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Abstract

We consider the problem of answering queries

using views, where queries and views are con-

junctive queries with arithmetic comparisons

(CQACs) over dense orders. Previous work only

considered limited variants of this problem, with-

out giving a complete solution. We have devel-

oped an eÆcient algorithm to obtain maximally-

contained rewritings (MCRs) for queries hav-

ing left (or right) semi-interval-comparison pred-

icates. For semi-interval queries we show that

at least recursive datalog is necessary to �nd a

maximally-contained solution, and identify cases

where datalog is suÆcient. Finally, we show that

obtaining equivalent rewritings for CQAC's is

decidable.

1 Introduction

In many data-management applications, such as

information integration [4, 11, 18, 19, 24, 32],

data warehousing [29], web-site designs [15], and

query optimization [9], the problem of answering

queries using views [23] has taken on special sig-

ni�cance. The problem can be stated as follows:

�Contact: 949-824-9470 (tel), 949-824-4056 (fax)

given a query on a database schema and a set

of views over the same schema, can we answer

the query using only the answers to the views?

Most of the recent work has addressed the prob-

lem when both queries and views are conjunc-

tive. See [22] for a good survey.

In most commercial scenarios, users require

the 
exibility to pose queries using conjunctive

queries along with arithmetic comparisons (e.g.,

<, �) between variables and constants that can

take any value from a dense domain (e.g., real

numbers). Similarly, views are also described

using conjunctive queries with arithmetic com-

parisons. Although prior research has addressed

the issue of containment of conjunctive queries

with inequalities [20, 17], not many results are

known on the problem of answering queries with

inequality predicates using views.

When answering queries using views, we often
need to �nd equivalent rewritings for a query [3,
23], or a maximally-contained rewriting [1, 26].
For instance, consider the following query Q1,
and views v1 and v2:

Q1(A) :- r(A); A < 4
v1(Y; Z) :- r(X); s(Y; Z); Y � X;X � Z

v2(Y; Z) :- r(X); s(Y; Z); Y � X;X < Z

The following query P is a contained rewriting
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(CR) of the query Q1 using v1:

P (A) :- v1(A;A); A < 4

To see why, suppose we expand this query by

replacing the view subgoal v1(A;A) by its de�-

nition. We get the expansion of P :

P (A) :- r(X); s(A;A); A � X;X � A;A < 4

Thus we can equate X and A, and the expansion

is contained in Q1. Notice that the presence of

the comparison predicates a�ects the existence

of the rewriting. Although v1 and v2 di�er only

on their second inequalities, v2 cannot be used

to answer Q1, since variable X of r(X) in v2 is

not exported in its head, hence constraint A < 4

cannot be enforced. On the other hand, P is an

equivalent rewriting (ER) of the following query:

Q0

1(A) :- r(A); s(A;A); A < 4

The following query and views show that we need
at least the power of datalog to �nd a maximally-
contained rewriting (MCR):

Q2() :- e(X;Z); e(Z; Y ); X > 5; Y < 7
v1(X;Y ) :- e(X;Z); e(Z; Y ); Z > 5
v2(X;Y ) :- e(X;Z); e(Z; Y ); Z < 7
v3(X;Y ) :- e(X; I1); e(I1; I2); e(I2; I3); e(I3; Y )

We can show that for any positive integer k >
0, the following is a CR:

Pk :- v1(X;Z1); v3(Z1; Z2); v3(Z2; Z3); : : : ;
v3(Zk�2; Zk�1); v3(Zk�1; Zk); v2(Zk; Y )

In fact, the following recursive datalog pro-
gram is an MCR of the query:

Q2() :- v1(X;W ); T (W;Z); v2(Z; Y )
T (W;W ) :-
T (W;Z) :- T (W;U); v3(U;Z)

In this paper we study the problem of �nd-

ing rewritings of a query using views when the

query and views are conjunctive with compar-

isons (e.g., <, �, >, �), called CQAC queries.

We consider both equivalent queries (ERs) and

contained rewritings (CRs). We �rst review pre-

liminary results in the literature on this problem

(Section 2). We give a result on the existence of a

single containment mapping between two CQAC

queries, which is a stronger than that of [17, 20].

In Section 3, we study the decidability of the

problem. We �rst prove the decidability for the

ER case by extending a result in [28]. In partic-

ular, we can use �nite unions of CQAC queries

to represent ERs. We then address the prob-

lem of �nding MCRs. We prove that if all view

variables are distinguished, the problem is decid-

able, and �nite unions of CQACs are expressive

enough to represent MCRs.

In Section 4 we consider the problem of gener-

ating MCRs when queries are left-semi-interval

(LSI) or right-semi-interval (RSI), and views

have general comparisons. We present an algo-

rithm to generate MCRs eÆciently. We show

the subtleties of �nding MCRs in the presence

of comparisons, which make our algorithm dif-

ferent from other algorithms in the literature.

In Section 5 we study the problem of �nd-

ing MCRs when view variables can be nondis-

tinguished. We �rst prove that at least recur-

sive datalog is necessary for presenting MCRs.

Then we consider a subcase, where datalog with

semi-interval predicates is suÆcient to express an

MCR. We show that query containment in this

case can be reduced to containment of a CQ in a

datalog query. Based on this result, we develop

an algorithm for �nding MCRs. For this spe-

cial case, we also obtain a result of independent

interest, that the containment problem is in NP.

In the rest of the paper, we take the Open-

World Assumption (OWA) [13]. That is, the

views do not guarantee that they export all tu-

ples in the world that satisfy their de�nition. In-

stead views export only a subset of such tuples.

Due to space limitations, we do not provide all

the proofs of the lemmas and theorems. Some

results are explained in the complete version of

this paper [2].
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1.1 Related Work

Our problem is closely related to testing query

containment. In [8] the problems of containment,

minimization, and equivalence of CQs are shown

NP-complete. In [20], it is shown that contain-

ment for CQs with inequality comparison pred-

icates is in �P
2
, whereas when only left or right

semi-interval comparisons are used, the contain-

ment problem is in NP. In [33], containment

for CQs with inequality comparison predicates

is proven to be �P
2 -complete. In [20], search-

ing for other classes of CQs with inequality com-

parison predicates for which containment is in

NP is stated as an open problem. [21] stud-

ies the computational complexity of the query

containment problem of queries with disequation

( 6=). Containment of a CQ in a datalog query is

shown to be EXPTIME-complete [12, 7]. Con-

tainment among recursive and nonrecursive dat-

alog queries is also studied in [10].

The problem of answering queries using views

has been studied in many papers. Table 1 sum-

marizes the results presented in this paper, and

other known results in the literature. [5, 6] deal

with the problem of answering CQs over descrip-

tion logics using views expressed in description

logics. On one hand, description logics are more

expressive than CQACs. Therefore, the result

that datalog may be necessary to rewrite queries

using views that have nondistinguished variables

cannot be used in our context. On the other

hand, description logics allows only unary or bi-

nary predicates, whereas CQACs put no such re-

striction. Therefore, the result that it is possible

to �nd a rewriting of a query using views ex-

pressed in description logics where all the view

variables are distinguished does not imply the

same result for CQACs.

2 Preliminaries

This section gives the notation used in the paper.

Conjunctive queries with arithmetic com-

parisons: We focus on conjunctive queries and

views with arithmetic comparisons of the follow-

ing form:

h( �X) :- g1( �X1); : : : ; gn( �Xn); C1; : : : ; Cm

The head h( �X) represents the results of the

query. Each gi( �X1) in the body is an ordinary

subgoal. The variables �X are called distinguished

variables. Each Ci is an arithmetic comparison

in the form of \A1 � A2," where A1 and A2 are

variables or constants. If they are variables, they

appear in the ordinary subgoals. Operator \�"

is <, �, =, >, or �. For sake of simplicity, we

use \CQ" to represent a conjunctive query, \AC"

for a arithmetic comparison, and \CQAC" for a

conjunctive query with arithmetic comparisons.

If a CQAC is written as \Q = Q0+�," it means

that \�" is the ACs of Q, and \Q0" is the query

obtained by deleting the ACs from Q

Query containment and equivalence: A

query Q1 is contained in a query Q2, denoted

Q1 v Q2, if for any database D, the set of an-

swers to Q1 is a subset of the answers to Q2. The

two queries are equivalent, denoted Q1 � Q2, if

Q1 v Q2 and Q2 v Q1. Chandra and Merlin [8]

showed that for two CQs Q1 and Q2, Q1 v Q2 if

and only if there is a containment mapping from

Q2 to Q1. For containment between CQACs,

[17, 20] gave the following theorem.1

Theorem 2.1 Let Q1 = Q10 + �1 and Q2 =

Q20 + �2 be two CQACs. The ACs do not im-

ply \=" restrictions. Let �1; : : : ; �k be all the

containment mappings from Q10 to Q20. Then

Q2 v Q1 if and only if:

�2 ) �1(�1) _ : : : _ �k(�1)

i.e., �2 logically implies (denoted \)") the union

of the images of �1 under these mappings. 2

1In [17], they assume that no variable appears twice
among their ordinary subgoals, and no constant appears
in their ordinary subgoals. Theorem 2.1 is a variation of
their result.
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Query Views MCR References
CQ CQ union of CQs [16, 24]

[26, 25]
Datalog CQ Datalog [14]
CQ with LSI, RSI CQ with LSI, RSI union of CQs with LSI, RSI [26]
CQ with comparison CQ with comparisons union of CQs with Section 3

all variables distinguished comparison
CQ with LSI, RSI CQ with comparisons union of CQs with LSI, RSI Section 4
CQ with LSI1, RSI1 CQ with SI Datalog(SI) Section 5
CQ( 6=) CQ co-NP-hard (data complexity) [1]

Table 1: Results on MCRs

Notice that the OR operation in the impli-

cation is critical, since there might not be a

single mapping �i from Q10 to Q20, such that

�2 ) �i(�1).

Answering queries using views: The prob-

lem of answerng queries using views [23] is as

follows: given a query on a database schema and

views over the same schema, can we answer the

query using only the answers to the views? The

following notations de�ne the problem formally.

De�nition 2.1 (expansion) The expansion of

a query P on a set of views V , denoted by P exp,

is obtained from P by replacing all the views in P

with their corresponding base relations. Nondis-

tinguished variables in a view are replaced by

fresh variables in P exp. 2

De�nition 2.2 (ERs and CRs) Given a query

Q and a view set V , a query P is a contained

rewriting (\CR" for short) of query Q using V

if P uses only the views in V , and P exp v

Q. That is, P computes a partial answer to

the query.2 We call P an equivalent rewriting

(\ER" for short) of Q using V if P exp � Q. P

is a maximally-contained rewriting (\MCR" for

short) of Q if (1) P is a CR of Q, and (2) there is

no CR P1 of Q such that P exp
1

properly contains

P exp. 2

2In the rest of the paper, we use \rewritings" to mean
\contained rewritings."

Several algorithms have been developed for an-

swering queries using views, such as the bucket

algorithm [24, 16], the inverse-rule algorithm

[27, 14], and the algorithms in [3, 25, 26]. [23, 1]

study the complexity of answering queries using

views. In particular, it has been shown that the

problem of �nding a rewriting of a query using

views is NP-hard, even if the query and views

are conjunctive. In this paper we study how

to construct ERs and MCRs of a CQAC using

CQAC views. Notice that a CR can be in a lan-

guage di�erent from that of the query and views.

For instance, as shown by the second example in

Section 1, we need at least datalog [31] to repre-

sent MCRs of a CQAC.

Existence of a single containment map-

ping: Theorem 2.1 is a fundamental result to

solve our problem. However, the union opera-

tion in the logical implication makes the problem

much harder than the case where the query and

views are purely CQs. In particular, the follow-

ing example shows that it is not clear how to con-

struct the ACs in an MCR, since its ACs could

be quite di�erent from those in the query and

views. For instance, consider the two CQACs

shown in Figure 1.

Q1() :- r(X1;X2); r(X2;X3); r(X3;X4);
r(X4;X5); r(X5;X1);X1 < X2

Q2() :- r(X1;X2); r(X2;X3); r(X3;X4);
r(X4;X5); r(X5;X1);X1 < X3

These two queries are equivalent even though
they have same ordinary subgoals but di�erent
ACs. Now consider the following two views that
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X1

r
X5

r

X4 r

r

X2

X3

r

X1

r
X5

r

X4 r

r

X2

X3

r

Q1 : X1 < X2 Q2 : X1 < X3

Figure 1: Two equivalent CQACs.

are \decomposed" from Q2:

v1(X1; X3) :- r(X1; X2); r(X2; X3)
v2(X1; X3) :- r(X3; X4); r(X4; X5); r(X5; X1)

The following is an ER of Q1 using the views:

Q1() :- v1(X1;X3); v2(X1;X3);X1 < X3

Notice that the AC X1 < X3 in this rewriting is

di�erent from the AC X1 < X2 in Q1.

The problem becomes easier to solve in the

case where a single containment mapping can

prove containment between two CQACs. Such

a case is where CQACs have ACs that are left or

right semi-interval. A CQAC is called left semi-

interval (\LSI" for short), if all its ACs are of

the form X < c or X � c, where X is a variable,

and c is a constant. A right semi-interval CQAC

(\RSI query" for short) is de�ned similarly. The

following theorem is from [17, 20].3

Theorem 2.2 Let Q1 = Q10 + �1 and Q2 =

Q20 + �2 be two LSI queries. Then Q2 v Q1 if

and only if there is a single containment mapping

� from Q10 to Q20, such that �2 ) �(�1). 2

Our �rst contribution this paper is to allow �2
in the theorem to be general ACs.

Theorem 2.3 Theorem 2.2 is true even if �2 is

general ACs. 2

3The results on LSI queries in this paper are also true
for RSI queries. We focus on LSI queries for sake of
simplicity.

The theorem is a corollary of the following

lemma.

Lemma 2.1 Let D1;D2; : : : ;Dn be conjunc-

tions of LSI ACs, and E be a conjunction of

general ACs. Then E ) (D1 _D2 _ : : : _Dn) if

and only if E ) Di for some i, 1 � i � n. 2

3 Decidability: ER and MCR

In this section we study decidability of �nd-

ing equivalent rewritings (ERs) and maximally-

contained rewritings (MCRs) for a CQAC query

using CQAC views. For ERs, we give a decidabil-

ity proof. For MCRs, we consider the case where

all view variables are distinguished, and present

the decidability result. The following decidabil-

ity result is from [30].

Theorem 3.1 It is decidable if there is a single-

CQAC ER of a CQAC using CQAC views. 2

Corollary 3.1 It is decidable if there is a

union-of-CQAC ER of a CQAC using CQAC

views. 2

Now we study the decidability of �nding

MCRs of queries, assuming all view variables are

distinguished.

Theorem 3.2 It is decidable if there is a union-

of-CQAC MCR for a CQAC query using CQAC

views, where all the view variables are distin-

guished. 2

Proof: Sketch. If there is a CR P that is

a CQAC, we can construct a set of CRs whose

union contains P , and for each of them there is

a single containment mapping that proves con-

tainment in the query. The latter is feasible be-

cause all view variables are distinguished, and

AC's can be enforced on them. A consequence

of a single containment mapping is that the num-

ber of ordinary subgoals for each of those CRs is
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bounded by the number of ordinary subgoals of

the query.

In the rest of this paper we investigate the case

of �nding MCRs when some view variables may

be nondistinguished.

4 An eÆcient algorithm for

�nding MCRs for LSI queries

In this section, we present an algorithm to gener-

ate MCRs for left-semi-interval (LSI) and right-

semi-interval (RSI) queries using views with

comparisons. The algorithm is based on Theo-

rem 2.3, and proceeds �nding useful mappings

from query subgoals to view subgoals, as do

most of the known algorithms in the literature

[24, 26, 25]. These algorithms are designed

mainly for the case where both the query and

views are CQs. We restrict our attention in this

section in pointing out the subtleties in our new

algorithm because of the presence of arithmetic

comparisons. The algorithm works in two steps.

In step 1, we create buckets for query subgoals,

and add useful mappings in the buckets. In step

2, we consider combinations of useful mappings

and add comparisons to produce rewritings.

4.1 Constructing buckets

In step 1, for each query subgoal g we construct

a bucket that includes views that can be used

in a rewriting to answer g. For each view v, for

each of its subgoals, we try to construct a partial

mapping � from g to this view subgoal. Let �

map a query argumentX in g to a view argument

Y . The view is put into the bucket of g if v can be

used to map g in a rewriting. We proceed with

a few technical de�nitions and modules of the

algorithm, which we illustrate with examples.

4.1.1 Exportable nondistinguished view

variables

In the mapping, if Y is a nondistinguished view

variable, while X appears in another query sub-

goal or a comparison predicate that cannot be

mapped to view v, we might not able to put

the corresponding restriction on Y in a candi-

date rewriting using this mapping. In Section 1,

we showed an example where a nondistinguished

view variable can be exported due to the com-

parison predicates in the views.

De�nition 4.1 (exportable view variables)

A nondistinguished variable X in a view v is ex-

portable if there is a head homomorphism h on

v, such that the inequalities in h(v) imply that

X is equal to a distinguished variable in v. 2

To discuss whether a nondistinguished view

variable can be exported, we need to consider

head homomorphisms of view head variables [26].

A head homomorphism of the head variables

in a view is a partitioning of these variables,

such that all the variables in each partition are

equated. For instance, in the �rst example in

Section 1, ffY;Zgg and ffY g; fZgg are two head

homomorphisms of the head variables of v2.

Due to the comparison predicates in the views,

a head homomorphism might not be sound. For

example, we can have a valid head homomor-

phism that equates Y and Z, only if the compar-

ison predicates in the view do not entail Y < Z

or Y > Z.

De�nition 4.2 (valid head homomor-

phisms) A head homomorphism is valid if all

equations of variables in it are consistent with

the comparison predicates in the view. 2

4.1.2 Finding exportable variables

To �nd exportable nondistinguished variables in

a view v, we use the comparison predicates in

v to construct its inequality graph [20], denoted
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G(v). That is, for each comparison predicate

A � B, where � is < or �, we introduce two

nodes labeled A and B, and an edge labeled �

from A to B. Clearly if there is a path between

two nodes A and C, we have A < C. If there is

no <-labeled edge on any path between A and

C, then A � C.

De�nition 4.3 (leq-set) Given a nondistin-

guished variable X in a view v, the leq-set (less-

than-or-equal-to set) of X, denoted S
�
(v;X), in-

cludes all distinguished variables Y of v that sat-

isfy the following conditions. There exists a path

from Y to X in the inequality graph G(v), and

all edges on all paths from Y to X are labeled

�. In addition, in all paths from Y to X, there

is no other distinguished variable except Y . 2

Correspondingly, we de�ne the geq-set

(greater-than-or-equal-to set) of a variable Y ,

denoted S
�
(v; Y ). We want to know which view

variables are exportable. Not surprisingly, we

have:

Lemma 4.1 A nondistinguished variable X in

view v is exportable i� both S
�
(v;X) and

S
�
(v; Y ) are nonempty. 2

To export a nondistinguished variable X in

a view v, we can equate any pair of vari-

ables (Y1; Y2), where Y1 2 S
�
(v;X) and Y2 2

S
�
(v;X). X becomes exported since it is equal

to Y1 and Y2, as are all variables in the path from

Y1 to Y2.

4.1.3 Equating a nondistinguished vari-

able to another variable

While constructing a partial mapping from a

query subgoal g to a subgoal in view v, a query

variable A might be mapped to two di�erent

view variables X1 and X2.

EXAMPLE 4.1 Consider query Q(A) :-

r(A;A), and a view v(X1;X2;X3;X6;X7;X8) :-

r(X4;X5), s(X1;X2;X3;X6;X7;X8), X3 � X5,

X5 � X7, X1 � X4, X8 � X2, X2 � X4,

X4 � X6. Figure 2 shows the graph G(v).

In order to construct a mapping from query

subgoal r(A;A) to view subgoal r(X4;X5), we

need to equate X4 and X5, since both are the

images of A. That is, we need X4 � X5 and

X5 � X4. For the former, it can be satis�ed if

there is a path from X4 to X5 in graph G(v).

If such a path does not exist, we can have this

inequality by equating a variable in S
�
(v;X4)

with a variable in S
�
(v;X5). A similar argument

holds for X5 � X4. Since neither inequality

exists in the graph, we need to satisfy them by

equating distinguished variables.

X2 X6X8 X4

� � �

X3 X5 X7

�

X1

�

�

Figure 2: The graph G(v) in Example 4.1.

Clearly we have S
�
(v;X5) = fX3g,

S
�
(v;X5) = fX7g, S�(v;X4) = fX1;X2g,and

S
�
(v;X4) = fX6g. Note that X8 is not in

S
�
(v;X4), because X2 is \closer" to X4 in the

path from X8 to X4. The following are two

most relaxing ways to equate variables to imply

X4 = X5: (1) X6 = X3;X1 = X7, and (2)

X6 = X3;X2 = X7. 2

We construct a set P of pairs of view vari-
ables that the algorithm needs to equate, so as
to construct a valid partial mapping. Note that
as in head homomorphisms, we have to consider
only valid equating of variables. Namely, while
equating variables to generate head homomor-
phisms for a view, some head homomorphisms
make the comparison predicates in the view not
satis�able, and the view should be removed from
the buckets. For instance, consider the following
query and view.

Q(X;Y ) :- p(X;Y ); X < 3; Y > 5
v(A) :- p(A;A)

7



We construct a mapping � to map both X and

Y to A. However, � will map the query compar-

ison predicates to A < 3 and A > 5, which is

not satis�able. Thus we cannot use this view to

cover the query subgoal.

4.2 Satisfying the arithmetic compar-

isons in the query

In the second step of the algorithm, we consider
combinations of views from the buckets to an-
swer all query subgoals. Each combination repre-
sents a candidate rewriting, and we add compar-
ison predicates to satisfy the comparison predi-
cates in the query. Consider a query arithmetic
comparison \X � c," where X is mapped to a
view variable Y in a partial mapping, and � is
< or �. The expansion of a rewriting should
imply the image of this restriction, i.e., Y � c.
If Y is distinguished, we can just add \Y � c"
to the rewriting. If Y is nondistinguished, we
cannot add any arithmetic comparison using Y ,
since Y does not appear in the rewriting at all.
However, there are two cases to satisfy this re-
striction. Case I: the arithmetic comparisons of
the view v imply \Y � c" by themselves. Case
II: there is a path in G(v) from Y to a distin-
guished variable Z, so we can just add a arith-
metic comparison \Z � c" to the rewriting to
satisfy \Y � c." For example, consider the fol-
lowing query and views.

Q(A) :- p(A); A < 3
v1(X1) :- p(X1); X1 < 3
v2(X2; X3) :- p(X1); r(X2; X3); X2 � X1; X1 � X3

v3(X2; X3) :- p(X1); r(X2; X3; X4); X2 � X1;

X3 � X1; X1 � X4

While mapping the query subgoal p(A) to the

view subgoal p(X1) in view v1, we have a partial

mapping � that maps variable A to X1. For

a rewriting that uses this view, its expansion

should entail �(A < 3), i.e., X1 < 3. The com-

parison predicate in v1 belongs to case I, since its

comparison predicate X1 < 3 can satisfy this in-

equality. The comparison predicates in v2 belong

to case II. In particular, since v2 has a compari-

son predicate X1 � X3, and X3 is distinguished,

thus we can add X3 � 3 to satisfy the inequality

X1 < 3. The comparison predicates in v3 do not

belong to either case, thus v3 cannot be used to

cover the query subgoal. For lack of space, we

describe the algorithm and prove correctness in

the full version [2].

5 Recurisve MCRs

In Section 3 we showed that if all view variables

are distinguished, �nite unions of CQACs are

expressive enough for MCRs. In this section,

we study the problem of �nding MCRs in the

case where some view variables are not distin-

guished. In Section 5.1 we prove that at least

datalog is necessary for representing MCRs. In

Section 5.2, we consider a subcase, where data-

log with semi-interval predicates is suÆcient to

express an MCR. We show that query contain-

ment in this case can be reduced to containment

of a CQ in a datalog query. Based on this re-

sult we develop an algorithm for �nding MCRs

in this case. Wlog, we restrict attention in this

section to boolean queries.

5.1 Datalog is necessary

We �rst prove that in the case where view vari-

ables can be nondistinguished, even when the

view de�nitions contain semi-interval predicates,

�nite unions of CQACs are not suÆcient to ex-

press an MCR, we need at least the power of dat-

alog with semi-interval comparison predicates.

Proposition 5.1 For the query Q2 in the ex-

ample of Section 1, there is no �nite union of

CQACs that contains all Pk's and is contained

in Q2. 2

This example shows that at least datalog is

necessary for representing MCRs. We use this

example for simplicity. We have similar exam-

ples that cover the CWA case, and even the case

when the views have no comparison predicates.

In the rest of this section, we consider a

subcase where datalog with semi-interval pred-
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icates is suÆcient to express MCRs. The sub-

case is when the query contains a single left-

semi-interval inequality and several right-semi-

interval inequalities, or it contains a single right-

semi-interval inequality and several left-semi-

interval inequalities. This kind of queries are

called CQAC-SI1 queries. We assume that the

views contain semi-interval inequalities, called

CQAC-SI views. We show in this case, contain-

ment of a CQAC-SI query in a CQAC-SI1 query

can be reduced to containment of a CQ in a dat-

alog query. Based on this result, we develop an

algorithm for �nding MCRs in this case. We �rst

present preliminary results that are useful for the

rest of this section.

Lemma 5.1 Suppose each ei of e1; : : : ; en is a

single SI inequality, and b1; : : : ; bk are general in-

equalities. Then it holds:

1. b1^ : : :^ bk ) e1 _ : : :_ en i� either there is

an ei such that b1 ^ : : : ^ bk ) ei, or there

are ei and ej such that b1^ : : :^bk ) ei_ej.

2. If moreover each bi is also a single SI in-

equality, then, b1 ^ : : : ^ bk ) e1 _ : : : _ en
i� either (a) there are bk and ei such that

bk ) ei, or (b) there are ei and ej such that

true) ei _ ej. 2

The following lemma assumes the presence of

SI comparison predicates only.

Lemma 5.2 Let Q1 = Q10 + �1 and Q2 =

Q20 + �2 be two CQACs, and �1; : : : ; �n be con-

tainment mappings from Q10 to Q20.

1. Then these mappings minimally satisfy the

entailment (\minimally" in the sense that

dropping one mapping makes the entailment

not true):

�2 ) �1(�1) _ : : : _ �n(�1)

i� for every i = 1; : : : ; n and for every in-

equality e in �1, either �2 ) �i(e), or there

are �j and inequality e0 in �1 such that

true) �i(e) _ �j(e
0).

2. If moreover, in �1, there is only a single RSI

inequality, then there is a �i(�1) with each

inequality except one entailed by an inequal-

ity of �2. 2

5.2 Reducing CQAC-SI containment

to datalog program containment

This subsection has two parts. In the �rst part,

we give a procedure that takes as input any

CQAC-SI query Q2, and outputs a CQ (without

arithmetic comparisons), denotedQCQ
2

. Also, we

give a procedure that takes as input any CQAC-

SI query Q1, and outputs a datalog program

Q
datalog
1

. In the second part, we prove that Q2 is

contained in Q1 if and only if QCQ
2

is contained

in Q
datalog
1

.

Lemmas 5.2 and 5.1 are critical for this subsec-

tion. We will describe the construction assuming

we have only strict inequality SIs. It extends eas-

ily to the case there are SIs with both <, >, �,

and �. We describe the construction of Qdatalog
1

and Q
CQ
2

using the following example:

Q1() :- e(X;Y ); e(Y; Z); X > 5; Z < 8
Q2() :- e(A;B); e(B;C); e(C;D); e(D;E);

A > 6; E < 7

We can show Q1 contains Q2. We �rst con-

struct QCQ
2

for Q2 as follows. We introduce new

unary EDB predicates [31], two for each constant

c in Q2, namely U>c and U<c. We also introduce

IDB predicates I>c and I<c similarly. For each

AC of the form X�c (where X is a variable),

we refer to I�c (U�c respectively) as the associ-

ated I-predicate (U -predicate respectively). We

introduce one recursive rule for QCQ
2

. We copy

the regular subgoals of Q2. For each AC Xi�ci
in �2, we add a unary predicate subgoal I�ci(Xi).

We add a set of initialization rules, one for each

pair (U�c; I�c). Note that QCQ
2

is equivalent to

a CQ. The following is the Q
CQ
2

for Q2 in our

running example.
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Q
CQ
2

:- e(A;B); e(B;C); e(C;D); e(D;E);
I>6(A); I<7(E)

I>6(A) :- U>6(A)
I<7(E) :- U<7(E)

We construct a datalog program Q
datalog
1

for Q1:

Q
datalog
1

:- e(X;Y ); e(Y; Z); I>5(X); I<8(Z)
J<8(Z) :- e(X;Y ); e(Y; Z); I>5(X) { mapping rule
J>5(X) :- e(X;Y ); e(Y; Z); I<8(Z) { mapping rule
I<8(X) :- J>5(X) { coupling rule
I>5(X) :- J<8(X) { coupling rule
I>5(X) :- I>6(X) { linking rule
I<8(X) :- I<7(X) { linking rule
I>6(A) :- U>6(A) { initialization linking rule
I<7(E) :- U<7(E) { initialization linking rule

We discuss the details of the construction of

Q
datalog
1

. We �rst construct a single query rule

(the �rst one in the program). We then con-

struct three kinds of rules: mapping rules, cou-

pling rules, and linking rules. We introduce new

unary IDB predicates, two pairs for each con-

stant c in Q1, namely (I>c, I<c) and (J>c, J<c).

We also use all IDB predicates of QCQ
2

in the

linking rules. For each pair of one inequalityX�c

and one IDB predicate atom I�c(X) (J�c(X) re-

spectively), we refer to each other as the associ-

ated I-atom (associated J-atom respectively) or

the associated AC.

The query rule copies in its body all subgoals

of Q1 and replaces each AC of Q1 by its asso-

ciated I-atom. We get one mapping rule for

each single inequality e in Q1. The body is a

copy of the body of the query rule, only that

the I-atom associated to e is deleted. The head

is the associated to the J-atom associated to

e. For every pair of constants c1 � c2 con-

tained in Q1, we construct two coupling rules.

One rule is I<c2(X) :- J>c1(X), and the other is

I>c1(X) :- J<c2(X).

Finally, we construct the linking rules: For

each pair of constants (c1; c2) from Q1 and Q2

respectively, if X�c2 entails X�c1, we construct

the rule: I�c1(X) :- I�c2(X). The initialization

rules are the same as in

Q
CQ
2

over the same unary EDB predicates.

In our running example, we want to show that

Q
CQ
2

is contained in Q
datalog
1

. We unfold the

rules in Q
datalog
1

and transform the program to

the query rule:

Q
datalog
1

:- e(X;Y ); e(Y;Z); e(X1 ; Y1); e(Y1;X);
U>6(X1); U<7(Z)

This CQ maps on Q
CQ
2

, thus showing the con-

tainment.

Theorem 5.1 Let Q1 be a CQAC-SI1 query

and Q2 be a CQAC-SI query. Then Q2 v Q1

i� Q
CQ
2

v Q
datalog
1

. 2

The following result is a consequence of this

reduction.

Theorem 5.2 The complexity of checking con-

tainment of a CQSI query in a CQSI1 query is

in NP. 2

Our algorithm uses the algorithm in [14] to

compute an MCR of a datalog program using CQ

views, and transforms in a straightforward way

the datalog MCR to an datalog (<;�) MCR for

the CQSI1 query.

Future Work: The decidability of �nding an

MCR of a query with comparison predicates us-

ing views with comparison predicates, especially,

when all the view variables are not distinguished,

needs to be investigated. We also need to design

an eÆcient algorithm for obtaining ERs of such

queries using views especially, if we want the so-

lution to scale.

References

[1] S. Abiteboul and O. M. Duschka. Complexity of
answering queries using materialized views. In
PODS, pages 254{263, 1998.

[2] F. Afrati, C. Li, and P. Mitra.
http://www.ics.uci.edu/�chenli/alm.ps/.

[3] F. Afrati, C. Li, and J. D. Ullman. Generating
eÆcient plans using views. In SIGMOD, pages
319{330, 2001.

10



[4] R. J. Bayardo Jr. et al. Infosleuth: Semantic
integration of information in open and dynamic
environments (experience paper). In SIGMOD,
pages 195{206, 1997.

[5] C. Beeri, A. Y. Levy, and M.-C. Rousset.
Rewriting queries using views in description log-
ics. In PODS, pages 99{108. ACM Press, 1997.

[6] D. Calvanese, G. D. Giacomo, and M. Lenzerini.
Answering queries using views over description
logics knowledge bases. In PODS, pages 386{
391, July - August 2000.

[7] A. Chandra, H. Lewis, and J. Makowsky. Em-
bedded implication dependencies and their in-
ference problem. In STOC, pages 342{354, 1981.

[8] A. K. Chandra and P. M. Merlin. Optimal im-
plementation of conjunctive queries in relational
data bases. STOC, pages 77{90, 1977.

[9] S. Chaudhuri, R. Krishnamurthy, S. Potami-
anos, and K. Shim. Optimizing queries with
materialized views. In ICDE, pages 190{200,
1995.

[10] S. Chaudhuri and M. Y. Vardi. On the equiva-
lence of recursive and nonrecursive datalog pro-
grams. In PODS, pages 55{66, 1992.

[11] S. S. Chawathe et al. The TSIMMIS project: In-
tegration of heterogeneous information sources.
IPSJ, pages 7{18, 1994.

[12] S. S. Cosmadakis and P. Kanellakis. Parallel
evaluation of recursive queries. pages 280{293.
PODS, 1986.

[13] O. M. Duschka. Query planning and optimiza-
tion in information integration. Ph.D. Thesis,

Computer Science Dept., Stanford Univ., 1997.

[14] O. M. Duschka and M. R. Genesereth. Answer-
ing recursive queries using views. In PODS,
pages 109{116, 1997.

[15] D. Florescu, A. Levy, D. Suciu, and K. Yagoub.
Optimization of run-time management of data
intensive web-sites. In Proc. of VLDB, pages
627{638, 1999.

[16] G. Grahne and A. O. Mendelzon. Tableau tech-
niques for querying information sources through
global schemas. In ICDT, pages 332{347, 1999.

[17] A. Gupta, Y. Sagiv, J. D. Ullman, and
J. Widom. Constraint checking with partial in-
formation. In PODS, pages 45{55, 1994.

[18] L. M. Haas, D. Kossmann, E. L. Wimmers, and
J. Yang. Optimizing queries across diverse data
sources. In Proc. of VLDB, pages 276{285, 1997.

[19] Z. Ives, D. Florescu, M. Friedman, A. Levy, and
D. Weld. An adaptive query execution engine
for data integration. In SIGMOD, pages 299{
310, 1999.

[20] A. Klug. On conjunctive queries containing in-
equalities. Journal of the ACM, 35(1):146{160,
January 1988.

[21] P. G. Kolaitis, D. L. Martin, and M. N. Thakur.
On the complexity of the containment problem
for conjunctive queries with built-in predicates.
In PODS, pages 197{204, 1998.

[22] A. Levy. Answering queries using views: A sur-
vey. Technical report, Computer Science Dept.,
Washington Univ., 2000.

[23] A. Levy, A. O. Mendelzon, Y. Sagiv, and D. Sri-
vastava. Answering queries using views. In
PODS, pages 95{104, 1995.

[24] A. Levy, A. Rajaraman, and J. J. Ordille.
Querying heterogeneous information sources us-
ing source descriptions. In Proc. of VLDB, pages
251{262, 1996.

[25] P. Mitra. An algorithm for answering queries ef-
�ciently using views. In Proceedings of the Aus-

tralasian Database Conference, 2001.
[26] R. Pottinger and A. Levy. A scalable algorithm

for answering queries using views. In Proc. of

VLDB, 2000.
[27] X. Qian. Query folding. In ICDE, pages 48{55,

1996.
[28] A. Rajaraman, Y. Sagiv, and J. D. Ullman. An-

swering queries using templates with binding
patterns. In PODS, pages 105{112, 1995.

[29] D. Theodoratos and T. Sellis. Data warehouse
con�guration. In Proc. of VLDB, 1997.

[30] J. Ullman. Personal communication.
[31] J. D. Ullman. Principles of Database and

Knowledge-base Systems, Volumes II: The New

Technologies. Computer Science Press, New
York, 1989.

[32] J. D. Ullman. Information integration using log-
ical views. In ICDT, pages 19{40, 1997.

[33] R. van der Meyden. The complexity of querying
inde�nite data about linearly ordered domains.
In PODS, 1992.

11


