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Abstract. Some significant progress related to multidimen- Key words: Multiple dimensional query optimization —
sional data analysis has been achieved in the past few year®LAP — MDDBs — Query modeling — Data warehousing
including the design of fast algorithms for computing dat-
acubes, selecting some precomputed group-bys to materiai-
ize, and designing efficient storage structures for multidi-
mensional data. However, little work has been carried out )

on multidimensional query optimization issues. Particularly 1 Introduction

the response time (or evaluation cost) for answering sev-

eral related dimensional queries simultaneously is crucial tdxecently, On-Line Analytical Processing (OLAP) has at-
the OLAP applications. Recently, Zhao et al. first exploitedtracted substantial research interest. Issues such as efficient
this problem by presenting three heuristic algorithms. In this@lgorithms for computing datacubes [GBLP95, AAD+96,
paper we first consider in detail two cases of the problemSAG96, DANR96, RS97, ZDN97], techniques for selecting
in which all the queries are either hash-based star joins ogroup-bys for materialization [HRU96, Gupta97, GHRU97,
index-based star joins only. In the case of the hash-basefKL97, BPT97], and efficient incremental methods for ma-
star join, we devise a polynomial approximation algorithm terialized view maintenance [GM95, ZGHW95, AESY97,
which delivers a plan whose evaluation costig:€) times ~ HZ96, RSS96] have been successfully investigated. How-
the OptimaL where is the number of queries anrds a fixed ever, there has been little attention devoted to the optimiza—
constant with 0< ¢ < 1. We also present an exponentia| al- tion of multiple simultaneous OLAP queries. This kind of
gorithm which delivers a plan with the optimal evaluation multiple multidimensional query optimization has specific
cost. In the case of the index-based star join, we present gharacteristics and to a Iarge extent is different from the
heuristic algorithm which delivers a plan whose evaluationtraditional multiple query optimization procedures [PS88,
cost isn times the optimal, and an exponential algorithm S88, SS94]. That is, typical multidimensional queries in-
which delivers a plan with the optimal evaluation cost. We Volve data aggregation across different dimensions and hi-
then consider a general case in which both hash-based stagtarchies, moreover, the amount of data manipulated is nor-
join and index-based star-join queries are included. For thignally very large, e.g., gigabytes or terabytes of data. In
case, we give a possib|e improvement on the work of Zhao eaddition to the intrinsic interest of the problem, optimiz-
al., based on an analysis of their solutions. We also develop’d multiple simultaneous OLAP queries is likely to be of
another heuristic and an exact algorithm for the problemconsiderably practical importance due to the recent develop-
We finally conduct a performance study by imp|ementing ments in this area. Microsoft recently released its proposed
our algorithms. The experimental results demonstrate thatOLE DB for OLAP” standard for interfaces to multidimen-
the solutions delivered for the restricted cases are alway§ional data sources [MS]. This standard is likely to become
within two times of the optimal, which confirms our the- Widely accepted. One of the most interesting aspects of the
oretical upper bounds. Actua”y these experiments producétaﬂdard is its definition oMulti-Dimensional Expressions
much better results than our theoretical estimates. To the be§MDX) which provides a framework in which a user can
of our knowledge, this is the only development of polyno- ask several related OLAP queries in a single MDX expres-
mial algorithms for the first two cases which are able tosion. This aspect of MDX reflects the fact that OLAP-style
deliver plans with deterministic performance guarantees ir@nalysis often gives rise to simultaneous related queries, and
terms of the qualities of the plans generated. The previou®DX intends to provide a uniform framework for a variety
approaches including that of [ZDNS98] may generate a feaof data sources.

sible plan for the problem in these two cases, but they do not In this paper the problem considered can be informally
provide any performance guarantee, i.e., the plans generatesflated as follows: given a set of materialized views in a fact
by their algorithms can be arbitrarily far from the optimal table and an MDX expression which can be decomposed
one. into a set of related multidimensional queries, find a plan
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for answering all the multidimensional queries (thereby an-Actually these experiments produce much better results than
swering the MDX query) such that the total response timeour theoretical estimates. The results in the general case are
is minimized. Therefore, our objective is to exploit the in- very interesting, in some cases, our algorithm outperforms
formation shared (materialized views and dimensional tathe existing one, in other cases, the existing one is better
bles) among the queries, and to fully utilize the index struc-than ours. To the best of our knowledge, this is the only de-
tures of the materialized views of some queries to reducevzelopment to provide approximation algorithms for the first
the total response time for all queries. In the end this retwo cases which are able to deliver the plans with determin-
duces the response time for the given MDX. Without loss ofistic performance guarantees in terms of the qualities of the
generality, in this paper we only consider the evaluation ofplans generated. The previous approaches including those
MDXs in a relational multidimensional database (MDDB) of [ZDNS98] may generate a feasible plan for the problem
system. Recently Zhao et al. [ZDNS98] first exploited the for these two cases, but they do not provide any performance
problem by introducing the optimization of multiple dimen- guarantee (i.e., the plans generated by their algorithms can
sional queries simultaneously. They gave a general framebe arbitrarily far from the optimal).

work in terms of the optimization cost (the response time  The rest of the paper is organized as follows. In Sect.
for an MDX) by presenting three heuristic algorithms for 2 we introduce some basic concepts and the three shared
finding a better global plan according to the optimization operators developed by Zhao et al. [ZDNS98]. In Sect. 3 we
cost, based on the three shared operators that they devedtudy a version of the problem in which case all queries are

oped:shared scan for hash-based star join , shared scan for hash-based star join s. For
shared index-based join , and shared scan this version, we first present a cost model for it in terms
for hash-based and index-based star join . of response time, then present an approximation algorithm
It must be mentioned that [RSC98] also discuss a varianfor finding a global plan with a fixed degree approxima-
of this problem. tion of the optimal cost, and finally give an exact algorithm

In this paper we will examine the problem in detail and which finds a global plan with the optimal cost. In Sect.
propose more efficient solutions. We first consider two re-4 we define another version of the problem in which case
stricted versions of the problem, in which all queries in aall the queries aresshared scan for index-based
set of multiple dimensional queries are either hash-based statar join  s. Following the same discussion in Sect. 3,
joins or index-based star joins, by presenting a cost modelve first model it in the time cost measure, then present a
for answering these queries in terms of the response timéeuristic algorithm for finding a better global plan with a
required. For the case of hash-based star joins, we devisixed degree approximation of the optimal cost, and finally
a polynomial approximation algorithm through reducing the give an exact algorithm which delivers a global plan with the
problem to a directed Steiner tree problem. The algorithmoptimal cost. In Sect. 5 we briefly introduce the three heuris-
delivers a plan with the evaluation cost Of|Q|¢) times tic algorithms devised by Zhao et al. [ZDNS98], and analyze
the optimal, and the time for finding such a pland§ Q]| their two greedy algorithms by pointing out the drawbacks
IMV|+(Q| + | MV )Y +(|Q| + |MV]|)log(Q| + |MV])),  of the solutions sufficed through a running example. We
where @ is the query set an{| is the number of queries then present some possible improvement to their approach.
in Q, MV is the set of materialized views from which the Also, we present another greedy algorithm for the problem.
queries inQ can be answered and/V| is the number of  Finally, in Sect. 6 we present our implementation of the pre-
materialized views inMV, ande is a fixed constant with sented algorithms and study their performance. We conclude
0 < e < 1. We also present an exponential algorithm whichour discussions in Sect. 7.
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 2 Preliminaries
weighted maximum cardinality matching problem and re-
laxing the constraint condition, the solution delivered by ourA multidimensional database is a data repository that pro-
algorithm is|Q| times the optimal. We also give an exponen- vides an integrated environment for decision-support queries
tial algorithm which delivers a plan with the optimal cost. that require complex aggregations on large amounts of his-
We then deal with a general case in which the query setoric data. Here we assume that an MDDB is a relational
contains both hash-based star join and index-based star joifata warehouse in which the information is organized as a
queries. For this case we first suggest possible improvemerstar schema [Kim96].
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.1 The star schema
algorithm which delivers a plan with the optimal cost. We
should mention that the exact algorithms for the three casedn MDDB consists of afact table F(Di, Dy, ..., D,,
are effective if the number of the queries involved is not too M1, Mo, ..., M,) and a single dimension table for each di-
large (e.g.,|@Q| < 10). We finally conduct a performance mensionD;. Eachdimension tableD; contains all the in-
study by implementing our algorithms. The experimentalformation that is specific only to the dimension itself, while
results demonstrate that the solutions delivered for the rethe fact tableF' correlates all dimensions and contains the
stricted cases in this paper are always within two times ofinformation on the attributes of interest for the intersection
the optimal, which confirms our theoretical upper bounds.of all the dimensions, ¥ ¢ < n. EachM; is called amea-

sureof F', 1 < j <r. Each tuple inF' consists of a pointer
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Fig. 1. A star schema
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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 tableSalesperson,
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 }, {USANorth.CHILDREN,

USASouth, Japan })

(foreign key) to each of the dimensions that provides itson COLUMNS{Qtrl.CHILDREN, Qtr2, Qtr3,
dimensional coordinates, and stores the numeric measuréyr4.CHILDREN }
for those coordinates. Figure 1 shows an example of a stamn ROWS

schema, wheréroduct, Store and Time are the di-
mension tablesSale is the fact table, and the attribuBale
in table Sale is a measure.

2.2 Data cubes

Let F'(D1, Dy, ..., D,, M) be a fact table wher®; is a di-
mension ofF" and M is the measure, £ i < n. Obviously,
there are 2 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 totalP

number of operations for the computation. [HRU96] intro-
duced asearch lattice’s = (V, E) for such computation,
where each group-by is a node ¥hand there is a directed
edge(u,v) € E from group-byu to group-bywv if v can be
generated from: 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 o

a fact tableR(A,B,C,D M) andMis the measure oR.

e e
VST

A A A BC Cl

S

Fig. 2. A search lattice of a data cube

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-
osed 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.

The total sales for Venkatrao and Netz in region

USA_South for the 2nd and 3rd quarters in 1991.

The total sales for Venkatrao and Netz in region

USA _South for the months of the 1st and 4th quarters in

1991.

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

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

]3.

4,

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].



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

Therefore, from now on, unless otherwise specified we asthe matching tuples frony. We finally send these match-
sume that an MDX has been decomposed into a(seif ing tuples to the corresponding group-by hash table to per-
queries. We will develop algorithms to reduce the total re-form aggregation. We refer to this sharingTgge Three
sponse time for answering all queries@h Sharing

2.4 Shared operators 3 Multiple query optimization

with Type One Sharing
As is well understood, the fundamental task in evaluating
multiple related dimensional queries is identifying and ex-As mentioned before, an MDX can be decomposed into a
ploiting common subtasks among the queries. In the star joirset @ of SQL queries. If all queries i) are Type One
environment, we try to make as many queries as possibl®haring queries, we show that there is an efficient algo-
share star joins. Such joins are either hash-based star joirighm for finding a query plan which delivers the guaranteed
or index-based star joins. For very selective star join queriesperformance for this restricted version of the problem.
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-3.1 Problem definition
ment, Zhao et al. [ZDNS98] introduce the three shared oper-

ators:shared scan for hash-based star join , Let £ = (V, E) be the lattice of a fact table’. Some of the
shared scan for index-based star join , and nodes (aggregates) i¥ have been precomputed (material-
shared scan for hash-based and index-based ized). LetMV be the set of all precomputed nodes. Assume
star join . For sake of completeness we briefly introduce that the node (tablé") is always materialized and included
these operators below. in MV. Thus, we have a s&p of Type One Sharing

We refer to any materialized group-by (node) in the queries.
search lattice as base table The fact table itself is a base The Multiple Dimensional Query Optimization Problem

table. Letg be a query such that can be answered using for Type One Sharing is to: (i) find a materialized node
a base tabler. It follows that a hash-based star join for  (base table) frond/ V' for every query inQ) from which that
involves building a hash table on each dimension table, andjuery can be answered; and (ii) minimize the total response
then probing the hash table with the tuples of the base tabléme for answering all the queries.
R. We assume that the aggregation afterwards is also done Assume that every materialized view iV is useful
by hashing. with respect to the queries i@, this means, at least one
The shared scan for hash-based star join is query ¢ € @ can be answered from it for every view in
defined as follows. Suppose we have two different queriesM V. Otherwise, those useless materialized views can be
q1 and ¢» sharing the same base table. Clearly,and ¢» removed fromMV for further consideration. Basically, the
can share scanning the base table. Furthermorg,ahd ¢, response time for an MDX consists of two parts: one is the
use the same dimension tables, then they can share the hatéme of loading necessary base tables (each time a fragment
tables too, instead of redundantly building and probing theof a table stays in memory) and the other is the time of
hash tables on the same dimension tables. We refer to thilitering by individual queries. We formalize the problem in
sharing asType One Sharing . terms of time cost as follows:
The shared scan for index-based star join (i) If a materialized viewv € MV is used by at least a
is defined as follows. Assume that each dimension table haguery, thenv contributes a cost
built bitmap join indexes that map the join attributes to the Size(v)
tuples of a base tablé”. Now we consider two queries tmatertized(V) =
g1 and ¢g» which share the base table’ and both use the
bitmaps BT(q1, F") and BT (g2, F’). The index-based whereSize(v) is the number of tuples of table Page_Size
star join proceeds as follows. Form a combined bitmap is the size of the unit block (e.g., 8 kB) between memory
BM = BT (q1, F')V BT (g2, F'), and useBM to probe the and the disk,t;,o is the transfer time of a single block
base tableF” to extract the matching tuples. L&t’ be the  between themi;sn_join(v) is the sum of the time for star-
set of matching tuples iF’. Each queryg; then uses its joining the base table with its dimension tables and the
own bitmapBT(q;, F’) to filter ' to get its own matching time for generating hash tables for the dimensions. Thus,
tuples. Finally, eachy; proceeds aggregation by hashing, tmateriizea(v) is the time related to the base tablewhich

—— -t +t ash_join 1
Page,Size I/0 hash_j (U) ( )

1 =1,2. We refer to this sharing akype Two Sharing . is the sum of the time needed to loado main memory and
The shared scan for hash-based and index- the time for hash-based star join.
based star join operator is an operator which is a mix- (i) If a query ¢ € @ can be answered usinge MV,

ture of the first two. Suppose that a set of queries shar¢heng contributes a cost

scanning of the same base table. Among these queries, some, (0, 1) = Size(w) - ton(q, 1) @)
of them are hash-based and the remaining are index-based "7“¢"¥ Sk 1) tepulgs U
star joins. Those hash-based queries also share hash-basehkere t.,,(q, v) is the sum of the time needed to match
star joins. For those index-based queries, we first use theithe predicates in query to a tuple inu and the time for
combined bitmap to extract a s€tof matching tuples from proceeding hashing operations for aggregation which is the
the base table. We then use the bitmap of each query to filte€EPU time.
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Now, for a given plan’, everyq € @ has already cho-
sen a materialized viewv(q) € MV from which it can be
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We transform the problem to a directed Steiner tree
problem in an auxiliary grapt#/, defined as followsH =

evaluated. We analyze the response time for the MDX. As{Vy, Ey,ws3) is a directed edge-weighted graph, whefe =
sume that all the base tables have been available in the maii U Y U {s} and s is a virtual vertex,Ey = Exy U
memory, then the total time for answering all the queries in{(s,z) | x € X}, andws(s,z) = wi(x) for everyz € X,

Qis

Tqueries(ny Q) = Z tquery (q7 mv(Q))
q€Q

3)

andws(z, y) = wo(x,y) for every(z,y) € Exy. Obviously,
H is a directed acyclic graph (DAG), and each other vertex
in H is reachable froms. Let S =Y (= Q C Vg) be the
terminal set (the set consists of all query vertices). We then

However, the sum of the time of loading the base tables tdind a directed tree rooted atin H including all vertices
the main memory and proceeding star-joining the base table#® S such that the weighted sum of the edges in the tree is

with their dimension tables is
Tmaterialized(]\/fvv Q) = Z tmaterialized(v)
veM’

where M’ = {muw(q) | ¢ € Q, mv(q) € MV}.
Therefore, to find a better plag’, the problem now is
to minimize the following expression.

Tqueries(]\/jva Q) + Tmaterialized(M‘/v Q) (5)

It is clear that the minimum value of expression 5 is the
minimum response time for answering all the querieg)in

(4)

minimized. It is easy to observe that this is a directed Steiner
tree problem ond which is NP-hard [GJ79]. However, an
approximation directed Steiner tréerooted 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 i1, one is(s, ) with x € X and another

is (z,y) with z € X andy € Y. We finally transform the
solution on H back to a solution of our original problem.
That is, for each edgér,y) in T, queryy has chosen the
materialized viewx as its base table, each query@hhas
chosen a base table because the corresponding vertex of the

Since the problem involves choosing a base table from ajuery is included inl’, and the weighted sum of all edges

number of base tables for every query@nand minimizing

in T is the total response time for answering all the queries

the total response time for answering the queries, it is likelyin Q. Now we have:

to be NP-hard. Therefore, in this paper we will focus on
a polynomial approximation solution for the problem if the

Lemma 1. Let Ts be a directed Steiner tree dff rooted

number of queries is large; otherwise, we will give an exact@t s including all vertices inS and W(T’s) be the weighted

solution by presenting an exhaustive algorithm for it.

3.2 The approximation algorithm

We now give a feasible solution for the problem. The basic
id
i- X
rFable. We now build a tre&”’ from PL. T" has a root vertex

idea of our approach is first to reduce the problem to a d
rected Steiner tree problem in an auxiliary graph. We the

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 grapfi = (X,Y, Exvy,
w1, w2) 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 i, i.e.,Y = Q
For every vertext € X, the weight associated with dt; ()
is % “t1/0 * thash_join(2). There is a directed edge
(z,y) € Exy fromz € X toy € Y if y can be an-
swered usinge, and the weight associated with the edge
is wa(x,y) = Size(x) - tepu(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 subs&t’ C X in G such that:
(i) every vertex iny € Y chooses a vertexwu(y) € X';
and (i) >°,cx wi(@) + 3, cy wa2(mo(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 cove

sum of the edges iAs. Then, the minimum response time for
answering all the queries iy 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. L, every query
€ @ has chosen a materialized viewu(g) as its base

s. We connect each materialized view which has been used
by the queries i@ to s, assign the edge a direction fram

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
query g connects tanwv(q) and assigns the edge a direction
from muw(q) to ¢ 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@n While

T’ is a directed tree inH rooted ats which includes all
vertices inS (= @), by the definition of directed Steiner
trees,IW(Ts) < W(T"). Meanwhile, the Steiner tréBs can

be transformed to an assignment plan for all the querié€g in
i.e., the removal of and all its adjacent edges frafiy will
result in a forest. In this forest if queryis in a tree rooted

at mv, thenqg will choosemuv as its base table. Thus, the
response time by this plan & (Ts). Note that there is no
any edge betweesnand the vertices il$' 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

(MWSC) problem is a special case of this problem whichproblem now is equal to the weighted sum of the edges in
is a well known NP-complete problem [GJ79]. Instead, wethe directed Steiner tree above. Since the best approximation
will present an approximation solution for the optimization algorithm so far for the directed Steiner tree problem delivers
problem below. a solution which isO(|S|€) times the optimal with 0<
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e < 1. Therefore, we can give a feasible solution for our T, = Z tij%ij (6)

problem. That is, there is an assignment plan delivered by i=1,...,Q|,j=1,. | M V|

our algorithm, and the response time for executing this plan ) ) )

is O(|Q|°) times the minimum response time, whérg| is ~ Associated with every query;, there are[M V| variables

the number of elements in sat. In summary, we have the i1, Zi2, .-, Zinv| Such that a uniquer;; = 1, and all

following theorem: otherz;;; = 0if ;' # j forany j, 1< j < [MV], ie,
g; chooses the tablewv; as its base table,; is the time

Theorem 1. Let V be the set of the elements (group-bys) in for answeringg; if muv; is already in main memory, i.e.,

the data cube of a fact tabl€. Given a setMV C V of  t;; = Size(mv;)tepu(gi, mv;).

materialized views and a s€) of Type One Sharing Let M’ = {mw, | if there isz;; = 1} which is the set of

gueries, the objective is to: (i) assign every querymwith base tables, all the materialized viewsMY then must be

a materialized view inMV from which the query can be scanned and loaded to main memory, the time for loading

answered; and (i) minimize the total response time for all and star-joining for this part is

gueries. There exists such an assignment plan whose re- _ )

sponse time i€)(|Q|) times the minimum response time. The  Tma = > Size(mu;)/Page Size - t1/0

generation of the plan take3(|Q|- | MV |+(|Q|+| MV [)¥/<+ mv; €M

(|QI+|MV|)log(|Q|+|M V) time, wherd X | represents the + thash_join(Mu;) (7)

gumbe<r ff elements in séf ande is a fixed constant with Therefore, the minimum response time for answering all
<es L queries inQ now is to minimize

Proof. By the discussion above, first we construct the graph 7, .. =7 4 Ty ®)

G which takesO(|Q||MV|) time. The construction off _ . o
(from G) takesO(|Q||M V| + |MV]) = O(|Q||MV|) time. ~ We now present an exact algorithm for this optimization
Finding an approximation Steiner tree rootecsancluding ~ Problem. As can be seen, associated with a querhere
all vertices inS (|S] = |Q|) on H, which is (Q|°) times  are|MV| 0/1 variables {;1, iz, ..., z;mv)). By the con-
the optimal, take©(|Q| - |M V| + (|Q| + |MV|)¥/< + (|Q| + straints imposed in 6 there are at mqﬂtﬂ/\ differ-
IMV|)log(Q| + |MV])) time by the algorithm due to Ze- ent assignments for these variables, i.e.,0(0,.. . 0),
likovsky [Zeli97] becaused contains Q|+|MV|+1 vertices  (0:1,0,...,0), ..., (0,0,...,0,1). It must be mentioned
and at mostQ||MV| + |MV| edges. Finally, transforming that, if g; cannot be answere;d usingy;, ther_1 the_assugnment
this solution to a feasible solution for the original problem is ©f (0,0,...,0,1,0,...,0) with z;; = 1 is invalid. So, the
straightforward which take®(|Q|) time. The theorem then —optimal solution ofZ}¢a;_nasn can be found irO(|M V|19l
follows. time.
In fact, there are at most; different valid assignments

Note that in practice we can use Dijkstra’s single sourcefor a group of variablesaf, 2, . . ., z;av|), Wherer; is
shortest path algorithm to find a subtree rooted athich  the number of materialized views from whiej can be
includes all vertices inS as its leaf vertices. The tree can answered, 1< r; < |[MV/]. Note thatr; is usually much
be found iNO(|Q|| MV |+ (|Q| + |MV|)log(|Q| +|MV])) =  smaller thanMV|. Therefore, an assignment with the min-
O(|Q[[MV) time. It is clear that the weighted sum of the jmym response time can be found [T\ r;) time. Let
edges in the tree i€)| times of that of the minimum Steiner _ _ @/ here 7 is th b f terialized
tree, i.e., it is the case of Zelikovsky's algorithm when 1. "~ 2.:217i/|Q|, whereT is the number of materialize

From Theorem 1, we can see that the accuracy of a plan igiews on average from which a query can be answered. For

proportional to the time spent for generating the plan, which@nYk positive numberas, az, . .., ax, the following inequal-

means, the more time we spend for generating the plan, th'(I}y always holds
less time required when the plan later is executed. ataxt...tap

Despite the fact that previous approaches, including that k 2 Va1 Q. ©)
of [ZDNS98], may generate a feasible plan for the problem, . Q| Q|
they do not provide any performance guarantee in terms oBY inequality 9, We‘Q‘han)(Hi:l ri) < O(r'™). Then,
the quality of the plan generated (i.e., the plans generated)([/¢ r;) = Oy when7 = |MV/2; o1 ry) =

by them can be arbitrarily far from the optimal one), our O(|MV|Q1/2) when7 = +/[MV]. This bound is much

approach above delivers a plan which gives a deterministic Q1 i . i
bound with respect to the optimal solution. Smaller thanO(JMV|'®!) in practice. Therefore, the ap

proach works well when the number of queries is rather
small. For example, assume thaf'V'| = 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 1Dunit time.
If the number of querieR)| is small (e.g., no more than 10),

we present an exact algorithm which delivers a plan withTheorem 2. Let V' be the set of the elements (group-bys) in
the minimum response time. In doing so, we first formalizethe data cube of a fact tabl&'. Given a setMV C V of

3.3 An exact algorithm

the problem into another optimization problem. L@t = materialized views and a s€) of Type One Sharing
{a1, 92, -, qo1} and MV = {muvy, muva, ..., muv|}. gueries, the objective is to: (1) assign every quergimith
e a materialized view inMV from which the query can be
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answered; and (2) minimize the total response time for anthe CPU time of matching a tuple imv; to the predicates
swering all the queries i). There exists an assignment plan in queryg; and the time of proceeding hashing operation for
with the minimum response time. Finding such a plan takesggregation purpose.
O(|MV|I2]) time in the worst case. Having the above cost measures, now for any given
] ] . ] plan, everyq € (@ has already chosen a materialized

Proof. According to our discussion above, a feasible planyjew mu(gq) € MV from which it can be answered fi-
is a valid assignment for all variables in Equation 6. An nally. Therefore, if all the chosen tuples afuv, are in
optimal plan is a feasible plan with minimizifGota_rash N the ‘main memory, then the time taken by evaluating the
Equation??. However, there ar©(|MV[1¢) valid feasible  plan is 73, ,.(MV,Q) = S ot (¢, mv(q))

| h . h ith th .. k p in_qu\VtV, q€ {,ndem,query Q_, q))-
plans, C|£|Os!ngt e one with the minimu,.i_nash t@K€S  However, by this plan the total time of loading those tu-
O(IM Vi) time. The theorem then follows. ples of the materialized views to main memory, using the

. . _ . . __combined bitmap, is
In practice, we believe that finding an optimal plan requires, (MV,Q) =5 . imea(v), where
much less time than that claimed by Theorem 2. The reas '/, T LaveM! vindez-materializedith

. N M ={mv(q) | ¢ € @, mv(qg) € MV}.
son is that for a query i), it can be answered by only a ’ ) . .
few materialized views in\/V. Our experiment in Sect. 6 Therefore, the response time for answering all the queries

demonstrates that this claim is correct. in Qs
Ttotal,in = Crin,qu(M‘/a Q) + Eana(M‘/a Q) (11)
) S The problem is then to find an assignment plan to minimize
4 Multiple query optimization Tiotai_in, Which is the minimum response time for answering
with Type Two Sharing all the queries inQ. Following the same argument as in

Sect. 3, this version of the problem is also likely to be NP-
In this section we deal with the multiple dimensional query hard. Therefore, in the following we will focus on finding
problem in which case an MDX is decomposed into ai@et an approximation solution for it.
of Type Two Sharing queries only.

4.2 A heuristic algorithm

4.1 Problem definition Let queriesgs, g2, . . ., g usemuv; € MV as their base ta-

bles,q; € Q and 1< i < k. Then, we assume that the
following inequality always holds.

k

The Multiple Dimensional Query Optimization Probldor
Type Two Sharing is to: (1) find a materialized view
(base table) from\/V for every query in@ from which the

query can be answered; and (2) minimize the total response > loi; - Size(mu;)/Page Size - t1,0 +

time for answering all the queries . Now we formalize =1

the problem in terms of the cost model as follows: aij - Size(mv;) - tepu(qi, mV;) + tindex (gi, mv;)]
(i) If a materialized viewnv; € MV is used by queries > o - [Size(mv;)/Page_Size - t; /o +

i, Qns - - - » Gi,, AS their base table,, € Q, and 1< < k,

k
then the cost of loading those tuples @fv; which have ) 5. . _ _ _
been indexed by the combined bitmap of the queries to mair; Size(muy) - tepu(di MU+ D tindea(ai,mvy)  (12)

memory is _ A
, where o;; is the selectivity ofg; to mv;, o = | V&,
tind reriatisea(mu;) = U.M ¢ F(q;,mv;)|/Size(muv;), Vv is the bit-OR operator, and
tndex_materialize ] 7 . I/O SN L .
Page_Size F(g;, mv;) is the bitmap ofg; to mv;. Inequality 12 means
k that the cost of loading those tuples afv; chosen by the
+ Z tindex(gir, mv;) (10)  combined bitmap of the queries to the main memory is much
=1 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 tuplesrot; 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

Eggicf tit’hdézgg‘gé;é“éiﬁd(gs”gf '?’ t??h:unTai?lfr;Z?ngTear?:j estimation model in a conservative way. That is, for every
9 P i y query¢; € Q, if it chooses amv;; = mv(g;) € MV as its

generating the combined bitmap from each individual bitma . Py
of the queries (the second term in the right-hand side of e)‘()_base table, then the total cost (or response time}fds

where o, is defined as follows. LeRR;; be the set of tu-
ples inmuv; that satisfy the conditional predicates of query
¢i,. Then,|R;| = oy - Size(mv;) and 0< oy < 1. The
union R’ = UYL R; of the sets by all the queries using
mw; Will then be moved to the main memory for the pur-
pose of query processing. Therefoee,= |R’|/Size(mwv;).
tindez(qir, mv;) is the time for searching the bitmap @f.

pression 10). ]
(i) If a query ¢; € @ can be answered usingv; € Zamj - (Size(muy,;)/Page_Size -ty ;o +
MYV, theng; contributes a costindes_query (g, mv;) = o - i=1

Size(mvj) ’ tcpu(‘]ia mvj)- Wheretcpu(in mvj) is the sum of Oii; * Size(mvij) ' tcpu((h7 mvij) + tinde.’c(‘]ia mug; )) (13)
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We now give an optimal solution for the problem basedi; < i;+1 for all [ with 1 <[ < k. For eachnuv;, leto; be its

on the conservative cost model. Our approach is to reduceelectivity with respect to the queries, which is determined
the problem to a minimum weighted maximum cardinality by the combined bitmap of those queries that use it as their
matching problem in an auxiliary weighted, bipartite graph.base table, K j < k. Let ig = 0, then, by the cost model

As a result, we obtain a feasible solution for our original the response time for evaluatirig,; is

problem due to inequality 12.

We first construct an undirected, weighted bipartite graph
G =(X,Y, Exy,w,) 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 edgentv;,q;) € Exy

Chin = Z?zl oy - (Size(mu;)/Page_Size - t10
;ii]‘—l"'l Slze(mvj) . tcpu(le mvj))

5
+ Zléij,ﬁl tindex (15 mvj)-
Now we considemuv;, 1 < j < k, by our assumption

betweenmv; € X andg; € Y if ¢; can be answered using that the queries indexed froi_; +1 toi; usemu; as their

muj;, and the weight associated with the edge is
wa(mvj, q;) = 045 - Size(mv;)/Page_Size - t1 0
+ 055 ° Size(mvj) ' tcpu(qiv mvj)
+ tindem(Qi; mvj) (14)

whereo;; is the selectivity ofg; to muv;.

Now, the optimization problem under the conservative

cost model is to find a subset’ C X in G such that
every vertex iny € Y chooses a vertexnuv(y) € X’
and Zyeyw(mv(y),y)__is minimized. In doing so, we
construct another auxiliary weighted bipartite grafh =
(Xg,Yy, Eg,ws) from G below.

Let d(x) be the degree of vertex € X in G. Xy =
XU {xl,zz,...,xd(z)_l ‘ T € X,d(:t) > 1}, Yy =Y.
By = Exy U{(z:,9) | (z,9) € Exy,1<i <d(x) - 1}.
The weights associated with the edgesHnare defined as
follows: ws(z,y) = wa(z,y) for every @,y) € Exy and
ws(zi, y) = wa(z,y) for every @i, y) € By, 1 <i < d(z) -
1.

base tables, for each quegywith i,_1 +1 < < i;, there
is a corresponding edgenf;, ¢;) in G (defined before), and
the weight associated with this edge @ is wa(mv;, ¢;)
which is defined in Eq.14. It is obvious that

wa(muvj, q) < o - (Size(mw;)/ Page_Size - 10

+ Z Size(mvj) . tcpu(Ql» TTL’U]‘))

l:i]‘ 1+l

vj
+ Z tindex (CIl ) mvj)

l=iJ 1+l

(15)

We now construct a subgraghl = (X', Y, Ey, wa) of G
whereX’ = {muv1, mvy, ..., mux}, and an edgerv,, ¢;) €
E'y forall 1 < j < kandij_1+1 <1 < 4;. Then, using
the construction rule off, it is easy to see that the corre-
sponding subgraph i of G’ is a weighted matching/”
which includes all the vertices ifr. The weight of M is

Let M’ be a minimum weighted, maximum cardinality 2=e'enr” W5(6) = X, qyemy,, “almv;, @). Thus, we have
matching inH obtained, using any efficient polynomial al- >_. e ar ws(€’) < D - Cin, WhereD = max{i; —i;-1 [ 1<
gorithm (e.g., the algorithm by Gabow et al. [GT90]), and j < k} < |Q|. However, our algorithm is to find a min-

W =3 car ws(e). Then, the solutionV/’ for H gives a

imum weighted maximum cardinality matching’ in H,

corresponding solution fo& which can be described as: (i) Which means} ., ws(e) < > . cpm ws(€’) < DCpin.

X'={a' |2 € X and ¢',y) € M'}U{z | 2’ is generated
from z, and @', y) € M'}; (i) if (2/,y) € M' anda’ € X,

then queryy has chosemnv,  as its base table. Otherwise,

' £X butz’ is generated from, then, queryy has chosen
mu, as its base table; and (il = Zyey wa(mo(y), y)

which is the minimum among all solutions that include all

vertices inY. Thus, we have obtained such a plaf that,

for each edgeaf, y) in M’, queryy has chosen the materi-

alized viewz 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 solutio
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.

n

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 tablg’. Given a setM'V C V of
materialized views and a sé of Type Two Sharing
queries, the objective is to: (i) assign every queryjmwith

a materialized view inMV from which the query can be
answered; and (i) 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
time O(A|MV||Q|log(N - C)/Na(A|MV[|Q|, N)log N),
whereN = A|MV|+|Q|, C = maXws(z,y) | (z,y) € En},

Theorem 3. Let = be the plan generated by the algorithm and A (< |Q|) is the maximum number of queries that can
above and letP,,; be an optimal plan with the minimum be answered by a materialized viewAdV'.

response time. Then, the response time of evaluating at
most|Q| times of that forP,,,.

Proof. Without loss of generality, assume that i,,,
mu, Mva, .
queries in@ where the queries indexed from 1 fp use
muz, and the queries indexed from + 1 to i, use muv;
as their base table,. ., the queries indexed from,_; +1

Proof. Following our discussion above, we know that the
response time of the plan delivered by our algorithnié
times the optimal by Theorem 3. The dominant computa-

..,mv; have been chosen as the base tables ofional complexity of the proposed algorithm is to find a

minimum weighted maximum cardinality matching which
requires

to n usemu; as their base tables. We further assume that O(A|MV||Q|log(N - C)\/Na(AIMV||Q|, N)log N)
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time by the algorithm due to Gabow and Tarjan [GT90] 5 Multiple query optimization

becauseH contains no more thalv (= A|JMV]| + |Q|) with Type Three Sharing

vertices and|A|MV||Q| edges in the worst case, where

C = max{ws(z,y) | (z,y) € Exg} and A is the maximum In the previous two sections we assume that an MDX can be

degree of vertices il{. The theorem then follows. decomposed into a s€l of queries, which are eithdrype

One Sharing or Type Two Sharing but not both. In

practice, the queries i) are a mixture of the two types,

namely, Type Three Sharing queries. In this section

we will focus on how to process multiple queries ©fpe

Three Sharing efficiently.

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-5.1 Problem definition

lar to the one used in Sect. 3 except the formulae. So, we

will focus on the formulas of the problem. We transform the The Multiple Dimensional Query Optimization Probldor

problem into another optimization problem. Recall that Type Three Sharing is to: (1) find a materialized view

{a1,92,- .., q0/} andMV = {mvy, muva, ..., mvpv|}. Let (base table) fromM V for every query inQ from which the
query can be answered; and (2) minimize the total response

Tinder—qu = Z tijTij (16)  time for answering all the queries @.
i=1,...,|Q|,5=1,....,| MV By the previous discussion, if the sét can be further

partitioned into dis-joint subset®; and @, such thatQ;

Associated with every query;, there are|M V| variables  only contains the queries dlype One Sharing andQ@;

Ti1, Ti2, - - ., T4 pv| SUCh that @ unique;; = 1, and all other  only contains the queries ofype Two Sharing , i.e.,

x; = 0if j/ # 5 foranyj, 1<j <|MV], ie., ¢ chooses @ =Q1UQ>, thentwo sub-plans fap; and@, can be found

the tablemv; as its base tablé,; is the time for answering using the approximation algorithms developed in Sects. 3

¢i, assuming those tuples ofv; chosen by the combined and 4, respectively. Thus, a plan fQris formed by merg-

4.3 An exact algorithm

bitmap of queries are already in main memory, i.e., ing the two sub-plans, which is sub-optimal. But it relies on
. the assumption that the queries@can be properly parti-
tij = 0j - Size(muv;)tepu(gi, mvj) (17)  tioned into the two subset3; andQ,. However, for a query

in @, 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-

whereo; = | V=1 F(q:, mv;)|/Size(mv;) and F(q,v) is
the bitmap ofg to v. But, the time of loading those tuples
of mv; by the combined bitmap to main memory is

Tinde-ma = Z 0; - Size(mv;)/ Page-Size - t0 alyze the algorithms of Zhao et al., by pointing out some
mui €M of drawbacks of the algorithms and providing some possible

+ Z tindex(gi, mv;) (18)  improvement. We then present another greedy algorithm for

oyt the problem. Unlike their algorithms, our algorithm does not

require any given order of the queries added to the plan in
where M’ = {mv; | if there isz;; = 1}. Thus, the problem advance. We finally design an exact algorithm which can find

that we are concerned is how to minimize an optimal plan if the number of queries @ is relatively
small.
Endew = T;‘ndew,ma + Tindew,qu- (19)
By applying the technique in Sect. 3, the above optimization5_2 Improvements of the algorithms of Zhao et al

problem can be solved i@(]‘[fl| r;) time in the worst case,

wherer; is the number of materialized views from whigh  |n order to obtain a better plan for a set of queriedppe
can be answered. Therefore, we have: Three Sharing , Zhao et al. [ZDNS98] give the follow-
ing three heuristic algorithms, by utilizing the three oper-
Theorem 5. Let V' be the set of the elements (group-bys) in ations defined in Sect. 2: Two Phase Local Optimal Algo-
the data cube of a fact tablé'. Given a setMV C V of  rithm (TPLO), Extended Two Phase Local Greedy Algorithm
materialized views and a s&p of Type Two Sharing (ETPLQG, and Global Greedy Algorithm@Q. For the sake
queries, the objective is to: (1) assign every quer@iwith  of completeness, we briefly introduce these three algorithms
a materialized view in\/V from which the query can be an- below.
swered; and (2) minimize the response time for answering all  Algorithm TPLO is fairly simple, consisting of two
queries inQ. There is an assignment plan with the minimum phases. In the first phase, it independently picks up a base
response time. Finding such a plan takeg M V|!¢l) time  table (materialized view) from/ V' for each query irQ such
in the worst case. that the cost for evaluating that query is minimal. Once the
materialized view for a query is determined, it uses the SQL
Proof. The proof approach is similar to that for Theorem 2, optimizer to generate the best plan for the query. In the sec-
omitted. ond phase, it generates a global plan by merging the common
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It is obvious that the time for answering a quegyde-
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 ordergs, qo, . . ., gs. First we addy;
into S, the total cost is 1500 + 1500000 = 1650 unit time
because loading and star-joinimgv; takes 1500 unit time
by the assumption, and the CPU processing takes 150 unit
time. Next we considety. If ¢» choosesmuv; as its base
table, the cost is 1500Q00 = 150 unit time; ifg, chooses
muvy as its base table, the cost is 300 + 30D00 = 330
unit time. So, byETPLGor GGg, finally choosesmnv; as
its base table. Third, we consider addipgto .S. Following
the same analysis faf,, g3, g4 and gs will finally choose
muy as their base tables. So, the total cost of running the
global plan is 1650 + 4« 150 = 2250 unit time. However,
Fig. 3. An example the optimal plan for this example is thgt choosesnuvi, ¢»

to gs choosemuw, as their base tables, and the total cost of

running the optimal plan is 1650 + 330 +330 = 2070 unit
subtasks among individual query plans using the three optime.
erators. However, for any non-trivial optimization problem, The reason is that the order of queries added to the global
it is usually impossible to achieve a global optimal solution plan plays an important role in terms of the cost of evaluat-
by simply "merging” individual local optimal solutions. Al- ing the plan. From this example we can see that it might not
gorithm ETPLG explores sharing base tables (materializedbe a good choice to add the queries to the global plan by the
views) among queries to reduce the total response time foascending order oGroupbyLevebecause in some cases it
the queries. The basic ideaBTPLGis to add queries to the may not be a good heuristic. Consequently, we may have an
global plan one by one. When a new query is added to thémmediate alternative, i.e., adding the queries to the global
plan, ETPLGchooses between the best plan that allows theplan by the descending order GfoupbyLevelFor this latter
guery to share a base table which has been used by the othleuristic, we can also give an example against it. As a bal-
queries in the plan, and the local plan for the query. The secance, there is a third heuristic which adds the queries to the
ond phase is just like the second phase of AlgorifiiRLQ, global plan in the following order: ifQ| is odd, then the or-
merging the query plans at the vertex level of the query treeder is 411Ql1/2)+1:9(1Q1/2)» 411Q1/2]+2> - - - » 41, 4|Q| 5 otherwise,
So, the order of the queries added to the global plan plays ¢he order isqq 2, q|q|/2+1, 41Q|/2-1: AiQ| /242 - - -+ 41: 4| Q)
crucial role in the evaluation of the plan in terms of cost. In assuming that, g2, . . ., g is the query sequence by the
ETPLG queries are added to the global plan by ti&ioup-  ascending order oGroupbyLevel The algorithm based on
byLevelin ascending order, whe®roupbyLevels the sum  the third heuristic will deliver a better solution on average.
of the hierarchy level of the group-by on each dimension. In-The reason is explained as follows. Foxueries, there are
tuitively, the smaller theSroupbyLevebf a query, the more n! different ways to give the queries in order, and it is pos-
likely it shares a base table with the other queries. Algorithmsible that there is a case which has the optimal solution for
GGis similar to AlgorithmETPLG in that, GGdevelops the each of the orders. The ascending and descending orders of
global plan by adding queries to the plan one by one, andsroupbyLeveheuristics are the two extremes of the spec-
the adding order is in ascending orderGroupbyLevelThe  trum of a variety of heuristics based on the ordeGobup-
only difference between them is tHaGallows some already byLeve] while the third heuristic above is located in the
assigned queries to change their shared base table in ordarddle of the spectrum of among the heuristics. Thus, there
to include the new query which is not allowed iETPLG exists an algorithm which delivers a better plan (smaller re-
As their performance study indicate@Goutperformed the sponse time) than that delivered by algoritfdfiPLG or
other two. GGin the general case, and the time for finding such a plan

Now let us consider the following running example (seeis at most three times of the time &TPLG or GG
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 ha¥éV = {muwv1, mv,} 5.3 A cost-based greedy algorithm
with Size(mwv1) = 15000 andSize(mwvy) = 3000.Q =
{91, @2, g3, qa, g5 }- Assume that;’s GroupbyLevels strictly Unlike the algorithm of Zhao et al., the proposed algorithm
smaller thang;+1's, 1 < ¢ < 4, everyg; can usemwv; as  does not set the order for queries to be added. The algorithm
its base table, K i < 5. ¢2,93,q4 and gs exceptq; can  proceeds by adding queries to the global plan one by one,
use mv, as their base tables. We further assume that allccording to the cost incurred by adding that query to the
the queries are usinghared scan for hash-based solution at the current stage. So, the algorithm takgs
star join . Assume that the sum of the time of loading times iterations. Le!l() be the set of queries which have not
muwi t0 main memory and star-joining takes 1500 unit time been assigned base tables. Suppose that the-filsjueries
andmuv, takes 300 unit time respectively. have been assigned to their base tables. In the beginning of

@ A materialized view (precomputed group-by)

O Aquery
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Algorithm 1: Find _Query _Plan( MV, Q) ;

MV = {mv1, mvy,...,muarv |}

Q:={a, 9, -, 909}

AQ = Q;l* the set of unassigned queries */

Cost := 0; /* the total cost for answering all queries G */
for ¢:=1to |[MV|do

1 X (mwv;) = 0; I* the set of index-based queries used; as the base table */

endfor;
repeat

A _cost := oo; * the cost incurred by adding theth query to the solution */

q_candidate := (; I* the i-th query will be gcandidate */
for everyq, € AQ do
for everymuv, € MV do
if g can be answered usingv, then
if muv, is chosen in the first timéhen
if g is hash-based scan join withv, then

Size(muy)
Page_Size
else/* g, is index-based join */
Size(muvy)
Page_Size

temp =

temp (= ogy -
endif
else /* mw,, is not chosen in the first time */
if mvy has been used by other hash-based quéniers
if g, is hash-based scan jothen
temp = Size(muy) - tepu(qz, Muy)
elsetemp =Delta _Cost (gz, I X (muvy))
endif

“trjot thash_join(Mmuy) + Size(mvy) - tepu (g, muy)

. tI/O +tindex (Qz, mvy) +tOogy - Size(mvy) . tcpu((Iz’ mvy)

else if mv, has been used by only index-based quetties

if ¢z is hash-based scan jothen

temp = %
elsetemp :=Delta _Cost (g, I X (muvy))
endif
endif
endif
endif
endif;

if A_cost > temp then
A_cost = temp;
q-candidate := qz;
BT(gz) := muy; I* gz usesmuoy as its base table */
endif
endfor
endfor;
if g_candidate is index-basedhen

I1X(BT(q-candidate)) := 1 X (BT(q-candidate)) U {g-candidate}

endif;

Cost := Cost + A_cost;

AQ = AQ — {q-candidate}
until AQ = 0.

Fig. 4. A greedy algorithm for type three queries

thei-th iteration, a query in AQ will be added to the global
plan if its addition will incur the minimum increase in the

. tI/O + thash,join(mvy) + Size(mvy) : tcpu(‘]zv mvy)

=2

i=1,.., Q|71 MV|

t;j Lij- (20)

Tqucpu

total cost of the solution. The detailed algorithm is described

in Fig. 4.

The functionDelta _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

Associated with every query;, there are|MV| variables
Ti1, T2, - - ., T4 pv| IN Which there is a unique;; = 1, and
all otherz;; =0 if 5/ # j forany j, 1< j < |[MV]. For
these variables;; with 1 < j < |MV|, there are-; different
assignments, i.e., (0,...,0,1,0,...,0) with z;; =1 is a
valid assignment ify; usesmv; as its base table, where
is the number of materialized views from whigh can be

Following the same framework as described in Sects. 3 an@nsweredz;; is the time for answering; which is defined

4, we give an exact solution for the problem by formalizing
it as an optimization problem.
Let

as follows. Ifg; is index-based join withnv;, then

(21)

t;,j =045 Size(mvj) : tcpu(in mvj)

329
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Function Delta.Costg, X (v));
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begin
/* IX(v) is a set of index-based queries which usas their base table */
old = Varerxw @ vl
zy Size(v) !
onew = |Vq/gjx(v)F(q/vU)VF(q,U)‘ i
zy Size(v)

(L oay);

T
Delta_Cost := AO’zy . Pf\;iifg?ze . tI/O + tindew(% U) + U;L;w

+ATzy Zq/ €IX(v) Size(v)tcpu(qla v)

Aogy = cr;?ﬁw — O'Oéld

end

where o;; is the selectivity ofg; to mv;, 0 < oy; < 1.
Otherwise §; is hash-based join),

t;j = Size(mv;) - tepu(gi, mvy)

(22)

Size(v)tepu(g, v)

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

Tqucpu is the time for processing the queries, assuming thag performance study
the required tuples of materialized views have been in main

memory.
Let M’ = {mwv; | if there isz;; = 1 in expression 20
We now calculate the cost),.q(mv;) of loading anmuv,

to main memory and proceeding star-join. Assume tha

Qirs Qins - - - » Qi @r€ associated withhw;, i.e., z;,; = 1 with
1< <k. Then:
(i) if all ¢;, are hash-based join, then

Cload(muvj) = Size(mu;)/Page_Size - 11,0

+ thash_join(mu;) (23)
(ii) if all ¢;, are index-based join, then
Cioad(mvy) = 0 - Size(mv;)/Page_Size - t1,0
k
+ Z tinder (Qih mvj) (24)

=1
whereo; is defined as follows. Lef?; be the set of the
tuples inmuv; chosen by the bitmap of query,. Then,
|Rii| = o - Size(mv;). Then the unionR’ of the sets by
the queries usingrv; will be moved to main memory, i.e.,
R = UL, R;. Thereforeo; = |R'|/Size(mv;).
Remarks. In practice before executing the queri,;

In this section we conduct experiments to demonstrate the
efficiency of the proposed algorithms. First, we describe
how data is generated. We uStanford GraphBase
tdeveloped by Knuth [Knuth93] to generate random bi-
partite graphs. In the Stanford GraphBase, the procedure
random _bigrahp (n1, ny, m, multi, di, d, minlen,
maxlen, seed) is designed to produce a pseudo-random bi-
partite graph withny + n, vertices, in which they; vertices
correspond to then; materialized views and the othen
vertices correspond to the, 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 parametenult: permits duplicate edges

if multi # 0. Thed; and d, specify probability distribu-
tions on the edges. Thevinlen and maxzien 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 choosgwuit 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

is not known, so, there is no way to give an exact valuequery. In addition to generating the bipartite graph,Tgpe

for o;. Instead we assiga; an approximate value. Clearly,
ma{o;; | 1 <1 <k} <o; < Yr,01 ando; ~
gittoizt.. ok

- .
(i) otherwise, assume that thequeries are associated with
mu; in which the firstr queriesg;,, g;,, .. .,q;, are index-
based join and the remainirig— r queriesg;,.,, ..., q;, are
hash-based join. Lek” = U]_,R;;. Then

Cloaa(mu;) = (1 +07%) - Size(muv;)/Page_Size - t1 )0

+ Z tindex (Qih mvj) (25)

=1

whered’; = |R"|/Size(mv;).
The original problem now becomes to minimize

§ Cload (mv) + Tqucpu .
mveM’

(26)

One Sharing case, we also introducevirtual 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 the'ype 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 factoi0 < e < 1.

Following the approach developed in Sect. 3, we know thafn theory, the smaller the is, the more accurate approx-

there are[] ‘Z(;Ql‘ Ti

different valid assignments for expres- imation solution Zelikovsky's algorithm can provide. The
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Zelikovsky's Algorithm
Input: a graphG = (V, E, w) whereV;, is the set of terminal vertices (query vertices)
Output: a directed approximation Steiner treg

begin

G =G, Sm = Vg;

1:=0;

while S,,, # 0 do
Let S’ be a subset of,,, where|S’| =[Sy, |¢ for 0 < e < 1.
Find an approximation directed Steiner trfEgrooted at the virtual vertex which contains
the terminals inS’, using Dijkstra’s shortest path algorithm.
Let G’ be the graph by contracting all edgesTih from G/;

=1+ 1
Sm = Sm — S';
endwhile
The approximation Steiner tree 6f is obtained by recovering alf;.

end

exact solution can be obtained by using a linear programthe choosing strategies of materialized views can play a ma-
ming package callelp _solve developed by Berkelaar and jor role in the final solutions. But in this case, we can see

Dirks [BD99]. Figure 5 shows the results whewvertices are  that the solutions delivered by the Steiner tree approach are
used for both views and queries where= 100 in Fig. 5a—  always within twice of the exact solution. Figure 5b shows

c; andn = 200 in Fig. 5d—f. The x-axis is the percentage a case where the humbers of materialized views and queries
of edges out of number-of-views multiplied by number-of- are the same; 50. When there are more materialized views
gueries which indicates how many materialized views carnto be selected for a query, it shows that the Steiner tree solu-
be chosen potentially by each query on average. The y-axisons will perform equally well regardless of the number of

is the solution, i.e., the total cost or the response time tcedges involved in the graphs. When there are a large num-
answer all queries. In Fig. 5, we investigate the following ber of materialized views to be selected as seen in Fig. 5c,

four different approaches: the differences between the exact solutions and the approx-
imation Steiner tree solutions are even smaller. The similar
1. The exact solution, results can be seen from Fig. 5d—f when the total number
2. The approximation Steiner tree solution witk 1.0, of vertices for materialized views and queries is 200. One
3. The approximation Steiner tree solution witk 0.5, observation coming from our experimental study is that it
4. The approximation Steiner tree solution witk 0.1, seems not always true that, for the approximation Steiner
tree solution, the more time it spends to find a solution, the
after considering the following three cases: more accurate solution it will deliver. One possible expla-

o ) ) nation is that in the most cases the approximation algorithm
— A small number of materialized views with a large nUM- ¢4 find a nearly exact solution. So, even we further reduce
ber of queries (Fig. 5a and d) _ . € (therefore increasing the time to find the solution), there is
— The same numbers of materialized views and querie$,ot much effect on the solution obtained.
(Fig. 5b and e) o _ _ In Fig. 6 we also use = 100 for parts a—c; and = 200
— A large number of materialized views with a small num- for parts d—f. Unlike Fig. 5, we increase the number of mate-
ber of queries (Fig. 5¢ and f) rialized views while fixing the number of edgese¥% out of

Fi 5a sh ith 10 ialized vi ¢ the total number of edges (the number of materialized views
h ;]gg(r)e a shows abcase wit d _rrr;1ater|a|;e VIEWS brom ultiplied by the number of queries). The x-axis represents
which SU queries can beé answered. 1he maximum NUMDEr Qhe nymber of materialized views. The number of queries

edges is 900 (= 16 90). The exact solutions show that the will be the total number of vertices minus the number of

more edges a graph has, the cheaper cost the algorithm Caferiglized views. Three different cases are considered:
achieve. This confirms that the chances of a query sharing

a materialized view and the dimension tables with the other _ A small number of edges, 10%, (Fig. 6a and d).

queries will increase, which will lead to save the hash-based— A medium sized number of edges, 50%, (Fig. 6b and e).
star join time and the time of loading the shared material- _ A large number of edges, 90%, (Fig. 6¢ and f).

ized view to main memory. When there are only a small

number of edges (10%), all the four approaches give the As can be seen from Fig. 6, the approximation Steiner
similar outcome. This is because there are only a few matetree solution is within twice of the exact solution. When
rialized views that can be shared among the queries. Whil¢he number of materialized views is large, the approxima-
the number of edges between the materialized views and thiéon Steiner tree approach provides a solution which is near
gueries increase, the gap between the exact solution and the the exact solution. The above experiments have demon-
approximation solution obtained by using the Steiner treestrated that the solutions obtained by our algorithms are al-
approach increases as well. This phenomenon can be exvays within twice of the exact solution, which is much better
plained as follows. Each query can be answered by mor¢han our theoretical estimate (1| times the optimal. This
materialized views than used to be (compared with fewerindicates that our estimate is very conservative. The perfor-
edges between the queries and the materialized views), smance of the proposed algorithm is excellent.
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6.2 Type two sharing 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-
In the following we describe some experimental results fordomly selected in the range between 80 and 100. In this ex-
Type Two Sharing queries. The exact solution is ob- perimental study, we consider two different scenarios. First,
tained with the same linear programming package. For thisve assume that the index costs are fairly small — in the
case we reduce the original problem to a minimum weightedange between 1 and 20. The results are shown in Fig. 9a—c.
maximum cardinality matching problem on a bipartite graph.When there are a small number of materialized views to be
First, we consider the selection of a set of materializedselected Fig. 9a, the Steiner tree solution outperformed the
views in terms of the query processing and star join costsolutions delivered by the two global greedy algorithms. But
individually. If a materialized view can be used to answerwhen there are many materialized views to be selected, as
m queries, we maken copies of that materialized view. shown in Fig. 9b and c, the solutions given by the two global
Each copy will be used to answer a single query. In othergreedy algorithms outperform the Steiner tree solution due
words, before making a copy, a materialized view vertexto the number of choices and the small range of index costs.
might havem outgoing edges which means that theresare Second, we assume that index costs are considerably large —
gueries which can be answered using this view. After copy-4n the range of 20 — 40. The results are shown in Fig. 9d—f.
ing, there existm copied materialized views vertices, and In this case, the Steiner tree solution outperformed the solu-
each of them has one and only one outgoing edge. Secontipns by the two global greedy approaches in most of cases.
we find a minimum weighted maximum cardinality match- From Fig. 9, we can see the following facts. When there are
ing on the resulting graph after the copy operation applieda small nhumber of materialized views and a large number
Third, we merge all those materialized view vertices to theof queries, GG-0 has better performance than GG-c. When
vertex from which the vertices have been made. Finally, wethere are a large number of materialized views and a small
find an approximation solution (the total cost) of the prob- number of queries, GG-c has better performance than GG-o.
lem. When the number of materialized views is approximately
Figures 7 and 8 show the results whewertices are used equal to the number of queries, there is no big difference in
for both the materialized views and queries where 100  the performance between GG-c and GG-o.
in parts a—c; ana = 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 the7 Conclusions
number of materialized views while fixing the number of
edges as% out of the total number of edges (the number In this paper we have considered the optimization of multiple
of materialized views multiplied by the number of queries). dimensional queries simultaneously in an MDDB. We first
As can be seen from these figures, in spite of using differentonsidered two restricted versions of the problem by pre-
technigue — the minimum weighted maximum cardinality senting both approximation and exact algorithms for finding
matching forType Two Sharing , the similar observa- plans within the fixed degree approximation of the optimal
tions can be made as we did foype One Sharing us-  cost and optimal costs respectively. We also re-examined
ing Steiner tree solutions. In practice, the solutions obtainedhe problem discussed by Zhao et al. [ZDNS98], by present-
by the minimum weighted maximum cardinality matching ing another greedy algorithm. Finally, we used experiments
are within twice the exact solutions in all the cases we in-to demonstrate that the presented solutions are effective. In
vestigated, which is much better than our theoretical estimatarticular, we showed that our algorithms are efficient and
of |@Q| times the exact solutions. the solutions delivered are within twice the optimum.

6.3 Type three sharing

. AcknowledgementsWe appreciate the anonymous referees for their in-
As f(_)r Type Three Sharing , we also CondUCte.d an ex- yajuable suggestions and comments which helped us improve the paper’s
tensive performance study. We compared our Steiner tree s@uality and presentation. The work by Weifa Liang and Jeffrey X. Yu was

lution with the two global greedy algorithms, namely, GG-o partially supported by Australian Research Council under a small grant
for order-based-oGroupbylLevelthe algorithm of Zhao et  schema (Grant No: F00025).
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 nhumber-of-views multiplied
by number-of-queries. We also assume that not all queries
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