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Abstract. We present a formal analysis of the following view-selection
problem: Given a set of queriesand a database,return de�nitions of views
that, when materialized in the database, would reduce the evaluation
costs of the queries. Optimizing the layout of stored data using view
selection has a direct impact on the performance of the entire database
system. At the sametime, the optimization problem is intractable, even
under natural restrictions on the typesof queriesof interest. In this paper
we usean integer-programming model to obtain optimal solutions to the
problem of view selection for aggregatequeries on data warehouses.We
also report the results of the post-optimalit y analysis that we performed
to determine/observe the impact of changing certain input characteristics
on the optimal solution.

1 In tro duction

As relational databasesand data warehouseskeep growing in size, evaluating
many commonqueries| such asaggregatequeries| by database-management
systems (DBMS) may require signi�can t transformations of large volumes of
stored data. As a result, the requirement of good overall performanceof frequent
and important user queriesnecessitatesoptimal DBMS choicesin choosing and
executing query plans. A signi�can t aspect of query performance is the choice
of auxiliary data used in query answering, such as which indexes are used in
a query plan to accessa given stored relation. In modern commercial database
systems,another common type of auxiliary data is materialized views | rela-
tions that were computed by answering certain querieson the (original) stored
data in the databaseand that can be usedto provide, without time-consuming
runtime transformations, \precompiled" information relevant to the user query
in question. We give an example of using materialized views to answer select-
project-join querieswith aggregationin a star-schema [21] data warehouse.
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Example 1. Consider a data warehousewith three stored relations:

Sales(CID,DateID,QtySold,Disc ount )
Customer(CID,CustName,Address,Cit y,Sta te)
Time(DateID,Day,Week,Month,Year)

Sales is the fact table, and Customer and Time are dimension tables.
Let the query workload of interest have two aggregatequeries, Q1and Q2,

expressedhere in SQL. Query Q1asks for the total quantit y of products sold
per customer in the last quarter of the year 2004.Q2asksfor the total product
quantit y sold per year for all yearsafter 1999to customersin North Carolina.

Q1: SELECTc.CID, SUM(QtySold) Q2: SELECTt.Year, SUM(QtySold)
FROMSales s, Time t, Customer c FROMSales s, Time t, Customer c
WHEREs.DateID=t.DateID WHEREs.DateID=t.DateID
ANDs.CID=c.CID ANDYear=2004 ANDs.CID=c.CID
ANDMonth >= 10 ANDMonth <= 12 ANDYear > 1999 ANDState = `NC'
GROUPBY c.CID; GROUPBY t.Year;

We can use techniques from [19] to show that the following view V can be
usedto give exact answers to each of Q1and Q2.

V: SELECTs.CID, Year, Month, State, SUM(QtySold) AS SumQS
FROMSales s, Time t, Customer c
WHEREs.DateID = t.DateID ANDs.CID = c.CID
GROUPBY s.CID, Year, Month, State;

That is, suppose the view V is materialized in the data warehouse,which
means that the answer to the query V on the database is precomputed and
stored as a new relation V3 alongside Sales , Customer, and Time. Then the
answer to each of Q1and Q2can be computed by accessingjust the data in the
materialized view V. For instance, the query Q1can be evaluated as

Q1: SELECTCID, SUM(SumQS)FROMV
WHEREYear=2004 ANDMonth >= 10 ANDMonth <= 12 GROUPBY CID;

Note that evaluating Q1using the view V is likely to be more e�cien t than
evaluating Q1using its original de�nition, as using V allows the DBMS to avoid
taking an expensive join of Sales , Customer, and Time and also | becauseV is
an aggregateview | may save sometime in the grouping/aggregation step.

In this paper we considerthe following view-selectionproblem: Given a set of
queries,a database,and a set of constraints on derived data (e.g., a storagelimit
on the amount of disk spacethat can be usedto store materialized views), return
de�nitions of views that, when materialized in the database,would satisfy the
constraints and reducethe evaluation costsof the queries.As automated design
of materialized views to answer queries is an important component of query
processingin data warehouses[5,19,32] and of automated query-performance

3 We follow the tradition of using the samename for a view query and its answer.



tuning [20,26,28], the problemsof selectingviewsand of answering queriesusing
materialized views have beenstudied thoroughly in the literature.

Generally, spending more time on designing materialized views for a given
query workload tends to pay o�, asgreater improvement can thereby be achieved
in the performanceof the queriesusing the resulting stored derived data. As the
number of potentially bene�cial views or indexes tends to be prohibitiv e even
for simple query workloads [3,11,19], in many casesit is not practical to use
exhaustive enumeration to obtain derived data that would globally minimize
query-evaluation costs. Several approaches (see,e.g., [3,17,19,29]) have been
proposedto designgood-quality setsof derived data for evaluating SQL queries,
without spending an inordinate amount of time on the design.We continue the
work of [17,19] of studying view-selectionalgorithms that are competitiv e, that
is, algorithms that provide optimalit y guaranteeson their outputs without nec-
essarily exploring the entire search spaceof views. In this paper we present a
formal model of the view-selectionproblem for querieson star-schemadata ware-
housesand explore competitiv e techniques for designingand using materialized
views in this context. Our techniquesand results are applicable to a practically
important classof range-aggregatequerieson star-schemadata warehouses.

Our contributions are as follows:

{ we model view selection as an integer-programming (IP) problem and give
referencesto similar IP structures in the literature,

{ we use standard IP-solver software to solve optimally several realistic-size
instancesof the problem on the popular TPC-H benchmark [33], and

{ we perform a post-optimalit y analysis to determine/observe the impact of
changing certain input characteristics on the optimal solution.

After outlining related work, in Section 2 we provide the background and
formal de�nitions. Section3 intro ducesour IP model of the view-selectionprob-
lem. Section 4 describes our framework for analysis and experimentation. We
report our experimental results in Section 5 and concludein Section 6.

Related W ork

Designingand using derived data to improve query performancehas long beena
direction of research and practical e�orts in data-intensive systems.Over time, a
wealth of theoretical results (see[18] for a survey) and somepractical solutions [4,
8,10] have been accumulated on using views and indexes in query answering.
The problem of answering aggregatequeriesusing views has beenconsideredin
relation to data warehousesand data cubes [2,7,15,34]; results on answering
each query using a single view are presented in [16,31]. Recent work [1,12] has
consideredthe problem of rewriting aggregatequeriesusing multiple views.

Considerablework has been done on e�cien tly selecting views and indexes
for general SQL queries [3,9] and in particular for aggregatequeries (e.g., [1,
17,19,29]). [35] proposesalgorithms, including an IP approach, for selecting
materialized views to minimize the sum cost of processingthe given queriesand



of maintaining all the views. [3,4] have intro ducedan end-to-endapproach and
a system architecture for designing and using materialized views and indexes
to answer queries. In this paper we study the problem of selecting views for
aggregatequerieson star-schemadata warehouses.The setting and assumptions
we use are similar to those in [17,19] (rather than to those in [35]) | that
is, we seekto minimize the total execution costs of the given queries under a
storage-limit constraint. At the sametime, the novelty of our work is in obtaining
e�cien tly optimal solutions for problem instancesof realistic sizes,or competitiv e
heuristics using lower-bound relaxation for larger problem instances.

2 Preliminaries and Problem Speci�cation

The setting and assumptionswe useare similar to those in [17,19]. We consider
select-project-join queries with equality-based joins and with aggregation sum,
count , max, or min. Our approach is applicable to querieswith inequality com-
parisons, including the important classof range-aggregatequeries.(We consider
comparisonsof the form A � c, where A is an attribute in a relation, c is a
constant, and � is oneof >; � ; <; � ; = ; 6=.) We study workloads of parameterized
queries:The parameterized version of a query with constants has placeholders
instead of all the constants. In this paper we concentrate on the special caseof
star-schemaqueries: We assumethat the databaseschemais a star schema[21],
with a fact table and dimension tables. Further, in each star-schemaquery, each
join is a natural join of the fact table with a dimension table.

To measure query-evaluation performance in presenceof views, our cost
model is as follows. We considerthe costsof answering queriesusing unindexed
materialized views,such that each query can be evaluated by processingjust one
view relation and no other data, as in Example 1. (This setting is the sameas
in [19].) Thus, the cost of evaluating each query is proportional to the sizeof the
view chosenfor the evaluation. We usetwo metrics for view sizes:(1) the number
of rows in the view relations (this is a common assumption in the literature on
view selection),and (2) the number of bytes in the view relation. In Section5 we
will seethat these metrics give us di�eren t experimental results. Finally, given
a query workload Q and a set of views V that have been precomputed on a
database D, the total cost of evaluating Q using V is the sum of the costs of
evaluating all the queries in Q, such that each query is evaluated using a view
in V. The sum can be weighted to re
ect the relative frequencyor importance of
individual workload queries.Similarly to [19], we assumethat a view resulting
from joining all the baserelations in the star schema | we call this view the
raw data | is always part of the available set V of materialized views.

Weconsiderthe following view-selectionproblem: Our goal is to minimize the
evaluation costsof a given workload of parameterizedaggregatequeriesde�ned
on a star schema, by selecting and precomputing materialized views that can
be usedin answering the queries.(We consideronly equivalent rewritings of the
queriesin Q using the set V, i.e., we require that exact answersto all the queries
in Q can be computed using V.) We considerthis minimization problem under a



storage-spacelimit, which is an upper bound on the amount of disk spacethat
can be allocated for the materialized views. Thus, our probleminputs are of the
form I = (D; Q; b), where D is a database,Q is a workload of parameterized
queries,and b is the (positive integer) value of the storage limit.

For any parameterized query in the given workload, our goal is to design
views that can be used in evaluating any instance of the query. Thus, similarly
to [17,19] we consider only views without comparisonswith constants. We use
the following de�nitions of solutions and of the optimal viewset problem (OVP):

De�nition 1. (Admissibleviewset/solution) Let I = (D; Q; b) be a problemin-
put. A set of views V is an admissibleviewset for I if (1) each query in Q can
be rewritten equivalently using V, and (2) V satis�es the storagelimit b.

De�nition 2. (Optimal viewset/solution) For a problem input I = (D; Q; b),
an optimal viewset is a set of views V de�ned on D, such that (1) V is an
admissibleviewset for I , and (2) V minimizes the cost of evaluating Q on the
databaseDV , amongall admissibleviewsetsfor I . Here, DV is the databasethat
results from adding to D the relations for all the views in V computed on D.

De�nition 3. (Optimal viewsetproblem, OVP) For a given probleminput I =
(D; Q; b), �nd an optimal viewset. A solution for a given instance of OVP con-
sists of a collection of materialized views V (which includes the raw data on
D [19] and all additional views that we choose to materialize) and an associa-
tion between each element of Q and its corresponding elementof V.

3 The Formal Mo del

In this section we proposean integer programming (IP) model for the optimal
viewsetproblem (OVP) and discussmethodologiesfor solving this IP model. We
usethe following notation to represent the input I = (D; Q; b) in this model:

ai : Sizeof the view i , for all i � I V ,
where I V is the index set for all possibleviews;

b : storage limit;
cij : evaluation cost of answering query j by using view i ,

for all i � I V and j � Q.

We let cij = + 1 if view i cannot be used to answer query j . We further
de�ne the following decisionvariables for the IP model.

x i =
�

1 if view i is materialized
0 otherwise

for all i � I V

and

yij =
�

1 if we useview i to answer query j
0 otherwise

for all i � I V and j � Q

The optimal viewset problem can now be stated as the following IP model.



Minimize
P

i � I V

P
j � Q cij yij (OV I P)

subject to
P

i � I V ai x i � b (1)P
i � I V yij = 1 for all j (2)

yij � x i for all i; j such that cij 6= + 1 (3)
x1 = 1 (4)
x i ; yij � f 0; 1g for all i; j

Constraint (1) limits the size of the materialized views to be no more than
the available storagespaceb. Constraint (2) states that each query is answered
by exactly one view in the set of materialized views. Constraint (3) guarantees
that query j can be answered by view i only if view i is already materialized.
Constraint (4) states that the raw data table is always materialized, and the
remaining constraints are simply the binary requirements for x i and yij . It is
noteworthy that the binary requirement for yij can be replacedby a simple non-
negativity restriction without a�ecting the corresponding optimal solution for
this model. This modi�cation, however, has a signi�can t impact in reducing the
overall computational e�ort required to solve this IP model.

The structure of this IP model is similar to thosefor the uncapacitatedfacilit y
location problem (UFL) and the k-median problem. Thesetwo problemsare well
studied in the open literature, and it is reported that relatively large instances
of the corresponding IP models can be solved within reasonabletime. Several
heuristic approachesfor solving theseproblemshave alsobeenreported. See[13]
and [22] for the facilit y location problem and [24] for the k-median problem.

We can alsoemploy the linear programing (LP) relaxation or the Lagrangean
relaxation of this IP model to develop lower boundsfor the optimum value of the
objective function. In [30] it is observed that the LP relaxation of the IP model
for the facilit y location problem can provide strong lower bounds for it, and
in [25] it is shown that the Lagrangeanrelaxation of this IP model can provide
even stronger lower bounds. Due to the similarit y of the structure of OVIP with
these models we expect that similarly strong lower bounds for OVIP can also
be obtained. Theselower bounds are typically obtained with modest amount of
computational e�ort, hencethey can be usedto deviseexact algorithms (such as
a branch and bound algorithm) for solving this problem. We can alsoemploy the
lower bound for each instance to evaluate the solution obtained via an inexact
algorithm (i.e., a heuristic procedure)for that instance,henceproviding an upper
bound on the performanceratio of the algorithm in that instance.

4 Our Framew ork

In the experimental results reported in this paper we consider view design for
star-schema queries. To design aggregateviews for a workload of star-schema
queries,we use a data structure | view lattice | that was intro duced in [19].
A view lattice is a representation of the search spaceof views for the workload,
wherenodesrepresent views and directed edgesbetweenthe views denotewhich
view can be evaluated using another view. For any view we chooseto materialize



from the view lattice, if the view is usablein evaluating somequery in the given
query workload, then the answer to the view is the only relation neededin the
evaluation. That is, our view-selectionproceduresdetermine joinless rewritings
of queries.In addition to joinless rewritings, we plan to considerrewritings that
are computed via joins of aggregateviews with other relations [1,12].

To de�ne an instance of the problem and to construct input data for our
IP formalism, we start out by selectinga query workload, that is, frequent and
important queries whose evaluation costs we want to reduce by materializing
views. We then construct for the query workload a view lattice using the ap-
proach of [19]. In constructing the view lattice, we associate each query in our
query workload with a node in the lattice. More speci�cally , we construct from
the query workload a set of grouping and aggregatedattributes of interest |
these are all the attributes mentioned in the queries, except the attributes in
the join conditions. We then use theseattributes to construct a view lattice as
described in [19]. For instance, supposewe select queries Q1and Q2in Exam-
ple 1 to be our workload queries.We then useattributes mentioned in the two
queriesto construct two setsof attributes of interest for us | grouping and ag-
gregatedattributes. Attributes CID, Year, Month, and State are our grouping
attributes in Example 1, and attribute QtySold is the aggregatedattribute.

Oncewe have constructed a view lattice, we calculate the sizesof the answers
to all the views in the lattice. We can estimate the sizes by using methods
mentioned in [19], for instanceby using sampling. Finally, to complete the input
data, we specify a storagelimit.

Fig. 1. Lattice example
with spacecosts [19].

To illustrate, we present the following numer-
ical example adopted from [19]. Figure 1 shows a
part of the view lattice for this example that con-
sists of the raw data (source node a) and a col-
lection of views f b;c;d;e;f ; g; hg as indicated. The
spacerequirement for each node in the lattice is
given next to that node, and the edgesrepresent
the relationship betweenviews asdiscussedabove.
In this example we assumethat the query work-
load consists of all nodes in the lattice, and the
problem is to determine a collection of at most three additional views to ma-
terialize (in addition to the raw data a) so that the total cost of answering all
the workload queries is minimized. Note that in this example, in order to be
consistent with the examplegiven in [19] we restrict the number of views, rather
than their corresponding storagespacerequirement as we stated earlier.

The IP model (OVIP1) for this examplecan be written as follows.

Minimize
P 8

i =1

P 8
j =1 cij yij (OV I P1)

subject to
P 8

i =1 x i � 4P 8
i =1 yij = 1 for all j = 1 to 8

yij � x i for all i; j such that cij 6= + 1
x1 = 1
x i ; yij � f 0; 1g for all i; j = 1 to 8



The matrix of objective-function coe�cien ts cij for the model OVIP1 is the
following matrix, wherenodesa; b;c;d;e;f ; g; and h correspond to the rows (and
columns) 1 through 8, respectively.

2

6
6
6
6
6
6
6
6
6
6
4

100 100 100 100 100 100 100 100
1 50 1 50 50 1 50 50
1 1 75 1 75 75 75 75
1 1 1 20 1 1 20 1
1 1 1 1 30 1 30 30
1 1 1 1 1 40 1 40
1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 10

3

7
7
7
7
7
7
7
7
7
7
5

The model OVIP1 has 8 binary variables and 64 continuous variables. We
solved this problem using the IP solver CPLEX [27]with an AMPL interface [14]
and obtained the following optimal solution: x1 = x2 = x4 = x6 = 1 (corre-
sponding to nodes a; b;d; and f in the lattice), y11 = y22 = y13 = y44 = y25 =
y66 = y47 = y68 = 1, with all remaining variables equal to zero. The total cost
associated with this solution is 420. Incidentally , this solution is identical to the
solution obtained using the heuristic procedurereported in [19].

In order to represent the lattice associated with a largedata set (for a realistic
instance of the view-selectionproblem), we usea table format. Each row in this
table corresponds to a node in the lattice; in each row, we have two entries
representing the view ID and the view sizefor that node, respectively. Thus, this
table has two columns and as many rows as the number of nodesin the lattice.

In each row (i.e., node of the lattice) the view sizeis represented in units that
we choosefor our analysis (e.g., number of rows in the view, number of bytes of
stored data in the view, etc.), and the view ID is a binary (0 and 1) vector of
sizeK . The i th element in this vector corresponds to the i th grouping attribute
in the database,and K represents the total number of grouping attributes. For
each view, an entry of 1 in the i th position of its view ID implies that the
corresponding attribute is usedto group the associated rows in the database(to
form this view), and an entry of 0 meansotherwise. In other words, a 1 entry in
the i th position of the view ID for a node (view) implies that this node (view)
can be used to answer a query that requires the i th attribute, and a 0 entry in
the i th position implies otherwise. We give SQL examplesin Section 5.

It follows that the dependencyrelationship among views (nodes) can be de-
rived expressively from their corresponding view IDs. A query e in the lattice
can be computed directly from a view f (i.e., f is an ancestorof e in the lattice)
if the set of positions with entry 1 in the view ID for e is a subsetof the set of
positions with similar entry in the view ID for f (e.g., f = f 1; 1; 0; 0; 1g is an
ancestor for e = f 0; 1; 0; 0; 1g, but it is not an ancestor for e0 = f 0; 1; 0; 1; 0g).
Note that the number of nodes in the lattice is 2K and increasesexponentially
as the number of attributes K increases.For this reason, in order to keep the
size of the IP model as small as possible, it is important that in each instance
we only maintain thoserows of the table (nodesof the lattice) that are potential
ancestorsto at least one of the queriesin our query workload for that instance.



The evaluation cost of a query e using a view f is taken to be the storagecost
of the view f if e can be answered by f , and is set equal to in�nit y otherwise.
Following the above criteria, the cost matrix to answer a query workload can be
easily computed and transformed to the input of the IP model.

5 Implemen tation and Exp erimen tal Evaluation

We have conducted experiments to evaluate the IP model and framework pre-
sented in Sections3 and 4. All experiments were run on a machine with a 3GHz
Intel P4 processor,1GB RAM, and a 80GB hard drive running Windows XP
SP2 and CPLEX/AMPL 9.0. The experimental results show the following:

{ relatively large instancesof the view-selectionproblem, including instances
of practically important sizes,can be solved optimally;

{ our LP relaxation of the IP model provides very strong lower bounds for
each optimal value;

{ we can get di�eren t optimal solutions depending on whether we measure
query costsand view sizesin rows or bytes.

Region
Nation2
Nation1
Orders
Customer
PartSupp
Supplier
Part

Lineitem

396
2,103
2,103

482,877,440
244,883,456

5,830,541
14,188,544

1,193,906
2,147,483,647
Size (bytes)Name

TPC-H Tables

Fig. 2. Sizesof TPC-H
tables (in bytes).

We give here just a brief summary of the ex-
periments; a detailed account of the experimental
setup and results can be found in [23]. The goal of
the experiments was to obtain optimal solutions
and lower bounds on problem instances of real-
istic sizes.We did the experiments on a TPC-H
database benchmark [33]; the sizesof the stored
tables are shown in Figure 2. The size estimates
for the nodesin the view lattices wereobtained by
running the queriesfor all possiblelattice viewson
the TPC-H stored data with scalefactor of 0:1 and
by extrapolating the sizesof the answers to the queriesto the sizesof the stored
data usedto evaluate the workload queriesand their rewritings.

Ins. View Maxim um Query Capacity No. of No. of No. of
ID lattice no. nodes workload no. rows nodes x j 's yij 's
1 7 128 f 5, 7, 17, 69, 702,709 60 60 60 � 7

81, 88, 112 g
2 13 8,192 f 88, 112, 593, 912, 1,264,194 4,104 4,104 4,104 � 8

2050, 2368, 6656, 7936 g
3 15 32,768 f 152, 224, 2848, 3201, 1,522,810 17,464 17,464 17,464 � 8

8194, 8832, 26624,31232g

Table 1. Description of three problem instances in the experiments.

For the experiments we used three datasets | raw data with 7, 13, and 15
attributes. (To obtain some raw tables for the experiments, we used joins of



TPC-H tables.) The numbers of nodesin the view lattices for thesedatasetsare
128, 8192,and 32768,respectively.

For each raw table we constructed the IP model for several instancesof the
problem, each instance with a di�eren t query workload and di�eren t storage
limit b. For each instance, given the corresponding lattice, query workload, and
storage limit, we constructed the input �les for the IP model, as described in
Section4. We solvedeach instanceusing the softwarepackageCPLEX/AMPL as
described earlier, and in each instance we were able to �nd an optimal solution.
For illustrativ e purposes,in Table 1 we give detailed characteristics of three
di�eren t instances in our experiment. (We have solved many more instances
of the problem for each view lattice, but due to spaceconstraints we cannot
give here the details; these three instancesare typical). Each row of this table
corresponds to one instance and gives the view lattice (raw data) and query
workload corresponding to that instance.The maximum number of nodesin each
instance is 2K , where K is the number of attributes in the view lattice. Note
that in our IP model we only include thosenodesthat could be usedaspotential
ancestorsfor oneor more queriesin the query workload for that instance.Thus,
the number of nodeswe included in the IP model is in fact smaller than 2K , as
stated in the table. For each instancewe alsogive the number of variables in the
corresponding IP model.

2 4 6 8 10 12 14 16
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5

 

C
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t

Storage Limit, b

Fig. 3. Sensitivity analysisand LP lower
bound for the view-7 instance.

The executiontime for CPLEX
/AMPL to solve the three in-
stances in Table 1 was 0:05 sec-
onds, 3:04 seconds,and 18:64 sec-
onds, respectively. The execution
time is expected to grow at an
exponential rate with the size of
the instance; hencewe do not ex-
pect it to be practical to solve
much larger instances of this IP
model using CPLEX/AMPL. At
the sametime, the instancesthat
we are able to solve are of realis-
tic sizesin practice, asexempli�ed
in the three instancesdescribed in
Table 1. This demonstratesthat we can usea standard IP solver to solve prac-
tical instancesof our proposedIP model.

Wehaveperformeda post-optimalit y analysisto observethe impact of chang-
ing the storage limit b on the optimal value of the objective cost function. In
realistic view-selection scenarios,the total spaceavailable to store the materi-
alized views is usually smaller than the total size of the input query workload;
otherwise we can precomputeall the queriesin advanceand store them on disk,
which would be a globally optimal solution to the view-selection problem. At
the sametime, the storagelimit has to be at least as large as the sizeof the raw
data table [19]. Hence, to explore the tradeo� between the amount of available



storagespaceand the resulting total query costs, in our experiments we varied
the value of storagespaceb betweenone and �v e times the sizeof the raw data.
Figures 3 and 4 show the results for two instances of Table 1, with 7 and 13
attributes respectively. In each instance and for each value of b we also solved
the corresponding LP problem to obtain the associated lower bound; the lower
bounds are also shown on the graphs. (The step curves in Figures 3 and 4 give
the optimal cost value, whereasthe smooth curvesshow the lower bounds.) Intu-
itiv ely, in optimal solutions, the only possiblechangeas the value of b increases
is to add another materialized view to the solution. Note that if we have limited
spacethat can only store the raw data, then each query would be computed
directly from the raw data; as the number of materialized views increaseswith
the increase in the value of b, the optimal query costs decrease.Finally, our
experiments show that the LP lower bound is very close to the optimal value
of the IP problem most of the time: Linear-programming relaxation provided a
good lower bound in all the instances,and the ratio of the lower bound to the
optimum varied between0:92 and 0:99.
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Fig. 4. Sensitivity analysisand LP lower
bound for the view-13 instance.

In another set of experiments
we used bytes, rather than rows,
to measureview sizes.In the liter-
ature, view sizesand query costs
are typically measured in units
of rows (see, e.g., [17,19,29]). At
the sametime, the units of bytes
are the actual measure of stor-
age requirements and query costs
in query processing in database-
management systems,becausethe
costof answering a givenquery us-
ing a given view is proportional to
the number of disk blocks occu-
pied by the view. Thus, in some
of our experiments we expressedin bytes both the storagerequirements for the
views and the costsof answering queriesusing thoseviews. Note that if we state
the problem this way for units of bytes, wedo not needto changethe formulation
(equalities and constraints) of our IP model in Section 3.

In our experiments, for someproblem instanceswe obtain identical optimal
solutions when view sizesand query costs are measuredin rows and bytes; for
other instances,we obtained di�eren t results. In Table 2 we report someresults
where we obtained di�eren t optimal solutions for units of rows and for units of
bytes. The table shows experimental results for two problem instances on the
view lattice for seven grouping attributes (instance IDs 1 and 2), and for two
problem instanceson the view lattice for thirteen grouping attributes (instance
IDs 3 and 4); the raw data for both lattices comefrom the TPC-H dataset [33].
For each instance we report the index of the root node of the lattice; the root



Inst- No. of Root Query Units of rows Units of bytes
ance grouping node workload storage optimal storage optimal
ID attrib. index (query indexes) limit viewset limit viewset
1 7 127 f 55, 59, 899,418 f 55, 126, 4,487,825 f 55, 127 g

125, 126 g 127 g
2 7 127 f 1, 7, 53, 1,084,770 f 1, 53, 76, 5,412,766 f 1, 7, 76,

76, 111, 115 g 127 g 127 g
3 13 8,191 f 1792, 3013, 900,541 f 1792, 5392, 6,889,391 f 5392, 6096,

5392, 6096, 8191 g 8191 g
7063 g

4 13 8,191 f 1185, 5224, 836,835 f 6401, 6672, 6,402,022 f 6929, 8191 g
6401, 6672 g 8191 g

Table 2. Solving the problem for units of rows and bytes.

node is the raw data, which is (similarly to [19]) always required to be part of
the viewsetswe output as solutions for the problem instances.

For each of the four problem instanceswe did two experiments | one for a
storagelimit, b, and all view sizesmeasuredin rows, and the other for a storage
limit and view sizesmeasuredin bytes. For example, the secondrow of Table 2
givesresults for two experiments for instanceID 2 | that is, for query workload
f 1; 7; 53; 76; 111; 115g. One experiment was done for the value of storage limit b
= 1,084,770rows,and the other wasdonefor a storagelimit b = 5,412,766bytes.
(We set the value of b in units of rows and in units of bytes in such a manner
that the instancesare comparable.)

Our main observation on the results reported in Table 2 is that regardless
of the units of measurement employed (rows or bytes), the IP model that we
propose can be used to obtain an optimal solution for the problem within a
reasonableamount of execution time (less than 20 secondsfor the instances
reported earlier), and using the units of bytes in this context does not impose
any additional computational burden for solving the IP model. Further, the
two optimal solutions obtained when we use these units of measurement are
not necessarilyidentical. As units of bytes (instead of rows) is a more realistic
measurein the context of view selection,we posit that bytes should be employed
as the primary units of measurement in problem inputs.

6 Conclusions and Future Work

In this paper we consideredthe following view-selectionproblem: Given a set of
queries,a database,and a storagelimit on the amount of disk spacethat can be
used to store materialized views, return de�nitions of views that, when materi-
alized in the database,would satisfy the constraints and reduce the evaluation
costsof the queries.We focusedon practically important range-aggregatequeries
on star-schema data warehouses.We described our approach to obtaining glob-
ally optimal setsof views. The approach is an IP model that allows us to obtain



optimal solutions without having to exhaustively enumerate all possiblecandi-
date solutions. We presented the formulation of the IP model and intro ducedan
LP relaxation. We reported our experimental results that show the practicalit y
of our approach for problem instancesof realistic sizes.

Our experiments show that the computational requirements of solving the
OVIP problem (seeSection 3) becomeprohibitiv e oncethe sizeof the problem
exceedscertain limits. Hence,to solvelarger instancesof OVIP, weare investigat-
ing techniquesfor designingand developingan algorithm (and the corresponding
software) that takesadvantage of the special structure of the problem. Further,
solving even larger instancesof the problem using exact methods might prove to
be altogether too time consuming;thus, we may have to employ an appropriate
heuristic procedure that exploits the structure of OVIP, such as a Lagrangean
heuristic. Such heuristic procedureshave beendeveloped for the facilit y location
problem [6] and for the k-median problem [24], and the computational results
show that theseproceduresobtain good solutions with a modest amount of com-
putational e�ort. We expect that similar heuristic procedurescan be developed
for solving the view-selectionproblem OVP as well.

In addition to designing competitiv e heuristics for selecting views, we are
extending our approach to selectingindexesalongsideviews(see,e.g.,the setting
of [17]). We plan to apply and extend our results to generalizationsof range-
aggregatequeries,wherequeriescan be answeredusing joins of views [1,12]. We
are also interested in studying the view-and index-selectionproblems under the
maintenance-costconstraint on materialized views and indexes.
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