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Abstract

Views over databases have recently regained attention in
the context of data warehouses, which are seen as material-
ized views. In this setting, efficient view maintenance is an
important issue, for which the notion ofself-maintainability
has been identified as desirable. In this paper, we ex-
tend self-maintainability to (query and update)indepen-
dence, and we establish an intuitively appealing connection
between warehouse independence andview complements.
Moreover, we study minimal complements and show how
to compute them in the presence of key constraints and in-
clusion dependencies in the underlying databases. Taking
advantage of these complements, an algorithm is outlined
for the specification of independent warehouses.

1 Introduction

Views over databases have recently regained attention
in the context ofdata warehouses. Indeed, a warehouse
can be considered as a collection ofmaterialized views
over one or more operational databases, for which proper
maintenanceis crucial. Incremental view maintenance has
been considered for a long time in the literature already
[4, 8, 9, 12]; an overview of maintenance of materialized
views appears in [11]. In spite of those rich results, view
maintenance in a warehousing environment is complicated
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by the fact that the sources are decoupled from the ware-
house, so that traditionalincrementalview maintenance
may exhibit anomalies [27, 28]. In this situation, the no-
tion of warehouse self-maintainabilityhas been identified
as desirable. Self-maintainability for one view has been in-
vestigated in [3, 10, 18], for multiple views in [14], using
auxiliary views in [18], and using conditional tables in [21].
In this paper, we generalize self-maintainability to (query
and update)independence, and exhibit an intuitively appeal-
ing and surprising connection between warehouse indepen-
dence andview complements[2]. In addition, we outline an
algorithmic approach for the specification of independent
warehouses.

A data warehouseis nowadays understood as an inte-
grated and time-varying collection of data primarily used in
organizational decision making by means of online analyt-
ical processing (OLAP) [5, 20]. Typically, it is a standard
or specialized DBMS that stores materialized views in or-
der to provide fast access to integrated information [25, 20]
extracted from multiple, heterogeneous, autonomous, dis-
tributed information sources.

In this paper, we focus on the issue of data integration,
and more specifically on warehouse maintenance. Data in-
tegration means that data which has been extracted from
the sources is merged into the warehouse, initially or af-
ter the sources have undergone updates. Integration then
means (i) materializing views of the underlying databases,
and (ii) maintaining them after updates have occurred at the
sources. However, maintenance is more complicated than in
traditional databases for various reasons. Indeed, since the
information sources are only loosely coupled to the ware-
house, they donot participate in its maintenance; instead,



they simply report their changes to the warehouse. The
warehouse is typicallynot in a position to send queries back
to the sources, since that can incur processing delays, the
queries may be expensive, and such queries can cause ware-
house maintenance anomalies [27, 28]. Even worse, when
information sources are highly secure or legacy systems, ad-
hoc queries may not be permitted at all. Consequently, it is
desirable to ensure that, as much as possible, queries to the
sources are not required in order to keep the warehouse data
consistent. So the problem is how to maintain the ware-
house based on the reported changes at the sources alone.
We now illustrate this problem using an example from [26].
As in [26], for the sake of simplicity, we use the relational
model for data sources and the relational algebra for speci-
fying views.

Example 1.1Consider the warehouse scenario shown in
Figure 1, where the warehouse consists of the single view
Sold = Sale ./ Emp, and assume that the databases
shown currently have the following contents (whereclerk
is assumed to be a key for relationEmp):

Sale item clerk
TV set Mary
VCR Mary
PC John

Emp clerk age
Mary 23
John 25
Paula 32

Integrator

Data Warehouse

Sales
Database Database

Emp(clerk, age)

Sold = Sale Emp

Sale(item, clerk)

Company

Figure 1. Data warehousing example.

Next, let the Sales database notify the integrator (solid ar-
rows in Figure 1) of the following update: “insert intoSale
the tuplehComputer, Paulai.” As we have said, obtaining
the information needed by the integrator to maintain the
warehouse by querying the sources (dashed arrows) is not
an option. Thus, the straightforward approach of having
the Company Database join the new tuple with all tuples
in relationEmpto find out the join tuples is not available.
Instead, the warehouse should be able tomaintain itself; to
this end, notice that a subset of theEmprelation appears in
the warehouse already (as projection ofSoldontoclerkand
age). It hence suffices to additionally keep the following

information in the warehouse:

C1 = Emp n �clerk;age(Sold)

Since Paula does not appear in the projection ofSold onto
clerk, a join of tuplehComputer, Paulai withC1 now yields
the data necessary to update the warehouse. Similarly, if
the insertion concernsEmp, then the integrator will need to
know the following set of tuples:

C2 = Sale n �item;clerk(Sold)

In fact, as is easily seen,C1 andC2 provide sufficient infor-
mation for maintaining the warehouse w.r.t. deletions from
SaleandEmpas well.1 As we shall see in the following
section,C1 andC2 form a “warehouse complement”. 2

In view maintenance, when additional queries over base
data are never required to maintain a given view, the view is
said to beself-maintainable; since a self-maintainable ware-
house can be updated or refreshed independently from its
underlying sources, we call warehouses with that property
update-independent(this notion will formally be defined in
Section 4).

Clearly, most warehouse views are not update-
independent. However, update independence can be en-
sured by storing additional (auxiliary) views at the ware-
house. For example, in Figure 1, if we add auxiliary
views C1 andC2 to the warehouse, it becomes update-
independent. Obviously, every warehouse can become
update-independent, ifall relevant data from the sources is
copied to the warehouse. It appears to be an open prob-
lem to determine the minimum amount of extra information
needed for update independence of a given view [26]. We
remark that the problem of self-maintainability w.r.t. up-
dates, or update-independence, has attracted considerable
attention in the past few years, and partial solutions have
been proposed, for example based on key and referential
integrity constraints [18].

The approach followed in [18] is to first determine a
setfE1; : : : ; Eng of so-calledmaintenance expressions(as-
suming a single materialized view V) and then to proceed
in either of two different ways:

1. From the maintenance expressionsE1; : : : ; En, extract
auxiliary views that, together with the warehouse view,
are self-maintainable w.r.t. updates.

2. Given the warehouse viewV , “guess” a set of auxiliary
viewsfA1; : : : ; Alg and then

� check if the maintenance expressionsE1; : : : ; En

can be computed fromW = fV;A1; : : : ; Alg,
using an algorithm to determine whether a query
can be answered using a set of views [6, 16, 19]
and

1For simplicity, we do not consider modifications here.



� check if the viewsfA1; : : : ; Alg can be main-
tained fromW .

In this paper we propose a different approach to self-
maintainability w.r.t. updates. Our approach can roughly
be described as follows:

1. Given a warehousefV1; : : : ; Vkg, determine a “ware-
house complement” (i.e., a special set of auxiliary
views to be defined in the following section).

2. Use the one-to-one mapping thus created by the ware-
house and its complement to apply an incremental
maintenance algorithm.2

In fact, our approach is the “opposite” of that of [18], in
the sense that we first determine the auxiliary views (i.e.,
the complement) and then compute the maintenance expres-
sions (assumingany number of materialized views — not
just a single view as in [18]). In addition, we propose to ex-
tend the concept of update-independence to queries as well:
Indeed, there is good motivation for enabling warehouses to
answer queries that could also be posed directly to the given
sources. For example, sources may be unavailable or too
busy to answer queries; similar to replicated databases, it
may then be attractive for an application to have its queries
answered from somewhere else, in this case the warehouse.
Moreover, source databases might not tolerate queries from
outside, or might be unable to answer queries simply be-
cause they are not databases and hence do not understand
languages such as SQL or relational algebra. Intuitively, a
warehouse is self-maintainable w.r.t. queries, or isquery-
independent, if every query to the sources can be answered
using the warehouse relationsonly.

Example 1.2Consider Figure 1 once more as well as the
following query to the sources:

Q = �clerk(Sale) [ �clerk(Emp)

(asking for all clerks that appear either inSaleor in Emp).
Clearly, this query cannot be answered by the warehouse, as
relationSoldcontains only those clerks that appear in both
SaleandEmp. Therefore, the warehouse of Figure 1 is not
query-independent.

However, like update independence, query independence
can be ensured by storing additional (auxiliary) views at the
warehouse: If we add auxiliary viewsC1 andC2 as defined
in Example 1.1 to the warehouse, the warehouse becomes
query-independent. Indeed, with the addition ofC1 andC2,
the warehouse becomesfSold; C1; C2g and can recompute
both base relations as follows:

Emp = �clerk;age(Sold) [ C1

Sale = �item;clerk(Sold) [ C2

2As we shall see, the warehouse complement creates a one-to-one map-
ping from states of the base relations to states of the warehouse and its
complement.

In the “augmented” warehouse, queryQ above can be an-
swered by the following queryQ (that usesonlywarehouse
relations):Q = �clerk(Sold)[ �clerk(C1)[�clerk(C2) 2

We now relate the above observations to a notion intro-
duced in [2]: Call acomplementof a warehouse any set of
auxiliary views which (together with the warehouse) can re-
compute all base relations. For example, the auxiliary views
C1 andC2 from Example 1.1 constitute a complement of
the warehouse shown in Figure 1. Note that every ware-
house has at least one complement (since copying all base
relations to the warehouse creates a complement), but obvi-
ously the interest is in complements that areminimal (in a
sense to be defined later). Thus, our warehouse from Figure
1 has already two complements, one consisting ofC1 and
C2, and another consisting of theSaleandEmp relations.
It follows that warehouse complements are not unique in
general.

The notion of a warehouse complement we will use here
derives directly from the notion of view complement first
introduced in [2]. However, view complements were used
in [2] to translate updates on the view back to updates on the
underlying database. Here we use complements to translate
in the opposite direction, i.e., to translate queries and up-
dates on the database to queries and updates on the view
(i.e., on the warehouse). Complexity issues related to the
computation of view complements were studied in [7].

The main contributions of this paper can be summarized
as follows:

1. We extend the concept of update-independence to
queries as well (and as we shall see, the latter implies
the former, i.e., a query-independent warehouse is also
update-independent).

2. We provide a formal framework in which query and
update independence can rigorously be defined and
studied, for any number of materialized views.

3. We present an algorithm for computing the comple-
ment of a warehouse defined by selection, projection,
and join. Complements are the formal tool for render-
ing warehouses independent.

4. We provide correctness criteria for the translation of
queries and updates from the sources to the warehouse,
and show how previous results on self-maintainability
w.r.t. updates can be derived from these criteria.

5. We propose an algorithmic approach to the specifica-
tion of independent warehouses.

The paper is organized as follows: In Section 2 we de-
fine view complements and show how to compute mini-
mal complements under certain conditions. We use com-



plements to define query-independent warehouses in Sec-
tion 3, and update-independent warehouses in Section 4.
Then we proceed, in Section 5, to putting things in perspec-
tive and discuss various ways to exploit our results, among
them an algorithmic approach to the specification of ware-
houses that are query and update independent. Section 6
contains concluding remarks and suggestions for further re-
search. Proofs are omitted due to lack of space (the inter-
ested reader is referred to [15]).

2 View Complements

We assume the reader to be familiar with the basics
of relational databases, for example, along the lines of
[23, 24]. We consider a fixed set of relation schemata
D = fR1; : : : ; Rng, coming from various databases. The
set of attributes on which a relation schemaR 2 D is de-
fined will be denoted byattr(R), or simply byR if no
confusion is possible. A database state overD has the
form d = hr1; : : : ; rni, whereri denotes a relation overRi,
1 � i � n. For defining views, we will use relational alge-
bra.

A view is defined as a relational expression overD. It
can bevirtual, in which case it is recomputed each time
the user accesses the view, or it can bematerialized, in
which case the view is physically stored as a relation in the
database. In the sequel, we will often use the terms “re-
lational expression”, “view definition”, and “view” inter-
changeably. We will denote the result of evaluating a given
view V on a database stated by V (d).

The views overD can be ordered w.r.t. their information
content in terms of query containment (cf. [23, 24]):

Definition 2.1 Let U andV be two views overD with
attr(U) = attr(V ). DefineU � V if for every stated
of D the inclusionU(d) � V (d) holds. DefineU < V if
U � V and there is a stated of D s.t.U(d) $ V (d) holds.

2

The extension of the view ordering to sets of views is
straightforward, i.e., ifU = fU1; U2; : : : ; Ukg andV =
fV1; V2; : : : ; Vkg are sets of views overD thenU � V if
Ui � Vi, 1 � i � k, holds for some ordering of the views
in U andV .

Clearly, a setV of views overD expresses some (but
usually not all) of the information contained inD. Infor-
mally, any setC = fC1; : : : ; Clg of views overD that ex-
presses the information “missing” fromV w.r.t.D is called
a complement ofV w.r.t.D. More formally, we have:

Definition 2.2 Let D = fR1; : : : ; Rng be a set of re-
lation schemata, and letV = fV1; : : : ; Vkg be a set of
views overD. A complementof V (w.r.t. D) is any set
C = fC1; : : : ; Clg; l � 0; of views overD s.t. eachRi is
a view overfV1; : : : ; Vk ; C1; : : : ; Clg, i.e., s.t. eachRi can

be computed from the views and their complement (using a
relational expression). 2

For instance, in Example 1.2 the setC = fC1; C2g is
a complement ofV = fSoldg, asSaleand Emp can be
computed fromV , C1, andC2.

In fact, a set of viewsV together with a complement sets
up a one-to-one mapping from database states to view states
as stated in the following proposition:

Proposition 2.1 Let D = fR1; : : : ; Rng be a set of re-
lation schemata, and letV = fV1; : : : Vkg and C =
fC1; : : : ; Clg be sets of views overD. Then C is a
complement ofV iff for all database statesd and d0,
d 6= d0 implies hV1(d); : : : ; Vk(d), C1(d); : : : ; Cl(d)i 6=
hV1(d0); : : : ; Vk(d0), C1(d

0); : : : ; Cl(d
0)i. 2

For example, using this characterization we can prove
that the setC = fC1; C2g of Example 1.2 is actually a
complement ofV , by simply showing that for all database
statesd andd0, d 6= d0 implies hV (d); C1(d); C2(d)i 6=
hV (d0); C1(d

0); C2(d
0)i, which is easy to see.

Next, we state some assumptions and notation that are
necessary for computing a minimal complement of a set of
PSJ expressions, in the presence of key and inclusion con-
straints:

� We assume that all views arePSJ viewsoverD, i.e.,
relational expressions of the form�Z(��(Ri1 ./ : : : ./

Rik )), whereRi1 ; : : : ; Rik are inD.

� Given a setV of PSJ views and a base relationR, we
denote byVR the set of views inV whose definition
involvesR.

� For ease of notation,�Z(R) will denote the usual pro-
jection ofR onto attribute setZ if Z � attr(R), or the
empty relation (overZ) otherwise.

Proposition 2.2 Let D = fR1; : : : ; Rng be a set of rela-
tion schemata without any integrity constraints. LetV =
fV1; : : : Vkg be a set of PSJ views overD. For1 � i � n

defineRi =
S
Vj2VRi

�Ri
(Vj). Then the set of views

C = fC1; : : : ; Cng, whereCi is defined by

Ci = Ri nRi; 1 � i � n; (1)

is a complement ofV . Moreover, eachRi 2 D can be
recomputed fromCi andRi as follows:

Ri = Ci [ Ri; 1 � i � n: (2)

2

The following examples illustrate the computation of
complements and the advantages gained by exploiting the



sharing of information between a setV of views and its
complement.

Example 2.1 Let D consist of three relation schemata
R(X;Y ), S(Y; Z), andT (Z). First, letV = fV1g where
V1 = R ./ S ./ T . Applying the previous proposi-
tion, we obtain a complementC = fCR; CS ; CT g, where
CR = Rn�XY (V1); CS = Sn�Y Z(V1); CT = T n�Z(V1).
Note that this complement is strictly smaller (w.r.t. the view
ordering�) than the trivial complementC 0 = D.

Let now V = fV1; V2g, whereV1 = R ./ S ./ T

and V2 = S. Then the above proposition yields a dif-
ferent complement, namelyC 0 = fC 0

R; C
0
S ; C

0
T g, where

C 0
R = CR; C

0
S = Sn(�Y Z(V1)[�Y Z(V2)) = ;; C 0

T = CT .
In this case,C 0

S will always be empty, showing that the
complementC 0 is strictly smaller thanC. Moreover, us-
ing Theorem 2.1 below, we can show thatC 0 is in fact a
minimal complement. 2

The above example was presented in [14] to illustrate
that (update) self-maintainability of multiple views might
be achieved in certain situations although individual views
considered separately are not self-maintainable: It was
shown in [14] thatV1 or V2 alone are not self-maintainable,
but the setfV1; V2g is. From our point of view we can
see thatV2 is a superset ofCS . Consequently, all informa-
tion fromS is available for computing incremental changes.
Moreover, it is obvious thatfV1; V 0

2 = CSg, while stor-
ing less information thanfV1; V2g, is self-maintainable as
well. Note that, as this example shows, storing a comple-
ment may be more than what is required for (update) self-
maintainability.

Comparing our approach to that of [14], we can say the
following:

� As we shall see shortly, our approach can incorporate
key constraints and inclusion dependencies, while the
approach of [14] cannot.

� Roughly speaking, the complements produced by our
approach are the queries to base relations needed by
the approach of [14] when the warehouse is not self-
maintainable.

In general, the computation of complements according to
Proposition 2.2 doesnot guarantee minimal results, as the
following example shows.

Example 2.2ConsiderD = fR(A;B;C)g and a set of
views V = fV1; V2; V3g, whereV1 = �AB(R); V2 =
�BC(R) andV3 = �B=b(R).

In this situation, Proposition 2.2 yieldsCR = R n V3 as
a complement ofV . However, the following view is also a
complement ofV :

C 0
R = (R ./ �AB((V1 ./ V2) nR)) n V3;

because we have:

R = C 0
R [ V3 [ ((V1 n �AB(C 0

R [ V3)) ./
(V2 n �BC(C 0

R [ V3))):

Moreover, it is easy to see that the complementC 0
R is in

general strictly smaller thanCR: 2

However, for SJ views, i.e., for PSJ views where the fi-
nal projection includes all attributes occurring inD, Propo-
sition 2.2 does produce minimal complements.

Theorem 2.1 Let D = fR1; : : : ; Rng be a set of rela-
tion schemata without any integrity constraints. LetV =
fV1; : : : Vkg be a set of SJ views overD. Then the comple-
ment produced by Proposition 2.2 is minimal. 2

In the remainder of this section, we explore the impact of
integrity constraints on the size and form of minimal com-
plements. More specifically, we look into key constraints
and inclusion dependencies, i.e., constraints of the form
�X(Ri) � �X(Rj), for X � attr(Ri) \ attr(Rj). For
simplicity, we assume that at most one key is declared for
every relation schema. Moreover, we assume that the set of
inclusion dependencies over a givenD is acyclic [1].

The central ideas for the minimization of complements
in the presence of constraints lie in the following observa-
tions: First, key constraints might permit the computation of
lossless joins while recomputing base relations from views.
Second, ifKj is a key forRj , then an inclusion dependency
�X(Ri) � �X(Rj) with Kj � X implies that�X (Ri) can
be seen as a “view” overRj whose schema contains the key
of Rj . Hence,�X(Ri) can be used to compute additional
lossless joins forRj . Instead of usingRi directly, we use
its representation in terms of views and complements (cf.
Equation (4) of Theorem 2.2 below).3

We introduce some notation first: LetV be a set of PSJ
views and letRj be a relation schema with keyKj .

� We denote byVKj
the set of views inVRj

s.t.VRj
con-

tainsKj , i.e.,VKj
= fVi 2 VRj

j Kj � Zig (where
Zi denotes the set of attributes of viewVi).

� In order to incorporate inclusion dependencies we de-
fine

V ind
Kj

= VKj
[

�
�X(Ri)

�X(Ri) � �X(Rj) and
Kj � X

�

� We call a subsetY of V ind
Kj

a coverof Rj if

1. every attribute ofRj is present in some view of
Y and

2. Y is minimal w.r.t. the above property.

We denote byCindRj
the set of all covers ofRj .

3For ease of notation we do not allow general inclusion dependencies
involving sequences of attributes as in [24], although they could be in-
corporated by a suitable application of the renaming operator toRi when
computingRj ’s complementary relation.



Before stating our main theorem on the computation of
complements, we illustrate the above notations by an ex-
ample.

Example 2.3Consider the relation schemataR1(A;B;C),
R2(A;C;D), andR3(A;B), whereA is a key forRi, 1 �
i � 3; �AB(R3) � �AB(R1) and�AC(R2) � �AC(R1).

Let V = fV1; V2; V3; V4g, whereV1 = R1 ./ R2; V2 =
R3, V3 = �AB(R1); V4 = �AC(R1). Then we have

VK1
= fV1; V3; V4g

V ind
K1

= fV1; V3; V4, �AB(R3), �AC(R2)g
CindR1

= ffV1g; fV3; V4g; f�AB(R3); V4g;
fV3, �AC( R2)g, f�AB(R3); �AC(R2))gg 2

Theorem 2.2 Let D = fR1; : : : ; Rng be a set of relation
schemata, whereKi is the only key forRi, 1 � i � n,
and where inclusion dependencies may be incorporated (as
described above). For1 � i � n define

Ri =
[

Vj2VRi

�Ri
(Vj) andRir

i =
[

Y 2Cind
Ri

�Ri
(1Vj2Y Vj):

4

Then the set of viewsC = fC1; : : : ; Cng, where

Ci = Ri n (Ri [ R
ir
i ); 1 � i � n; (3)

is a complement ofV . Moreover, eachRi 2 D can be
recomputed as follows:

Ri = Ci [ Ri [ R
ir
i ; 1 � i � n: (4)

In addition,C is minimal among all complements for which
the recomputation of base relations is achieved as follows:

1. Joins are always performed along keys, and

2. only complementary views and views fromV ind
K are

used. 2

It is important to note that all joins involved in the recom-
putation of a base relation areextension joins(cf. Equation
(4)), and thus can be performed using efficient algorithms
[13].

Also note that foreign key constraints (i.e., combinations
of key and inclusion constraints) are handled by the previ-
ous theorem as well. Such constraints were also used in [18]
in order to reduce the size of auxiliary views stored in the
warehouse. Note, however, that our method is applicable
to any number of views (and not just to a single view as in
[18]).

The following example demonstrates the role of con-
straints in reducing the size of a complement.

Example 2.3 (continued) Consider again the relation
schemataR1(A;B;C), R2(A;C;D), R3(A;B) and views

4The superscriptir indicates that this view contains tuples derived due
to interrelational dependencies.

V = fV1; V2; V3; V4g, and assume first that there are no
constraints. Then, according to Theorem 2.2, the views
V3 andV4 are of no use in the computation of a comple-
ment, and we obtain the complementary viewsC1 = R1 n
�ABC(V1); C2 = R2 n �ACD(V1); andC3 = R3 n V2 = ;.

Assume now, thatA is a key forR1. Then we have a
lossless joinR1 = Rir

1
= V3 ./ V4, and soC1 = ;. The

other views remain unchanged.
To see the effect of inclusion dependencies, consider

V 0 = fV1; V3g in a situation whereA is a key forRi; 1 �
i � 3, and�AC(R2) � �AC(R1). Then we haveC2 = R2n
�ACD(V1) andC3 = ;; as seen before. Furthermore,R1 =
�ABC(V1) andRir

1
= �ABC(V1)[�ABC(V3 ./ �AC(R2)):

Thus, Rir
1

= �ABC(V1) [ �ABC(V3 ./ �AC(C2 [
�ACD(V1))); giving rise toC1 = R1 n (R1 [Rir

1
). 2

Example 2.4 For a different effect of inclusion dependen-
cies, refer to Figure 1, and assume now that there is a ref-
erential integrity constraint stating that every clerk ofSale
also appears inEmp (i.e., �clerk(Sale) � �clerk(Emp)).
As a consequence, every tuple ofSale has a join part-
ner in Emp. HenceC2 is always empty, and we obtain
C = fC1; ;g as a complement ofV = fSoldg. 2

So far we have seen complements and their computation
in the presence of key constraints and inclusion dependen-
cies. In the following sections we discuss the importance
of complements in the specification of independent ware-
houses.

3 Query Independence

As we have seen, awarehouseoverD = fR1; : : : ; Rng
can be seen as a setfV1; : : : ; Vkg of view definitions over
D, called thewarehouse definition. These view definitions
are evaluated and stored initially, and then maintained as
the base relations change. Thus, a warehouse state is a set
of materialized views. For a given database stated, a ware-
house state has the formhV1(d); : : : ; Vk(d)i.

Roughly, query independence means that every queryQ

that can be posed toD can be answered in terms of exe-
cuting a corresponding queryQ over the warehouse. More
formally, query independence can be defined as follows:

Definition 3.1 A warehouseW = fV1; : : : ; Vkg overD is
query-independentif for every queryQ overD there exists
a queryQ overW s.t.Q = Q �W , i.e.,Q(d) = Q(W (d))
for all statesd of D (cf. Figure 2).5 2

As is easily seen, most warehouses are not query-
independent. However, in this section we propose an ap-
proach for making a given warehouseV (defined as a set of

5We call attention to the fact that the symbolW is overloaded. De-
pending on the context, it stands for the set of warehouse views, or for the
function that maps states ofD to warehouse states.



PSJ views overD with key constraints and inclusion depen-
dencies) query-independent. Our approach can be summa-
rized as follows:

Step 1: By applying Theorem 2.2 we find a complement
C of V , and add its views to the warehouse, i.e., we
obtain a new warehouseW = V [ C.

Step 2: There is now a one-to-one mapping from database
states to warehouse states (cf. Proposition 2.1). We
denote this mapping byW and its inverse byW�1.
The inverse is given by Equation (4) (cf. Theorem 2.2).

Step 3: For every queryQ overD, we define the queryQ
overW byQ = Q �W�1.

Step 4: We show that the queryQ provides the desired
translation ofQ, i.e.,Q = Q �W (see Theorem 3.1
below).

In the following we illustrate this approach by an exam-
ple, and we show its correctness. Consider the warehouse
V = fSoldg from Example 2.4 once more, and suppose
thatclerk! ageis a key constraint with referential integrity
�clerk(Sale) � �clerk(Emp).

Step 1 of the algorithm produces the complementC =
fC1g seen earlier, whereC1 = Emp n �clerk;age(Sold).
Thus, we obtain the new warehouseW = fSold; C1g.

According to Step 2, there is now a one-to-one mapping
W from states offEmp; Saleg to warehouse states, and
Equation (4) of Theorem 2.2 expresses the inverseW�1

of this mapping, namely:Emp = C1 [ �clerk;age(Sold),
Sale = �item;clerk(Sold).

Now, applying Step 3, and using the inverseW�1, we
can translate any queryQ overD into a queryQ overW ,
as indicated in the diagram of Figure 2.

d

W

Q
r = Q(d)

w = W(d)

Q

Figure 2. Query independence expressed as
a commuting diagram.

This diagram shows the stated of D, the corresponding
statew =W (d) of the warehouse, and the resultr = Q(d)
of evaluating queryQ in stated. In order to express the
queryQ in terms of a queryQ overw it is sufficient to
substituteW�1(W (d)) for d, which results in the following
translation:

Q(d) = Q(W�1(W (d))) = Q(W�1(w)):

Using this translation we can now defineQ = Q �W�1,
the desired query overw. For example, the query

Q = �age(�item=computer(Sale) ./ Emp)
overD (asking for the ages of clerks that have sold com-
puters) can be answered by the following query over the
warehouse:
Q = �age( �item=computer(�item;clerk(Sold)) ./

(�clerk;age(Sold) [ C1))

This translation is done automatically by simply substitut-
ing for SaleandEmpin Q the expressions provided by the
inverse of the warehouse definition.

The following theorem shows the correctness of our ap-
proach:

Theorem 3.1 Let D = fR1; : : : ; Rng be a set of relation
schemata, and letV be a warehouse overD. Let C be a
complement ofV w.r.t.D. Then

a) W = V [ C is a query-independent warehouse, and

b) for every queryQ overD, the queryQ overW defined
by Q = Q � W�1 satisfies the condition for query
independence, i.e.,Q = Q �W . 2

4 Update Independence

As we have explained in the Introduction, a warehouse
is update-independent if no queries over base relations are
required in order to keep the warehouse data consistent with
the base data. The only information available to the ware-
house are its views and the changes occurring in the base
relations. Most warehouses are not update-independent but
they can become so if additional (auxiliary) views are added
and maintained at the warehouse level [18]. The purpose of
this section is to study update independence and to show
that there is a close relationship between query indepen-
dence and update independence.

The problem of update independence (or self-
maintainability, as it was called previously) was defined
in [18] as follows: Consider a warehouseW over a set
of base relation schemataD. Updatesu are applied to
the current stated of D in response to which views at the
warehouse need to be maintained. We want to computew0,
the update of the current warehouse statew (dashed arrow
in Figure 3), using as little extra information as possible. If
w0 can be computed using only the materialized warehouse
views and the database updateu, then the warehouseW is
update-independentor self-maintainable.

In Figure 3 this notion of update independence is
sketched in terms of a commuting diagram. More formally,
we have:

Definition 4.1 A warehouseW over a set of base relation
schemataD is update-independentif the following condi-



w w’

d d’

W W

u

Figure 3. Update independence expressed as
a commuting diagram.

tion holds: If an updateu changes the database from stated

to stated0 then there exists a warehouse statew0 s.t.

1. w0 can be expressed in terms of warehouse relations
and the updateu only, and

2. w0 =W (d0). 2

We call Condition 2 of the above definition thecorrect-
ness criterionfor warehouse updates.

The solution that we propose for finding the correct
warehouse statew0, in terms ofw andu only, can be sum-
marized as follows:

1. AssumingV is a warehouse defined as a set of PSJ
views overD with key constraints and inclusion de-
pendencies, compute a complementC of V , and add
its views to the warehouse to obtain a new warehouse
W = V [ C.

2. There is now a one-to-one mapping from database
states to warehouse states (see previous section). De-
note this mapping byW and its inverse byW�1.

3. For every updateu overD, define the new warehouse
statew0 in terms of its old statew by w0 = W � u �
W�1(w).

4. The new warehouse state satisfies the correctness cri-
terion as stated in Theorem 4.1 below.

Theorem 4.1 Let D = fR1; : : : ; Rng be a set of base re-
lation schemata, and letV = fV1; : : : ; Vkg be a warehouse
with a complementC = fC1; : : : ; Clg, both defined over
D. Then

a) W = V [ C is an update-independent warehouse and

b) for every updateu over D which changes the base
relations from stated to d0, the new warehouse state
w0 computed from the old statew = W (d) by w0 =
W (u(W�1(w))) satisfies the correctness criterion for
warehouse updates, i.e.,w0 =W (d0). 2

By storing a complement at the warehouse level a (query
and update) independent warehouse environment is estab-
lished, which can be maintained using local information
without accessing base data. Whenever the warehouse is
notified about source updates, its new state has to be de-
termined. Of course, due to performance reasons it is not
feasible to recompute the warehouse views from scratch,
even if all necessary information is available locally. In-
stead, it is far more attractive to derive incremental expres-
sions for each kind of update and to evaluate them online,
when source changes have to be integrated. For this pur-
pose, incremental view maintenance algorithms, that were
originally developed for view maintenance in centralized
databases, are applicable in our setting, e.g. those in [4, 9],
see [11] for an overview. All that has to be done to exploit
those algorithms is to replace any reference to a base rela-
tion occurring in the maintenance expression by its inverse
(Equation (4) of Theorem 2.2).

Example 4.1Consider the scenario of Example 1.1 once
more, and suppose that a set�s of tuples is inserted into
Sale. The following incremental maintenance expressions
compute the new warehouse state in terms of�s and the
base relationEmp :

Sold0 = Sold [ (�s ./ Emp)
C 0
1
= C1 n �clerk;age(�s ./ Emp)

C 0
2
= C2 [ (�s n �item;clerk(�s ./ Emp))

In the above expressions, if we replace all references to
Emp by their inverse, we obtain the following incremen-
tal maintenance expressions in terms of warehouse views
only:

Sold0 = Sold [ (�s ./ (�clerk;age(Sold) [ C1))
C 0
1
= C1 n �clerk;age(�s ./ (�clerk;age(Sold) [ C1))

C 0
2
= C2 [ (�s n �item;clerk(�s ./

(�clerk;age(Sold) [ C1)))

Recall that the viewSoldalone is not update-independent,
and so (incremental) maintenance without auxiliary views
requires queries involving base relations. In contrast, using
a complement we are able to replace all references to base
relations by warehouse views and to obtain the new ware-
house state in an incremental and independent fashion.2

We end this section by noting that a query-independent
warehouse is update-independent, whereas the converse is
not true in general. That is, there are warehouses that are
update-independent without being query-independent. For
example, consider a warehouseW = ��(R) defined over a
single relation schemaR using selection condition�. Then
W is obviouslynot query-independent (for non-trivial con-
ditions�). YetW is update-independent: Every update on
R can be translated to an update onW , without using a
complement. Indeed, if we add tor a set of tuples�r, we
find:



w0 = ��(r [�r) = ��(r) [ ��(�r) = w [ ��(�r)
And if we delete�r from r we find:

w0 = ��(r n�r) = ��(r) n ��(�r) = w n ��(�r)
That is, insertions and deletions onr can be translated to
insertions and deletions on the warehouse, based only on
�r and the warehouse definition��(R).

5 Putting Warehouse Complements in Per-
spective

In this section, we put together the results presented so
far in the form of an algorithmic approach to warehouse
specification.

Given a warehouseV (defined as a set of PSJ views over
a set of base relation schemataD with key constraints and
inclusion dependencies), our approach proceeds in a num-
ber of steps to determine a complementC of V , a set of
algebraic expressions for computing the answers to queries
over base data in terms of the warehouse and its comple-
ment, and a set of algebraic expressions for computing the
changes of the warehouse and its complement in terms of
the base relations and their changes.

Step 1:Use Theorem 2.2 to compute

1.1 a complementC of V (thus defining a new warehouse
W = V [ C);

1.2 the inverseW�1 of the warehouse definition (which is
a set of algebraic expressions defining each base rela-
tion in terms of warehouse views).

Step 2:Find the expressions for query translation:
To answer a database query at the warehouse level, simply
replace every reference to a base relationr by its inverse
(from Step 1.2 above).

Step 3:Find the maintenance expressions:
To translate a database update at the warehouse level, use an
incremental view maintenance algorithm and derive main-
tenance expressions, by simply replacing every reference to
a base relationr by its inverse (from Step 1.2 above).

Several remarks are in order here, concerning the above
approach. First, the main tool for rendering a given ware-
house query- and update-independent is the notion of com-
plement. Our approach delivers

a) auxiliary views if needed (in the form of a comple-
ment) and

b) inverse warehouse expressions (which can be used to
answer database queries at the warehouse level, and to
maintain the warehouse).

The warehouse user does not need to be aware of comple-
mentary views or query rewriting. At warehouse definition

time (or, in a running warehouse environment, even later)
all necessary expressions can be automatically derived from
the base relation schemata and the view definitions. Fur-
thermore, query rewriting for answering database queries
and incremental view maintenance can be integrated in the
warehousing environment and can be handled automatically
as well.

Next, it is current practice to build warehousing environ-
ments on top of star schemata around fact and dimension
tables which integrate information from various sources
[5, 20]. If we assume all sources to be relational, then each
fact table can be regarded as a PSJ view (or unions thereof)
and maintained using our approach. For example, consider
a business warehouse where parts from different suppliers
are sold to customers according to their orders (similar to
the one modeled in the TPC-D decision support benchmark
[22]). This business could be distributed over several loca-
tions, each running its own operational database. Now, the
warehouse maintains

a) dimension tables to store data on locations, customer,
and supplier and

b) fact tables (including foreign keys from the dimension
tables) for orders and sales which are extracted by PSJ
queries from the sources and integrated by union.

Although views including union cannot be used for comput-
ing complements in general, the presence of foreign keys
allows us to uniquely determine the origin of each tuple in
a fact table by selecting on the dimension attributes. Thus,
we can even exploit fact tables, that are integrated by union,
for computing the warehouse complement. As a result, star
schemata allow for an even wider applicability of our ap-
proach.

Finally, as mentioned in the Introduction, OLAP is a
major application domain for data warehousing, where an-
alysts execute complex queries involving aggregate views
defined on fact tables. Although aggregate queries can-
not be exploited when computing complements, they do
not restrict the applicability of our approach either: The
fact tables can be maintained as described above using PSJ
views, whereas view maintenance algorithms for aggregate
queries, e.g., [8, 12, 17], can be used to maintain material-
ized aggregate queries.

6 Concluding Remarks and Future Work

We have presented an approach for specifying ware-
houses that are self-maintainable w.r.t. queriesandupdates.
The key idea behind our approach is setting up a one-to-one
mapping from database states to warehouse states, so that
the warehouse can recompute all base relations, if neces-
sary. We have seen that this idea can be implemented by



adding a complement to the warehouse, and we have given
an algorithm for computing complements for warehouses
defined by PSJ expressions from databases containing key
dependencies with referential integrity. Previous work has
considered self-maintainability of warehouses w.r.t. updates
only.

We remark that the complementary relations
fC1; : : : ; Cng given by Theorem 2.2 areall the infor-
mation we need for warehouse independence. If the queries
to base relations required for the computation of any
specificCi can be answered in reasonable time, then we
do not need to maintainCi at the warehouse; we simply
store the expression for computing it. Otherwise, we have
to maintainCi at the warehouse.

We are currently pursuing the following lines of re-
search. First, the computation of minimal complements
needs to be studied in more depth: In this paper we have
assumed that each view in the complement has the same
set of attributes as some base relation. Relaxing the restric-
tions on the form of the complements may lead to smaller
complements. Second, the relationship between query inde-
pendence and update independence needs to be examined in
more detail. We have seen that query independence implies
update independence. However, we have also mentioned
that update independence can be obtained without the use
of a complement (in certain cases). So a relevant question
here is to investigate cases in which update independence
can be obtained with auxiliary information strictly smaller
than a complement, and to determine the necessary amount
as well as the degree of query independence that we obtain
in such cases.
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