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1. INTRODUCTION
Integrating heterogeneous data sources is a fundamental

problem in databases, which has been studied extensively in
the last two decades both from a formal and from a practi-
cal point of view (see e. g. [10, 4, 6]). One particular and
useful way of viewing these systems, first proposed within
the Information Manifold project [7], is to postulate a global
schema (called a world view) that provides a unifying data
model for all the information sources. A query processor
is in charge of accepting queries written in terms of this
global schema, translating them to queries on the appropri-
ate sources, and assembling the answers into a global an-
swer. Each source is modeled as a materialized view defined
in terms of the global relations, which are virtual. State of
the art query answering algorithms in these source–centric,
so called local–as–view, information integration systems all
produce a reformulated query that retrieves what has been
thought of as ”the best obtainable” answer, given the cir-
cumstances that the source–centric approach introduces in-
complete information into the virtual global relations. How-
ever, perhaps since the relationship between information in-
tegration and incomplete information had not been clearly
articulated, this ”best obtainable” answer does not allow
partial information. To illustrate the problem and to make
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this discussion more concrete let us consider a simple exam-
ple.

Suppose the global schema contains two relations: Prof(P,
E, O, A), that is professor’s name, email, office number,
and research area. Dept(P, D), that is professor’s name and
department.

The available sources are {S1, S2, S3}. These sources have
the following definitions:

S1(P , E,O)← Prof(P,E,O,A)

S2(P , A)← Prof(P,E,O,A)

S3(P ,D)← Dept(P,D)

Suppose the user issues the query

Q(P , E,O,A)← Prof(P,E,O,A),Dept(P, compsci)

That is, the user is interested in obtaining all available in-
formation about professors in the compsci department.

Since the information integration system does not have a
way to get tuples for the subgoal Prof it would produce an
empty rewriting and, thus, an empty answer for the user.

Everybody who has ever queried integrated information,
especially in the case of the World Wide Web, knows this
situation very well. The next logical action of the user, who
wants to get at least partial information, is to try to make
his(her) query less restrictive. In our example, to get at least
some information about the professors in the compsci de-
partment, the user has to modify the original query by pro-
jecting out some of the attributes of the relation Prof. Since
the user in unaware of the internals or the system, (s)he has
to try all possible combinations of the attributes and then
manually assemble the final answer. From the point of view
of the user, the system should take on this burden and com-
pute the answer containing this partial information. This is
feasible, since the query could be rewritten as the union of
the following unsafe conjunctive queries.

Q(P , E,O,X)← S1(P , E,O), S3(P , compsci)

Q(P ,X, Y ,A)← S2(P ,A), S3(P , compsci)

The unrestricted variables X and Y represent unknown
values. The answer can then be presented to the user as
a table with some values missing, for example as the table
below. (The contents of the table will, obviously, depend on
the data provided by the sources.)
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Pname Email Office Area

Murphy murphy@cs.uoft.edu SF322 ⊥
Smith ⊥ ⊥ DB
Jones jones@cs.concordia.ca LB1022 ⊥
Murphy ⊥ ⊥ AI

However, producing such partial answers is not without
its intricacies. In a web based setting, the number of tu-
ples in the answer is typically is much larger than the user
wants. In such a case the user, to reduce the size of the an-
swer, would most likely want to make his(her) query more
restrictive. Which means that an information integration
system, in order to be of any practical use, has to provide
the user with the ability to search within the answers. This
poses the restriction on how the answer to the original query
is to be computed. The semantics of the query should be
compositional, namely, if the second query is applied to the
results of the first one the answer should be the same as
if the composition of the two queries were executed on the
underlying data sources.

In this paper we solve both problems illustrated by the
above example. We first define the semantics of partial facts
and introduce the notion of an exact answer — that is an
answer that includes partial facts. We then provide two
methods for computing the exact answer, in such way that
semantics of queries remain compositional.

The first algorithm is a generalization of the “inverse–
rules” approach [1], and involves explicitly computing a syn-
tactic representation of the set of global databases implicitly
defined by the sources. The other algorithm is a generaliza-
tion of the rewriting technique (see e.g. [7, 10, 9]). This
algorithm reformulates a query in terms of the source rela-
tions, and, thus, avoids inverting the entire source collection.

Due to the space limitation all proofs are omitted, how-
ever, they can be found in the full version of the paper.

2. THE MODEL
We begin by introducing some notions and defining the

concepts that are used throughout the paper.
Let rel be a countably infinite set {R,S, . . . , R1, S1, . . .}

of relation names, let dom be a countably infinite set of
constants, and let var be a countably infinite set of variables.
Constants will be denoted by lower case letters and variables
by upper case letters. Associated with each relation name
R is a positive integer arity(R), which is the arity of R.

A fact over R is an expression of the form R(a1, . . . , ak),
where k = arity(R), and each ai is in dom. Let R =
{R1, R2, . . . , Rn} be a set of relation names. A finite set of
relation names will sometimes also be called a schema. A
database d over R is a finite set of facts, each fact being over
some Ri ∈ R.

As most of papers on information integration do, we will
focus on the most practical class of queries, namely the con-
junctive queries. For this we need the concept of an atom.
An atom is like a fact, except that we allow variables, taken
from and infinite set var, as well as constants. For instance,
R(a,X) is an atom, whereas R(a, b) is a fact. The variables
in the atoms are placeholders, and they stand for any do-
main value. Variables will be denoted by uppercase letters,
such as X and Y .

A conjunctive query ϕ is an expression of the form

head(ϕ)← body(ϕ),

where body(ϕ) is a set of atoms over relation names in the
database schema, and head(ϕ) is an atom over an answer
relation name not used in the database. We assume that all
variables occurring in head(ϕ) also occur in body(ϕ), i. e.
that the query ϕ is safe. The variables occurring in head(ϕ)
are the distinguished variables of the query, and all the others
are existential variables.

A conjunctive query ϕ can be applied to a database d
resulting in a set of facts

ϕ(d) = {σ(head(ϕ)) : σ(body(ϕ)) ⊆ d for some valuation σ}.
A valuation σ, is formally a finite partial mapping from
var∪dom to dom that is the identity on dom.

Source collections and global databases
A source S is a pair (ϕ, v), where ϕ is a conjunctive query
and v is a finite set of facts over head(ϕ). A source collection
S is a finite set of sources.

Since the global relations are virtual, in the sense that
they don’t contain any data, we need to answer the ques-
tion: what is the instance of the global schema that is im-
plicitly represented by the sources? As it turns out, the
global database is actually incomplete. In other words, there
might be several (usually infinitely many) global databases
that are consistent with the definition of, and the data in
the sources.

Example 1. For a simple example, suppose we have two
sources S1 = (V1(X,Y ) ← R(X,Y ), {V1(a, b)}) and S2 =
(V2(X) ← R(X,Y ), {V2(c)}). Then it is natural to think
that any database that contains at least the facts R(a,b) and
R(c, e), for some e ∈ dom, is a possible global database for
S = {S1, S2}.

Formally, a source collection S defines a set of possible
databases, denoted poss(S), as follows:

poss(S) = {d over sch(S) : vi ⊆ ϕi(d) for all sources

Si = (ϕi, vi) in S}.
Since poss(S) is infinite, we will now consider the problem

of finitely representing an infinite set of databases. For this
we invoke the venerable tableau.

Sets of databases and tableaux
Tableaux [8] are intended to concisely and finitely represent
a large or infinite set of possible instances.

Let R ={R1, R2, . . . , Rn} be a set of relation names. A
tableau T over R is a finite set of atoms over the Ri’s. Note
that the same variable might appear in several atoms in T .

A tableau T over schema R represents a set of databases
over R. This set is denoted rep(T ), and it is defined by

rep(T ) = {d : there is a valuation σ such that σ(T ) ⊆ d}.
The definition says that a database d is represented by a
tableau T , if there is a valuation σ such that when all vari-
ables in T are replaced by their image under σ, the set of
facts thus obtained is a subset of d.

Representing poss(S) by a tableau
Now the infinite set poss(S) can be conveniently represented
by a tableau denoted T (S), such that

rep(T (S)) = poss(S).
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Example 2. Suppose, for example, that we have one
source S = (V (X,Z)← R(X,Y ), S(Y,Z), {V (a, b), V (c, d)}).
Then T (S) = {R(a, Y1), S(Y1, b), R(c, Y2), S(Y2, d)}, where
Y1 and Y2 are fresh variables.

The details of how to construct T (S) can be found in [3,
2].

3. QUERY ANSWERING
First we have to address the question of semantics of the

query in information integration system. Since the global
database is incomplete, and therefore, represents a set of
possible databases, it is natural to expect that the answer
to a query is also a set of answers, one for each possible
database. With this in mind we define the exact answer.

Let S be source collection, and ϕ a conjunctive query over
the global schema. Now ϕ applied to S defines the exact
answer:

ϕ(S) = {ϕ(d) : d ∈ poss(S)}.
The problem of computing exact answer to a user query

was not addressed in the literature except for a brief discus-
sion in [3] and somewhat more extensive treatment in [2].
Instead, all of the proposed algorithms are aimed at com-
puting the possible or, most commonly, the certain answer
defined as ϕ∗(S) =

�{ϕ(d) : d ∈ poss(S)} and ϕ∗(S) =�{ϕ(d) : d ∈ poss(S)}, respectively.
Essentially, the exact answer is the most general answer,

and, given the exact answer we can obtain both possible and
certain answers.

3.1 Computing the exact answer from
the tableau

Since we are able to construct a database template T
representing all databases in poss(S) it is natural to ex-
tend the standard query evaluation mechanism to operate
on database templates.

Given a conjunctive query ϕ over R, our evaluation �ϕ
(which is basically the “naive evaluation” of [5]) is defined
next. For this we need the concept of a substitution. A
substitution is a valuation, except that we allow variables
to be mapped into variables, not only constants. Thus, a
substitution θ is a function from (a subset of) dom∪var
to dom∪var, keeping in mind that constants have to be
mapped to themselves. Then

�ϕ(T ) = {θ(head(ϕ)) : θ(body(ϕ)) ⊆ T for some θ}.
Example 3. Let ϕ = Q(X,Y,Z) ← R(X,Y ), S(Y,Z)

and T = {R(a, b), R(d,X), S(b, c), S(X, e), S(Y, f)}. Then�ϕ(T ) = {Q(a, b, c), Q(d,X, e)}.
The fundamental result that

rep(�ϕ(T )) ≈ ϕ(rep(T ))

was established in [5, 11], and adapted to tableaux in [3,
2]. Note that, we use coinitiality, instead of equality. Let
X and Y be two enumerable sets of possible databases. We
say that X and Y are coinitial if they have the same ⊆–
minimal elements. Coinitiality is denoted X ≈ Y. For a
deeper treatment of coinitiality, see [5].

As a consequence we now have a method for computing
an ≈–approximation of ϕ(S).

rep(�ϕ(T (S))) ≈ ϕ(S).

In other words, first invert the source extensions through
their definitions, then apply the �ϕ–evaluation of the user
query ϕ on the resulting tableau. The result of the evalua-
tion is another tableau, which the user perceives as a relation
with nulls. Given the exact answer that is obviously most
informative of all answers, we can compute the possible an-
swer and the certain answer: ϕ∗(S) = ∩ rep(�ϕ(T (S))), and
ϕ∗(S) ≈ ∪ rep(�ϕ(T (S))).

Furthermore, we can prove that �ϕ evaluation has compo-
sitional semantics.

Lemma 1. rep(�ϕ( �ψ(T (S)))) ≈ ϕ(ψ(S)).

In essence, we can use our extended evaluation to compute
a query on the result of another query.

However, computing �ϕ(T (S)) might involve a lot of re-
dundant work, since it amounts to constructing the tableau
corresponding to the entire source collection, whereas the
global relations that are in body(ϕ) might be mentioned in
only few source definitions. Moreover, the query might have
selections and joins that could be computed directly at the
sources. For those reasons, a vast majority research in in-
formation integration focuses on query rewriting rather then
just query answering.

3.2 Computing the exact answer directly
on the source collection

In an information integration system a query processor is
in charge of reformulating queries written in terms of the
global schema to queries on the appropriate sources. This
process is known as query rewriting. To obtain the answer
to a given query the rewriting is then evaluated on the un-
derlying sources. Since the exact answer is actually a set of
answer sets and can be represented by a tableau, any rewrit-
ing to compute the exact answer has to be more general than
the usual notion of rewriting.

In [2] we broaden query containment as follows. Let ϕ1

and ϕ2 be conjunctive queries. A query ϕ1 is said to be p–
contained in ϕ2, denoted ϕ1 ⊆p ϕ2, if and only if there exists
a conjunctive query φ, where ϕ1 is equivalent to πL(φ) (π is
relational projection), for some list L of columns in head(φ)
taken in the original order, such that for all databases d,
φ(d) ⊆ ϕ2(d). P–containment mappings, defined next, can
be used to test p–containment of conjunctive queries. A
p–containment mapping from a conjunctive query ϕ2 to a
conjunctive query ϕ1 is a mapping µ, from variables of ϕ2

to variables and constants of ϕ1, such that µ(body(ϕ2)) ⊆
body(ϕ1), and, for every variable X in head(ϕ1), there is a
variable Y in head(ϕ2), such that µ(Y ) = X.

Example 4. Consider ϕ1 = Q1(X)← R(X,Y ), S(Y, Y ),
T (Y,Z) and ϕ2 = Q2(A,B) ← R(A,B), S(B,C). There is
a p–containment mapping µ = {A/X,B/Y,C/Y } from ϕ2

to ϕ1.

The notion of rewriting can be extended to p–rewriting.
The expansion of a query ϕ, denoted ϕexp, is obtained

from ϕ by replacing all the source atoms in ϕ with their
definitions. Existential variables in a source definition are
replaced by fresh variables in ϕexp.

Let S be a source collection and ϕ be a conjunctive query
over the global schema. The query ψ is a p–contained rewrit-
ing of ϕ using S if ψexp ⊆p ϕ.

Since we generalized the notion of containment mapping
to p–containment mapping it is only natural that any rewrit-
ing algorithms (such as the algorithms in [7, 9]), which are
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based on containment mappings, can be extended to pro-
duce the p–rewriting. In [2] be give a generalization of of
the bucket algorithm [7], which we call the p–bucket algo-
rithm. In the full version of this paper we also give a gen-
eralization of the MiniCon algorithm [9], which constructs
the p–rewriting.

Now we can address the issue of computing exact answer
directly on the source collection.

Let ψ be a p–contained rewriting of ϕ. We define the
ϕ–evaluation of ψ, denoted ψϕ, as follows.

ψϕ(S) = {σµ(head(ϕ)) : σ(body(ψ)) ⊆ ext(S)},
where µ is a p–containment mapping from ϕ to ψexp and σ
is a valuation.

Suppose head variable X of ϕ is is mapped by µ to a
variable in the expansion of subgoal Vi(X1, . . . ,Xk), and
µ(X) is the j:th variable in the definition of Si. Then the
extension σµ of σ, is defined by setting

σµ(X) =

�
σ(µ(X)), if µ(X) occurs in head(ψ)
fi,j(σ(X1), . . . , σ(Xk)), otherwise

In order to define �ϕ(S), the evaluation of conjunctive
queries with function symbols in the head, we also need
an auxiliary function replace that when applied to a set of
atoms with function terms, replaces each unique term with
unique variable. Now we set

�ϕ(S) = replace
��
{ψϕ(S) : ψexp ⊆p ϕ}

�
,

and state the following important result:

Theorem 1. �ϕ(S) = �ϕ(T (S)) up to renaming of the vari-
ables.

Example 5. For example, consider the source collection
S = {(V1(X1,X3) ← R(X1, X2), S(X2,X3), {V1(a, c)}),
(V2(X1) ← T (X1,X2), {V2(c)})}, and let the query ϕ be
Q(X,Y, Y, Z,W )← R(X,Y ), S(Y,Z), T (Z,W ). In this case
there is one (minimal) p–contained rewriting of ϕ, namely
ψ = Q(X,Y ) ← V1(X,Y ), V2(Y ). Applying ψϕ gives us
the atom Q(a, f1,2(a), f1,2(a), c, f2,2(c)), and applying the
replace function yields the answer {Q(a, Y, Y, c,W )}. Had
we used the tableau method instead, we would have gotten
T (S) = {R(a, Y ), S(Y, c), T (c,W )}. Then applying �ϕ to
T (S) would have given {Q(a, Y, Y, c,W )}.

Note that since �ϕ(S) computes a tableau that is equiva-
lent to �ϕ(T (S)) the result of this computation can be used
for subsequent querying, which was not possible with the
evaluation that we presented in our earlier work [2].

It should be noted that the p–bucket algorithm can be
modified to encode into the queries the containment map-
pings µ needed in the evaluation (see the full version of the
paper).

4. SUMMARY
In the context of local–as–view information integration

system a source collection defines a set of possible databases,
therefore, querying a source collection, at least conceptu-
ally, means applying the query to each possible database,
obtaining a set of possible answers. With this in mind we

introduced the notion of the exact answer, which can be rep-
resented as a relation containing null values, and we gave two
methods for computing the exact answer.

The first method involves explicitly computing T (S) — a
syntactic representation of the set of global databases im-
plicitly defined by the sources. The �ϕ evaluation is then
used to compute the exact answer. The other method re-
formulates a query in terms of the source relations, and,
thus, avoids inverting the entire source collection. In or-
der to achieve this we generalized classical notion of query
containment to p–containment and used this notion to re-
formulate the query as a union of p–contained conjunctive
queries. Then we defined the �ϕ–evaluation which uses p–
contained rewritings to compute the exact answer on the
source collection.

We have developed an experimental system, which enables
us to evaluate the performance of the proposed methods to
compute the exact answer in practice. As the result of our
experiments we have established that computation of the ex-
act answer can be done efficiently for all practical situations
including the large-scale systems. Moreover, by comparing
our results to the results presented in [9], we have confirmed
that shifting from the computation of the certain answer to
the computation of the exact answer does not change the
average running time of query rewriting algorithms.
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