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Abstract: Global query optimization in a multidatabase system (MDBS) is a challenging issue since some local opti-
mization information such as local cost models may not be available at the global level due to local autonomy.
It becomes even more difficult when dynamic environmental factors are taken into consideration. In our
previous work, a qualitative approach was suggested to build so-called multistate cost models to capture the
performance behavior of a dynamic multidatabase environment. It has been shown that a multistate cost model
can give a good cost estimate for a query run in any contention state in the dynamic environment. In this paper,
we present a technique to perform query optimization based on multistate cost models for a dynamic MDBS.
Two relevant algorithms are proposed. The first one selects a set of representative system environmental states
for generating an execution plan with multiple versions for a given query at compile time, while the second one
efficiently determines the best version to invoke for the query at run time. Experiments demonstrate that the
proposed technique is quite promising for performing global query optimization in a dynamic MDBS. Com-
pared with related work on dynamic query optimization, our approach has an advantage of avoiding the high
overhead for modifying or re-generating an execution plan for a query based on dynamic run-time information.

1 INTRODUCTION (Zhu, 1994; Zhu, 1996a; Zhu, 1998), a cost vector

database approach (Adali, 1996), a fuzzy approach
(Zhu, 1997), and a generic model approach (Naacke,
1998; Roth, 1999). Other multidatabase query opti-
mization issues that have been studied in the literature
include: join tree parallelism (Du, 1995; Evrendilek,
1997; Subramanian, 1998), entity joins (Tsai, 1997),
outerjoins (Chen, 1990; Yu, 1998), schema level op-
timization (Lee, 1998), semantic query optimization
(Goni, 1996; Lim, 1995; Zhu, 1996b), and query
modification and decomposition (Yu, 1998).

It is noted that many factors (e.g., CPU load, I/O
load, and available memory space) in an MDBS may
change dramatically over time. These dynamic fac-
tors make query optimization in an MDBS even more
challenging. A number of researchers have stud-
ied the issues on dynamic query optimization in an
MDBS recently (Amsaleg, 1996; Bouganim, 2000;
Ng, 1999; Urhan, 1998). All the dynamic techniques
proposed so far have a common characteristic, that
is, they modify or re-generate an execution plan for a

A multidatabase system (MDBS) integrates data
from multiple local (component) databases and pro-
vides users with a uniform global view of data. A
global user can issue a (global) query on an MDBS to
retrieve data from multiple databases without having
to know where the data is stored and how the data is
retrieved. How to process such a global query effi-
ciently is the task of global query optimization.

There are a number of challenges for global query
optimization in an MDBS. They are mainly caused
by heterogeneity and local autonomy of the system.
One major challenge is that some necessary local op-
timization information such as local cost models may
not be available at the global level. Several methods to
derive cost models for an autonomous local database
system (DBS) at the global level have been proposed
in the literature, including a calibration method (Du,
1992; Gardarin, 1996), a query sampling method
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given query based on dynamic information observed
at run time. One shortcoming of such an approach
is that the amount of work that needs to be done to
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modify or re-generate an execution plan may be very
significant, which directly affects the query response
time.

We adopt an alternative approach to perform query
optimization in a dynamic multidatabase environ-
ment. In our recent work (Zhu, 2000), we utilized
a qualitative approach to build multistate cost mod-
els for dynamic local database systems in an MDBS.
It has been shown that a multistate cost model can
give a good cost estimate for a (component) query
run in any contention state at a dynamic local site
in an MDBS. In this paper, we present a technique
to perform global query optimization for a dynamic
MDBS based on multistate cost models. The basic
idea is to select a set of representative system envi-
ronmental states for a dynamic MDBS, generate an
execution plan with multiple versions (corresponding
to the representative system environmental states) for
a given query at compile time, and then determine the
best version to run for the query based on dynamic
information at run time. Due to the limit on the num-
ber of versions allowed in an execution plan, an issue
that needs to be addressed is how to choose a set of
good representative system environmental states for
generating versions for a query execution plan. An-
other issue is how to determine the best version of an
execution plan for the running system environmental
state at run time. Two algorithms to solve the above
issues are proposed in this paper. Our simulation re-
sults demonstrate that the presented technique is quite
promising in optimizing a global query in a dynamic
MDBS.

One advantage of our optimization approach is that
the amount of optimization work that needs to be
done at run time is minimized and in the meanwhile
the variation of dynamic factors affecting query per-
formance at run time is taken into account. This is
achieved by using the multistate cost models to es-
timate (component) query costs in a dynamic envi-
ronment and shifting significant optimization work to
the compile time, which does not affect the query re-
sponse time.

The rest of the paper is organized as follows. Sec-
tion 2 gives an overview of multistate cost models.
Section 3 discusses the potential approaches for per-
forming query optimization based on multistate cost
models in a dynamic MDBS. Section 4 presents the
details of a promising query optimization approach
that employs a query execution plan with multiple
versions for a dynamic multidatabase environment.
We will discuss two algorithms: one is to select a set
of representative system environmental states for gen-
erating multiple versions for a query execution plan
at compile time, and the other is to determine the best
version to invoke based on run-time information. Sec-
tion 5 shows some experimental results. Section 6
summarizes the conclusions.

SYSTEM

2 MULTISTATE COST MODEL

To incorporate the effect of dynamic factors on
query performance into a cost model for an MDBS,
we introduced an effective qualitative approach re-
cently (Zhu, 2000).

This approach considers the combined effect of all
the dynamic factors on a query cost together rather
than individually. Although dynamic factors may
change differently in terms of changing frequency
and level, they all contribute to the contention level
of the underlying system environment, which repre-
sents their net effect. Notice that the cost of a query
increases as the contention level. The system con-
tention level can be divided into a number of discrete
states (categories) such as “High Contention” (H),
“Medium Contention” (M), “Low Contention”
(L), and “No Contention” (N). A qualitative vari-
able can be used to indicate the contention states. This
qualitative variable, therefore, reflects the combined
effect of the dynamic environmental factors. A cost
model including such a qualitative variable can cap-
ture the dynamic factors to a certain degree.

Since, for a given query, its cost increases as the
system contention level, we can use the cost of a small
probing query to gage the contention level and clas-
sify the contention states for the dynamic system en-
vironment. To obtain an appropriate classification of
system contention states, we first partition the range
of a probing query cost in the given dynamic envi-
ronment into subranges (intervals) with an equal size.
Each subrange represents a contention state. If some
neighbor contention states are found to have a similar
effect on the derived cost model, they are merged into
one state. Such a uniform partition with merging ad-
justment procedure for a classification of contention
states has been proven to be very effective in practice
(Zhu, 2000).

A qualitative variable X with M possible system
contention states si, Ss, ..., S5, can be represented by
a set of M — 1 indicator (binary) variables Zy, Zo,
vy Zyg—1. Thatis, X = 5; (1 <1 < M —1)is
represented by Z; = 1 and Z; = 0 (for any j #
1); and X = s,, is represented by Z; = 0 (for any
1 < k < M —1). Including qualitative variable X
in a cost model is equivalent to including indicator
variables 21, Zs, ..., Z,,—1 in the cost model.

To develop a cost model including the indica-
tor variables, we extend the query sampling method
(Zhu, 1998). More specifically, component queries
that can be performed on a local DBS in an MDBS
are grouped into homogeneous classes first, based on
some information available at the global level in an
MDBS such as the characteristics of queries, operand
tables and the underlying local DBS. A set of sample
queries are then drawn from each query class and run
against the user local database in different contention
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states. The observed costs of sample queries are used
to derive a regression cost model with indicator vari-
ables of the following form:

—1 1
Y = (By+ X5 ByZ)+

~ v

intercepts
n .
Y (B + YL BlZ) X, (D)
i=1" ~ -

slopes

where Y is the query cost, X;’s are explanatory vari-
ables (such as the operand table cardinality(ies), re-
sult table cardinality, etc), Z;’s are the indicator vari-

ables, and B]’s are the regression coefficients. The
intercepts and slopes of equation (1) change from one
contention state to another, indicated by the values
of Z;’s. Each query class has such a multistate cost
model.

To estimate the cost of a query at run time, the
query class to which the query belongs is first iden-
tified. The running system contention state is de-
termined using the observed cost of a small probing
query. The cost of the query is then estimated by us-
ing cost model (1). Studies have shown that a mul-
tistate cost model can give a good cost estimate of a
query run in any contention state in a dynamic MDBS
(Zhu, 2000).

To reduce the overhead of cost estimation, the run-
ning system contention state can also be determined
by using an estimated cost (rather than observed cost)
of a probing query (),. A regression equation be-
tween the probing query cost Y, and some major
system contention parameters (such as CPU load ld;,
I/0 load o, and size of used memory space um for a
dynamic environment) is built first, i.e.,

Yo, = Eo + Ey xld; + Es xi0+ E3 xum, (2)

where F; (i = 0,1,2,3) are regression coefficients.
Once such an equation is in place, every time we want
to determine the system contention state in which a
query is executed, we need to calculate the estimated
cost Yg, of probing query (), by using equation (2)
without actually executing (),,. The contention state
is then determined using this estimated cost. Since
obtaining the parameter values (Id;, 70, um) in equa-
tion (2) usually requires much less overhead than ex-
ecuting a probing query, using the estimated costs of
a probing query to determine system contention states
is usually more efficient.

Note that different query classes may classify con-
tention states at the same local site differently in or-
der to obtain a good cost model specifically tuned
for the underlying query class. For example, assume
the cost range (i.e., the range of contention level) of
a probing query at a particular local site S; is [0,
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90], namely!, the minimum probing cost is (approx-
imately) O second and the maximum probing cost is
(approximately) 90 seconds. One query class G1;

may use three contention states: s§“) = [0,30],

sgn) = (30,60], sgn) = (60, 90] for its cost model,
while another query class G1» may utilize four con-
tention states ng) = [0,15], sgm) = (15,35],
s{? = (35,65), s{'* = (65,90] for its cost model.
Note that each contention state basically represents
an interval (subrange) of contention level, which is
called the representing interval of the state in the fol-
lowing discussion. The classification of contention
states for a query class in a dynamic environment is
automatically determined during its cost model build-
ing (Zhu, 2000).

On the other hand, for a probing query cost Yy (i.e.,
a contention level) gaged at a local site .S; (1 < ¢ <
N), there is a unique corresponding contention state
(i) (Yp), i.e., the representing interval contains Yy,
for each query class G5 (1 < j < K;) at the site. In
other words, a unique (local) contention state vector
59 (Y) = < s (Yp), s (Yp), ..., sUKD (Yp) > is
determined by contention level Yj at site S;. In gen-
eral, when the component queries of a global query
are to be performed at several sites, a (local) con-
tention state vector can be determined by a gaged
probing query cost at each site. The combination
of all the (local) contention state vectors is called
a (global) system environmental state in this paper,
which reflects the running contention environment for
the query.

3 QUERY OPTIMIZATION
BASED ON MULTISTATE COST
MODELS

Establishing cost models is not the ultimate goal of
query optimization. The ultimate goal is to choose
a good execution plan for a query on the basis of the
cost estimates given by the cost models. How to make
use of multistate cost models to choose a good execu-
tion plan for a given query in a dynamic environment
is the issue to be studied in the rest of the paper.

3.1 Interpretation vs Compilation
for Query Processing

In general, there are two approaches to processing a
query. The first one is called the interpretation ap-

'In mathematical convention, a closed end (i.e., ‘[* or
‘]’) of an interval indicates that the end point is included,
while an open end (i.e., ‘(" or )’) indicates that the end point
is not included.
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proach. In this approach, simple query optimization
is performed on the fly while a query is being exe-
cuted. This approach is suitable for ad hoc/interactive
queries, which are usually executed only once. The
second one is called the compilation approach. In this
approach, comprehensive query optimization is per-
formed for a given query at compile time, resulting
in an execution plan. The execution plan can then
be executed repeatedly at run time as needed. This
approach is more suitable for stored and embedded
queries, which are usually executed repeatedly. In an
MDBS environment, both stored/embedded queries
and ad hoc/interactive queries are expected.

Using multistate cost models to perform query op-
timization in the interpretation approach is relatively
easy. Since the multistate cost models give cost es-
timates that reflect the current running system en-
vironment, the global query optimizer can choose a
good query execution plan for the current environ-
ment based on the cost estimates.

Using multistate cost models to perform query op-
timization in the compilation approach is more diffi-
cult. The main challenge is that it is not easy to predict
the run-time system environment in which the query
is to be executed when a query is optimized at com-
pile time. Apparently, the traditional methods of us-
ing static cost models to perform query optimization
are not acceptable since a system environment is dy-
namic rather than static. There are several potential
ways to perform query optimization based on multi-
state cost models in the compilation approach, which
are described in the following subsection.

3.2 Optimization Approaches Based
on Multistate Cost Models

(A) Optimistic Approach. The idea of this approach
is to simply choose an efficient execution plan us-
ing the query cost estimates given by multistate cost
models for the current system environmental state
at compile time. This approach works only under
the assumption that the system environment changes
slowly. Due to the slow change of the system environ-
ment, cost estimates given by a multistate cost model
for the current system environment remain valid for
a certain period of time. The execution plan chosen
for a query on the basis of the cost estimates is also
good for some time. Clearly, the applicability of this
approach is quite restricted.

(B) Environment Predicting Approach. The idea
of this approach is to predict/estimate the system en-
vironmental state in which a query is to be executed.
The system environmental state in which a query is
to be executed may be predicted/estimated by analyz-
ing the application background. For example, system-
administration-related queries are more likely to be

SYSTEM

executed in evenings/weekends when system load is
low, and business-related queries are more likely to
be executed during business hours on working days
when system load is high, etc. The usage (execution)
pattern of user queries and the load pattern of a sys-
tem environment can also be analyzed to improve the
predication accuracy. In addition, users may be re-
quired to provide inputs about their queries usage to
help the system to optimize the queries. Using multi-
state cost models based on a predicted run-time run-
ning system environmental state can usually provide
better cost estimates than using traditional static cost
models based on a static system environmental state
or using multistate cost models simply based on a
compile-time system environmental state. The degree
of goodness of an execution plan based on a predicted
running system environmental state depends on how
accurate the prediction is. This approach works well
when the user query usage and system load patterns
are clear and stable. It would be difficult to deal with
the situation in which a user changes his/her query
usage pattern frequently.

(C) Lazy Approach.  This approach generates an
execution plan at compile time based on a static sys-
tem environmental state or a typical system environ-
mental state. At run time, unless the plan is found
to be very inefficient, the query optimizer execute the
query according to the execution plan. If the plan is
found to be very inefficient, the query optimizer adap-
tively improves the execution plan. This approach is
similar to the dynamic query optimization approaches
mentioned in Section 1. As indicated, the overhead
for adjusting an execution plan can be very high. An
execution plan is adjusted only if the overhead is paid
off by the benefits of the new execution plan. Note
that it is usually very expensive and complicated to
adjust an execution plan in the middle of an execution.
Furthermore it is sometimes too late to find the cur-
rent execution plan is very inefficient. Re-generating
a brand new execution plan at run time is equivalent to
the interpretation approach, which prohibits compre-
hensive query optimization since its overhead directly
affects the query response time.

(D) Multiple Version Approach. The idea of this
approach is to generate multiple versions of an execu-
tion plan for a query at compile time, one for each
representative run-time system environmental state.
When a user runs the query at run time, an appropriate
version of the execution plan is invoked according to
the actual running system environmental state. Note
that the main aim for our query optimization tech-
nique is to take the dynamic behavior of the system
environment into consideration when choosing an ex-
ecution plan for a query and in the meantime reduce
the optimization work performed at run time. This ap-
proach is very promising in achieving this aim. It is
expected to provide a better plan/version than the one

147



ICEIS 2003 - Databases and Information Systems Integration

generated by assuming a fixed environment (e.g., the
static one), and also take much less work than that for
conventional dynamic optimization at run time since
most work is done at compile time. This approach
makes the run-time algorithms simple, efficient and
easy to implement. Since this approach is the most
promising one, we will further discuss the relevant is-
sues in the next section.

4 QUERY OPTIMIZATION VIA
MULTIPLE PLAN VERSIONS

In this section, we address two key issues for the
multiple version optimization approach, that is, what
versions should be generated for an execution plan at
compile time and which version should be invoked at
run time.

4.1 Selecting Plan Versions at
Compile Time

Assume that a given query () involves N participat-
ing local sites (databases) in the MDBS: Si, So, ...,
Sy. The range of probing query cost YQ; (i.e., con-
tention level) for site S; is [V;, W;] (1 < i < N).
There are K; query classes at site S;. The number
of (local) contention states used by the cost model
for query class G;; (1 < j < K;) at site S; is
M;;. Let Hy; = {50 gl sﬁ?ﬁ} be the set of
the contention states for query class G;; at site .S;,
with sﬁ” ) representing the lowest contention state and
sgyg the highest one. Let s(i) (Ygi) € H;; be the
unique contention state determined by probing query
cost YQ; € [V;, W;] for query class G5 at site .S;.
Hence the set

Hy = {89 (Yg:) =< s (Yg:), 5™ (Y1), -,

s(iKi)(YQ;) > where Ygi € [V;,Wi] }

contains all contention state vectors at site S;, and
H=H; xHy x...x Hy

contains all possible system environmental states for
query Q.

If the contention level (i.e., YQ; ) at each site is
given, the contention state vector at each site is de-
termined. The system environmental state is then
also determined. In other words, there is a unique
system environmental state corresponding to a point
< YQ; , YQg, . YQ;\J > in the INV-dimensional region
DO = [Vl,Wl] X [VQ,WQ] X ... X [VN,WN]. We
call < YQ; , YQi s e YQ;y > a system environmental
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(contention) level, and [V;, W;] the interval of region
Dy in the ¢-th dimension. Note that many system en-
vironmental levels may correspond to the same sys-
tem environmental state.

For any given system environmental state, the mul-
tistate cost models can give good cost estimates for
component queries run at local sites in the environ-
ment. When a user issues a global query to an MDBS,
the global query optimizer needs to decide how to de-
compose it into component queries and where to exe-
cute the component queries. These decisions are spec-
ified in an execution plan. If the system environmen-
tal state is known, the query optimizer can generate
an efficient plan for the query based on cost estimates
of component queries as well as possible communica-
tion costs?. Unfortunately, what run-time system en-
vironmental state in which the query is to be executed
is unknown at compile time when the query optimizer
optimizes the query.

One solution to this problem is to generate multi-
ple versions of the execution plan, one for each pos-
sible system environmental state, and run the right
version corresponding to the system environmental
state in which the query is executed at run time. If
the number of (participating) sites and the number of
contention states for each query class at all sites are
small, which leads to a small number of system envi-
ronmental states, this solution is feasible. Otherwise,
the query optimizer may have to generate too many
versions for a query execution plan. In practice, there
is a limit on the number of versions we could gener-
ate for a query execution plan due to the space and
time constraints. Thus the number of versions that
can be generated may be less than the number of pos-
sible system environmental states (with respect to the
query) in an MDBS. We therefore need a way to select
an appropriate subset of system environmental states
for which we generate multiple versions of a query
execution plan.

Assume that each system environmental level, i.e.,
a point in region Dy, has an equal chance to oc-
cur at run time. If only one version is allowed for
a plan, which system environmental state we should
select? In principle, the selected system environ-
mental state should be representative in the sense
that the corresponding version of the plan will min-
imize the performance degradation when it is in-
voked in another system environmental state. A good
choice in this case is to select the system environ-
mental state corresponding to the center point po =<
Vi +Wh)/2,(Va + W2)/2, ..., (Vs + Wy)/2 > in
region Dy since the sum of the distances between any

2A communication cost is usually proportional to the
amount of data transferred. For simplicity, we consider a
fast LAN in which the communication cost is negligible for
the rest of the paper.
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point in Do and Py is minimized. In other words,
the selected system environmental state is $(pp) =<
FO((Vi4+W1)/2), 582 (Vo t W) [2), ..o, 8V (Vi +
Wy)/2) >. Figure 1 shows an example in the two-
dimensional case.

region Do of system environmental levels

Site 2
w2 // center point
/
/ (for the selected
X system

enviornmental

state)

Va2 —
\ \
Vi Wi Sitel

Figure 1: Selection of one representative system environ-
mental state

If two versions are allowed for the plan, we can do
the following. Let

K;
Ai(Do) = (Y |Hij(Do))/Ki; (1<i<N) (3)
j=1
where |H;;(X)| denotes the number of contention
states for query class G;; whose representing inter-
vals have a non-empty intersection with the interval
of region X in the i-th dimension. We call A;(Dy)
the average number of contention states related to Dy
in the i-th dimension (site). Clearly, A;(Dg) > 1is
always true. Let Ay (Do) = max{ A1(Dy), A2(Do),
..., Ax(Dg)}. Since Dy is related to more contention
states on average in the k-th dimension, we divide Dy
into two half regions by splitting it along the k-th di-
mension as: Doy = [V, Wi] x ... x [V, W] x ... X
[Va, Wyl and Dgo = [Vi, Wi] x ... x (V, W] X ... X
[V, Wx] where V| = W[ = (Vi + W;)/2. That
is, Dy is divided into two half regions along the di-
mension that has the maximum number of contention
states (on average for all query classes) related to
Dy. In this way, the maximum number of contention
states (on average) that are covered (represented) by
each sub-region (i.e., each chosen representative sys-
tem environmental state) in any dimension is expected
to be minimized. Hence the performance degradation
caused by invoking a representative query plan ver-
sion in a system environmental state other than the
representative state can be reduced. If there is a tie
for choosing such a dimension k, any of the tied di-
mensions can be used for splitting. The system envi-
ronment states corresponding to (i.e., containing) the
center points of Dy and Dy, are selected as the rep-
resentatives for generating two versions? for the query

3Note that it is possible that the plan versions for two

SYSTEM

execution plan. Figure 2 shows an example in the
two-dimensional case.

regions of system environmental level

Site 2
W o —
m center points
(for the selected
/\/\/\/\/\/\/\/W
system
/\/\/\/\/\/\X\/\/\/\/\/\/\ .
enviornmental
states)
Vo
\ \ \
Vi W=V’ Wi Sitel

Figure 2: Selection of two system environmental states

In general, for any given number m, we can recur-
sively apply this procedure to split a region into two
until m representative system environmental states
for generating m plan versions are selected. Note
that the center point for a selected representative sys-
tem environmental state is uniquely determined by
a given region. It is sufficient to determine m re-
gions in order to select m representative system en-
vironmental states. A general region D is denoted by
(L1,U1] X (L2,Us] X ... X {Ly,Uy], where (’ can
be either closed ‘[’ or open ‘(’; L; and U; are the min-
imum and maximum contention levels at site (dimen-
sion) 4 for the region, respectively. (L;, U;] is called
the interval of D in the i-th dimension.

The following algorithm, for a given number m, se-
lects m regions from which the m representative sys-
tem environmental states are extracted from.

ALGORITHM 4.1
query plan versions
Input: (1) the number m of system environmen-
tal states to be selected for generating multiple ver-
sions of a query execution plan, (2) the region Dy =
[Vi,Wh] x [Va, Ms] X ... x [V, My] for the system
environmental level, and (3) the set H;; of contention
states, including their representing intervals, for ev-
ery query class G;; (1 < j < K;) at each site S;
(1<i<N).

Output: (1) a set of regions whose center points are
used to determine the system environmental states for
which query plan versions are to be generated, and
(2) a data structure Sitelnfo that keeps the infor-
mation about the current intervals for each dimension
and their associated regions to facilitate the search for

Selecting regions for generating

representative system environmental states are identical, de-
pending on the particular MDBS. Since this phenomenon
does not degrade the representativeness of the versions for
the regions, for simplicity, we consider plan versions as dif-
ferent instances regardless of their contents in this paper.
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a query plan version at run time.
Method:
1. begin
2. LetR:={Dg},
where Dy = [V1, Wi x[Va, Ma]X...x [Vy, My];
/* R keeps the current set of selected regions */
Initialize Siteln fo;
Letj :=1;
while j < m do
/* more regions to be selected */

6. Takeoneregionz € R; /* everyregionin R
has one average number of contention states
related to each dimension at this point */

7. Let k be a dimension such that Ay (z) = max{

Ai(x), Aa(z), ..., Ay (x)} where
Ag(a) = (S35 [Hij (@) /K
/* if there is a tie, choose any one of them */

Leta := Ag(z);

if @ = 1 then break; /* no need to further

split the region */

10. while there exists a region:

D = <L1,U1] X <L2,U2] X
in R such that A;(D) = a do

11.  LetLj :=Uj = (Ly + U)/2;

12. Let D1 = <L1,U1] X <L2,U2] X ...

X (L, Up) % ... x (Ly,Ux];

13. Let D2 = <L1,U1] X <L2,U2] X ...

X (L}, Ug) X ... x (Ly,Ux]s

14. Replace D in R by D; and D»;

15, j=j+1;

16. Update Sitelnfo;

17. if j = m then break;

18. end while;

19. end while;

20. return R and Sitelnfo,

21. end.

Algorithm 4.1 repeatedly splits a region along the
dimension with the largest average number of con-
tention states related to the region until the desired
number of regions are obtained or every dimension
has only one contention state related to the region.
Thus the number of loops to be done is O(m). Usu-
ally, m is much less than the total number of possible
system environmental states.

Ifaregion D = (L1, Uy X{La, Us]X...x{Ly, Ux]
is selected, its center point:

P = <(L1+U1)/2,(L2+Us)/2,
oo (L +Ux)/2> € D

is used to determine a representative system environ-
mental state:

s() = <FV((Li+U1)/2), 8 ((La + U2)/2),
s 8 (Ly +Uy)/2) > .
A version of the query execution plan is generated

for each of such representative system environmental
states for the selected regions.

kW

o ®

e X (L, Uy]
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To facilitate the search for an appropriate version
of the query execution plan at run time, Algorithm
4.1 also maintains a data structure Siteln fo, which
contains a substructure for each site (dimension) (see
Table 1). The use of this data structure will be dis-

[ Site | TInterval [ Regions containing interval |
interval 1 regions containing interval 1
Site 1 interval 2 regions containing interval 2
interval 1 regions containing interval 1
Site 2 interval 2 regions containing interval 2
interval 1 regions containing interval 1
Site N interval 2 regions containing interval 2

Table 1: Siteln fo data structure

cussed in the next subsection.

Example 4.1 Suppose we have 3 participating sites
(dimensions) z, y, z for a given query. The en-
tire region of contention levels is Dy = [0,40] x
[0,50] x [0,60]. Each site has two query classes,
whose contention states and their representing inter-
vals are shown in Table 2. Using Algorithm 4.1, Fig-
ure 3 shows the regions selected when 5 versions are
to be generated for a query execution plan. In the first
iteration, region Dy is split into two regions D, and
D, along the y dimension (since it has the largest av-
erage number of contention sates related to Dy). In
the next iteration, region D, is split into two regions
D3 and D4 along z dimension and similarly region
D, is split into two regions D5 and Dg. In the final
iteration, region D3 is split along the = dimension to
get regions D7 and Dg. The final selected regions are
Dy, D5, Dg, D7 and Dg (i.e., the leave nodes of the
tree in Figure 3). The center points of the selected
regions are: p; =<20, 12.5, 45>, p5 =<20, 37.5,
15>, pg =<20, 37.5,45>, pr =<10, 12.5, 15>, and
ps =<30, 12.5, 15>. Then the selected representa-
tive system environmental states are:

<< sgﬂ)

< sgyl)’ Sé@/?)

<< sgﬂ)

< sgyl)’ Sng)

5(54) = ;Sgﬂ) >7

>, < s s s>
L5572 >,
>, < s s s

<< s D s

(yl)’ Sng)

< s >, < sV s S>>

<< s =) s

(1) ((¥2)

< sV s 5 < gl () s

<< s 1D s

< 5@ s > < s 5 s
A version of the query execution plan is then gen-

erated for each of the selected system environmental
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SYSTEM

States for query class 1

States for query class 2

siez | sV =1[0,15], %0 = (15,25, s*1 = (25, 40] s = 10,10], 582 = (10,20], s = (20, 30], s$* = (30, 40]

siey | o0 =[0,8],s5D) = (8,251, s = (25, 40], s = (40,50] | s{¥P =10, 10],s¥P = (10, 20], 5P = (20, 30], s> = (30, 40],
s = (40, 50]

sicz | s0D = [0,20], s$71 = (20, 40, s = (40, 60] 502 — 10,121, 57D = (12, 241, 552 = (24, 36], 5572 = (36, 48],
{=2) _
502 = (48, 60]

Table 2: Contention states at local sites

DO = [0,40]x[0,50]x[0,60]

ADI): 35

2.5

AD2): 35 25

AMD3): 35 25 25

_ D3 =[0401x[0.251x[0.30]_
25

}»A(D-’l): 35

D4 = [0,40]x[0,25]x(30,60]

2.5

ADS): 3.5 25 25 ADG6): 3.5 25

F}é = 1040125 501x(0.30]

}»DG =[0,40]x(25,50]x(30,60]

ADT7): 2 25 25 A(DS): 2 2.5

Figure 3: Selection of one system environmental state

states. Data structure Siteln fo for Sites z, y and z is
shown in Table 3.

[ Site ] Interval | Regions containing interval |
[0,20] D+
Site = (20.40] Dg
10,40 D4, D5, De
Site y [0,25 D4, D7, Dg
(25,501 D5, Dg
Site z 10,301 Ds, D7, Dg
(30,60] Dy, Dg
Table 3: An Example of SiteIn fo

Note that if the assumption that every system en-
vironmental level has an equal chance to occur is not
true, the actual distribution of system environmental
level can be analyzed. Based on the analysis, more
regions could be selected for the space area in which
a system environmental level has a higher chance to
occur. Due to the length limitation of the paper, the
details of such a distribution-dependent partition of
the space will be discussed in a separate paper.

4.2 Determining an Appropriate
Version at Run Time

When a user requests to execute a query at run time,
the best version of the relevant query execution plan
should be invoked. How to determine the best version
of the plan at run time is the issue to be discussed in
this subsection.

First of all, the (current) running contention level
at each participating local site can be gaged by the
(observed or estimated) cost of a small probing query
at run time as described in Section 2. Hence we
have the running system environmental (contention)
level. The corresponding running system environ-
mental state can also be determined.

If the system environmental state in which the
query is running is one of the selected representative
system environmental states for which the versions
of the query execution plan are generated, the cor-
responding version should be invoked. However, in
general, the running system environmental state may
not be one of the selected states since the number of
the latter is limited. In this case, the selected region
that contains the running system environmental level
needs to be identified. Since the set of selected re-
gions form a partition of initial region Dy, there ex-
ists only one selected region containing the running
system environmental level. The version of the ex-
ecution plan generated for the representative system
environmental state corresponding to the center point
of the region should be invoked for the given query.
Although this version was not generated exactly for
the running system environmental state, it can usu-
ally yield a fair performance, compared with the sin-
gle version (for a fixed static system environmental
state) provided by a traditional static optimization ap-
proach. The more versions the query execution plan
has, the better the query performance is expected.

Clearly, we need an efficient technique to search
for the region that contains the running system envi-
ronmental level. To do that, we make use of the data
structure SiteIn fo maintained by Algorithm 4.1. In
fact, SiteIn fo provides an index for relevant regions
along each participating site/dimension. Note that it
is possible that a running (local) contention level at
a participating local site belongs to two region inter-
vals. One is a sub-interval of the other (see intervals
[0,20] and [0,40] in Table 3). The cause for this phe-
nomenon is that the split of regions along one dimen-
sion may not be completely done before the sufficient
number of regions have been selected. However, there
is at most one such dimension along which intervals
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with different lengths may exist. Although the region
to which the running (global) system environmental
level belongs is unique, we may have to search two
lists for a desired region at one site/dimension.

The following algorithm makes use of SiteInfo
to efficiently search for the relevant region to which a
running system environmental level belongs and then
returns the version of the execution plan for a query
to be executed in the environment.

ALGORITHM 4.2 : Selecting a version of the execu-
tion plan for a given query at run time
Input: (1) the running (global) system environmen-
tal level ?Qp =< YQ;,YQg,...,YQg) at run time,
where Y(: is a running (local) contention level at site
1 (1 < i < N), (2) data structure Siteln fo main-
tained by Algorithm 4.1, and (3) the execution plan
with multiple versions, one for each selected region,
for a given query Q.
Output: The best version of the execution plan for
query () in the running system environmental state
corresponding to ?Qp .
Method:
1. begin
2. Find an interval I; along dimension (site) 1 that
contains local contention level YQ;;
3. Use Sitelnfoto get set R,,q¢cn Of regions
containing interval I;
4. if there exists another interval I] along
dimension 1 that contains YQ;

5. thenuse SiteInfoto getset R, ..
containing interval I ;
else let R 0;

match *=

6.
7. Let Ryep := Rymaten, U R!
8
9

, of regions

match ;
fori=2to N do
Find an interval I; along dimension i that
contains local contention level YQ; ;
10. Use SiteInfoto get set Ry,qtch of regions
containing interval I;;
11.  if there exists another interval I] along
dimension i that contains s;

12.  thenuse SiteInfoto getset R, . ., of
regions containing interval I};

13. elseletR! ... :=0; /

14.  Let Ruaten := Rmaten U Rmatch )

15.  Let Rse; := Rset N Rinaten

16. end for

17. Find the center point j of the final selected
region in Rge;;

18. Find the representative system environmental
state s(p) for p;

19. return the plan version generated for s(5);

20. end.

Algorithm 4.2 essentially utilizes indexes to locate the
relevant regions without exhaustively checking all re-
gions, when searching for a representative region for

152

a given running system environmental level.

Example 4.2 Let us consider the query execution
plan with 5 versions generated in Example 4.1. Let
the running system environmental level at which the
query is executed at run time be <25, 45, 50>, that
is, the probing query costs at sites z, y and z are 25
sec., 45 sec. and 50 sec., respectively. Now, we need
to find a selected region that contains point <25, 45,
50>. Applying Algorithm 4.2, we first use SiteInfo
to find the interval(s) that contains 25 along dimen-
sion z. Once such intervals (20,40] and [0,40] are
found, the regions associated with the intervals are
saved in Rse, namely, Ry = {D4, D5, Dg, Ds}.
We then use Sitelnfo to find the interval contain-
ing 45 along dimension y. Once such an interval [25,
50] is found, the regions associated with the interval
is saved in Rpatch, namely, Ryatcn = {Ds, Dg}.
Then Rsep = Rser N Ryaten = {D51D6}~ We fi-
nally use SitelIn fo to find the interval containing 50
along dimension z. Once such an interval (30, 60] is
found, the regions associated with the interval is saved
in Ryyatch, namely, Ryqtcn, = {D4, Dg}. Calculat-
il‘lg Rser = Rser N Ryaten, We get Rsep = {D6}
Hence the desired region is Dg. The center point for
Dg is pg =<20, 37.5, 45>. Its corresponding rep-
resentative system environmental state is s(pg) =<<

s, 57 > < s s > < sGY s s>

Therefore, the version generated for s(jj) is selected
for executing the query.

5 EXPERIMENTS

To verify the effectiveness of our technique, we
conducted some simulation experiments. In the ex-
periments, global queries with 4 participating local
database systems (sites) in an MDBS were consid-
ered. Two sites (Sites a and b) run Oracle 8.0 and the
other two sites (Sites ¢ and d) run DB2 5.0. Each site
uses a SUN UltraSparc 2 workstation running Solaris
5.1.

An experimental database was created at each lo-
cal site, with the same set of tables as those used
in previous work (Zhu, 2000). More specifically,
each local database has 12 tables R;(aq,as, ..., a;)
(¢ =1,2,..,12;j € {3,5,7,9,11,13}) with cardi-
nalities ranging from 3,000 ~ 250,000. The data in
the tables is randomly generated. Each table has a
number of indexed columns and various selectivities
for different columns.

Two query classes were considered at each local
site: one for unary queries and the other for join
queries. A multistate cost model was developed for
each query class by applying the qualitative approach
described in Section 2 based on the observed costs of
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sample queries run on the local database systems. Us-
ing the multistate cost models, we can estimate the
cost of a (component) query run in any contention
state at a local site. Since we focus on studying the
effect of dynamic factors at autonomous local sites
on query processing, we assume that the communica-
tion costs are negligible by using a high-performance
local area network. For our simulation experiments,
the costs of component queries obtained from decom-
posing a global test query are simulated by using the
corresponding cost estimates given by the multistate
cost models with a random error within 30%. From
our previous empirical studies (Zhu, 2000), this sim-
ulation is reasonable.

The global queries tested in our experiments are of
the following form:

(Toa (0pa (BY))) #ov (x_, (0., (R")))

X X
rbe (7, (0 (RY)) ret (7, (0,,(RY)) @)

a

where R® is a table at local site x, a® is a list of
columns in R”, F'* is a qualification condition on R”,
F*Y is a qualification condition on R* and RY, and
z,y € {a,b,c,d}.

There are a number of strategies to perform such
a query. Figure 4 shows two of them. Given a sys-
tem environmental level, we can determine the corre-
sponding system environmental state. We can then
use the cost estimates given by the multistate cost
models in the system environmental state to deter-
mine a best execution strategy from many alterna-
tives. Each chosen execution strategy for a given rep-
resentative system environmental state yields a ver-
sion in the corresponding query execution plan. If
several representative system environmental states are
considered, we have a query execution plan with mul-
tiple versions. At run time, the best version is chosen
to run by the technique discussed in Section 4.2, based
on the given running system environmental level.

Figure 5 shows the comparison of costs for a set of
random global queries of form (4) run in system en-
vironmental states determined by some random sys-
tem environmental levels. The following costs for
each query were compared: (i) the cost following
the best version of the execution plan with (a ran-
dom number between 2 and 8) multiple versions gen-
erated by the technique discussed in Section 4.1; (ii)
the cost following the execution plan chosen by the
static cost models (i.e., the ones assuming a static en-
vironment without considering dynamic factors); and
(iii) the cost following the optimal execution plan for
the running system environmental state determined
by a given system environmental level. The figure
shows that the execution plans with multiple versions
are more efficient than the static execution plans. The
performance of the execution plans with multiple ver-
sions well approximates the performance of optimal

SYSTEM
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Figure 5: Costs of query execution plans

execution plans for the queries in the running system
environmental states.

Figure 6 shows that the performance of a query ex-
ecution plan with multiple versions is usually getting

=)
=3

T T
—— cost errors for query 1
—O- cost errors for query 2
* - cost errors for query 3
—O— cost errors for query 4
A cost errors for query 5

N
S
T

Relative errors of costs between multiple-version and optimal plans (%)

I I I I I I
0 2 4 6 8 10 12
Number of plan versions

Figure 6: Performance improvement as number of versions
increases

better and better as the number of versions allowed
in the plan increases. In the experiment, we consid-
ered a number of global queries run in the system en-
vironmental states determined by some random run-
ning system environmental levels. As we increase the
number of versions allowed in the execution plan for a
query, the performance is usually getting better since
a better version could be chosen to run the query. It
is observed that the performance of the optimal plans
for most queries in the experiment can be achieved
without having to use a large number of versions. Be-
sides, although in some cases the query performance
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transfer

Query Execution Plan 1

Query Execution Plan 2

Figure 4: Examples of execution plan versions

may stay the same or even temporarily degrade, it al-
ways improves eventually as the number of versions
in the plan increases. The figure demonstrates some
typical types of query performance behavior in the ex-
periment.

Figure 7 shows the results of another experiment,
in which we assumed that only one version (i.e., the
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Figure 7: Effect of level distance on performance

one corresponding to the center point of the initial re-
gion) was allowed for the execution plan of a given
query. We considered a number of running system
environmental levels with various distances from the
center point along different directions. The figure
shows that the closer the running level is to the rep-
resentative level (i.e., the center point), the closer the
performance of the selected representative version is
to the performance of the optimal plan. Therefore,
when the representative regions are getting smaller
and smaller (i.e., the maximum distance between the
center and any point in the region is smaller), the bet-
ter and better performance is expected for the execu-
tion plan with multiple versions.

Our experimental results demonstrate that the tech-
nique proposed in this paper is quite promising in per-
forming global query optimization for a dynamic mul-
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tidatabase environment.

6 CONCLUSIONS

The techniques proposed so far in the literature for
global query optimization in multidatabase systems
can be classified into static ones and dynamic ones.
A static technique optimizes a query at compile time
and does not consider the dynamically-changing en-
vironmental factors that may have a significant effect
on the query cost at run time. Hence, the query ex-
ecution plan generated with such a technique is of-
ten sub-optimal in a dynamic environment. How-
ever, the amount of work performed at run time for
optimization in this case is negligible if not nothing
as all the work for generating plans is done at com-
pile time. A dynamic optimization technique on the
other hand takes into consideration the dynamically-
changing environmental factors and modifies or re-
generates query execution plans at run time. Hence,
the modified/re-generated plans are usually more ef-
ficient than the ones produced at compile time. How-
ever, the amount of work performed for such opti-
mization is significant at run time, which directly af-
fects the query response time and thus greatly reduces
the benefits of an improved query execution plan.

The query optimization technique proposed in
this paper overcomes the problems with the above
two types of techniques. It takes into account
the dynamically-changing environmental factors by
adopting so-called multistate cost models for dynamic
local sites. A multistate cost model can give a good
cost estimate of a query run in any contention state
at a dynamic local site. Based on the cost estimates,
the technique generates an execution plan with mul-
tiple versions at compile time, one for each selected
representative system environmental state. The algo-
rithms to select a set of good representative system
environmental states at compile time and to determine
the best query execution plan version at run time are
presented. Our experiments demonstrate that the pro-
posed optimization technique is quite promising in
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optimizing global queries in a dynamic multidatabase
environment. However, our work is just the beginning
of further research that needs to be done in the future
in order to completely solve all relevant issues.
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