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Abstract. Some significant progress related to multidimen-
sional data analysis has been achieved in the past few years,
including the design of fast algorithms for computing dat-
acubes, selecting some precomputed group-bys to material-
ize, and designing efficient storage structures for multidi-
mensional data. However, little work has been carried out
on multidimensional query optimization issues. Particularly
the response time (or evaluation cost) for answering sev-
eral related dimensional queries simultaneously is crucial to
the OLAP applications. Recently, Zhao et al. first exploited
this problem by presenting three heuristic algorithms. In this
paper we first consider in detail two cases of the problem
in which all the queries are either hash-based star joins or
index-based star joins only. In the case of the hash-based
star join, we devise a polynomial approximation algorithm
which delivers a plan whose evaluation cost isO(nε) times
the optimal, wheren is the number of queries andε is a fixed
constant with 0< ε ≤ 1. We also present an exponential al-
gorithm which delivers a plan with the optimal evaluation
cost. In the case of the index-based star join, we present a
heuristic algorithm which delivers a plan whose evaluation
cost is n times the optimal, and an exponential algorithm
which delivers a plan with the optimal evaluation cost. We
then consider a general case in which both hash-based star-
join and index-based star-join queries are included. For this
case, we give a possible improvement on the work of Zhao et
al., based on an analysis of their solutions. We also develop
another heuristic and an exact algorithm for the problem.
We finally conduct a performance study by implementing
our algorithms. The experimental results demonstrate that
the solutions delivered for the restricted cases are always
within two times of the optimal, which confirms our the-
oretical upper bounds. Actually these experiments produce
much better results than our theoretical estimates. To the best
of our knowledge, this is the only development of polyno-
mial algorithms for the first two cases which are able to
deliver plans with deterministic performance guarantees in
terms of the qualities of the plans generated. The previous
approaches including that of [ZDNS98] may generate a fea-
sible plan for the problem in these two cases, but they do not
provide any performance guarantee, i.e., the plans generated
by their algorithms can be arbitrarily far from the optimal
one.
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1 Introduction

Recently, On-Line Analytical Processing (OLAP) has at-
tracted substantial research interest. Issues such as efficient
algorithms for computing datacubes [GBLP95, AAD+96,
SAG96, DANR96, RS97, ZDN97], techniques for selecting
group-bys for materialization [HRU96, Gupta97, GHRU97,
YKL97, BPT97], and efficient incremental methods for ma-
terialized view maintenance [GM95, ZGHW95, AESY97,
HZ96, RSS96] have been successfully investigated. How-
ever, there has been little attention devoted to the optimiza-
tion of multiple simultaneous OLAP queries. This kind of
multiple multidimensional query optimization has specific
characteristics and to a large extent is different from the
traditional multiple query optimization procedures [PS88,
S88, SS94]. That is, typical multidimensional queries in-
volve data aggregation across different dimensions and hi-
erarchies, moreover, the amount of data manipulated is nor-
mally very large, e.g., gigabytes or terabytes of data. In
addition to the intrinsic interest of the problem, optimiz-
ing multiple simultaneous OLAP queries is likely to be of
considerably practical importance due to the recent develop-
ments in this area. Microsoft recently released its proposed
”OLE DB for OLAP” standard for interfaces to multidimen-
sional data sources [MS]. This standard is likely to become
widely accepted. One of the most interesting aspects of the
standard is its definition ofMulti-Dimensional Expressions
(MDX) which provides a framework in which a user can
ask several related OLAP queries in a single MDX expres-
sion. This aspect of MDX reflects the fact that OLAP-style
analysis often gives rise to simultaneous related queries, and
MDX intends to provide a uniform framework for a variety
of data sources.

In this paper the problem considered can be informally
stated as follows: given a set of materialized views in a fact
table and an MDX expression which can be decomposed
into a set of related multidimensional queries, find a plan
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for answering all the multidimensional queries (thereby an-
swering the MDX query) such that the total response time
is minimized. Therefore, our objective is to exploit the in-
formation shared (materialized views and dimensional ta-
bles) among the queries, and to fully utilize the index struc-
tures of the materialized views of some queries to reduce
the total response time for all queries. In the end this re-
duces the response time for the given MDX. Without loss of
generality, in this paper we only consider the evaluation of
MDXs in a relational multidimensional database (MDDB)
system. Recently Zhao et al. [ZDNS98] first exploited the
problem by introducing the optimization of multiple dimen-
sional queries simultaneously. They gave a general frame-
work in terms of the optimization cost (the response time
for an MDX) by presenting three heuristic algorithms for
finding a better global plan according to the optimization
cost, based on the three shared operators that they devel-
oped:shared scan for hash-based star join ,
shared index-based join , and shared scan
for hash-based and index-based star join .
It must be mentioned that [RSC98] also discuss a variant
of this problem.

In this paper we will examine the problem in detail and
propose more efficient solutions. We first consider two re-
stricted versions of the problem, in which all queries in a
set of multiple dimensional queries are either hash-based star
joins or index-based star joins, by presenting a cost model
for answering these queries in terms of the response time
required. For the case of hash-based star joins, we devise
a polynomial approximation algorithm through reducing the
problem to a directed Steiner tree problem. The algorithm
delivers a plan with the evaluation cost ofO(|Q|ε) times
the optimal, and the time for finding such a plan isO(|Q| ·
|MV | + (|Q| + |MV |)1/ε + (|Q| + |MV |) log(|Q| + |MV |)),
whereQ is the query set and|Q| is the number of queries
in Q, MV is the set of materialized views from which the
queries inQ can be answered and|MV | is the number of
materialized views inMV , and ε is a fixed constant with
0 < ε ≤ 1. We also present an exponential algorithm which
delivers a plan with the optimal evaluation cost. In the case
of index-based star joins, we present a heuristic algorithm
for the problem by reducing this problem to a minimum
weighted maximum cardinality matching problem and re-
laxing the constraint condition, the solution delivered by our
algorithm is|Q| times the optimal. We also give an exponen-
tial algorithm which delivers a plan with the optimal cost.
We then deal with a general case in which the query set
contains both hash-based star join and index-based star join
queries. For this case we first suggest possible improvement
of the algorithms of Zhao et al., based on our analysis of
their approach. Subsequently, we present another heuristic
algorithm for the problem. We also present an exponential
algorithm which delivers a plan with the optimal cost. We
should mention that the exact algorithms for the three cases
are effective if the number of the queries involved is not too
large (e.g.,|Q| ≤ 10). We finally conduct a performance
study by implementing our algorithms. The experimental
results demonstrate that the solutions delivered for the re-
stricted cases in this paper are always within two times of
the optimal, which confirms our theoretical upper bounds.

Actually these experiments produce much better results than
our theoretical estimates. The results in the general case are
very interesting, in some cases, our algorithm outperforms
the existing one, in other cases, the existing one is better
than ours. To the best of our knowledge, this is the only de-
velopment to provide approximation algorithms for the first
two cases which are able to deliver the plans with determin-
istic performance guarantees in terms of the qualities of the
plans generated. The previous approaches including those
of [ZDNS98] may generate a feasible plan for the problem
for these two cases, but they do not provide any performance
guarantee (i.e., the plans generated by their algorithms can
be arbitrarily far from the optimal).

The rest of the paper is organized as follows. In Sect.
2 we introduce some basic concepts and the three shared
operators developed by Zhao et al. [ZDNS98]. In Sect. 3 we
study a version of the problem in which case all queries are
shared scan for hash-based star join s. For
this version, we first present a cost model for it in terms
of response time, then present an approximation algorithm
for finding a global plan with a fixed degree approxima-
tion of the optimal cost, and finally give an exact algorithm
which finds a global plan with the optimal cost. In Sect.
4 we define another version of the problem in which case
all the queries areshared scan for index-based
star join s. Following the same discussion in Sect. 3,
we first model it in the time cost measure, then present a
heuristic algorithm for finding a better global plan with a
fixed degree approximation of the optimal cost, and finally
give an exact algorithm which delivers a global plan with the
optimal cost. In Sect. 5 we briefly introduce the three heuris-
tic algorithms devised by Zhao et al. [ZDNS98], and analyze
their two greedy algorithms by pointing out the drawbacks
of the solutions sufficed through a running example. We
then present some possible improvement to their approach.
Also, we present another greedy algorithm for the problem.
Finally, in Sect. 6 we present our implementation of the pre-
sented algorithms and study their performance. We conclude
our discussions in Sect. 7.

2 Preliminaries

A multidimensional database is a data repository that pro-
vides an integrated environment for decision-support queries
that require complex aggregations on large amounts of his-
toric data. Here we assume that an MDDB is a relational
data warehouse in which the information is organized as a
star schema [Kim96].

2.1 The star schema

An MDDB consists of a fact table F (D1, D2, . . . , Dn,
M1, M2, . . . , Mr) and a single dimension table for each di-
mensionDi. Eachdimension tableDi contains all the in-
formation that is specific only to the dimension itself, while
the fact tableF correlates all dimensions and contains the
information on the attributes of interest for the intersection
of all the dimensions, 1≤ i ≤ n. EachMj is called amea-
sureof F , 1 ≤ j ≤ r. Each tuple inF consists of a pointer
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Fig. 1. A star schema

(foreign key) to each of the dimensions that provides its
dimensional coordinates, and stores the numeric measures
for those coordinates. Figure 1 shows an example of a star
schema, whereProduct, Store and Time are the di-
mension tables,Sale is the fact table, and the attributeSale
in tableSale is a measure.

2.2 Data cubes

Let F (D1, D2, . . . , Dn, M ) be a fact table whereDi is a di-
mension ofF andM is the measure, 1≤ i ≤ n. Obviously,
there are 2n possible combinations of the dimensions. The
data cubeof F contains all dimensional group-by aggrega-
tion tables.

In order to achieve the minimum response time for the
data cube computation, the objective is to minimize the total
number of operations for the computation. [HRU96] intro-
duced asearch latticeL = (V, E) for such computation,
where each group-by is a node inV and there is a directed
edge〈u, v〉 ∈ E from group-byu to group-byv if v can be
generated fromu andv has exactly one dimension less than
u. The weight associated with the edge is the operation cost,
which usually is an estimation value by sampling. Figure 2
shows an example of the search lattice of the data cube of
a fact tableR(A,B,C,D M) andM is the measure ofR.
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Fig. 2. A search lattice of a data cube

2.3 Multi-dimensional expressions

The main motivation behind our study is that a single MDX
expression can be decomposed into several related OLAP
queries. Obviously, if all the queries can be evaluated effec-
tively, the MDX query can then be answered efficiently. In
order to illustrate this concept, we give the following exam-
ple which has been used by [ZDNS98]. The example also
appears in [MS].

We assume that the database consists of one fact table
SalesCube and five dimension tablesSalesperson,
Geography, Quarters, Products, Years , and
oneMeasure that isSales , whereGeography is a hier-
archy that has the levels states, countries, continents, and so
on. Quarters is also a hierarchy that has the levels quar-
ters, months, days. Then, an MDX is defined as follows.
NEST ({Venkatrao, Netz }, {USA North.CHILDREN,

USA South, Japan })

on COLUMNS{Qtr1.CHILDREN, Qtr2, Qtr3,

Qtr4.CHILDREN }
on ROWS

CONTEXT SalesCube

FILTER (Sales, [1991], Products.All)

where NEST, CONTEXT, COLUMNS, CHILDREN, and FILTER

are all reserved MDX keywords. This MDX specifies the
total sales for salesmen Venkatrao and Netz in all states of
USA North, USA South, and Japan for all the months of the
first quarter, the second quarter, the third quarter, and all the
months of the fourth quarter in 1991.

In the relational terms, the join between the fact table
and the dimension tables are defined implicitly in an MDX.
Therefore, the join attributes and join conditions are not vis-
ible in the MDX. This is due to the fact that an MDX does
not define the way in which an OLAP server should process
the MDX query. The MDX in the example can be decom-
posed into the following six different group-by queries in
terms of SQL statements:

1. The total sales for Venkatrao and Netz in all states of
USA North for the 2nd and 3rd quarters in 1991;

2. the total sales for Venkatrao and Netz in all states of
USA North for the months of the 1st and 4th quarters in
1991.

3. The total sales for Venkatrao and Netz in region
USA South for the 2nd and 3rd quarters in 1991.

4. The total sales for Venkatrao and Netz in region
USA South for the months of the 1st and 4th quarters in
1991.

5. The total sales for Venkatrao and Netz in Country Japan
for the 2nd and 3rd quarters in 1991.

6. The total sales for Venkatrao and Netz in Country Japan
for the months of the 1st and 4th quarters in 1991.

More succinctly, we have six group-bys (Salesperson,
State, Quarter), (Salesperson, State, Month), (Salesperson,
Region, Quarter), (Salesperson, Region, Month), (Salesper-
son, Country, Quarter), and (Salesperson, Country, Month).
In addition, we have disjoint selection predicates for each
group-by. This means that we cannot use the technique of
finding common selection predicates which is widely used in
multiple query optimization for general SQL queries [S88].
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Therefore, from now on, unless otherwise specified we as-
sume that an MDX has been decomposed into a setQ of
queries. We will develop algorithms to reduce the total re-
sponse time for answering all queries inQ.

2.4 Shared operators

As is well understood, the fundamental task in evaluating
multiple related dimensional queries is identifying and ex-
ploiting common subtasks among the queries. In the star join
environment, we try to make as many queries as possible
share star joins. Such joins are either hash-based star joins
or index-based star joins. For very selective star join queries,
the index-based star join is a good alternative [OQ97]. For
non-selective star join queries, the hash-based star join is
a good solution [Su96]. Based on the star join environ-
ment, Zhao et al. [ZDNS98] introduce the three shared oper-
ators:shared scan for hash-based star join ,
shared scan for index-based star join , and
shared scan for hash-based and index-based
star join . For sake of completeness we briefly introduce
these operators below.

We refer to any materialized group-by (node) in the
search lattice as abase table. The fact table itself is a base
table. Letq be a query such thatq can be answered using
a base tableR. It follows that a hash-based star join forq
involves building a hash table on each dimension table, and
then probing the hash table with the tuples of the base table
R. We assume that the aggregation afterwards is also done
by hashing.

The shared scan for hash-based star join is
defined as follows. Suppose we have two different queries
q1 and q2 sharing the same base table. Clearly,q1 and q2
can share scanning the base table. Furthermore, ifq1 andq2
use the same dimension tables, then they can share the hash
tables too, instead of redundantly building and probing the
hash tables on the same dimension tables. We refer to this
sharing asType One Sharing .

The shared scan for index-based star join
is defined as follows. Assume that each dimension table has
built bitmap join indexes that map the join attributes to the
tuples of a base tableF ′. Now we consider two queries
q1 and q2 which share the base tableF ′ and both use the
bitmapsBT (q1, F

′) and BT (q2, F
′). The index-based

star join proceeds as follows. Form a combined bitmap
BM := BT (q1, F

′) ∨BT (q2, F
′), and useBM to probe the

base tableF ′ to extract the matching tuples. LetF ′′ be the
set of matching tuples inF ′. Each queryqi then uses its
own bitmapBT (qi, F

′) to filter F ′′ to get its own matching
tuples. Finally, eachqi proceeds aggregation by hashing,
i = 1, 2. We refer to this sharing asType Two Sharing .

The shared scan for hash-based and index-
based star join operator is an operator which is a mix-
ture of the first two. Suppose that a set of queries share
scanning of the same base table. Among these queries, some
of them are hash-based and the remaining are index-based
star joins. Those hash-based queries also share hash-based
star joins. For those index-based queries, we first use their
combined bitmap to extract a setS of matching tuples from
the base table. We then use the bitmap of each query to filter

the matching tuples fromS. We finally send these match-
ing tuples to the corresponding group-by hash table to per-
form aggregation. We refer to this sharing asType Three
Sharing .

3 Multiple query optimization
with Type One Sharing

As mentioned before, an MDX can be decomposed into a
set Q of SQL queries. If all queries inQ are Type One
Sharing queries, we show that there is an efficient algo-
rithm for finding a query plan which delivers the guaranteed
performance for this restricted version of the problem.

3.1 Problem definition

Let L = (V, E) be the lattice of a fact tableF . Some of the
nodes (aggregates) inL have been precomputed (material-
ized). LetMV be the set of all precomputed nodes. Assume
that the node (tableF ) is always materialized and included
in MV . Thus, we have a setQ of Type One Sharing
queries.

The Multiple Dimensional Query Optimization Problem
for Type One Sharing is to: (i) find a materialized node
(base table) fromMV for every query inQ from which that
query can be answered; and (ii) minimize the total response
time for answering all the queries.

Assume that every materialized view inMV is useful
with respect to the queries inQ, this means, at least one
query q ∈ Q can be answered from it for every view in
MV . Otherwise, those useless materialized views can be
removed fromMV for further consideration. Basically, the
response time for an MDX consists of two parts: one is the
time of loading necessary base tables (each time a fragment
of a table stays in memory) and the other is the time of
filtering by individual queries. We formalize the problem in
terms of time cost as follows:

(i) If a materialized viewv ∈ MV is used by at least a
query, thenv contributes a cost

tmaterlized(v) =
Size(v)

Page Size
· tI/O + thash join(v) (1)

whereSize(v) is the number of tuples of tablev, Page Size
is the size of the unit block (e.g., 8 kB) between memory
and the disk,tI/O is the transfer time of a single block
between them,thash join(v) is the sum of the time for star-
joining the base tablev with its dimension tables and the
time for generating hash tables for the dimensions. Thus,
tmaterlized(v) is the time related to the base tablev, which
is the sum of the time needed to loadv to main memory and
the time for hash-based star join.

(ii) If a query q ∈ Q can be answered usingu ∈ MV ,
thenq contributes a cost

tquery(q, u) = Size(u) · tcpu(q, u) (2)

where tcpu(q, u) is the sum of the time needed to match
the predicates in queryq to a tuple inu and the time for
proceeding hashing operations for aggregation which is the
CPU time.
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Now, for a given planP , everyq ∈ Q has already cho-
sen a materialized viewmv(q) ∈ MV from which it can be
evaluated. We analyze the response time for the MDX. As-
sume that all the base tables have been available in the main
memory, then the total time for answering all the queries in
Q is

Tqueries(MV, Q) =
∑

q∈Q

tquery(q, mv(q)). (3)

However, the sum of the time of loading the base tables to
the main memory and proceeding star-joining the base tables
with their dimension tables is

Tmaterialized(MV, Q) =
∑

v∈M ′
tmaterialized(v) (4)

whereM ′ = {mv(q) | q ∈ Q, mv(q) ∈ MV }.
Therefore, to find a better planP , the problem now is

to minimize the following expression.

Tqueries(MV, Q) + Tmaterialized(MV, Q) (5)

It is clear that the minimum value of expression 5 is the
minimum response time for answering all the queries inQ.

Since the problem involves choosing a base table from a
number of base tables for every query inQ and minimizing
the total response time for answering the queries, it is likely
to be NP-hard. Therefore, in this paper we will focus on
a polynomial approximation solution for the problem if the
number of queries is large; otherwise, we will give an exact
solution by presenting an exhaustive algorithm for it.

3.2 The approximation algorithm

We now give a feasible solution for the problem. The basic
idea of our approach is first to reduce the problem to a di-
rected Steiner tree problem in an auxiliary graph. We then
obtain an approximation solution by solving the Steiner tree
problem, and we finally transform that approximation solu-
tion back to a feasible solution of the original problem. In
the following we explain the details of our algorithm.

We first construct an auxiliary graphG = (X, Y, EXY ,
ω1, ω2) which is a directed, weighted bipartite graph as fol-
lows. X is the set of base tables (materialized views), i.e.,
X = MV ; Y is the set of the queries inQ, i.e., Y = Q.
For every vertexx ∈ X, the weight associated with itω1(x)
is Size(x)

Page Size · tI/O + thash join(x). There is a directed edge
〈x, y〉 ∈ EXY from x ∈ X to y ∈ Y if y can be an-
swered usingx, and the weight associated with the edge
is ω2(x, y) = Size(x) · tcpu(y, x). Obviously,G is an edge-
weighted and partially vertex-weighted (only the vertices in
X have been assigned weights) directed, bipartite graph.

The objective is to find a subsetX ′ ⊆ X in G such that:
(i) every vertex iny ∈ Y chooses a vertexmv(y) ∈ X ′;
and (ii)

∑
x∈X′ ω1(x) +

∑
y∈Y ω2(mv(y), y) is minimized.

It is easy to see that this is equivalent to our objective
for the original problem. However, this optimization prob-
lem is NP-hard because the minimum weighted set cover
(MWSC) problem is a special case of this problem which
is a well known NP-complete problem [GJ79]. Instead, we
will present an approximation solution for the optimization
problem below.

We transform the problem to a directed Steiner tree
problem in an auxiliary graphH, defined as follows.H =
(VH , EH , ω3) is a directed edge-weighted graph, whereVH =
X ∪ Y ∪ {s} and s is a virtual vertex,EH = EXY ∪
{〈s, x〉 | x ∈ X}, and ω3(s, x) = ω1(x) for every x ∈ X,
andω3(x, y) = ω2(x, y) for every〈x, y〉 ∈ EXY . Obviously,
H is a directed acyclic graph (DAG), and each other vertex
in H is reachable froms. Let S = Y (= Q ⊂ VH ) be the
terminal set (the set consists of all query vertices). We then
find a directed tree rooted ats in H including all vertices
in S such that the weighted sum of the edges in the tree is
minimized. It is easy to observe that this is a directed Steiner
tree problem onH which is NP-hard [GJ79]. However, an
approximation directed Steiner treeT rooted ats including
all vertices inS can be obtained by applying the algorithm
due to Zelikovsky [Zeli97]. Note that there are only two
types of edges inT , one is〈s, x〉 with x ∈ X and another
is 〈x, y〉 with x ∈ X and y ∈ Y . We finally transform the
solution onH back to a solution of our original problem.
That is, for each edge〈x, y〉 in T , queryy has chosen the
materialized viewx as its base table, each query inQ has
chosen a base table because the corresponding vertex of the
query is included inT , and the weighted sum of all edges
in T is the total response time for answering all the queries
in Q. Now we have:

Lemma 1. Let TS be a directed Steiner tree ofH rooted
at s including all vertices inS and W (TS) be the weighted
sum of the edges inTS . Then, the minimum response time for
answering all the queries inQ equalsW (TS).

Proof. Let PL be an optimal plan for all the queries in
Q (= S), which means, evaluating this plan will lead to a
minimum response time for all queries. InPL, every query
q ∈ Q has chosen a materialized viewmv(q) as its base
table. We now build a treeT ′ from PL. T ′ has a root vertex
s. We connect each materialized view which has been used
by the queries inQ to s, assign the edge a direction froms
to the view, and the weight to this edge as the sum of the
cost of loading the view to the main memory and the cost of
proceeding star-join the view with its dimension tables. Each
queryq connects tomv(q) and assigns the edge a direction
from mv(q) to q and the weight of the edge by the cost
of answeringq. Clearly, W (T ′) is equal to the minimum
response time for answering all the queries inQ. While
T ′ is a directed tree inH rooted ats which includes all
vertices inS (= Q), by the definition of directed Steiner
trees,W (TS) ≤ W (T ′). Meanwhile, the Steiner treeTS can
be transformed to an assignment plan for all the queries inQ,
i.e., the removal ofs and all its adjacent edges fromTS will
result in a forest. In this forest if queryq is in a tree rooted
at mv, then q will choosemv as its base table. Thus, the
response time by this plan isW (TS). Note that there is no
any edge betweens and the vertices inS by the construction
of H. Since the minimum response time for all queries is
W (T ′), so,W (T ′) ≤ W (TS). As a result,W (TS) = W (T ′).

By Lemma 1, the minimum response time for our original
problem now is equal to the weighted sum of the edges in
the directed Steiner tree above. Since the best approximation
algorithm so far for the directed Steiner tree problem delivers
a solution which isO(|S|ε) times the optimal with 0<
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ε ≤ 1. Therefore, we can give a feasible solution for our
problem. That is, there is an assignment plan delivered by
our algorithm, and the response time for executing this plan
is O(|Q|ε) times the minimum response time, where|X| is
the number of elements in setX. In summary, we have the
following theorem:

Theorem 1. Let V be the set of the elements (group-bys) in
the data cube of a fact tableF . Given a setMV ⊂ V of
materialized views and a setQ of Type One Sharing
queries, the objective is to: (i) assign every query inQ with
a materialized view inMV from which the query can be
answered; and (ii) minimize the total response time for all
queries. There exists such an assignment plan whose re-
sponse time isO(|Q|ε) times the minimum response time. The
generation of the plan takesO(|Q|·|MV |+(|Q|+|MV |)1/ε +
(|Q|+|MV |) log(|Q|+|MV |)) time, where|X| represents the
number of elements in setX and ε is a fixed constant with
0 < ε ≤ 1.

Proof. By the discussion above, first we construct the graph
G which takesO(|Q||MV |) time. The construction ofH
(from G) takesO(|Q||MV | + |MV |) = O(|Q||MV |) time.
Finding an approximation Steiner tree rooted ats including
all vertices inS (|S| = |Q|) on H, which is (|Q|ε) times
the optimal, takesO(|Q| · |MV | + (|Q| + |MV |)1/ε + (|Q| +
|MV |) log(|Q| + |MV |)) time by the algorithm due to Ze-
likovsky [Zeli97] becauseH contains|Q|+|MV |+1 vertices
and at most|Q||MV | + |MV | edges. Finally, transforming
this solution to a feasible solution for the original problem is
straightforward which takesO(|Q|) time. The theorem then
follows.

Note that in practice we can use Dijkstra’s single source
shortest path algorithm to find a subtree rooted ats which
includes all vertices inS as its leaf vertices. The tree can
be found inO(|Q||MV | + (|Q| + |MV |) log(|Q| + |MV |)) =
O(|Q||MV |) time. It is clear that the weighted sum of the
edges in the tree is|Q| times of that of the minimum Steiner
tree, i.e., it is the case of Zelikovsky’s algorithm whenε = 1.
From Theorem 1, we can see that the accuracy of a plan is
proportional to the time spent for generating the plan, which
means, the more time we spend for generating the plan, the
less time required when the plan later is executed.

Despite the fact that previous approaches, including that
of [ZDNS98], may generate a feasible plan for the problem,
they do not provide any performance guarantee in terms of
the quality of the plan generated (i.e., the plans generated
by them can be arbitrarily far from the optimal one), our
approach above delivers a plan which gives a deterministic
bound with respect to the optimal solution.

3.3 An exact algorithm

If the number of queries|Q| is small (e.g., no more than 10),
we present an exact algorithm which delivers a plan with
the minimum response time. In doing so, we first formalize
the problem into another optimization problem. LetQ =
{q1, q2, . . . , q|Q|} andMV = {mv1, mv2, . . . , mv|MV |}.
Let

Tqu =
∑

i=1,...,|Q|,j=1,...,|MV |
tijxij (6)

Associated with every queryqi, there are|MV | variables
xi1, xi2, . . . , xi|MV | such that a uniquexij = 1, and all
other xij′ = 0 if j′ /= j for any j, 1 ≤ j ≤ |MV |, i.e.,
qi chooses the tablemvj as its base table,tij is the time
for answeringqi if mvj is already in main memory, i.e.,
ti,j = Size(mvj)tcpu(qi, mvj).

Let M ′ = {mvj | if there isxij = 1} which is the set of
base tables, all the materialized views inM ′ then must be
scanned and loaded to main memory, the time for loading
and star-joining for this part is

Tma =
∑

mvi∈M ′
Size(mvi)/Page Size · tI/O

+ thash join(mvi) (7)

Therefore, the minimum response time for answering all
queries inQ now is to minimize

Ttotal hash = Tma + Tqu (8)

We now present an exact algorithm for this optimization
problem. As can be seen, associated with a queryqi there
are |MV | 0/1 variables (xi1, xi2, . . . , xi|MV |). By the con-
straints imposed in 6 there are at most|MV | differ-
ent assignments for these variables, i.e., (1, 0, 0, . . . , 0),
(0, 1, 0, . . . , 0), . . ., (0, 0, . . . , 0, 1). It must be mentioned
that, if qi cannot be answered usingmvj , then the assignment
of (0, 0, . . . , 0, 1, 0, . . . , 0) with xij = 1 is invalid. So, the
optimal solution ofTtotal hash can be found inO(|MV ||Q|)
time.

In fact, there are at mostri different valid assignments
for a group of variables (xi1, xi2, . . . , xi|MV |), whereri is
the number of materialized views from whichqi can be
answered, 1≤ ri ≤ |MV |. Note thatri is usually much
smaller than|MV |. Therefore, an assignment with the min-
imum response time can be found inO(

∏|Q|
i=1 ri) time. Let

r =
∑|Q|

i=1 ri/|Q|, where r is the number of materialized
views on average from which a query can be answered. For
anyk positive numbersa1, a2, . . . , ak, the following inequal-
ity always holds

a1 + a2 + . . . + ak

k
≥ k

√
a1a2 . . . ak. (9)

By inequality 9, we haveO(
∏|Q|

i=1 ri) ≤ O(r|Q|). Then,

O(
∏|Q|

i=1 ri) = O( |MV ||Q|

2|Q| ) whenr = |MV |/2; O(
∏|Q|

i=1 ri) =

O(|MV ||Q|/2) when r =
√|MV |. This bound is much

smaller thanO(|MV ||Q|) in practice. Therefore, the ap-
proach works well when the number of queries is rather
small. For example, assume that|MV | = 1000,|Q| = 6, and
every query can be answered by using 32 materialized views
on average. Then, the time used for finding an optimal plan
takes about 106 unit time.

Theorem 2. Let V be the set of the elements (group-bys) in
the data cube of a fact tableF . Given a setMV ⊂ V of
materialized views and a setQ of Type One Sharing
queries, the objective is to: (1) assign every query inQ with
a materialized view inMV from which the query can be
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answered; and (2) minimize the total response time for an-
swering all the queries inQ. There exists an assignment plan
with the minimum response time. Finding such a plan takes
O(|MV ||Q|) time in the worst case.

Proof. According to our discussion above, a feasible plan
is a valid assignment for all variables in Equation 6. An
optimal plan is a feasible plan with minimizingTtotal hash in
Equation??. However, there areO(|MV ||Q|) valid feasible
plans, choosing the one with the minimumTtotal hash takes
O(|MV ||Q|) time. The theorem then follows.

In practice, we believe that finding an optimal plan requires
much less time than that claimed by Theorem 2. The rea-
son is that for a query inQ, it can be answered by only a
few materialized views inMV . Our experiment in Sect. 6
demonstrates that this claim is correct.

4 Multiple query optimization
with Type Two Sharing

In this section we deal with the multiple dimensional query
problem in which case an MDX is decomposed into a setQ
of Type Two Sharing queries only.

4.1 Problem definition

The Multiple Dimensional Query Optimization Problemfor
Type Two Sharing is to: (1) find a materialized view
(base table) fromMV for every query inQ from which the
query can be answered; and (2) minimize the total response
time for answering all the queries inQ. Now we formalize
the problem in terms of the cost model as follows:

(i) If a materialized viewmvj ∈ MV is used by queries
qi1, qi2, . . . , qik

as their base table,qil
∈ Q, and 1≤ l ≤ k,

then the cost of loading those tuples ofmvj which have
been indexed by the combined bitmap of the queries to main
memory is

tindex materialized(mvj) = σj
Size(mvj)
Page Size

· tI/O

+
k∑

l=1

tindex(qil, mvj) (10)

where σj is defined as follows. LetRil be the set of tu-
ples inmvj that satisfy the conditional predicates of query
qil

. Then, |Ril| = σil · Size(mvj) and 0 < σil < 1. The
union R′ = ∪k

i=1Ril of the sets by all the queries using
mvj will then be moved to the main memory for the pur-
pose of query processing. Therefore,σj = |R′|/Size(mvj).
tindex(qil, mvj) is the time for searching the bitmap ofqil.
Hence tindex materialized(mvj) is the sum of the time of
loading the selected tuples ofmvj to the main memory and
generating the combined bitmap from each individual bitmap
of the queries (the second term in the right-hand side of ex-
pression 10).

(ii) If a query qi ∈ Q can be answered usingmvj ∈
MV , thenqi contributes a costtindex query(qi, mvj) = σj ·
Size(mvj) · tcpu(qi, mvj), wheretcpu(qi, mvj) is the sum of

the CPU time of matching a tuple inmvj to the predicates
in queryqi and the time of proceeding hashing operation for
aggregation purpose.

Having the above cost measures, now for any given
plan, every q ∈ Q has already chosen a materialized
view mv(q) ∈ MV from which it can be answered fi-
nally. Therefore, if all the chosen tuples ofmvj are in
the main memory, then the time taken by evaluating the
plan is Tin qu(MV, Q) =

∑
q∈Q tindex query(q, mv(q)).

However, by this plan the total time of loading those tu-
ples of the materialized views to main memory, using the
combined bitmap, is
Tin ma(MV, Q) =

∑
v∈M ′ tindex materialized(v), where

M ′ = {mv(q) | q ∈ Q, mv(q) ∈ MV }.
Therefore, the response time for answering all the queries

in Q is

Ttotal in = Tin qu(MV, Q) + Tin ma(MV, Q). (11)

The problem is then to find an assignment plan to minimize
Ttotal in, which is the minimum response time for answering
all the queries inQ. Following the same argument as in
Sect. 3, this version of the problem is also likely to be NP-
hard. Therefore, in the following we will focus on finding
an approximation solution for it.

4.2 A heuristic algorithm

Let queriesq1, q2, . . . , qk usemvj ∈ MV as their base ta-
bles, qi ∈ Q and 1 ≤ i ≤ k. Then, we assume that the
following inequality always holds.

k∑

i=1

[σij · Size(mvj)/Page Size · tI/O +

σij · Size(mvj) · tcpu(qi, mvj) + tindex(qi, mvj)]

≥ σ · [Size(mvj)/Page Size · tI/O +
k∑

i=1

Size(mvj) · tcpu(qi, mvj)] +
k∑

i=1

tindex(qi, mvj) (12)

where σij is the selectivity of qi to mvj , σ = | ∨k
i=1

F (qi, mvj)|/Size(mvj), ∨ is the bit-OR operator, and
F (qi, mvj) is the bitmap ofqi to mvj . Inequality 12 means
that the cost of loading those tuples ofmvj chosen by the
combined bitmap of the queries to the main memory is much
cheaper than the cost of loading the tuples chosen using the
bitmap of each individual query, because the bitmaps of dif-
ferent queries may index the same tuple. Thus, if we do not
make use of the combined bitmap, then, that tuple may load
many times to the main memory depending on how many
queries index it. However, if we load the tuples ofmvj cho-
sen by the combined bitmap, the cost of filtering the useless
tuples for each individual query will take more CPU time.
Based on the assumption in inequality 12, we present a cost
estimation model in a conservative way. That is, for every
query qi ∈ Q, if it chooses amvij = mv(qi) ∈ MV as its
base table, then the total cost (or response time) forqi is

|Q|∑

i=1

σiij
· (Size(mvij

)/Page Size · tI/O +

σiij
· Size(mvij

) · tcpu(qi, mvij
) + tindex(qi, mvij

)). (13)
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We now give an optimal solution for the problem based
on the conservative cost model. Our approach is to reduce
the problem to a minimum weighted maximum cardinality
matching problem in an auxiliary weighted, bipartite graph.
As a result, we obtain a feasible solution for our original
problem due to inequality 12.

We first construct an undirected, weighted bipartite graph
G = (X, Y, EXY , ω4) as follows.X is the set of materialized
views, i.e.,X = MV ; Y is the set ofType Two Sharing
queries, i.e.,Y = Q. There is an edge (mvj , qi) ∈ EXY

betweenmvj ∈ X andqi ∈ Y if qi can be answered using
mvj , and the weight associated with the edge is

ω4(mvj , qi) = σij · Size(mvj)/Page Size · tI/O

+ σij · Size(mvj) · tcpu(qi, mvj)

+ tindex(qi, mvj) (14)

whereσij is the selectivity ofqi to mvj .
Now, the optimization problem under the conservative

cost model is to find a subsetX ′ ⊆ X in G such that
every vertex iny ∈ Y chooses a vertexmv(y) ∈ X ′
and

∑
y∈Y ω4(mv(y), y) is minimized. In doing so, we

construct another auxiliary weighted bipartite graphH =
(XH , YH , EH , ω5) from G below.

Let d(x) be the degree of vertexx ∈ X in G. XH =
X ∪ {x1, x2, . . . , xd(x)−1 | x ∈ X, d(x) > 1}, YH = Y .
EH = EXY ∪ {(xi, y) | (x, y) ∈ EXY , 1 ≤ i ≤ d(x) − 1}.
The weights associated with the edges inH are defined as
follows: ω5(x, y) = ω4(x, y) for every (x, y) ∈ EXY and
ω5(xi, y) = ω4(x, y) for every (xi, y) ∈ EH , 1 ≤ i ≤ d(x) −
1.

Let M ′ be a minimum weighted, maximum cardinality
matching inH obtained, using any efficient polynomial al-
gorithm (e.g., the algorithm by Gabow et al. [GT90]), and
W =

∑
e∈M ′ ω5(e). Then, the solutionM ′ for H gives a

corresponding solution forG which can be described as: (i)
X ′ = {x′ | x′ ∈ X and (x′, y) ∈ M ′} ∪ {x | x′ is generated
from x, and (x′, y) ∈ M ′}; (ii) if ( x′, y) ∈ M ′ andx′ ∈ X,
then queryy has chosenmvx′ as its base table. Otherwise,
x′ 6 ∈X but x′ is generated fromx, then, queryy has chosen
mvx as its base table; and (iii)W =

∑
y∈Y ω4(mv(y), y)

which is the minimum among all solutions that include all
vertices inY . Thus, we have obtained such a planP that,
for each edge (x, y) in M ′, queryy has chosen the materi-
alized viewx as its base table. Clearly, the solution is an
optimal solution on the conservative cost model (we relax
the condition). However, as mentioned before, this solution
gives a feasible solution for the original problem. Now we
analyze how far this feasible solution from the optimal so-
lution of the original problem by the following theorem.

Theorem 3. Let P be the plan generated by the algorithm
above and letPopt be an optimal plan with the minimum
response time. Then, the response time of evaluatingP is at
most|Q| times of that forPopt.

Proof. Without loss of generality, assume that inPopt,
mv1, mv2, . . . , mvk have been chosen as the base tables of
queries inQ where the queries indexed from 1 toi1 use
mv1, and the queries indexed fromi1 + 1 to i2 use mv2
as their base table,. . ., the queries indexed fromik−1 + 1
to n usemvk as their base tables. We further assume that

il < il+1 for all l with 1 ≤ l < k. For eachmvj , let σj be its
selectivity with respect to the queries, which is determined
by the combined bitmap of those queries that use it as their
base table, 1≤ j ≤ k. Let i0 = 0, then, by the cost model
the response time for evaluatingPopt is
Cmin =

∑k
j=1 σi · (Size(mvj)/Page Size · tI/O

+
∑ij

l=ij−1+1 Size(mvj) · tcpu(ql, mvj))

+
∑ij

l=ij−1+1 tindex(ql, mvj).
Now we considermvj , 1 ≤ j ≤ k, by our assumption

that the queries indexed fromij−1 + 1 to ij usemvj as their
base tables, for each queryql with ij−1 + 1 ≤ l ≤ ij , there
is a corresponding edge (mvj , ql) in G (defined before), and
the weight associated with this edge inG is ω4(mvj , ql)
which is defined in Eq.14. It is obvious that

ω4(mvj , ql) ≤ σi · (Size(mvj)/Page Size · tI/O

+
ij∑

l=ij−1+1

Size(mvj) · tcpu(ql, mvj))

+
ij∑

l=ij−1+1

tindex(ql, mvj) (15)

We now construct a subgraphG′ = (X ′, Y, E′
XY , ω4) of G

whereX ′ = {mv1, mv2, . . . , mvk}, and an edge (mvj , ql) ∈
E′

XY for all 1 ≤ j ≤ k and ij−1+1 ≤ l ≤ ij . Then, using
the construction rule ofH, it is easy to see that the corre-
sponding subgraph inH of G′ is a weighted matchingM ′′
which includes all the vertices inY . The weight ofM ′′ is∑

e′∈M ′′ ω5(e) =
∑

(mvj ,ql)∈E′
XY

ω4(mvj , ql). Thus, we have∑
e′∈M ′′ ω5(e′) ≤ D ·Cmin, whereD = max{ij − ij−1 | 1 ≤

j ≤ k} ≤ |Q|. However, our algorithm is to find a min-
imum weighted maximum cardinality matchingM ′ in H,
which means

∑
e∈M ′ ω5(e) ≤ ∑

e′∈M ′′ ω5(e′) ≤ DCmin.
Therefore, the feasible solution for the original problem is
at most|Q| times the optimal.

In summary, we have the following theorem.

Theorem 4. Let V be the set of the elements (group-bys) in
the data cube of a fact tableF . Given a setMV ⊂ V of
materialized views and a setQ of Type Two Sharing
queries, the objective is to: (i) assign every query inQ with
a materialized view inMV from which the query can be
answered; and (ii) minimize the total response time for an-
swering all queries inQ. There exists an assignment plan
within O(|Q|) of optimal, and this plan can be generated in
timeO(∆|MV ||Q| log(N ·C)

√
Nα(∆|MV ||Q|, N ) logN ),

whereN = ∆|MV |+ |Q|, C = max{ω5(x, y) | (x, y) ∈ EH},
and ∆ (≤ |Q|) is the maximum number of queries that can
be answered by a materialized view inMV .

Proof. Following our discussion above, we know that the
response time of the plan delivered by our algorithm is|Q|
times the optimal by Theorem 3. The dominant computa-
tional complexity of the proposed algorithm is to find a
minimum weighted maximum cardinality matching which
requires

O(∆|MV ||Q| log(N · C)
√

Nα(∆|MV ||Q|, N ) logN )
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time by the algorithm due to Gabow and Tarjan [GT90]
becauseH contains no more thanN (= ∆|MV | + |Q|)
vertices and|∆|MV ||Q| edges in the worst case, where
C = max{ω5(x, y) | (x, y) ∈ EH} and ∆ is the maximum
degree of vertices inH. The theorem then follows.

4.3 An exact algorithm

Following the same framework of the exact algorithm de-
scribed as in Sect. 3, we now give an exact solution for the
problem in this version. The technique used here is simi-
lar to the one used in Sect. 3 except the formulae. So, we
will focus on the formulas of the problem. We transform the
problem into another optimization problem. Recall thatQ =
{q1, q2, . . . , q|Q|} andMV = {mv1, mv2, . . . , mv|MV |}. Let

Tindex−qu =
∑

i=1,...,|Q|,j=1,...,|MV |
tijxij (16)

Associated with every queryqi, there are|MV | variables
xi1, xi2, . . . , xi|MV | such that a uniquexij = 1, and all other
xij′ = 0 if j′ /= j for any j, 1≤ j ≤ |MV |, i.e., qi chooses
the tablemvj as its base table.tij is the time for answering
qi, assuming those tuples ofmvj chosen by the combined
bitmap of queries are already in main memory, i.e.,

ti,j = σj · Size(mvj)tcpu(qi, mvj) (17)

whereσj = | ∨xij=1 F (qi, mvj)|/Size(mvj) and F (q, v) is
the bitmap ofq to v. But, the time of loading those tuples
of mvj by the combined bitmap to main memory is

Tindex ma =
∑

mvi∈M ′
σi · Size(mvi)/Page Size · tI/O

+
∑

xij=1

tindex(qi, mvj) (18)

whereM ′ = {mvj | if there isxij = 1}. Thus, the problem
that we are concerned is now to minimize

Tindex = Tindex ma + Tindex qu. (19)

By applying the technique in Sect. 3, the above optimization
problem can be solved inO(

∏|Q|
i=1 ri) time in the worst case,

whereri is the number of materialized views from whichqi

can be answered. Therefore, we have:

Theorem 5. Let V be the set of the elements (group-bys) in
the data cube of a fact tableF . Given a setMV ⊂ V of
materialized views and a setQ of Type Two Sharing
queries, the objective is to: (1) assign every query inQ with
a materialized view inMV from which the query can be an-
swered; and (2) minimize the response time for answering all
queries inQ. There is an assignment plan with the minimum
response time. Finding such a plan takesO(|MV ||Q|) time
in the worst case.

Proof. The proof approach is similar to that for Theorem 2,
omitted.

5 Multiple query optimization
with Type Three Sharing

In the previous two sections we assume that an MDX can be
decomposed into a setQ of queries, which are eitherType
One Sharing or Type Two Sharing but not both. In
practice, the queries inQ are a mixture of the two types,
namely,Type Three Sharing queries. In this section
we will focus on how to process multiple queries ofType
Three Sharing efficiently.

5.1 Problem definition

The Multiple Dimensional Query Optimization Problemfor
Type Three Sharing is to: (1) find a materialized view
(base table) fromMV for every query inQ from which the
query can be answered; and (2) minimize the total response
time for answering all the queries inQ.

By the previous discussion, if the setQ can be further
partitioned into dis-joint subsetsQ1 and Q2 such thatQ1
only contains the queries ofType One Sharing andQ2
only contains the queries ofType Two Sharing , i.e.,
Q = Q1∪Q2, then two sub-plans forQ1 andQ2 can be found
using the approximation algorithms developed in Sects. 3
and 4, respectively. Thus, a plan forQ is formed by merg-
ing the two sub-plans, which is sub-optimal. But it relies on
the assumption that the queries inQ can be properly parti-
tioned into the two subsetsQ1 andQ2. However, for a query
in Q, it is very difficult to decide to which subset it should
bebeforehand. In the following we will suggest an algorithm
which gives a plan with a feasible solution by exploiting data
sharing further. It must be mentioned that this problem has
been originally discussed by [ZDNS98]. Here, we first an-
alyze the algorithms of Zhao et al., by pointing out some
of drawbacks of the algorithms and providing some possible
improvement. We then present another greedy algorithm for
the problem. Unlike their algorithms, our algorithm does not
require any given order of the queries added to the plan in
advance. We finally design an exact algorithm which can find
an optimal plan if the number of queries inQ is relatively
small.

5.2 Improvements of the algorithms of Zhao et al

In order to obtain a better plan for a set of queries ofType
Three Sharing , Zhao et al. [ZDNS98] give the follow-
ing three heuristic algorithms, by utilizing the three oper-
ations defined in Sect. 2: Two Phase Local Optimal Algo-
rithm (TPLO), Extended Two Phase Local Greedy Algorithm
(ETPLG), and Global Greedy Algorithm (GG). For the sake
of completeness, we briefly introduce these three algorithms
below.

Algorithm TPLO is fairly simple, consisting of two
phases. In the first phase, it independently picks up a base
table (materialized view) fromMV for each query inQ such
that the cost for evaluating that query is minimal. Once the
materialized view for a query is determined, it uses the SQL
optimizer to generate the best plan for the query. In the sec-
ond phase, it generates a global plan by merging the common
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subtasks among individual query plans using the three op-
erators. However, for any non-trivial optimization problem,
it is usually impossible to achieve a global optimal solution
by simply ”merging” individual local optimal solutions. Al-
gorithm ETPLG explores sharing base tables (materialized
views) among queries to reduce the total response time for
the queries. The basic idea ofETPLGis to add queries to the
global plan one by one. When a new query is added to the
plan, ETPLGchooses between the best plan that allows the
query to share a base table which has been used by the other
queries in the plan, and the local plan for the query. The sec-
ond phase is just like the second phase of AlgorithmTPLO,
merging the query plans at the vertex level of the query tree.
So, the order of the queries added to the global plan plays a
crucial role in the evaluation of the plan in terms of cost. In
ETPLG, queries are added to the global plan by theirGroup-
byLevelin ascending order, whereGroupbyLevelis the sum
of the hierarchy level of the group-by on each dimension. In-
tuitively, the smaller theGroupbyLevelof a query, the more
likely it shares a base table with the other queries. Algorithm
GGis similar to AlgorithmETPLG, in that,GGdevelops the
global plan by adding queries to the plan one by one, and
the adding order is in ascending order ofGroupbyLevel. The
only difference between them is thatGGallows some already
assigned queries to change their shared base table in order
to include the new query which is not allowed inETPLG.
As their performance study indicated,GGoutperformed the
other two.

Now let us consider the following running example (see
Fig. 3), where the triangle area indicates that all queries in-
side can be answered by the base table (materialized view)
forming the triangle. Suppose we haveMV = {mv1, mv2}
with Size(mv1) = 15000 andSize(mv2) = 3000. Q =
{q1, q2, q3, q4, q5}. Assume thatqi’s GroupbyLevelis strictly
smaller thanqi+1’s, 1 ≤ i ≤ 4, everyqi can usemv1 as
its base table, 1≤ i ≤ 5. q2, q3, q4 and q5 exceptq1 can
use mv2 as their base tables. We further assume that all
the queries are usingshared scan for hash-based
star join . Assume that the sum of the time of loading
mv1 to main memory and star-joining takes 1500 unit time
andmv2 takes 300 unit time respectively.

It is obvious that the time for answering a queryqi de-
pends on the number of tuples in its base table when its base
table has been in main memory. Here we assume that it takes
one unit time per processing 100 tuples. Now we run Algo-
rithm ETPLGor GGfor the example. We add the queries to
the global planS by the orderq1, q2, . . . , q5. First we addq1
into S, the total cost is 1500 + 15000/100 = 1650 unit time
because loading and star-joiningmv1 takes 1500 unit time
by the assumption, and the CPU processing takes 150 unit
time. Next we considerq2. If q2 choosesmv1 as its base
table, the cost is 15000/100 = 150 unit time; ifq2 chooses
mv2 as its base table, the cost is 300 + 3000/100 = 330
unit time. So, byETPLGor GGq2 finally choosesmv1 as
its base table. Third, we consider addingq3 to S. Following
the same analysis forq2, q3, q4 and q5 will finally choose
mv1 as their base tables. So, the total cost of running the
global plan is 1650 + 4× 150 = 2250 unit time. However,
the optimal plan for this example is thatq1 choosesmv1, q2
to q5 choosemv2 as their base tables, and the total cost of
running the optimal plan is 1650 + 330 + 3× 30 = 2070 unit
time.

The reason is that the order of queries added to the global
plan plays an important role in terms of the cost of evaluat-
ing the plan. From this example we can see that it might not
be a good choice to add the queries to the global plan by the
ascending order ofGroupbyLevelbecause in some cases it
may not be a good heuristic. Consequently, we may have an
immediate alternative, i.e., adding the queries to the global
plan by the descending order ofGroupbyLevel. For this latter
heuristic, we can also give an example against it. As a bal-
ance, there is a third heuristic which adds the queries to the
global plan in the following order: if|Q| is odd, then the or-
der is qb|Q|/2c+1, qb|Q|/2c, qb|Q|/2c+2, . . . , q1, q|Q|; otherwise,
the order is q|Q|/2, q|Q|/2+1, q|Q|/2−1, q|Q|/2+2, . . . , q1, q|Q|,
assuming thatq1, q2, . . . , q|Q| is the query sequence by the
ascending order ofGroupbyLevel. The algorithm based on
the third heuristic will deliver a better solution on average.
The reason is explained as follows. Forn queries, there are
n! different ways to give the queries in order, and it is pos-
sible that there is a case which has the optimal solution for
each of the orders. The ascending and descending orders of
GroupbyLevelheuristics are the two extremes of the spec-
trum of a variety of heuristics based on the order ofGroup-
byLevel, while the third heuristic above is located in the
middle of the spectrum of among the heuristics. Thus, there
exists an algorithm which delivers a better plan (smaller re-
sponse time) than that delivered by algorithmETPLG or
GGin the general case, and the time for finding such a plan
is at most three times of the time ofETPLG or GG.

5.3 A cost-based greedy algorithm

Unlike the algorithm of Zhao et al., the proposed algorithm
does not set the order for queries to be added. The algorithm
proceeds by adding queries to the global plan one by one,
according to the cost incurred by adding that query to the
solution at the current stage. So, the algorithm takes|Q|
times iterations. LetAQ be the set of queries which have not
been assigned base tables. Suppose that the firsti−1 queries
have been assigned to their base tables. In the beginning of
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Algorithm 1: Find Query Plan( MV, Q) ;
MV := {mv1, mv2, . . . , mv|MV |};
Q := {q1, q2, . . . , q|Q|};
AQ := Q;/* the set of unassigned queries */
Cost := 0; /* the total cost for answering all queries inQ */
for i := 1 to |MV | do

IX(mvi) := ∅; /* the set of index-based queries usedmvi as the base table */
endfor;
repeat

∆ cost := ∞; /* the cost incurred by adding thei-th query to the solution */
q candidate := ∅; /* the i-th query will be qcandidate */
for everyqx ∈ AQ do

for everymvy ∈ MV do
if qx can be answered usingmvy then

if mvy is chosen in the first timethen
if qx is hash-based scan join withmvy then

temp :=
Size(mvy )
Page Size

· tI/O + thash join(mvy) + Size(mvy) · tcpu(qx, mvy)
else/* qx is index-based join */

temp := σxy · Size(mvy )
Page Size

· tI/O + tindex(qx, mvy) + σxy · Size(mvy) · tcpu(qx, mvy)
endif

else /* mvy is not chosen in the first time */
if mvy has been used by other hash-based queriesthen

if qx is hash-based scan jointhen
temp := Size(mvy) · tcpu(qx, mvy)
elsetemp :=Delta Cost (qx, IX(mvy))
endif

else if mvy has been used by only index-based queriesthen
if qx is hash-based scan jointhen

temp :=
Size(mvy )
Page Size

· tI/O + thash join(mvy) + Size(mvy) · tcpu(qx, mvy)
elsetemp :=Delta Cost (qx, IX(mvy))
endif

endif
endif

endif
endif;
if ∆ cost > temp then

∆ cost := temp;
q candidate := qx;
BT (qx) := mvy ; /* qx usesmvy as its base table */

endif
endfor

endfor;
if q candidate is index-basedthen

IX(BT (q candidate)) := IX(BT (q candidate)) ∪ {q candidate}
endif;
Cost := Cost + ∆ cost;
AQ := AQ − {q candidate}

until AQ = ∅.

Fig. 4. A greedy algorithm for type three queries

thei-th iteration, a queryq in AQ will be added to the global
plan if its addition will incur the minimum increase in the
total cost of the solution. The detailed algorithm is described
in Fig. 4.

The function Delta Cost is defined as follows see
top of next page). Applying our algorithm to the example in
Fig. 3, an optimal plan for it can then be obtained.

5.4 The exact algorithm

Following the same framework as described in Sects. 3 and
4, we give an exact solution for the problem by formalizing
it as an optimization problem.

Let

Tqucpu =
∑

i=1,...,|Q|,j=1,...,|MV |
t′ijxij . (20)

Associated with every queryqi, there are|MV | variables
xi1, xi2, . . . , xi|MV | in which there is a uniquexij = 1, and
all other xij′ = 0 if j′ /= j for any j, 1 ≤ j ≤ |MV |. For
these variablesxij with 1 ≤ j ≤ |MV |, there areri different
assignments, i.e., (0, 0, . . . , 0, 1, 0, . . . , 0) with xij = 1 is a
valid assignment ifqi usesmvj as its base table, whereri

is the number of materialized views from whichqi can be
answered.t′ij is the time for answeringqi which is defined
as follows. If qi is index-based join withmvj , then

t′i,j = σij · Size(mvj) · tcpu(qi, mvj) (21)
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Function Delta Cost(q, IX(v));
begin

/* IX(v) is a set of index-based queries which usev as their base table */

σold
xy :=

|∨q′∈IX(v)F (q′,v)|
Size(v) ;

σnew
xy :=

|∨q′∈IX(v)F (q′,v)∨F (q,v)|
Size(v) ;

∆σxy := σnew
xy − σold

xy (≤ σxy);
Delta Cost := ∆σxy · Size(v)

Page Size
· tI/O + tindex(q, v) + σnew

xy Size(v)tcpu(q, v)

+∆σxy

∑
q′∈IX(v)

Size(v)tcpu(q′, v)

end

where σij is the selectivity ofqi to mvj , 0 < σij < 1.
Otherwise (qi is hash-based join),

t′i,j = Size(mvj) · tcpu(qi, mvj) (22)

Tqucpu is the time for processing the queries, assuming that
the required tuples of materialized views have been in main
memory.

Let M ′ = {mvj | if there isxij = 1 in expression 20}.
We now calculate the costCload(mvj) of loading anmvj

to main memory and proceeding star-join. Assume that
qi1, qi2, . . . , qik

are associated withmvj , i.e., xilj = 1 with
1 ≤ l ≤ k. Then:
(i) if all qil

are hash-based join, then

Cload(mvj) = Size(mvj)/Page Size · tI/O

+ thash join(mvj) (23)

(ii) if all qil
are index-based join, then

Cload(mvj) = σj · Size(mvj)/Page Size · tI/O

+
k∑

l=1

tindex(qil, mvj) (24)

where σj is defined as follows. LetRil be the set of the
tuples in mvj chosen by the bitmap of queryqil

. Then,
|Ril| = σil · Size(mvj). Then the unionR′ of the sets by
the queries usingmvj will be moved to main memory, i.e.,
R′ = ∪k

i=1Ril. Therefore,σj = |R′|/Size(mvj).
Remarks. In practice before executing the query,Ril

is not known, so, there is no way to give an exact value
for σj . Instead we assignσj an approximate value. Clearly,
max{σlj | 1 ≤ l ≤ k} ≤ σj ≤ ∑k

l=1 σlj , and σj ≈
σi1+σi2+...+σik

k .
(iii) otherwise, assume that thek queries are associated with
mvj in which the firstr queriesqi1, qi2, . . . , qir

are index-
based join and the remainingk − r queriesqir+1, . . . , qik

are
hash-based join. LetR′′ = ∪r

l=1Ril. Then

Cload(mvj) = (1 +σ′
j) · Size(mvj)/Page Size · tI/O

+
r∑

l=1

tindex(qil, mvj) (25)

whereσ′
j = |R′′|/Size(mvj).

The original problem now becomes to minimize
∑

mv∈M ′
Cload(mv) + Tqucpu. (26)

Following the approach developed in Sect. 3, we know that
there are

∏|Q|
i=1 ri different valid assignments for expres-

sion 20. We then find such an assignment that minimizes
expression 26, and this assignment is an optimal plan.

6 Performance study

In this section we conduct experiments to demonstrate the
efficiency of the proposed algorithms. First, we describe
how data is generated. We useStanford GraphBase
developed by Knuth [Knuth93] to generate random bi-
partite graphs. In the Stanford GraphBase, the procedure
random bigrahp (n1, n2, m, multi, d1, d2, minlen,
maxlen, seed) is designed to produce a pseudo-random bi-
partite graph withn1 + n2 vertices, in which then1 vertices
correspond to then1 materialized views and the othern2
vertices correspond to then2 queries. Also, this graph con-
tainsm edges. There is an edge between a materialized view
vertex and a query vertex if the query can be answered us-
ing the view. The parametermulti permits duplicate edges
if multi /= 0. The d1 and d2 specify probability distribu-
tions on the edges. Theminlen and maxlen bound the
weights on the edges which will be uniformly distributed.
The pseudo-random number used in this procedure is the
seed. In our study, we choosemult to be zero. We assume
that the weights assigned to edges are uniformly distributed.
The minlen andmaxlen are 1 and 100, respectively. Here
the weight associated with an edge between a materialized
view vertex and a query vertex is the cost of processing the
query. In addition to generating the bipartite graph, forType
One Sharing case, we also introduce avirtual vertexand
the edges between the virtual vertex and the materialized
view vertices. Weights (for hash-based star-join cost plus
the cost of loading the materialized view to main memory)
are assigned to the edges between the virtual vertex and
materialized view vertices.

6.1 Type one sharing

Now we consider theType One Sharing case. As we
know, the problem can be reduced to a directed Steiner tree
problem on a directed graph. The graph can be generated
using the above approach.

We implement Zelikovsky’s algorithm on the graph
which is outlined below. In each iteration, we pick up a sub-
set of terminals (queries) using a fixed factorε, 0 < ε ≤ 1.
In theory, the smaller theε is, the more accurate approx-
imation solution Zelikovsky’s algorithm can provide. The
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Zelikovsky’s Algorithm
Input: a graphG = (V, E, ω) whereVQ is the set of terminal vertices (query vertices)
Output: a directed approximation Steiner treeTS

begin
G′ := G; Sm := VQ;
i := 0;
while Sm /= ∅ do

Let S′ be a subset ofSm where|S′| = |Sm|ε for 0 < ε ≤ 1.
Find an approximation directed Steiner treeTi rooted at the virtual vertex which contains
the terminals inS′, using Dijkstra’s shortest path algorithm.
Let G′ be the graph by contracting all edges inTi from G′;
i := i + 1;
Sm := Sm − S′;

endwhile
The approximation Steiner tree ofG is obtained by recovering allTi.

end

exact solution can be obtained by using a linear program-
ming package calledlp solve developed by Berkelaar and
Dirks [BD99]. Figure 5 shows the results whenn vertices are
used for both views and queries wheren = 100 in Fig. 5a–
c; andn = 200 in Fig. 5d–f. The x-axis is the percentage
of edges out of number-of-views multiplied by number-of-
queries which indicates how many materialized views can
be chosen potentially by each query on average. The y-axis
is the solution, i.e., the total cost or the response time to
answer all queries. In Fig. 5, we investigate the following
four different approaches:

1. The exact solution,
2. The approximation Steiner tree solution withε = 1.0,
3. The approximation Steiner tree solution withε = 0.5,
4. The approximation Steiner tree solution withε = 0.1,

after considering the following three cases:

– A small number of materialized views with a large num-
ber of queries (Fig. 5a and d)

– The same numbers of materialized views and queries
(Fig. 5b and e)

– A large number of materialized views with a small num-
ber of queries (Fig. 5c and f)

Figure 5a shows a case with 10 materialized views from
which 90 queries can be answered. The maximum number of
edges is 900 (= 10× 90). The exact solutions show that the
more edges a graph has, the cheaper cost the algorithm can
achieve. This confirms that the chances of a query sharing
a materialized view and the dimension tables with the other
queries will increase, which will lead to save the hash-based
star join time and the time of loading the shared material-
ized view to main memory. When there are only a small
number of edges (10%), all the four approaches give the
similar outcome. This is because there are only a few mate-
rialized views that can be shared among the queries. While
the number of edges between the materialized views and the
queries increase, the gap between the exact solution and the
approximation solution obtained by using the Steiner tree
approach increases as well. This phenomenon can be ex-
plained as follows. Each query can be answered by more
materialized views than used to be (compared with fewer
edges between the queries and the materialized views), so,

the choosing strategies of materialized views can play a ma-
jor role in the final solutions. But in this case, we can see
that the solutions delivered by the Steiner tree approach are
always within twice of the exact solution. Figure 5b shows
a case where the numbers of materialized views and queries
are the same; 50. When there are more materialized views
to be selected for a query, it shows that the Steiner tree solu-
tions will perform equally well regardless of the number of
edges involved in the graphs. When there are a large num-
ber of materialized views to be selected as seen in Fig. 5c,
the differences between the exact solutions and the approx-
imation Steiner tree solutions are even smaller. The similar
results can be seen from Fig. 5d–f when the total number
of vertices for materialized views and queries is 200. One
observation coming from our experimental study is that it
seems not always true that, for the approximation Steiner
tree solution, the more time it spends to find a solution, the
more accurate solution it will deliver. One possible expla-
nation is that in the most cases the approximation algorithm
can find a nearly exact solution. So, even we further reduce
ε (therefore increasing the time to find the solution), there is
not much effect on the solution obtained.

In Fig. 6 we also usen = 100 for parts a–c; andn = 200
for parts d–f. Unlike Fig. 5, we increase the number of mate-
rialized views while fixing the number of edges asx% out of
the total number of edges (the number of materialized views
multiplied by the number of queries). The x-axis represents
the number of materialized views. The number of queries
will be the total number of vertices minus the number of
materialized views. Three different cases are considered:

– A small number of edges, 10%, (Fig. 6a and d).
– A medium sized number of edges, 50%, (Fig. 6b and e).
– A large number of edges, 90%, (Fig. 6c and f).

As can be seen from Fig. 6, the approximation Steiner
tree solution is within twice of the exact solution. When
the number of materialized views is large, the approxima-
tion Steiner tree approach provides a solution which is near
to the exact solution. The above experiments have demon-
strated that the solutions obtained by our algorithms are al-
ways within twice of the exact solution, which is much better
than our theoretical estimate of|Q|ε times the optimal. This
indicates that our estimate is very conservative. The perfor-
mance of the proposed algorithm is excellent.



W. Liang et al.: Optimizing multiple dimensional queries simultaneously in multidimensional databases 333

0

500

1000

1500

2000

2500

3000

3500

4000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The number of views

optimal
steiner

a 10% edges (n = 100)

0

500

1000

1500

2000

2500

3000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The number of views

optimal
steiner

b 50% edges (n = 100)

0

500

1000

1500

2000

2500

3000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The number of views

optimal
steiner

c 90% edges (n = 100)

0

1000

2000

3000

4000

5000

6000

7000

0 20 40 60 80 100 120 140 160 180 200

T
he

 to
ta

l c
os

t

The number of views.

optimal
steiner

d 10% edges (n = 200)

0

500

1000

1500

2000

2500

3000

3500

0 20 40 60 80 100 120 140 160 180 200

T
he

 to
ta

l c
os

t

The number of views

optimal
steiner

e 50% edges (n = 200)

0

500

1000

1500

2000

2500

3000

3500

4000

0 20 40 60 80 100 120 140 160 180 200

T
he

 to
ta

l c
os

t

The number of views

optimal
steiner

f 90% edges (n = 200)

Fig. 6. The approximation and exact solutions fortype one sharing queries with fixed edge ratios



334 W. Liang et al.: Optimizing multiple dimensional queries simultaneously in multidimensional databases

6.2 Type two sharing

In the following we describe some experimental results for
Type Two Sharing queries. The exact solution is ob-
tained with the same linear programming package. For this
case we reduce the original problem to a minimum weighted
maximum cardinality matching problem on a bipartite graph.

First, we consider the selection of a set of materialized
views in terms of the query processing and star join cost
individually. If a materialized view can be used to answer
m queries, we makem copies of that materialized view.
Each copy will be used to answer a single query. In other
words, before making a copy, a materialized view vertex
might havem outgoing edges which means that there arem
queries which can be answered using this view. After copy-
ing, there existm copied materialized views vertices, and
each of them has one and only one outgoing edge. Second,
we find a minimum weighted maximum cardinality match-
ing on the resulting graph after the copy operation applied.
Third, we merge all those materialized view vertices to the
vertex from which the vertices have been made. Finally, we
find an approximation solution (the total cost) of the prob-
lem.

Figures 7 and 8 show the results whenn vertices are used
for both the materialized views and queries wheren = 100
in parts a–c; andn = 200 in parts d–f. In Fig. 7, the x-axis is
the percentage of edges out of number-of-materialized views
multiplied by number-of-queries. In Fig. 8, we increase the
number of materialized views while fixing the number of
edges asx% out of the total number of edges (the number
of materialized views multiplied by the number of queries).
As can be seen from these figures, in spite of using different
technique – the minimum weighted maximum cardinality
matching forType Two Sharing , the similar observa-
tions can be made as we did forType One Sharing us-
ing Steiner tree solutions. In practice, the solutions obtained
by the minimum weighted maximum cardinality matching
are within twice the exact solutions in all the cases we in-
vestigated, which is much better than our theoretical estimate
of |Q| times the exact solutions.

6.3 Type three sharing

As for Type Three Sharing , we also conducted an ex-
tensive performance study. We compared our Steiner tree so-
lution with the two global greedy algorithms, namely, GG-o
for order-based-onGroupbyLevel(the algorithm of Zhao et
al.) and GG-c for order-based-on cost (our algorithm for this
type in this paper).

Figure 9 shows the results when the total 100 vertices are
sued for both materialized views and queries. The x-axis is
the percentage of edges out of number-of-views multiplied
by number-of-queries. We also assume that not all queries

use index-based join only and 50% of queries that can use
hash-based join. The costs of using a hash-based join are ran-
domly selected in the range between 80 and 100. In this ex-
perimental study, we consider two different scenarios. First,
we assume that the index costs are fairly small – in the
range between 1 and 20. The results are shown in Fig. 9a–c.
When there are a small number of materialized views to be
selected Fig. 9a, the Steiner tree solution outperformed the
solutions delivered by the two global greedy algorithms. But
when there are many materialized views to be selected, as
shown in Fig. 9b and c, the solutions given by the two global
greedy algorithms outperform the Steiner tree solution due
to the number of choices and the small range of index costs.
Second, we assume that index costs are considerably large –
in the range of 20 – 40. The results are shown in Fig. 9d–f.
In this case, the Steiner tree solution outperformed the solu-
tions by the two global greedy approaches in most of cases.
From Fig. 9, we can see the following facts. When there are
a small number of materialized views and a large number
of queries, GG-o has better performance than GG-c. When
there are a large number of materialized views and a small
number of queries, GG-c has better performance than GG-o.
When the number of materialized views is approximately
equal to the number of queries, there is no big difference in
the performance between GG-c and GG-o.

7 Conclusions

In this paper we have considered the optimization of multiple
dimensional queries simultaneously in an MDDB. We first
considered two restricted versions of the problem by pre-
senting both approximation and exact algorithms for finding
plans within the fixed degree approximation of the optimal
cost and optimal costs respectively. We also re-examined
the problem discussed by Zhao et al. [ZDNS98], by present-
ing another greedy algorithm. Finally, we used experiments
to demonstrate that the presented solutions are effective. In
particular, we showed that our algorithms are efficient and
the solutions delivered are within twice the optimum.

Acknowledgements.We appreciate the anonymous referees for their in-
valuable suggestions and comments which helped us improve the paper’s
quality and presentation. The work by Weifa Liang and Jeffrey X. Yu was
partially supported by Australian Research Council under a small grant
schema (Grant No: F00025).



W. Liang et al.: Optimizing multiple dimensional queries simultaneously in multidimensional databases 335

1500

2000

2500

3000

3500

4000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 900

optimal-v10q90
match-v10q90

a 10 materialized views and 90 queries

400

600

800

1000

1200

1400

1600

1800

2000

2200

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 2500

optimal-v50q50
match-v50q50

b 50 materialized views and 50 queries

50

100

150

200

250

300

350

400

450

500

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 900

optimal-v90q10
match-v90q10

c 90 materialized views and 10 queries

2000

2500

3000

3500

4000

4500

5000

5500

6000

6500

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 3600

optimal-v20q180
match-v20q180

d 20 materialized views and 180 queries

500

1000

1500

2000

2500

3000

3500

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 10000

optimal-v100q100
match-v100q100

e 100 materialized views and 100 queries

150

200

250

300

350

400

450

500

550

600

650

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 3600

optimal-v180q20
match-v180q20

f 180 materialized views and 20 queries

Fig. 7. The approximation and exact solutions fortype two sharing queries



336 W. Liang et al.: Optimizing multiple dimensional queries simultaneously in multidimensional databases

0

500

1000

1500

2000

2500

3000

3500

4000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The number of views

optimal
match

a 10% edges

0

500

1000

1500

2000

2500

3000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The number of views

optimal
match

b 50% edges

0

500

1000

1500

2000

2500

3000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The number of views

optimal
match

c 90% edges

0

1000

2000

3000

4000

5000

6000

7000

0 20 40 60 80 100 120 140 160 180 200

T
he

 to
ta

l c
os

t

The number of views

optimal
match

d 10% edges

0

500

1000

1500

2000

2500

3000

3500

0 20 40 60 80 100 120 140 160 180 200

T
he

 to
ta

l c
os

t

The number of views

optimal
match

e 50% edges

0

500

1000

1500

2000

2500

3000

3500

4000

0 20 40 60 80 100 120 140 160 180 200

T
he

 to
ta

l c
os

t

The number of views

optimal
match

f 90% edges

Fig. 8. The approximation and exact solutions fortype two sharing queries



W. Liang et al.: Optimizing multiple dimensional queries simultaneously in multidimensional databases 337

5500

6000

6500

7000

7500

8000

8500

9000

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 900

GG-c-1-20
GG-o-1-20

type1-steiner

a 10 views and 90 queries

4600

4800

5000

5200

5400

5600

5800

6000

6200

6400

6600

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 2500

GG-c-1-20
GG-o-1-20

type1-steiner

b 50 views and 50 queries

2600

2800

3000

3200

3400

3600

3800

4000

4200

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 700

GG-c-1-20
GG-o-1-20

type1-steiner

c 70 views and 30 queries

5500

6000

6500

7000

7500

8000

8500

9000

9500

10000

10500

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 900

GG-c-20-40
GG-o-20-40

type1-steiner

d 10 views and 90 queries

5000

5500

6000

6500

7000

7500

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 2500

GG-c-20-40
GG-o-20-40

type1-steiner

e 50 views and 50 queries

3400

3500

3600

3700

3800

3900

4000

4100

4200

4300

4400

0 10 20 30 40 50 60 70 80 90 100

T
he

 to
ta

l c
os

t

The percentage of edges (%) out of 700

GG-c-20-40
GG-o-20-40

type1-steiner

f 70 views and 30 queries

Fig. 9. The approximation solutions fortype three sharing queries



338 W. Liang et al.: Optimizing multiple dimensional queries simultaneously in multidimensional databases

References

[AAD+96] Agrawal S., Agrawal R., Deshpande P. M., Gupta A.,
Naughton J. F., Ramakrishnan R., Sarawagi S.: On the compu-
tation of multidimensional aggregates. In: Proc. 22nd VLDB
Conf., Mumbai, India, 1996, pp 506–521

[AESY97] Agrawal D., El Abbadi A., Singh A., Yurek T.: Efficient
view maintenance at data warehouse. In: Proc. 1997 ACM-
SIGMOD Conf., 1997, pp 417–427

[BPT97] Baralis E., Paraboschi S., Teniente E.: Materialized view se-
lection in a multidimensional database. In: Proc. 23rd VLDB
Conf., Athens, Greece, 1997, pp 156–165

[BD99] Berkelaar M., Dirks J.: ftp//ftp.es.ele.tue.nl/pub/lpsolve, 1999
[DANR96] Deshpande P. M., Agarwal S., Naughton J. F., Ramakrishnan

R.: Computation of multidimensional aggregates. Technical
Report, No: 1314, Dept. of CS, Univ. of Wisconsin-Madison,
1996

[GT90] Gabow H. N., Tarjan R. E.: Faster scaling algorithms for
general graph matching problems. J. ACM, 38: 815–853, 1990

[GJ79] Garey M. R., Johnson D. S.: In: Computers and Intractability.
San Francisco, CA: W. H. Freeman, 1979

[GBLP95] Gray J., Bosworth A., Layman A., Prahesh H.: Data cube: a
relational aggregation operator generalizing group-by, cross-
tab, and sub-total. Microsoft Technical Report, MSR-TR-95-
22, 1995

[GM95] Gupta A., Mumick I.: Maintenance of materialized views:
problems, techniques, and applications. IEEE Data Engineer-
ing Bulletin, Special Issue on Materialized Views and Data
Warehousing, 18(2): 3–19, 1995

[GHRU97] Gupta H., Harinarayan V., Rajaraman A., Ullman J. D.: Index
selection for OLAP. In: Proc. Intl. Conf. on Data Engineering,
Birmingham, UK, 1997, pp 208–219

[Gupta97] Gupta H.: Selection of views to materialize in a data ware-
house. In: Proc. Intl. Conf. on Database Theory, 1997, pp
98–112

[HRU96] Harinarayan V., Rajaraman A., Ullman J. D.: Implementing
data cubes efficiently. In: Proc. 1996 ACM-SIGMOD Conf.,
1996, pp 205–216

[HZ96] Hull R., Zhou G.: A framework for supporting data integration
using the materialized and virtual approaches. In: Proc. 1996
ACM-SIGMOD Conf., 1996, pp 481–492

[Kim96] Kimball R.: In: The Data Warehouse Toolkit. John Wiley,
1996

[Knuth93] Knuth D. E.: In: The Stanford GraphBase: A Platform for
Combinatorial Computing. Addison-Wesley/ACM Press, 1993

[MS] Microsoft Corp.: OLE DB for OLAP Design Specification–
Beta 2.
http://www.microsoft.com/data/oledb/olap/prodinfo.html.

[OQ97] O’Neil P., Quass D.: Improved query performance with variant
indexes. In: Proc. 1997 ACM-SIGMOD Conf., 1997, pp 38–49

[PS88] Park J., Segev A.: Using common subexpressions to optimize
multiple queries. In: Proc. 4th Intl. Conf. on Data Engineering,
1988, pp 311–319

[RSC98] Ross K. A., Srivastava D., Chatziantoniou D.: Complex ag-
gregation at multiple granularities. In: Proc. Intl. Conf. on
Extending Databases Technology, 1998, pp 263–277

[RSS96] Ross K. A., Srivastava D., Sudarshan S.: Materialized view
maintenance and integrity constraint checking: trading space
for time. In: Proc. 1996 ACM-SIGMOD Conf., 1996, pp 447–
458

[RS97] Ross K. A., Srivastava D.: Fast computation of sparse dat-
acubes. In: Proc. 23rd VLDB Conf., Athens, Greece, 1997,
pp 116–125

[SAG96] Sarawagi S., Agrawal R., Gupta A.: On the computing the
data cube. Research Report, IBM Almaden Research Center,
San Jose, CA, 1996

[S88] Sellis T. K.: Multi-query optimization. ACM Trans. on
Database Systems, 13(1): 23–52, 1988

[SS94] Shim K., Sellis T. K.: Improvements on heuristic algorithm for
multi-query optimization. Data and Knowledge Engineering,
12(2): 197–222, 1994

[Su96] Sundaresan P.: Data warehousing features in Informix Online
XPS. In: Proc. 4th PDIS Conf., Miami Beach, FL, USA, 1996

[YKL97] Yang J., Karlapalem K. K., Li Q.: Fast computation of sparse
databases algorithms for materialized view design in data
warehousing. In: Proc. 23rd VLDB Conf., Athens, Greece,
1997, pp 136–145

[Zeli97] Zelikovsky A.: A series of approximation algorithms for the
acyclic directed Steiner tree problem. Algorithmica 18: 99–
110, 1997

[ZDN97] Zhao Y., Deshpande P. M., Naughton J. F.: An array-based
algorithm for simultaneous multidimensional aggregates. In:
Proc. 1997 ACM-SIGMOD Conf., 1997, pp 159–170

[ZDNS98] Zhao Y., Deshpande P. M., Naughton J. F., Shukla A.: Simul-
taneous optimization and evaluation of multiple dimensional
queries. In: Proc. 1998 ACM-SIGMOD Conf., June, 1998, pp
271–282

[ZGHW95] Zhuge Y., Garcia-Molina H., Hammer J., Widom J.: View
maintenance in a warehousing environment. In: Proc. 1995
ACM-SIGMOD Conf., 1995, pp 316–327


