics of the data. An ontology specifies a conceptualization of a domain in terms of
concepts, attributes, and relations [25], thus introduce the mediator schema for user
queries, and, consequently, Data Integration Systems. When data is marked up using
mediator schemas (ontologies) software query-agents can better understand the seman-
tics and therfore more intelligently locate and integrate data for a wide variety of tasks,
[10,26].
Information integration is the problem of combining the data residing at different sources,
and providing the user with a unified view of these data, called global schema.
The global schema is therefore a reconciled view of the information, which can be
queried by the user. It can be thought of as a set of virtual relations, in the sense that
their extensions are not actually stored anywhere. A data integration system frees the
user from having to locate the sources relevant to a query, interact with each source in
isolation, and manually combine the data from different sources.
Two basic approaches have been used to specify the mapping between sources and the
global schema. The first approach, called query-centric or global-as-view (GAV), re-
quires that the global schema is expressed in terms of the data sources. More precisely,
to every concept of the global schema, a view over the data sources is associated, so
that its meaning is specified in terms of the data residing at the sources. The second
approach, called source-centric or local-as-view (LAV), requires the global schema to
be specified independently of the sources. The relationships between the global schema
and the sources are established by associating each element of the sources with a view
over the global schema. Thus, in the LAV approach, we specify the meaning of the
sources in terms of the concepts in the global schema.
The natural way to make more modular structure of a data-intensive Internet system,
and to open up the possibility of effective query answering techniques is to organize
a number of application-domain Data integration systems as a P2P system. The most
important advantage of organizing a peer as a Data integration system is that it enables
users to focus on specifying what they want, rather then thinking about how to obtain
the answers: so that we can see it as an Abstract Object Type (AOT) which hides inter-
nal integration structure with data sources, and offers to users only a mediator schema
with the standard query language in order to be able to formulate the questions in a
declarative way.
As result, it frees the users from the tedious tasks of finding the relevant data sources,
interacting with each source in isolation using a particular interface, and combining data
from multiple sources.
The main characteristic distinguishing Data Integration systems from distributed and
parallel database systems is that data sources underlying the system are autonomous.
In particular, a data integration system provides access to pre-existing sources, which
were created independently.



The aim of the encapsulation of a Data Integration system into an Abstract Object Type
(AOT) is to hide the internal structure of such complex object and to offer to user the
rich ontology of the global (mediator) schema in order to focus on specifying what they
want, by ordinary conjunctive queries.
The main point is that every peer can be seen as an AOT (Abstract Object Type) which
acts at the same level, with no unifying structure above it: in order to respond to the com-
plex user queries (union of conjunctive queries). Thus we assume that expressive power
of peers can be generally given by single-encapsulated Data Integration Semantic. In
this way considering the (incomplete) sources extracted by wrappers we may enrich the
peer database schema by integrity constraints in order to overcome incompleteness of
heterogenous Web information: we assume that each AOT peer has a unique model or,
otherwise, a canonical (universal) [27,28] global database, and that responds to user
queries by certain (i.e., known [29]) answers.

– Query reformulation: A user of an AOT poses queries in terms of the mediated
schema, rather than directly in the data sources which are encapsulated and hidden
by AOT. As a consequence, the AOT must contain a module that uses the source de-
scriptions in order to reformulate a user query that refers directly to the schemas of
the sources. Clearly, we would like the reformulation to be sound, (i.e., the answers
to the reformulated query should all be correct answers to the input query), and
complete (i.e., all the answers that can be extracted from the data sources should be
in the result of applying the reformulated query): the methods of this AOT which
satisfy these requirements give to users the known answers.

– Wrappers: The other layer of an AOT that does not exist in a traditional system is
the (hidden) wrapper layer. Unlike a traditional query execution engine that com-
municates with a local storage manager to fetch the data, the query execution plan in
the AOT must obtain data from remote sources. An encapsulated into AOT wrapper
is a program (method) which is specific to a data source, whose task is to translate
data from the source to a form that is usable by the query processor (agent) of the
system.

Dually to the theory of algebraic specifications where an Abstract Data Type (ADT) is
specified by a set of operations (constructors), the coagebraic specification of a class
of systems, i.e., Abstract Object Types (AOT), is characterized by a set of operations
(destructors) which tell us what can be observed out of a system-state (i.e., an element
of the carrier), and how can a state be transformed to successor state.
We start introducing the class of coalgebras for database query-answering systems.
They are presented in an algebraic style, by providing a co-signature. In particular,
sorts include one single ”hidden sort”, corresponding to the carrier of the coalgebra,
and other ”visible” sorts for inputs and outputs, which are given a fixed interpretation.
Visible sorts will be interpreted as sets without any algebraic structure defined on them.
Coalgebraic terms, built only over destructors, have for us a precise interpretation as
the basic observations that one can make on the states of a coalgebra. Input sorts are
considered as the set LQ of modal conjunctive queries, Kiq(x), while output sorts are
”valuations”, that is, the set of a resulting ”views”, for each query q(x) over a database
A (considered as a carrier of the coalgebra).



Definition 2. A co-signature for Database query-answering system is a triple DΣ =
(S,OP, [ ]), where S, the sorts, OP, the operators, and [ ] the interpretation of visible
sorts are as follows:
1. S = (XA,LQ, Υ ), where XA is the hidden sort (a set of states of a database A), LQ

is an input sort (set of conjunctive queries), and Υ is an output sort (set of all views of
databases).
2. OP is set of operations: a method Nextq : XA×LQ → XA, which corresponds to
an execution of a next query q(x) ∈ LQ in a current state of a database A, such that a
database A pass to the next state; and OutQ : XA × LQ → Υ is an attribute which
returns with an obtained view of a database for a given query Kiq(x) ∈ LQ.
3. [ ] is a function mapping each visible sort to a non-empty set.
The Abstract Object Type (AOT) for a query-answering system is given by a coalgebra
< λNextQ, λOutQ >: XA → X

LQ

A × ΥLQ , of the polynomial endofunctor ( )LQ ×
ΥLQ : Set → Set, where λ denotes the lambda abstraction (Curring) for functions of
two variables into functions of one variable (ZY is a set of all functions from Y to Z).

In object-oriented terminology, the coalgebras just introduced are expressive enough to
specify parametric methods and attributes for a database (conjunctive) query answering
systems. In what follows , we conceive a peer Pi as a AOT software module character-
ized by a network ontology Gi expressed in a language LO over an alphabet AGi . The
internal structure of a peer database is hidden to the user, encapsulated in the way that
only its logical relational schema GTi can be seen by users, and is able to respond to the
union of conjunctive queries by known answers [9].

– Example: Let us consider the following scenario: a Data integration system, en-
capsulated into an AOT , be a triple [9] Ii = (Gi,Si,Mi), where Gi = (GTi , ΣTi).
The ΣTi are the integrity constraints, Si is a source schema and Mi is a set of
mappings between a global schema GTi and a source schema Si.
We can enrich the global schema GTi by a new unary predicate V al( ) such that
V al(c) is true if c ∈ dom is a constant of the local ontology of this peer. User
query qC(x), where x = x1, .., xk is a non empty set of variables, over the global
schema is a conjunctive query. The AOT module of a peer transforms every origi-
nal query qC(x) into a lifted query over the global schema, denoted by q, such that
q := qC(x) ∧ V al(x1) ∧ ... ∧ V al(xk).
The universal (canonical) database can(I,D), of the encapsulated Data integration
system with the source database D , has the interesting property of faithfully repre-
senting all legal databases (the construction of the canonical database is similar to
the construction of the restricted chase of a database described in [30]).
Thus, theoretically, the lifted query will filter only known answers from can(I,D).
In practice we do not use this canonical database in order to give the answer to the
query, and we use a query rewriting technics under constraints in data integration
systems (for example, a data integration systems with key and inclusion integrity
constraints [27]) to submit the rewritten query directly to source databases, ex-
tracted by wrappers from World-Wide Web.



P2P network definition:
In order to be able to share the knowledge with other peer Pj in the network N , each
peer Pi has also an export-interface module Mij

EXP composed by groups of ordered
pairs of intensionally-equivalent logical views (conjunctive queries over peer’s ontolo-
gies), denoted by (qi, qj), or equivalently, by qi ≈ qj , that is, Kiqi(x) ≈in Kjqj(x).
Notice that (qi, qj) does not mean that qi logically implicates qj or vice versa, as in
extensional mapping definitions, based on material implication.

Definition 3. [8] The P2P network system N is composed by 2 ≤ N independent
peers, where each peer module Pi is defined as follows: Pi := 〈Oi,

⋃
i 6=j∈N Mij

EXP 〉,
where Mij

EXP is a (possibly empty) interface to other peer Pj in the network, defined
as a group of intensionally-equivalent query-connections, denoted by (qij

1k, qij
2k) where

qij
1k is a conjunctive query defined over Oi, while qij

2k is a conjunctive query defined
over the ontology Oj of the connected peer Pj :

Mij
EXP = {(qij

1k, qij
2k) | 1 ≤ k ≤| ij |},

and | ij | is the total number of query-connections of the peer Pi toward a peer Pj .

Intuitively, when an user defines a conjunctive query over the ontology Oi of the peer
Pi, the intensionally equivalent concepts between this peer and other peers will be used
in order to obtain the answers from a P2P system.
They will be the ”bridge” which a query agent can use to rewrite the original user query
over a peer Pi into intensionally-equivalent query over other peer Pj which has differ-
ent (and independent) ontology from the peer Pi.
The answers of other peers will be epistemically considered as possible answers be-
cause they are based on the belief which has the peer Pi about the knowledge of a peer
Pj : this belief is formally represented by the supposition of a peer Pi that the pair of
queries (qij

1k, qij
2k) ∈Mij

EXP is intensionally-equivalent.

Example: Let us consider the acyclic P2P system in a Fig.1, with a peers:
Pi, with the ontologyOi and the interfaceMij

EXP = {(vim, vjm) | vim ≈ vjm, and 1 ≤
m ≤ k} toward the peer Pj , and the peer Pj , with the ontology Oj . We denote by
vim ≈ vjm the intensional equivalence .
The idea is the following: given a query qi(x) over a peer Pi, a query agent will rewrite
(if it is possible) the identical query Ψ(vi1, ..., vik) over the set of views {vi1, ..., vik}
of a peer Pi, then it will use the set of intensional equivalences vim ≈ vjm, 1 ≤ m ≤
k, to obtain the intensionally equivalent query Ψ(vj1, ..., vjk) over the set of views
{vj1, ..., vjk} of a peer Pj , and than it will rewrite this query into the identical query
qj(x) over the ontology Oj of the peer Pj . The known answers of both peers Pi, Pj to
the queries qi(x) and qj(x) will constitute the subset of the global P2P answer to the
original user query; other possible answers to the same user query can be obtained by
the similar method from the intensionally equivalent queries over a peer Pk obtained
from intensional mappings from Pi to Pk and from Pj to Pk respectively.
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Fig. 1. P2P query answering

4 Query answering with intensional P2P mappings

The intensional mapping between peers is given by couples of equivalent queries (qi(x), qj(x)),
denoted by qi(x) ≈ qj(x), where a conjunctive query qi(x) over a peer Pi and a con-
junctive query qj(x) over a peer Pj are intensionally equivalent, w.r.t. the known an-
swers from peers, that is, Kiqi(x) ≈in Kjqj(x). Notice that for any given world w,
both relationships
[Kiqi(x)]M,g

in (w) ⊆ [Kjqj(x)]M,g
in (w), and [Kjqj(x)]M,g

in (w) ⊆ [Kiqi(x)]M,g
in (w)

need not to be satisfied. Moreover, if Mi and Mj are local universes for a peer Pi and Pj

respectively (a local universe is the set of all the values that are elements of the domains
used in the local schema of a peer), we do not require that for any c ∈Mi

⋂
Mj , the

sentences Kiqi(c) and Kjqj(c) have the same truth value as required in [15].

Proposition 1 Let us consider the class of peers with the integrity constraints which
does not contain negative clauses of the form ¬A1 ∨ ... ∨ ¬Am, m ≥ 2. Then, the
intensional equivalence is preserved by conjunction logic operation, that is,
if ϕ ≡ (b1 ∧ ... ∧ bk), k ≥ 1, and bi ≈in ci, 1 ≤ i ≤ k, then ϕ ≈in ψ
where ≡ is a logic equivalence and ψ ≡ (c1 ∧ .... ∧ ck).

Proof: By structural induction on the number of conjuncts in the expression: it is
enough to prove for expression of two conjuncts. Let b1 be qi1(x, y) and b2 be qi2(y, z)
any two (virtual) predicates over a peer Pi, and to them intensionally equivalent, c1, c2,
(virtual) predicates qj1(x, y) and qj2(y, z) over a peer Pj .
We have to prove that lubM,g(ϕ(x, z)) = lubM,g(ψ(x, z)), where
ϕ(x, z) ≡ Ki(qi1(x, y) ∧ qi2(y, z)) and ψ(x, z) ≡ Kj(qj1(x, y) ∧ qj2(y, z)).
From the facts that qi1(x, y) ≈H qj1(x, y) and qi2(y, z) ≈H qj2(y, z), we define the



set
SL = {(a, c) | ∃b.((a, b) ∈ lubM,g(Kiqi1(x, y)) ∧ (b, c) ∈ lubM,g(Kiqi2(y, z)))} =
{(a, c) | ∃b.((a, b) ∈ lubM,g(Kjqj1(x, y)) ∧ (b, c) ∈ lubM,g(Kjqj2(y, z)))}.
Let us prove that
lubM,g(ϕ(x, z)) =

⋃
w∈W{(a, c) | ∃b.((a, b) ∈ [Kiqi1(x, y)]M,g

in (w) ∧ (b, c) ∈
[Kiqi2(x, y)]M,g

in (w))} is equal to SL.
First, from [Kiqi2(x, y)]M,g

in (w) ⊆ lubM,g(Kiqi1(x, y) holds that lubM,g(ϕ(x, z)) ⊆
SL. Let us prove, that also lubM,g(ϕ(x, z)) ⊇ SL, i.e. that for any (a, b) ∈ SL also
(a, b) ∈ lubM,g(ϕ(x, z)).
Let us suppose that there is one (a, c) such that (a, c) ∈ SL but (a, c) /∈ lubM,g(ϕ(x, z)),
i.e., that for all possible worlds for this P2P system, w ∈ W , holds that
π2([x = a ∧ Kiqi1(x, y)]M,g

in (w))
⋂

π1([z = c ∧ Kiqi2(y, z)]M,g
in (w)) = {}

(is empty), where π1, π2 are the first and the second projections. That is, the following
logic formula must hold ¬Kiqi1(a, y) ∨ ¬Kiqi2(y′, c) ∨ ¬(y = y′),
(which is equivalent to the formula ¬Ki(qi1(a, y) ∧ qi2(y′, c) ∧ y = y′), from the
fact that in a modal logic Ki(A∧B) is logically equivalent to KiA∧KiB and that for
built-in predicates (as ’=’) holds that KiA is logically equivalent to A).
But such constraint (negative clause) cannot exist in this class of peers, thus the suppo-
sition is false, and we conclude that SL = lubM,g(ϕ(x, z)).
By the same way we obtain that SL = lubM,g(ψ(x, z)), thus ϕ(x, z) ≈in ψ(x, z).
¤
This proposition is very important in order to be able to define the semantics for conjunctive-
query answering in P2P database systems.
For example, all currently used integrity constraints (as the key and the foreign key
constraints) in a global schema are valid integrity constraints in order to use also inten-
sional semantics for the mapping between peer databases.
There is a number of different context-dependent scenarios for a query-answering with
intensional semantics, as in human society: for example, the confidential scenario where
an interviewer can interview a single person at time (we will denominate it as a pure
P2P context), or a conference scenario where an interviewer can interact with a number
of persons at time and possibly integrate partial knowledge of them in order to obtain
the answer.
Let us consider the simplest scenario: the pure P2P context. Informally, given a con-
junctive query ϕ(x) over a peer Pi, the answer to this query of the whole P2P system,
w.r.t. intensional semantics is the union of known answers from this peer, and (known)
answers of all other peers which have intensionally equivalent to ϕ(x) virtual predi-
cates. That corresponds to the query-answering paradigm in a society of individuals:
given a question ϕ(x) to some person Pi , and its beliefs about the knowledge of other
persons in this society, the interviewer can obtain the answer from Pi and from other
persons who know something about the same concept ϕ(x). In the real-world environ-
ment, the answer of other persons (in different languages) can be considered certain
also, but in the virtual P2P database framework their answer is mediated by the belief
of the Pi w.r.t. the knowledge of other peers, which may be imperfect, so the answers
of other peers are epistemically different, i.e., they can be epistemically considered as
possible answers.



4.1 Context-dependent query answering

Let us consider now the semantics of this intensional mapping between a given peer
Pi and other peers Pjk

, 1 ≤ k ≤ N, jk 6= i, based on their intensionally equiva-
lent views. Let us denote such a view by a conjunctive query qi1(x) over peer Pi and,
intensionally-equivalent to it, the views (conjunctive queries) qjk

(x) over other peers,
so that Kiqi1(x) ≈in Kj1qj1(x) ≈in .. ≈in KjN

qjN
(x), where Ki,Kjk

are local
epistemic modal operators of the peers, such that the set [Kiqi1(x)]M,g

in (w) is the set of
known answers of a peer Pi to the conjunctive query qi1(x).

Definition 4. The P2P network system N is composed by 2 ≤ N independent peers.
Each peer is defined by
Pi := 〈Ii,

⋃
i 6=j∈N Mij

EXP 〉 , where Ii is the encapsulated Data Integration System.
Mij

EXP is a (possibly empty) interface to other peer Pj in the network, defined by
Mij

EXP = {(qij
1k, qij

2k) | qij
1k ≈ qij

2k, and 1 ≤ k ≤| ij |}, where qij
1k and qij

2k are the
conjunctive queries over the global schema of Pi and Pj , respectively; | ij | denotes
the total number of query-connections from Pi to Pj .
Let, for any conjunctive query qi1(x) over a peer Pi, the set of intensionally-equivalent
concepts be
Q(qi1(x)) = {Kj1qj1(x), .., KjN

qjN
(x)}.

We can introduce a peer-context, C(Pi), for any given set of contextual views of a peer
Pi, V(Pi) = {qi1(x1), ..., qiM (xM )}, by the following set
C(Pi) = { (Kiqil

(xl), Q(qil
(xl))) | qil

(xl) ∈ V(Pi)}.

The context of a peer Pi represents the whole information contribution of other peers
to the local knowledge of this peer, and, consequently, can be used during the query-
answering: given a conjunctive query ϕ(y) over a peer Pi in a world w, first, we
compute the set of known answers [Kiϕ(x)]M,g

in (w), and after that also the set of
intensionally-possible answers obtained from the information contribution from other
peers, i.e., from the context C(Pi) of the considered peer: thus, the answer to a query
over a peer is context-dependent. By changing the context of a peer we will obtain dif-
ferent set of possible answers: the interface module of a peer is the syntax of a specifi-
cation for such context. Obviously, the aim of query-answering is to obtain the maximal
set of answers for a given context of one peer.
There are two modalities in order to obtain intensionally-possible answers:

– pure P2P query answering: the query-agent has to try to completely reformulate the
original query ϕ(y) (over a peer Pi) for any peer Pj which has some view in the
interface module of Pi. If it is possible then a peer Pj will be able to respond with
possible answers. In this case we define the context as follows:
C(Pi) = { (Kiqil

(xl),Kjqjl
(xl)) | (qil

(xl), qjl
(xl)) ∈Mij

EXP }
– Data integration P2P query answering: we can consider partial answers from all

contextual peers of a given peer Pi, defined in its interface module. The query
agent will assemble (join) the partial answers from them in order to obtain possible
answers.In this case we define the context as follows:
C(Pi) = { (Kiqil

(xl), {Kjqjl
(xl)) | (qil

(xl), qjl
(xl)) ∈ R}) | qil

(xl) ∈ π1(R)}
where R =

⋃
1≤j≤N Mij

EXP , and π1 is the first projection.



In [8] is presented an answering algorithm for the pure P2P scenario. We define the set
of contextual views as follows: V(Pi) = { qil

(xl) |Kiqil
(xl) ∈ π1(C(Pi))}.

Definition 5. Let φ(y) be a conjunctive query over a peer Pi in a world w, and ϕ(y) =
Frew(C(Pi), φ(y)) be its complete (otherwise ϕ(y) is empty formula) rewriting over
the set of contextual views V(Pi), with the body body(ϕ) a sequence b1, b2, ..., bm,
where each bj ∈ V(Pi) is a contextual view of Pi.
(the function Frew is taken from [31], where the extension of φ(y) does not need
necessarily to be contained in the extension of the set of views in V(Pi))
Than, for any set of intensional equivalences bi ≈ ci, from the context of Pi, the answer
to the query ψ(x) , obtained from φ(x) by substitution of bk with ck (1 ≤ k ≤ m), is
called ”the set of intensionally-possible answers for a query ϕ(y) over a peer Pi in a
world w”.
(from Prop.1 we have that ϕ(y) and ψ(x) are intensionally equivalent).

Let us consider now the problem of how to obtain such possible answers from a network
of peer databases: as first step we will define the kind of semantic mappings between
one peer Pi and the information contribution of other peers to the local knowledge of
this peer, by the usual first-order semantic modelling.

Definition 6. (Global semantics) LetN be a P2P system with ∆ =
⊎

Pi∈N 4i, where
each 4i is a non empty set of constants of a peer Pi and ’

⊎
’ is the disjoint union oper-

ation. An interpretation of N over ∆ is a N − tuple m =< m1,m2, ..., mN > where
each mi is a classical first-order logic interpretation of the data-integration system Ii

of a peer Pi on the local domain 4i.
Let mi denote the ith element of m. A (global) model M for N , written M ²global N ,
is a non empty set of interpretations such that the model locally satisfies the conditions
of each database integration system Ii of a peer Pi, i.e., ∀m ∈ M.(mi ² Ii).

Now we can define a query answer in this global semantics for P2P system.

Definition 7. (Query answer ) Let φ(y) be a local query over a peer Pi with free
variables y = {y1, ..yn}. The answer to φ is the union of:

- known answer from Pi, obtained as the set of substitutions of x with local constants
c ∈ 4i of a peer Pi, such that any model M of N satisfies the query φ(y), i.e.,
{{c1, .., cn} ∈ 4n

i | ∀M.(M ²global N → ∀m ∈ M.(mi ² φ(c1, .., cn)))},
that is, locally to the set of known answers of a peer Pi

{{c1, .., cn} ∈ 4n
i | ∀m′ ∈ ⋃

m∈M , M²globalN mi.(m′ ² φ(c1, .., cn))}.
- 1. In a pure scenario: possible answers from each peer Pj , j 6= i, such that ψ(y) ≈

Frew(C(Pi), φ(y)) 6= {}, obtained as the set of substitutions of y = {y1, ..yn}
with local constants d = {d1, .., dn} ∈ 4n

j of a peer Pj , such that any model M
of N satisfies the query ψ(y), i.e., { d | ∀M.(M ²global N → ∀m ∈ M.(mj ²
ψ(d)))}, that is, locally to the set of known answers of a peer Pj

{d | ∀m′ ∈ ⋃
m∈M , M²globalN mj .(m′ ² ψ(d))}.

2. In a data-integration scenario: possible answers from other peers, to the query
ψ(y) which is intensionally equivalent to the expression Frew(C(Pi), φ(y)) 6=
{}, obtained as the set of substitutions of y = {y1, ..yn} with constants d =



{d1, .., dn} ∈ 4n, such that any model M of N satisfies the query ψ(y), i.e.,
{d ∈ ∆n | ∀M.(M ²global N → ∀m ∈ M.(m ² ψ(d)))}.

Thus, in the case of an intensional-mapping semantics, the query answer to a given
query φ(y) over a peer Pi is the union of answers to the set of all intensionally equiv-
alent queries to φ(y), determined by peer-to-peer interfaces, with the epistemic dis-
tinction from the certain answer of the interrogated peer Pi and the possible answers
of other peers. This epistemic distinction comes from the fact that, when we design
the P2P intensional mappings and put the intensional equivalence qij

1k ≈ qij
2k of these

two views, of Pi and Pj respectively, we do not know if actually lubM,g(Kiq
ij
1k) =

lubM,g(Kjq
ij
2k), but we only believe that it has to be true. So that, while the answer

of the interrogated peer to a query defined over its proper ontology (global schema) is
semantically certain answer, the answer of other peers to the intensionally-equivalent
query, obtained by the given P2P mappings, theoretically may be inadequate, that is,
the possible (or plausible) answers.

5 Conclusion

We have presented a formal framework for representing interschema knowledge in
Peer-to-peer database systems based on intensional equivalence between concepts of
autoepistemic database peers. Such interschema mappings is not invasive w.r.t. the lo-
cal epistemic knowledge of any single peer: each database-peer knows only its local
extension of proper knowledge and is completely free to change its local knowledge. It
does not import the extensional knowledge from other peer-databases of a P2P infor-
mation system, but specify only which part of its own knowledge has the same meaning
as correspondent knowledge of other actors.
For any given conjunctive query (virtual concept) submitted to some database peer, the
query-agent obtains as answer the set of certain (known) answers from this interrogated
peer, and the set of possible answers from other peers which are able to define the in-
tensionally equivalent virtual concepts to the original user query. This query answering
is context sensitive, and can be modeled in different context scenarios for P2P systems.
We believe that the intensional mapping semantics presented in this paper constitutes a
sound basis for studying the various issues related to interschema knowledge represen-
tation and reasoning, especially for P2P database systems in Web environment, where
the peers can be considered as complex database agents.
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