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Abstract

Data-intensive systems routinely use derived data,

such as indexes or materialized views, to improve

query-evaluation performance. Designing material-

ized views and indexes is an important part of a

new trend of automated query-performance tuning in

data-management systems that experience changes over

time, where a system addresses the performance re-

quirements of current frequent and important queries

by periodically reconsidering and rematerializing the

stored derived data. In this paper we focus on the accu-

racy of estimating the sizes of views that are considered

for materialization. We analyze and experimentally

evaluate several size-estimation techniques and suggest

guidelines for using the techniques depending on sys-

tem parameters. We describe experimental results ob-

tained in our prototype self-organizing database system

QPET. Our guidelines are also applicable to estimating

the sizes of intermediate results in query optimization.

1. Introduction

Derived data, such as indexes or materialized views,
are routinely used in data-intensive systems to im-
prove query-evaluation performance. In this context,
the problem of designing derived data can be stated
as follows: Given a database, a set of queries on the
data stored in the database, and a set of constraints
on derived data (e.g., a limit on the amount of storage
available on disk), return definitions of derived data
that, when precomputed and stored (i.e., materialized)
in the database, would satisfy the constraints and re-
duce the evaluation costs of the queries. Automated
design of materialized views and indexes to answer
queries is an important component of a new trend of

automated query-performance tuning, where a system
addresses the performance requirements of current im-
portant queries by periodically redesigning the stored
derived data. For this reason, developing techniques
for designing derived data to improve query-answering
performance is a recognized research direction in self-
administering data-intensive systems [1, 10, 24].

We are developing and maintaining a proto-
type of an extensible self-organizing relational data-
management system for Query-Performance Enhance-
ment by Tuning (QPET) [5]. QPET monitors incoming
user queries to determine the current workload of fre-
quent and important queries, and periodically invokes
its view- and index-design component to respond to
the changes in the prevalent query workload. We con-
centrate on solutions for data warehouses; see, e.g., a
report of our work in [3]. In the process of designing
useful materialized views for a given workload of fre-
quent and important queries, see Figure 1, QPET first
generates definitions of candidate views; all view def-
initions are expressed as queries on the stored data.
It then determines whether the candidate-view defini-
tions are competitive, that is, whether the answers to
those view definitions could contribute significantly to
improving the performance of the workload queries. If
the answer is yes, then the answers to the competitive
views should be precomputed and stored (that is, mate-
rialized) in the database. Those materialized views can
then be used, possibly in combination with the original
stored data, to answer in real time user queries posed
on the database.

Determining in QPET whether candidate views are
competitive and thus should be materialized for the
given query workload is the task of an extended query
optimizer based on [4]. The decisions of the optimizer
are based on estimates of the sizes of the materialized



answers to the candidate-view definitions. (In most
databases, the typically large volume of stored data
would render prohibitive the time costs of obtaining
the exact sizes of the materialized views by comput-
ing the answers to the definitions of candidate views.)
Using view-size estimates gives the optimizer a way to
efficiently estimate the costs of answering the workload
queries using the candidate views, as well as the I/O
costs and the amount of disk space required to store
the materialized answers to the views. The optimizer
can obtain the estimates using query-size-estimation
techniques, which are traditionally used in query opti-
mization [12] to give the costs of intermediate results.
(We can apply these techniques to view definitions be-
cause views are defined using queries.)
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Figure 1. Designing derived data in QPET.

To give reliable feedback to the view-design module,
the optimizer in QPET should apply accurate query-
size estimation techniques to estimate the sizes of ma-
terialized views. At the same time, it is well known [13]
that the effect of even small errors can in some circum-
stances render most estimation schemes no better than
random guesses. In this paper we build on previously
published results to provide more insight about when
each of the known techniques may be most useful in
automating the design of materialized views. We fo-
cus on experimentally evaluating existing methods for
estimating sizes of the materialized answers to given
view definitions. Our goal is to develop guidelines for
preferring some of those methods to others depend-
ing on system parameters, and to use the guidelines in
our QPET prototype for automated query-performance
tuning, to improve the optimizer recommendations to
the view-design module. In our experiments we con-
sider select-project-join queries with equality and range
(i.e., inequality) selection conditions, on both numeric
and string data. The results we report in this paper
are as follows.

Our contributions. Based on our analysis of
query-size estimation methods reported in the litera-
ture, we have selected for implementation those meth-
ods which have shown the most promise for size estima-

tion of views considered for materialization. We have
experimentally evaluated the implemented methods us-
ing the TPC-H benchmark data [26] and a variety of
TPC-H-style queries. Based on the experimental re-
sults, we report our recommendations on the most ac-
curate methods, depending on the values of parameters
we have determined for query definitions. Our recom-
mendations can be used for view-size estimation in var-
ious view-design frameworks in relational databases, as
well as for estimating the sizes of intermediate results
in query optimization. Due to space constraints, we
give here an extended summary of our results; please
see the extended version [15] for the details.

In this paper, we explore just one consideration in
automated query-performance tuning — whether to
materialize a view. Other factors include the frequency
of queries that could use the view, the cost of maintain-
ing the view in the face of data updates, and the query
optimizer’s ability to estimate the view’s usefulness. In
our QPET project, we work on providing a complete
answer to the question of automating materialized view
design, by evaluating these other factors; see [3, 5].

1.1. Related Work

A number of studies of query- or view-size estima-
tion methods in database-management systems have
been reported in the literature. The methods in the
studies can be classified into three categories: para-
metric [6, 19, 23, 25], histogram based [11, 14, 16, 21],
and sampling based [7, 8, 9, 17, 18, 27]. We describe
each category in the extended version of the paper [15].

2. Method Analysis and Implementation

After analyzing the advantages and disadvantages
of the methods described in the literature, we have se-
lected for implementation several promising methods
for view-size estimation that satisfy the following crite-
ria: (1) the method has high accuracy; (2) the method
can work without using underlying data-distribution
assumptions; (3) the method is straightforward to im-
plement1; finally, (4) the method can be used to han-
dle a broad spectrum of data types. We have imple-
mented simple random sampling [18, 7], maxdiff his-
tograms [22], and systematic sampling [20]; please see
the extended version of the paper [15] for the details.

3. Experimental Setup

We have implemented the algorithms described in
Section 2 in our QPET prototype [5]; the prototype is

1Our goal is to build an extensible system where view-size
estimators can be easily added as needed.



based on the code of an open-source relational data-
management system PostgreSQL version 7.3.4 [2]. We
performed the experiments on a single-processor 2.8
GHz Pentium-IV machine with 512MB memory and
80GB hard space running RedHat 9 Linux. We used
the TPC-H [26] database of total size 2.89GB (scale
factor 1); please see Appendix A in [15] for the relation
layout in the database. The query workload for the
experiments is loosely based on TPC-H queries; please
see Appendix B in [15] for a full description of the
queries we used in the experiments. We have conducted
experiments with queries defined using the following
parameters. (In the experiments, we used at least 30
queries for each parameter distribution.)

• Relation sizes: We divided stored TPC-H data
into relations of small (1 to 10, 000 tuples),
medium (10, 000 to 800, 000 tuples), and large
(over 800, 000 tuples) size. In the experiments,
we used queries defined on relations of either
uniform or mixed sizes. Queries on relations
of small size were defined using TPC-H rela-
tions region, nation, and supplier; relations
customer, part, and partsupp were used to de-
fine queries on relations of medium size; finally, we
used orders and lineitem for queries on large-
size relations. The small/medium mix used re-
lations region, nation, supplier, customer,

part, and partsupp, and so on.

• Data distribution : We conducted the experiments
using several degrees of skew for the attributes, in
the range between the low value of 0 and the high
value of 6. We used the following formula for skew:

n

(n − 1)(n − 2)

∑
(
xi − x̄

s
)3,

here n is relation size, xi is attribute value in tuple
i, x̄ is the average value, and s is standard devia-
tion. We consider the following ranges of degrees
of skew: 0 (which corresponds to the uniform dis-
tribution of data), (0 − 1], (1 − 2], and (2 − 6].
In case of uniform distribution (i.e., in case of de-
gree of skew 0), we ran separate experiments on
non-key and key attributes.

• Selectivities : We conducted the experiments us-
ing two different types of selectivities. If the (join
or selection) selectivity in a query is within the
interval [0, 0.2], we say that the query has low
selectivity; queries with selectivity within [0.8, 1]
are high-selectivity queries. (By design of TPC-H,
join selectivities on TPC-H relations do not exceed
1.) In the experiments, we ignored selectivities be-
tween 0.2 and 0.8, because the probabilities of the

tuples to be selected are almost the same in those
cases.

• Query conditions: In the experiments, we used
select-project-join queries with equality and range
(i.e., inequality) selection and join conditions.

• Sample sizes: In our experiments, we investigated
the accuracy of query-size estimates using various
sample fractions. We use 5%, 10% and 15% sample
fractions, which are the number of tuples sampled
relative to the size of the relation to be sampled.

• Elapsed time: We show elapsed time on relations
of varying sizes using various sampling fractions.
To estimate the time elapsed for a range of con-
ditions on the relations, we used the 10% sam-
pling fraction on all TPC-H stored tables. (Be-
cause the stopping conditions for simple random
sampling do not depend on relation sizes, the time
elapsed in this case does not depend on relation
size either. Thus, this approach is ignored for
that method. Moreover, we do not use relations
nation or region in the approach, as their size is
too small.)

• Mean relative error: All the experimental results
are presented in terms of the mean relative error,
which is defined as

S∑

i=1

100 ∗ abs(µ̂iN−µN)
µN

S
;

here, S is the number of samplings, µ is the actual
selectivity, µ̂ is the estimated selectivity which re-
sults from the ith sampling, µ̂iN is the query-size
estimate with the ith sampling, and µN is the ac-
tual size of the query answer. The range of ac-
ceptable values of the relative error is application
dependent or is determined by user requirements.

4. Summary of the Experimental Results

In our experiments, we analyzed the accuracy of
query-size estimation for select-project-join queries us-
ing simple random sampling, maxdiff histograms, and
systematic sampling. We measured the accuracy based
on the difference between the actual sizes of the query
answers on the TPC-H database and the size estimates
returned by each method. The goal of the experiments
was to determine query parameters whose values would
influence the accuracy of the methods, and to use the
parameters to formulate guidelines in various query en-
vironments; see Section 3. For a detailed discussion of
our experimental results, please see [15]. For instance,



Figure 2 shows the average relative error between ac-
tual query sizes and the outputs of each method, de-
pending on the sizes of relations used in the query def-
initions, and Figure 3 shows the impact of sampling
fractions on accuracy. In addition to doing experi-
ments which measured the accuracy of each method
based on the values of each parameter, we estimated
the runtime of each method with respect to relation
and sample sizes.
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Figure 2. Impact of relation sizes

Overall, systematic sampling is the best method in
almost all cases if the stored data are sorted and the
runtime of the method is ignored. Maxdiff histograms
are a preferred method when relation sizes are small
and the degree of frequency skew is between 1 and
2. Finally, simple random sampling is preferred when
query selectivities are within the range of 0.8 to 1.
When the stored data are not sorted, systematic sam-
pling is not a preferred method because to sort a rela-
tion, it scans the entire relation. (In this case, it does
not make sense to sample further, because all values
in the relation have already been touched by the sort-
ing procedure.) Moreover, systematic sampling is not
preferred if elapsed time is a consideration, because it
may take too long to find specific tuple positions.

5. Conclusions and Future Work

Deciding whether a materialized view can improve
the efficiency of evaluating a query is based on the num-
ber of tuples in the materialized view — in particular,
if the relation for a materialized view is too large then
using the view in query execution could be more expen-
sive than other available strategies for the same query.
Given a view definition, one can compute exactly the
size of the materialized view by precomputing and stor-
ing in the database the answer to the definition; at the
same time, using this strategy can be prohibitive in
terms of the time and system resources consumed in
the precomputation of large view relations. Our QPET
system architecture for automated query-performance
tuning uses view definitions and feedback from an ex-

tended query optimizer to determine whether a view
is competitive in answering the given frequent and im-
portant queries and thus should be materialized; the
optimizer bases its feedback on an estimate of the size
of each materialized view based on the view definition.

In this paper we studied three approaches for es-
timating the sizes of materialized views based on the
view definitions; the approaches are based on methods
for estimating query-result sizes. We have explored the
accuracy of view-size estimates given by the promis-
ing methods of simple random sampling, maxdiff his-
tograms, and systematic sampling. We did an imple-
mentation and an experimental evaluation of the ac-
curacy of the methods in several environments; in the
experimental setup, we defined several parameters in
query definitions and studied how the values of each pa-
rameter affect each view-size estimation method. The
experimental results can be used as guidelines to choose
the best method under various scenarios when estimat-
ing the sizes of materialized views in automated query-
performance tuning.
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Figure 3. Sampling fractions and accuracy

Our experimental results show that systematic sam-
pling is the most accurate and stable method for our
purposes. However, when we consider the runtimes of
the methods (in particular, sorting in case of system-
atic sampling), it may take systematic sampling too
long to choose specific tuple positions, depending on
the relation and sample sizes. We can summarize the
recommended methods in each category when sorting
procedure and taken time are ignored as follows:

• Size : We can recommend maxdiff histograms with
sampling if relation sizes do not exceed 10, 000 tu-
ples. Otherwise, systematic sampling is preferred
with approximately 10% average relative error.

• Degree of skew: Overall, we can choose any of the
three methods in the nonskew case (for primary
keys) or if the degree of skew is high. In the other
cases, maxdiff histograms and systematic sampling
are recommended.



• Selectivity: We recommend systematic sampling
if query selectivities are between 0 and 0.2, and
recommend simple random sampling if selectivities
are within the range 0.8 to 1.

• Query conditions: We recommend systematic
sampling for all types of query conditions. In par-
ticular, each of the three methods works well for
range queries.

• Sampling fraction: We recommend systematic
sampling in all 5, 10 and 15% of sampling frac-
tions. For maxdiff histograms, we show that se-
lecting an appropriate sampling fraction may be
necessary, as the accuracy of the result is not di-
rectly proportional to sample sizes.

We now discuss some directions of our ongoing and
of possible future work. We plan to extend our exper-
iments to more parameters and other datasets. Fur-
ther, more work is needed on examining the tradeoffs
between accuracy and resource consumption in view-
size estimators. In particular, relatively more expen-
sive methods may be still acceptable when views are
materialized offline for queries that are expected to re-
main frequent and important in the system for a long
time (e.g., weeks or months). Finally, different meth-
ods seem to be needed for complex queries whose defi-
nitions use numerous join and selection conditions. In
this case, the methods we have explored so far are ex-
pected to become less accurate as the error accumulates
from the leaves to the root of the query plan. The an-
swer in this case could be to evaluate the query on the
results of sampling the original stored data. Studying
algorithms for accurate sampling of stored data for this
purposes is a topic of our future work.
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