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Abstract. We presernt a formal analysis of the following view-selection
problem: Givena setof 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 use an integer-programming model to obtain optimal solutions to the
problem of view selection for aggregate queries on data warehouses.We
alsoreport the results of the post-optimalit y analysis that we performed
to determine/observethe impact of changing certain input characteristics
on the optimal solution.

1 Intro duction

As relational databasesand data warehouseskeep growing in size, evaluating
many commonagqueries| sud asaggregatequeries| by database-managemen
systems (DBMS) may require signi cant transformations of large volumes of
stored data. As a result, the requiremert of good overall performanceof frequert
and important user queriesnecessitatesoptimal DBMS choicesin choosing and
executing query plans. A signi cant aspect of query performanceis the choice
of auxiliary data usedin 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,DatelD,QtySold,Disc  ount)
Customer(CID,CustName,AddressCit y,Sta te)
Time(DatelD,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, Qland Q2
expressedhere in SQL. Query Q1asks for the total quartity of products sold
per customerin the last quarter of the year 2004. Q2asksfor the total product
quartity sold per year for all yearsafter 1999to customersin North Carolina.

Q1: SELECTc.CID, SUM(QtySold) Q2: SELECT.Year, SUM(QtySold)
FROMsales s, Timet, Customer c FROMsales s, Timet, Customer c
WHERE.DatelD=t.DatelD WHERE.DatelD=t.DatelD
ANDs.CID=c.CID ANDYear=2004 ANDs.CID=c.CID
ANDMonth >= 10 ANDMonth <= 12 ANDYear > 1999 ANDState = "NC'
GROUBY c.CID; GROUBY t.Year;

We can use techniques from [19] to show that the following view V can be
usedto give exact answersto ead of Qland Q2

V: SELECTs.CID, Year, Month, State, SUM(QtySold) AS SumQS
FROMsales s, Timet, Customer c
WHERE.DatelD = t.DatelD ANDs.CID = c¢.CID
GROUBY s.CID, Year, Month, State;

That is, supposethe 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 V2 alongside Sales, Customer, and Time. Then the
answer to ead of Qland Q2can be computed by accessingust the data in the
materialized view V. For instance, the query Qlcan be evaluated as

Q1: SELECTCID, SUM(SumQ$ROWN/
WHERFear=2004 ANDMonth >= 10 ANDMonth <= 12 GROUBY CID;

Note that evaluating QZlusing the view Vs likely to be more e cien t than
evaluating Q1using its original de nition, asusing V allows the DBMS to avoid
taking an expensiwe join of Sales, Customer, and Time and also| becauseVis
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 canbe 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 queriesis an important componert of query
processingin data warehouses[5,19,32] and of automated query-performance

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



tuning [20,26,28], the problems of selectingviews and of answering queriesusing
materialized views have beenstudied thoroughly in the literature.

Generally, spending more time on designing materialized views for a given
query workload tendsto pay o, asgreaterimprovemert canthereby be achieved
in the performanceof the queriesusing the resulting stored derived data. As the
number of potentially bene cial views or indexestends 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 glokally minimize
query-ewvaluation costs. Seeral approaces (see, e.g., [3,17,19,29]) have been
proposedto designgood-quality setsof derived data for evaluating SQL queries,
without spending an inordinate amourt of time on the design. We cortinue the
work of [17,19] of studying view-selectionalgorithms that are competitiv e, that
is, algorithms that provide optimality guaranteeson their outputs without nec-
essarily exploring the ertire seard spaceof views. In this paper we preser a
formal model of the view-selectionproblem for querieson star-schemadata ware-
housesand explore competitiv e techniquesfor 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 seweral realistic-size
instancesof the problem on the popular TPC-H bencdmark [33], and

{ we perform a post-optimality 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 badkground and
formal de nitions. Section 3 introducesour IP model of the view-selectionprob-
lem. Section 4 describes our framework for analysis and experimentation. We
report our experimental results in Section5 and concludein Section 6.

Related Work

Designingand using derived data to improve query performancehaslong beena
direction of researt 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 accunulated on using views and indexesin query answering.
The problem of answering aggregatequeriesusing views has been consideredin
relation to data warehousesand data cubes [2,7,15,34]; results on answering
ead query using a single view are preseried in [16,31]. Recent work [1,12] has
consideredthe problem of rewriting aggregatequeriesusing multiple views.
Considerablework has beendone 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 approac, for selecting
materialized views to minimize the sum cost of processingthe given queriesand



of maintaining all the views. [3,4] have intro duced an end-to-end approac 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 warehousesThe 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 queriesunder a
storage-limit constraint. At the sametime, the novelty of our work is in obtaining
e cien tly optimal solutionsfor 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 thosein [17,19]. We consider
select-prgect-join querieswith equality-basedjoins and with aggregation sum
count, max or min. Our approac is applicable to querieswith inequality com-
parisons,including the important classof range-aggregatequeries.(We consider
comparisonsof the form A ¢, where A is an attribute in a relation, c is a
constart, and isoneof>; ;<; ;=;6.) We study workloads of parameterized
queries: The parameterized version of a query with constarts has placeholders
instead of all the constarts. In this paper we concerirate on the special caseof
star-schemaqueries We assumethat the databaseschemais a star schema[21],
with a fact table and dimensiontables. Further, in eadt star-schemadquery, eath
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 eat query can be evaluated by processingust one
view relation and no other data, asin Example 1. (This setting is the sameas
in [19].) Thus, the cost of evaluating eac 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 assumptionin the literature on
view selection),and (2) the number of bytesin the view relation. In Section5 we
will seethat these metrics give us di erent 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
ewvaluating all the queriesin Q, sud that ead query is evaluated using a view
in V. The sum can be weighted to re ect the relativ e frequency or 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 setVV of materialized views.

We considerthe following view-selectionproblem: Our goalis to minimize the
evaluation costsof a given workload of parameterized aggregatequeriesde 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 usingthe setV, i.e., we require that exact answersto all the queries
in Q can be computed using V.) We considerthis minimization problem under a



storage-spacdimit, which is an upper bound on the amourt of disk spacethat
can be allocated for the materialized views. Thus, our probleminputs are of the
form | = (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 usedin evaluating any instance of the query. Thus, similarly
to [17,19] we consideronly views without comparisonswith constarts. We use
the following de nitions of solutions and of the optimal viewsetproblem (OVP):

De nition 1. (Admissibleviewset/solution) Let | = (D;Q;b) be a problemin-
put. A setof viewsV is an admissibleviewset for | if (1) each queryin Q can
be rewritten equivalently using V, and (2) V satis es the storagelimit b.

De nition 2. (Optimal viewset/solution) For a probleminput | = (D;Q;b),
an optimal viewset is a set of views V de ned on D, suchthat (1) V is an
admissibleviewsetfor |, and (2) V minimizes the cost of evaluating Q on the
datalase Dy, amongall admissibleviewsetsfor | . Here, Dy is the datatasethat
resultsfrom adding to D the relations for all the viewsin V computed on D.

De nition 3. (Optimal viewsetproblem, OVP) For a given probleminput | =
(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 ass@ia-
tion between each elementof Q and its correspnding 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 represer the input | = (D; Q;b) in this model:
a : Sizeof the view i, foralli 1V,
where |V is the index set for all possibleviews;
b: storage limit;
Gj : evaluation cost of answering query j by using view i,

foralli IV andj Q.

We let ¢ = +1 if view i cannot be usedto answer query j. We further
de ne the following decisionvariables for the IP model.
1 if view i is materialized

Xi= 0 otherwise foralli 1V
and
~_ 1 if weuseview i to answer query j ; ;
Yi = 5 otherwise foralli IV andj Q

The optimal viewset problem can now be stated as the following IP model.
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Minimize pi v j oGV (OVIP)
subject to pi ivaxi b 1)
CoavYi =1 for all j (2)
Vi X for all i;j suchthat ¢; 6 +1 3)
X1=1 (4)

Xi;yi f0;1g for all i; j

Constraint (1) limits the size of the materialized views to be no more than
the available storage spaceb. Constraint (2) statesthat ead query is answered
by exactly oneview 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 requiremerts for x; and y; . It is
noteworthy that the binary requiremert for y; can be replacedby a simple non-
negativity restriction without a ecting the corresponding optimal solution for
this model. This modi cation, however, hasa signi cant 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 uncapacitatedfacility
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. Sewral
heuristic approachesfor solving theseproblemshave alsobeenreported. See[13]
and [22] for the facility location problem and [24] for the k-median problem.

We canalsoemploy 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 obseredthat the LP relaxation of the IP model
for the facility 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 similarity 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 amourt of
computational e ort, hencethey canbe usedto deviseexact algorithms (such as
a branch and bound algorithm) for solving this problem. We can alsoemploy the
lower bound for ead 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 considerview design for
star-schema queries. To design aggregateviews for a workload of star-schema
queries,we use a data structure | view lattice | that wasintroducedin [19].
A view lattice is a represertation of the seard spaceof views for the workload,
wherenodesrepresen views and directed edgesbetweenthe views denote which
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 joinlessrewritings, 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, frequert 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 assaiate ead 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 mertioned in the queries, except the attributes in
the join conditions. We then usethese attributes to construct a view lattice as
described in [19]. For instance, suppose we select queries Qland Q2in Exam-
ple 1 to be our workload queries. We then use attributes mertioned 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 sizeshby using methods
mertioned in [19], for instance by using sampling. Finally, to completethe input
data, we specify a storagelimit.

To illustrate, we presert the following numer- 100
ical example adopted from [19]. Figure 1 shows a a\
part of the view lattice for this examplethat con- 50 (B B 75
sists of the raw data (source node a) and a col- H/\{o/\r
lection of viewsf b;c;d; e;f ; g; hg asindicated. The 20 (d, (e} (f) 40
spacerequiremert for eat node in the lattice is \/ \/
given next to that node, and the edgesrepresen T "\1%‘

the relationship betweenviews as discussedabove.
In this example we assumethat the query work- Fig. 1. Lattice example
load consists of all nodes in the lattice, and the With spacecosts[19].
problem is to determine a collection of at most three additional views to ma-
terialize (in addition to the raw data a) sothat the total cost of answering all
the workload queriesis minimized. Note that in this example, in order to be
consistert with the examplegivenin [19] we restrict the number of views rather
than their corresponding storage spacerequiremert as we stated earlier.

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

I Pg Pg
Minimize pizt  j=1 Gi Vi (OVIP1)
subjectto 5 xi 4
Sy =1 forallj = 1to 8
Yii Xi for all i;j suchthat ¢; 6 +1
Xp=1

Xi;yij f0;1g foralli;j = 1to 8



The matrix of objective-function coe cien ts ¢; 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.

100 100 100 100 100 100 100 1003
50 1 50 50 1 50 50
1 75 1 75 75 75 75
1 201 1 20 1
1 30 1 30 30
1 1 40 1 40
1 1 1 1 1
11 1 1 1 1 10

The model OVIP1 has 8 binary variables and 64 continuous variables. We
solvedthis problem usingthe IP solver CPLEX [27]with an AMPL interface [14]
and obtained the following optimal solution: x; = X2 = X4 = X = 1 (corre-
sponding to nodesa;b;d; and f in the lattice), Y11 = Y22 = Y13 = Va4 = Y25 =
Ves = Ya7 = Yes = 1, with all remaining variables equal to zero. The total cost
assaiated with this solution is 420. Incidentally, this solution is identical to the
solution obtained using the heuristic procedurereported in [19].

In order to represern the lattice assaiated with alarge data 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 ead row, we have two ertries
represerting the view ID and the view sizefor that node, respectively. Thus, this
table hastwo columns and as many rows as the number of nodesin the lattice.

In eadh row (i.e., node of the lattice) the view sizeis represened 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 ith elemert in this vector correspondsto the ith grouping attribute
in the database,and K represerts the total number of grouping attributes. For
eat view, an entry of 1 in the ith position of its view ID implies that the
corresponding attribute is usedto group the assaiated rows in the database(to
form this view), and an entry of 0 meansotherwise. In other words, a 1 ertry in
the ith position of the view ID for a node (view) implies that this node (view)
can be usedto answer a query that requiresthe ith attribute, and a 0 ertry in
the ith position implies otherwise. We give SQL examplesin Section 5.

It follows that the dependencyrelationship among views (nhodes) can be de-
rived expressiwely from their corresponding view IDs. A query e in the lattice
can be computed directly from aview 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 = f1;1;0;0;1g is an
ancestorfor e = f0;1;0;0; 1g, but it is not an ancestorfor €° = f0; 1;0; 1; 0g).
Note that the number of nodesin the lattice is 2 and increasesexponertially
as the number of attributes K increases.For this reason,in order to keepthe
size of the IP model as small as possible, it is important that in ead 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.
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The evaluation costof a query e usinga view f is takento 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

eas

5
We

ily computed and transformed to the input of the IP model.

Implemen tation and Exp erimen tal Evaluation

have conducted experimerts to evaluate the IP model and framework pre-

serted in Sections3 and 4. All experiments wererun 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-selection problem, including instances
of practically important sizes,can be solved optimally;

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

{ we can get dierent optimal solutions depending on whether we measure
guery costsand view sizesin rows or bytes.

We give here just a brief summary of the ex- TPC-H Tables

periments; a detailed accourt of the experimental Name Sice (hyles)

| Lineitem 2,147,483,647

setup and results can be found in [23]. The goal of Part 1,193,906

the experiments was to obtain optimal solutions Supplier 14,188,544

. PartSupp 5,830,541

and lower bounds on problem instances of real- Customer 244,883,456

istic sizes.We did the experiments on a TPC-H ﬁfd.ersl 482,877,440

. ation 2,103

database benchmark [33]; the sizesof the stored Nation2 2103

tables are shown in Figure 2. The size estimates Region 396

for the nodesin the view lattices were obtained by

running the queriesfor all possiblelattice viewson

the

Fig. 2. Sizesof TPC-H
TPC-H stored data with scalefactor of 0:1and tables (in bytes).

by extrapolating the sizesof the answersto the queriesto the sizesof the stored
data usedto evaluate the workload queriesand their rewritings.

Ins.| View |Maximum Query Capacity |No. of|No. of| No. of
ID |lattice | no. nodes workload no. rows |nodes| X;j's i '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, 79369
3| 15 | 32,768 | f 152,224,2848,3201, |1,522,810(17,46417,46417,464 8
8194, 8832, 26624,31232¢g

Table 1. Description of three problem instancesin the experiments.

For the experiments we usedthree datasets| raw data with 7, 13, and 15

attributes. (To obtain someraw 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 eath raw table we constructed the IP model for seweral instancesof the
problem, ead instance with a dierent query workload and di erent storage
limit b. For ead instance, given the corresponding lattice, query workload, and
storage limit, we constructed the input les for the IP model, as described in
Section4. We solved ead instance using the software packageCPLEX/AMPL  as
described earlier, and in ead instance we wereableto nd an optimal solution.
For illustrativ e purposes,in Table 1 we give detailed characteristics of three
dierent instancesin our experiment. (We have solved many more instances
of the problem for eac 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 ead
instance is 2€, where K is the number of attributes in the view lattice. Note
that in our IP model we only include thosenodesthat could be usedas potential
ancestorsfor one or more queriesin the query workload for that instance. Thus,
the number of nodeswe included in the IP model is in fact smaller than 2, as
stated in the table. For ead instance we also give the number of variablesin the
corresponding IP model.

The executiontime for CPLEX
/AMPL to solve the three in- 2
stancesin Table 1 was 0:05 sec- 2]
onds, 3:04 seconds,and 18:64 sec- 2
onds, respectively. The execution 7 |
time is expected to grow at an - **] |
exponertial rate with the size of § *'] A\
the instance; hencewe do not ex-  *°] |
pect it to be practical to solve ] \A\Ai
much larger instances of this IP }
model using CPLEX/AMPL. At : " ; . —
the sametime, the instancesthat Storage Limit, b xao*
we are able to solve are of realis-
tic sizesin practice, asexemplied Fig. 3. Sensitivity analysisand LP lower
in the three instancesdescribedin bound for the view-7 instance.

Table 1. This demonstratesthat we can usea standard IP solver to solve prac-
tical instancesof our proposedIP model.

We have performed a post-optimalit y analysisto obsenethe 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 precompute all the queriesin advanceand store them on disk,
which would be a globally optimal solution to the view-selection problem. At
the sametime, the storagelimit hasto be at least aslarge asthe sizeof the raw
data table [19]. Hence,to explore the tradeo betweenthe amourt of available
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storage spaceand the resulting total query costs,in our experiments we varied
the value of storage spaceb betweenone and v e times the size of the raw data.

Figures 3 and 4 show the results for two instancesof Table 1, with 7 and 13
attributes respectively. In ead instance and for ead value of b we also solved
the corresponding LP problem to obtain the assaiated lower bound; the lower
bounds are also shown on the graphs. (The step curvesin Figures 3 and 4 give
the optimal costvalue, 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 eat query would be computed
directly from the raw data; as the number of materialized views increaseswith

the increasein the value of b, the optimal query costs decrease.Finally, our

experiments show that the LP lower bound is very closeto 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.

X10°

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-

Cost
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22
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184

16 4

144

—=— Optimal Cost
—2—LP lower bound

age requiremerts and query costs
in query processingin database- ' ' '
managemen systems,becausethe 2 4 6 8 o
cost of answering a given query us- Storage Limit, b
ing a given view is proportional to
the number of disk blocks occu-
pied by the view. Thus, in some
of our experiments we expressedn bytes both the storagerequiremerts for the
views and the costsof answering queriesusing those views. Note that if we state
the problem this way for units of bytes, we do not needto changethe formulation
(equalities and constraints) of our IP model in Section 3.
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Fig. 4. Sensitivity analysisand LP lower
bound for the view-13 instance.

In our experimernts, for someproblem instanceswe obtain identical optimal
solutions when view sizesand query costs are measuredin rows and bytes; for
other instances,we obtained di erent results. In Table 2 we report someresults
where we obtained di erent optimal solutions for units of rows and for units of
bytes. The table shows experimental results for two problem instanceson the
view lattice for sewen 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 ead 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 55,1279
125,126 ¢ 1279
2 7 127 f1,7,53, 1,084,77q f 1,53,76, | 5,412,766 f 1,7, 76,
76,111,115¢9g 1279 127¢g
3 13 18,191 f 1792,3013, | 900,541 |f 1792,5392, 6,889,391 | f 5392, 6096,
5392, 6096, 81919 8191¢g
7063g
4 13 |8,191] f 1185,5224, | 836,835 |f 6401,6672, 6,402,022 |f 6929,8191¢
6401, 66729 81919

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 eadth of the four problem instanceswe did two experiments | onefor 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 experimerts for instancelD 2| that is, for query workload
f1;7;53,76,111; 1159. One experiment was done for the value of storagelimit 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 obsenation on the results reported in Table 2 is that regardless
of the units of measuremen 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 doesnot impose
any additional computational burden for solving the IP model. Further, the
two optimal solutions obtained when we use these units of measuremen 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
asthe primary units of measuremen 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 amourt of disk spacethat can be
usedto 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-aggregatejueries
on star-schemadata warehousesWe described our approac to obtaining glob-
ally optimal setsof views. The approad is an IP model that allows usto obtain



optimal solutions without having to exhaustively enumerate all possible candi-
date solutions. We preserted the formulation of the IP model and intro ducedan
LP relaxation. We reported our experimental results that show the practicality
of our approad for problem instancesof realistic sizes.

Our experiments showv that the computational requiremerts of solving the
OVIP problem (seeSection 3) becomeprohibitiv e oncethe size of the problem
exceed<ertain limits. Hence,to solvelargerinstancesof OVIP, we are investigat-
ing techniquesfor designingand developing an 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, suc as a Lagrangean
heuristic. Suc heuristic procedureshave beendeveloped for the facility location
problem [6] and for the k-median problem [24], and the computational results
show that theseproceduresobtain good solutions with a modest amourt of com-
putational e ort. We expect that similar heuristic procedurescan be developed
for solving the view-selectionproblem OVP aswell.

In addition to designing competitiv e heuristics for selecting views, we are
extending our approad to selectingindexesalongsideviews (see,e.g.,the setting
of [17]). We plan to apply and extend our results to generalizations of range-
aggregatequeries,where queriescan be answered using joins of views|[1,12]. We
are alsointerestedin studying the view-and index-selectionproblems under the
maintenance-costconstraint on materialized views and indexes.
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