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ABSTRACT completely precise and accurate, rather than the coarse estimates

that they actually are. Not surprisingly, query optimization has ac-

Research on query optimization has focused almost exclusivel . . ) . -
quety op y quired the dubious repuatation of being something of a black art.

on reducing query execution time, while important qualities such In thi p | ) h .
as consistency and predictability have largely been ignored, even !N this paper, we argue for an alternative approach to query opti-

though most database users consider these qualities to be at Ieaép!zat'on' Unlike the standard approach, which ignores the uncer-
as important as raw performance. In this paper, we explore how tainty about the values of important cost parameters, our approach

the query optimization process can be made more robust focus-uses probabilistic reasoning to acknowledge uncertainties in the
ing on the important subproblem of cardinality estimation. The query plannlng process in a pr!nC|pIed manner. Consequently, our
robust cardinality estimation technique that we propose allows for 2PProach is capable of producing query plans that are more robust

a user- or application-specified trade-off between performance angl0 estimation errors and changes in the runtime environment.

predictability, and it captures multi-dimensional correlations while _ OUr particular focus is on the cardinality estimation phase of
remaining space- and time-efficient query optimization. We propose a cardinality estimation procedure,

based on Bayesian inference from precomputed random samples,
that avoids the problematic attribute value independence assump-
1. INTRODUCTION tion. Recognizing that the goals of predictability and performance

From a system management point of view, tomsistencyand may sometimes be at odds, our procedure selects the appropriate
predictabilityof a database management system are very important. trade-off between the two goals based on user or application pref-
This is particularly true since the DBMS is typically just one com- erences, expressed at a system-wide and/or query-specific level.
ponent of a larger system involving many application programs. Our procedure is compatible with the architecture of existing query
Tuning and testing of the system as a whole is greatly simplified optimizers, allowing it to be easily integrated into a commercial
when its components behave predictably. Despite the importancedatabase management system.
of consistency and predictability, these qualities have received rel-
atively little attention from database researchers and implementors,2. CARDINALITY ESTIMATION
as compared to raw performance considerations. One goal of this  Cardinality estimation is a central subproblem in query optimiza-
paper is to argue that the oft-overlooked qualities that lead to main- tion. The time that a particular query plan takes to execute is cru-
tainable systems should be formulated as important objectives for cially dependent on the sizes of the relations accessed in the query,
database systems. Our results develop this principle in the contexthoth the base relations stored on disk and the temporary relations
of query planning: we illustrate how broader, system-level consid- produced at intermediate stages in the query plan. Of course, the
erations such as predictability can be incorporated into the query sjzes of relations produced as intermediate results in a query plan
optimization process to produce a more robust query optimizer.  can not generally be computed exactly without first executing the

The task of the query optimizer is to select a low-cost query query plan, so in order to produce an estimate for the cost of a
plan, but only incomplete and imprecise information about query query plan, the query optimizer needs to rely on quickly-computed
plan costs is available to the optimizer at query compilation time. estimates of the sizes of intermediate relations. The problem of
The standard approach to query optimization is as follows: first, producing accurate size estimates for intermediate results is known
generate rough guesses as to the values of the relevant cost modejs the cardinality estimation problem.
parameters, using rules of thumb or extrapolating from any avail-  Typically, the sizes of base relations are known; the challenging
able statistics. Next, using the rough guesses as inputs, invoke apart of cardinality estimation involves estimating the selectivities
search algorithm to find the least costly plan. The search phaseof the various selection conditions and join predicates in a query.
typically treats the estimated parameter values as though they wereror this reason, we will use the terms “cardinality estimation” and
“selectivity estimation” mostly interchangeably

Cardinality estimation is a well-studied problem with a rich lit-
erature. Early work on cardinality estimation is surveyed in [23],
Permission to make digital or hard copies of all or part of th@kwfor while [16] surveys more recent approaches. Various estimation
personal or classroom use is granted without fee providatdbpies are  tachniques have been proposed, including histograms (e.g. [16, 18,
not made or distributed for profit or commercial advantage, batldopies 28]), sometimes compressed using discrete wavelet [24], fourier

bear this notice and the full citation on the first page. Toyoatherwise, to . . . .
republish, to post on servers or to redistribute to listguies prior specific [29], or cosine [20] transformations; sampling (e.g. [14, 15, 22,

permission and/or a fee. 1 S N . .
SIGMOD 2005June 14-16, 2005, Baltimore, Maryland, USA. Some cases where cardinality estimation requires more than just
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31]); and parametric methods (e.g. [5]). ments of the database application; different scenarios call for differ-
Theattribute value independen¢@VI) assumption is a heuris-  ent “standards of proof” for selecting a risky query plan. In some
tic used by practically all database systems to simplify the cardi- cases, the riskier plan might be preferrable whenever the evidence
nality estimation problem. Under the AVI assumption, predicates indicates that it would be more likely than not to be the fastest al-
on different attributes are assumed to be independent of each otherternative, while in other situations, the stable plan might be the
The AVI assumption makes it easy to estimate the selectivity of a preferred choice unless the risky plan could be shown “beyond a
conjunction of predicates on multiple attributes: simply take the reasonable doubt” to be faster. In short, there is a tradeoff between
product of the marginal selectivities of the individual predicates, predictability and expected performance, and the optimal point in

eg.Pr(A=aANB=0b)=Pr(A=a) Pr(B=0). the tradeoff space will vary from one application to another.

There is no real practical justification for the AVl assumption— For example, a user who is issuing a series of ad hoc, exploratory
it is basically an ad hoc measure that is used because it simplifiesdata analysis queries is likely to prefer that queries be answered
the cardinality estimation process considerably, rather than becauses quickly as possible, while being willing to wait if a few of the
it accurately models real data. In fact, the AVl assumption is fre- queries turn out to run slowly. On the other hand, for an applica-
quently violated in practice, and faulty application of the AVl as- tion that involves a series of short end user interactions repeated
sumption is arguably the single biggest source of significant query over time, consistent query execution times may be of paramount
optimizer errors [2, 11, 17, 27]. For a broad class of queries, the importance. Users develop expectations about application respon-
one-dimensional histograms used by most modern database syssiveness through repeated interactions, and if those expectations are
tems are insufficient to adequately capture the necessary informa-violated, the users are likely to become dissatisfied. A query that
tion about data distributions that would allow the query optimizer occasionally takes significantly longer than usual can lead to the
to choose satisfactory plans. perception of performance problems, even if the execution time is

Because the shortcomings of the AVI assumption are widely rec- low on average.
ognized, numerous techniques for modeling correlated multidimen-
sional distributions (e.g., multidimensional histograms [20, 24, 25, 2 2 Reasoning About Uncertainty
27] and graphical models [9, 12]) have been proposed in the re-
search literature. To the best of our knowledge, none of the above-
mentioned multidimensional summary techniques have yet been
adopted in commercial DMBSs, in part due to their complexity
and to the well-known “curse of dimensionality”: the number of
pairwise and higher-order interactions between attributes is much
higher than the number of attributes, so it is only feasible to main-
tain statistics about a small fraction of these interactions.

A consequence of the curse of dimensionality is that, even when
using multidimensional summary statistics, cardinality estimates
often exhibit a high degree of imprecision and uncertainty. Despite

this fact, most types of summary statistics conventionally used for papers have advocated selecting the query plan thaiehas ex-

cardinality estimation only provide a single-point estimate of car- pected cost Because query cost does not necessarily depend lin-

dinality without providing any information about the uncertainty - .
of the estimate. This is unfortunate, because knowledge about theearly on parameters such as selectivity, the plan with least expected

. o . - cost need not be the same as the least-cost plan for the expected
degree of uncertainty can be quite important in selecting the most - o S
- ; value of the parameter, which is what traditional query optimizers
appropriate query plan, as discussed next.

aim to produce. A major goal of the papers [6, 7, 10] is to lever-

. - age the additional information present in a probability distribution

2.1 The Performance/Predictability Tradeoff while keeping the basic structure of existing query optimizers.
Frequently, the query optimizer has a choice of multiple query  The query optimizer in a modern commercial database system is

plans which differ in the degree to which their execution time de- a sophisticated and extremely complex software artifact, the prod-

pends on query selectivity. An example is the choice of the accessuct of many person-years of labor. Because the development of an

From the optimizer’s point of view, the best case would be for
the selectivity estimation process to produce not a point estimate
of selectivity, but rather arobability distributionover possible se-
lectivities. Such a probability distribution fully quantifies the es-
timation uncertainty, allowing the optimizer to intelligently select
the appropriate query plan after taking into consideration the rel-
ative importance of predictability and performance for the current
application.

The observation that information is lost when the probability dis-
tribution for a parameter (i.e. selectivity) is collapsed to its expected
value has been made in previous papers [6, 7, 8, 10, 31]. These

method used to retrieve records from relatiBnthat satisfy the industrial-strength query optimizer is so expensive, query optimizer
predicate(A = a) A (B = b), whereA and B are two indexed modifications that can be easily incorporated into existing optimiz-
attributes ofR. An index intersectiomlan that identifies the qual-  ers are greatly preferrable to modifications that require wholesale

ifying records based on the indexes and then retrieves just thoserestructuring of the optimizer. Previous approaches that modeled
records will perform well if the number of records to be retrieved uncertain parameters using probability distributions treated the ex-
is low. However, since the index intersection plan requires one isting query optimizer as a black box that is invoked multiple times
random disk read per record, it fares poorly when the selectivity as a subroutine, using different parameter values on each invocation
is high. The cost of @equential scamplan, on the other hand, is  [7, 10]. Such an approach is faithful to the goal of minimizing dis-
essentially independent of the query selectivity. ruption, but it results in a blowup in optimization time by a factor
When the query selectivity is uncertain, the decision to select a equal to the number of subroutine invocations.
risky query plan (such as index intersection) that might turn out In this work, we adopt a different approach: after deriving a
to be either blazingly fast or agonizingly slow, versus a steady but probability distribution for selectivity, the next step in cardinality
mediocre alternative (such as sequential scan), should depend orestimation is to interpret the distribution in light of user prefer-
two factors: (1) What is the likelihood of a low selectivity vs. a ences about the predictability vs. performance tradeoff to produce
high selectivity, based on the best available evidence, and (2) Whata single-value cardinality estimate, suitable for consumption by an
is the risk tolerance of the current database application? existing query optimizer. Our solution (described in the next sec-
Whether a risky plan is sufficiently likely to be faster than a sta- tion) avoids the AVI assumption, does not suffer from the “curse of
bler plan to justify adopting the risky plan depends on the require- dimensionality” and has minimal impact on optimization time.
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Figure 1: Execution Costs for Two Hypothetical Plans Figure 2: Probability Density Function for Execution Cost
3. MAKING UNCERTAINTY EXPLICIT lans for queryR are shown in Figure 2. (Section 3.1.1 explains
p q g p

The preceding discussion motivates the desirability of quantify- Now Figure 2 is derived based on statistics collected by the query
ing estimation uncertainty and incorporating knowledge about this OPtimizer and knowledge of the execution cost functions for each
uncertainty in the query optimization process, but it leaves unan- duery plan.) As can be seen from Figure 2, the optimizer’s un-
swered two questions: how can knowledge of the probability dis- Certainty about the actual selectivity has a much more pronounced
tribution for selectivity be used to improve the query optimizer, impacton Plan 1's execution cost than on the cost of Plan 2. This
and how can such a probability distribution be estimated? These iS because the execution cost of Plan 1 is more dependent on query
questions are addressed in the next three subsections. Section 3.3électivity compared to the cost of Plan 2, as can be observed from
demonstrates that taking advantage of knowledge about uncertaintyFigure 1. Based on Figure 2, we can conclude that the cost of Plan
need not require fundamental changes to the architecture of theZ Will almost certainly be between 30 and 33, whereas the cost of
query optimizer. Section 3.2 discusses the advantages of using prePlan 1 might be as low as 20 or as high as 40.
computed uniform random samples as concise summaries of the Whether Plan 1 or Plan 2 would be a better choice in this scenario
data for the purposes of cardinality estimation. Finally, Section 3.3 depends on the relative importance that the database user or appli-
shows how a random sample of the data can be used to describe théation places omxpected costs. predictability of cost If mini-
selectivity of a query predicate as a probability distribution, rather Mizing expected cost is the overriding concern, then Plan 1 should
than merely providing a single-point estimate of the selectivity. be selected. However, for users that are more risk-averse, Plan 2

may be preferrable, since the slightly higher expected cost of Plan
. . L . 2 may be compensated for by its greater predictability, which re-
3.1 Incorporating the Probability Distribution duces the risk that the query will take much longer than expected to

We will illustrate our technique for deriving a single-value esti- execute. Essentially, the decision comes down to which part of the
mate from the distribution of possible selectivities using an exam- probability distribution is more important: should the focus be on
ple. Suppose the query optimizer is trying to decide between two the middle part of the distribution (i.e. the “typical” behavior), or
alternative query execution plans for some qu@ryThe two plans the right-hand tail of the distribution (i.e. the “realistic worst-case”
have different degrees of dependency on the (unknown) query se behavior)?
lectivity. This situation is depicted graphically in Figure 1, which ~ In our approach to cardinality estimation, the desired tradeoff
plots the execution cost of two hypothetical query plans, labeled between performance and predictability is expressed by means of
“Plan 1" and “Plan 2", as a function of the query selectivity. As an user- or application-specified parameter calledciidence
can be seen from the figure, Plan 1 is the lower-cost plan if the threshold The confidence threshold specifies what percentile value
query selectivity is less than 26%, whereas Plan 2 is preferrable if of the query execution cost probability distribution to look at when
the query selectivity is greater than 26%. Of course, the query op- Comparing alternative query plans, giving a way to condense the
timizer cannot know in advance what is the exact selectivity of a probability distribution to a single cost value. For example, when
given query, because it must rely on imprecise, quickly-computed using a confidence threshold 58%, query plans are ranked ac-
selectivity estimates. We refer to a selectivity value (such as 26% in cording to the median value of their cost distributions, meaning the
this example) where execution cost functions for two query plans estimated cost of Plan 1 would 138.2 and the estimated cost of
cross, causing the optimal query plan to change, amssover Plan 2 would be31.5. Using a confidence threshold 86%, on
point In general, a query can have many crossover points. the other hand, would result in cost estimates®b for Plan 1

Let us assume for a moment that the optimizer is able to de- and31.9 for Plan 2. This is because there is &% chance that
rive probability distributions for the execution cost of each query the cost of Plan 1 will b&3.5 or less, and there is &9% chance
plan for Q. The use of a distribution over possible cost values, thatthe cost of Plan 2 will bg1.9 or less. The name “confidence
rather than a single fixed cost, reflects the fact that the optimizer is threshold” reflects the fact that, when using a confidence threshold
uncertain about the query selectivity, an important cost estimation of 7%, cost estimates are assigned in such a way that the optimizer
parameter. The probability distribution for an uncertain quanfity  is T'% confident that the actual cost of using a particular query plan
can be represented by its probability density functf¢# ), which will not exceed the optimizer’s estimated cost for that plan. Increas-
has the property thatra < Y < b] = fb f(z)dz. The probabil- ing the conflden_ce threshold causes the query optimizer to adopt a
ity density functions for the execution costs of the two alternative MOre conservative strategy, while decreasing the threshold makes

121



100%
90% -
80% -
70% -
60% -
50% -
40% -
30% -
20%
10% A

0%

Cumulative Probability

Execution Cost

Figure 3: Cumulative Probability for Execution Cost

the optimizer behave more aggressively.

The confidence threshold can be alternatively (and equivalently)
described in terms of the cumulative distribution function (cdf) for
guery execution cost. (The cdf for a probability distribution with
density f(Y') is defined as:df(Y) = fOY f(2)dz.) If the confi-
dence threshold i§'%, then the single-value cost estimatéor a
given query plan ig = cdf ~*(T%). In other words, the cost es-
timate is derived by inverting the cdf for query execution cost, as
illustrated graphically in Figure 3. The horizontal dashed lines in
Figure 3 indicate the effect of confidence threshold$@¥ and
80%, and the points at which the cdf curve for each query plan
crosses the dashed lines indicate the cost estimates that would b

seen from Figure 3, Plan 1 would be preferred at confidence thresh-
olds less thaB5% whereas Plan 2 would be preferred at confidence
thresholds greater thai%%.

3.1.1 Derivation of Execution Cost Distribution

The probability density function for the execution cost of a query
plan can be derived from the following two pieces of information:
(1) the probability density functiorf(s) for the query selectivity
s, which quantifies the imprecision inherent in selectivity estima-
tion; and (2) the execution cost= g(s) for each potential query
plan, expressed as a function of the selectigity-rom these, we
can easily derive a probability density functigh(c) for the execu-
tion cost of each query plan, through a simple change of variable:
Fr(e) = flg7 ().

Our technique for generating a probability density function for
selectivity uses precomputed random samples and is the topic of
Section 3.3. The selectivity distribution used in deriving Figure 2

threshold ofT'%, it suffices to invert the cdf for selectivity to de-
termine the selectivity valug such thatdf (s’) = T%, and then
invoke the cost estimation module once to comptite= g(s’).
This is how our selectivity estimation procedure is implemented.
It can be shown that the resulting cestis the same as would be
calculated by the more roundabout procedure of explicitly deriving
the cdf for execution cost and then inverting it.

As a consequence, the changes necessary to incorporate our car-
dinality estimation procedure into a conventional database system
can be entirely isolated within the cardinality estimation module.
Other aspects of the query optimizer, such as plan enumeration,
cost estimation, and search via dynamic programming, remain un-
changed and need not be aware of probability distributions at all.

3.2 Selectivity Estimation via Sampling

The selectivity estimation technique discussed in this paper per-
forms estimation using uniform random samples of the relations in
the database. In contrast to previous sampling-based approaches,
which estimate selectivity based on samples that are constructed
on the flyat query execution time ([14, 15, 22]), the technique we
describe useprecomputedandom samples of a fixed size (a few
hundred tuples). The main innovation in our work is a novel tech-
nique forinterpretinga random sample that improves the robust-
ness of the query optimization process.

Random sampling has four characteristics that set it apart from
most selectivity estimation techniques:

1. It does not use the AVI assumption, and therefore it avoids
degradation in estimation quality due to the propagation of es-
timation errors.

used for each query plan at each confidence threshold. As can bgz It avoids the “curse of dimensionality” the dimensionality of

the data does not affect the accuracy of random sampling, and
the space required to store the sample grows linearly with the
number of attributes.

. Itis not restricted to equality and range predicates, but rather
works for almost any type of query predicate, including arith-
metic expressions, substring matches, etc.

4. Itis simple to implement.

The random sampling procedure that we use has two phases, an
offline precomputation phase and an estimation phase. The pre-
computation phase is analogous to histogram construction; it can
be triggered manually through &PDATE STATI STl CS com-
mand in SQL or performed periodically whenever a sufficient num-
ber of database modifications have occured. The estimation phase
takes place during query optimization: as the query optimizer ex-
plores the space of query plans via a series of transformations, the
cardinality estimation module is invoked for each relational subex-
pression that is considered by the optimizer. In this paper, we dis-

was generated assuming that selectivity estimation was performedcuss cardinality estimation for select-project-join (SPJ) expressions

with the aid of a random sample of 200 tuples, out of which 50
tuples satisfied the query predicates.

The execution cost functions for each query plan are available in
implicit form through the cost estimation module. However, usu-
ally the cost estimation module does not expose its cost functions
in explicit, invertible functional form. Therefore, performing the
change of variable to derive a probability distribution for execu-
tion cost from the probability distribution for selectivity could be

where all joins are foreign-key joins. Extending our techniques to
work with the full generality of SQL is a direction for future work.
While using a uniform random sample to estimate the result car-
dinality of a single-table selection query is quite straightforward,
the case of SPJ expressions involving joins is somewhat more com-
plicated. The natural approach of creating independent samples of
each relation and then evaluating the SPJ expression on the samples

an expensive task. Fortunately, under the assumption that querydoes up may seem to be violated by certain negating operators such

execution cost is a monotonically increasing function of selectivity,
there is no need to actually derive the probability distribution for
the execution cost of each query pfamstead, given a confidence

2The assumption that query execution cost goes up as selectivity
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as set difference or antisemijoin. However, we really only require
the weaker assumption that for each query operator, the estimated
execution cost of the operator increases monotonically as the car-
dinality of its inputs increases (i.e. bigger inputs take longer to pro-
cess, all other things being equal), which is a reasonable assump-
tion for all standard relational operators.



does not work well (see [1]). Instead, we need to use the technique3.3  Deriving the Probability Distribution

introduced in [1] of creatingoin synopsedor each relation that Consider a database consistingMéftuples and a samplé =
has one or more foreign keys to other relations. Briefly, the join g, 5, . s, consisting of tuples chosen uniformly at random,
synopsis for relatiori is constructed as follows: with replacement, from the database. Suppose Fhi a query
1. Construct a uniform random samplefofising any of the known  predicate that is satisfied hyNV tuples, i.e. a fractiorp of the
methods for sampling from databases [26]. database. Let; denote the indicator variable that is equallto
if the ith sample tuples; satisfies the predicat® and 0 other-

2. For every relatior$ such thatk has a foreign key t&), join the

sample ofR with the full relations. wise, and defineX as the vectofz1, z2,...,z,). In the process

. . of selectivity estimation, we observ& and attempt to infer the

3. Repeat S_tep 2 r_ecurswely, i.e., for each relaticiom Step 2, value of p, which is unknown to us. We will treat the unknown

follow all its foreign keys, and so on. quantity p as a random variable and seek to determine the con-
We will assume acyclic join graphs, and therefore the join resulting ditional probability distribution fop, given the observed dafx.
from the above procedure is well-defined. The join synopsigfor  In other words, we seek theonditional density functiorf (2| X),
consists of the the result of the join query thus defined. For any which we can integrate to determine the probability that the query
foreign-key join rooted af?, one can construct a uniform random  selectivity falls in a particular range, given the observed déta
sample of the join result by simply taking the appropriate projection Pri(a<p<b)|X] = jf f(2|X)dz. To calculate the conditional

of the join synopsis forz. ] ~ density, we can use Bayes's rule:

To summarize: In the precomputation phase, we construct join
synopses for each relation in the database. During query optimiza- f(2X) = 1Pr[X|p = 2]/ (2) 1)
tion, the optimizer will request estimates for the cardinality of var- Jo Pr[X|p =yl f(y)dy

ious relational expressions, which we assume are SPJ expressions
with only foreign-key joins. For each such expression, we deter-
mine the root relatiotR (the one whose primary key is not involved

in a join), and evaluate the expression on the join synopsi&for
counting how many tuples satisfy the expression. The number of
satisfying tuples, and the overall number of tuples in the sample,
give rise to a probability distribution for selectivity, as described in
Section 3.3.

A major benefit of cardinality estimation using sampling is that
the cardinality of each query expression can be directly estimated
from a single sample, rather than by combining uncertain cardi-
nality estimates for subexpressions. An example will illustrate this
point. Consider the quen X BX C, possibly with some selection
conditions on each of the relatioas B, andC. To optimize this
guery, the optimizer needs to estimate the selectivities of seven log-
ical expressionsA, B, C, AX B, AXC, BXC,andAXBXC.
When using histograms for cardinality estimation, estimates for the
single-table expressions, B, andC are computed directly, and es-
timates for the multi-table expressions are built up from the single-
table estimates using the AVI assumption. When using sampling,
the cardinality estimates for all seven expressions are computed di-
rectly from samples. Assumé has a foreign key t@ which has
a foreign key toC'. Then the sample foA is used to estimate the
selectivity of expressiond, AX B, AXC, andAX BX(C, the
sample forB is used for expression3 and B X (C'; and the sample

for C'is used for the expressiafi. When using histogram-based . - - o . i
techniques. the errors introduced by the AVI assumption are ex 0_|ndependent identically distributed Bernoulli random variables and
ques, y P PO thereforePr[ X |p = 2] = 2(1 — z)"~*. The quantity in the de-

nentially magnified as they are propagated across subresults [17]. - 1 o
When using random sampling, by contrass, build-up of estima- ~ nominator of (1)./, Pr[X|p = y]f(y)dy, is independent of, so
it can be treated as a normalizing constant.

tion errors occurs because the cardinality estimates for different o ) ; )
Combining the expression fgfi(z) with the expression farr[ X |p =

subresults are computed independently from one another. - X | P
Our use of sampling as an estimation technique in this paper is z] and normalizing yields the following formula for the probability
g_ensity ofp conditioned onX:

due to the advantages mentioned above, and also because a prob
bility distribution can be derived from a random sample in a prin- ZF1/2(1 — Z)nko1/2
cipled manner using Bayes'’s rule, as discussed in the next subsec- fX) = 5 k—1/2 k12
tion. We emphasize, however, that our decision to use sampling fO Y (y=2) dy
is orthogonal to the main contribution of this paper, which is our This is just the beta distribution with shape parametérs %7 n—
procedure for interpreting a probability distribution for selectivity ;. %)
in light of user preferences about performance vs. predictability, as
described in Section 3.1. In principle, the same robust estimation 3.4  Summary of the Estimation Procedure
procedure could be applied to a probability distribution generated | the course of query optimization, the optimizer searches through
using any cardinality estimation technique. many possible query plans in search of the optimal plan. During
this search, the optimizer makes a number of subroutine calls to

Notice that to calculatg’(z| X) using Bayes's rule, we need to
know f(z) (sometimes called thprior probability). If we have
some prior knowledge about the query workload, we may be able
to use that knowledge to estimaféz). When prior knowledge

of the workload is lacking, as is often the case for database sys-
tems, a reasonable approach is to assume that all query selectivities
are equally likelya priori and adopt the uniform prior distribution
f(z)=1for0 <z < 1.

An alternative technique that can be applied in the absence of
knowledge about the actual distribution of query selectivities is to
choose a non-informative prior distribution based on Jeffreys's rule
[19]. In the context of selectivity estimation from a random sam-
ple, the Jeffreys prior is the beta distribution with shape parameters
(1, 1), ie.f(z) o 27 1/2(1—2) "'/ (see [3], page 315). Because
the Jeffreys prior is the most widely accepted non-informative prior
among statisticians [3, 21], for the rest of this paper, we will use the
Jeffreys prior unless otherwise stated. In any case, the exact prior
distribution chosen has little impact on selectivity estimation, as
discussed in Section 3.4.

The terms from Equation (1) other than the prior probabijfity)
are straightforward to compute. Suppose that thaiples from
the sample satisfy the predicaig i.e. } !, «; = k. Because
the sample tuples are selected independently and uniformly at ran-
dom from a population of tuples in which a fractiprsatisfy the
query predicate and a fractiadn— p do not, the variables; are

)
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3.5 Extensions to the Query Model

As mentioned earlier, in this paper, we assume queries are SPJ
expressions with foreign-key joins, and we further assume that join
synopses are available for all tables referenced in the queries. In
this section, we briefly discuss how our techniques can be adjusted
to allow these assumptions to be relaxed. A more detailed study of
these extensions is deferred to future work.

No statistics availableln some cases, it is possible that full

w
o
|

Jeffreys Prior

N
&)
|

----- Uniform Prior

N
o
|

Probability Density
[9)]

10 join synopses will not be constructed for all relations in a query.
5 | This could be because only a limited set of join synopses are con-
n=100 4 structed due to concerns about storage or maintenance overheads,
0 R : : ‘ or it could be due to queries involving non-foreign-key joins. There
0% 5% 10% 15% 20% are several possibilities for handling queries for which the neces-

Selectivity sary samples are not available. First, it may be that a particular
join synopsis is not available, but separate single-table samples are
available for each of the tables being joined. In this case, traditional
estimation techniques can be used: the selectivity of the predicates
on each table can be estimated separately using the sample for that
table, and the combined selectivity of all predicates can be esti-
module to estimate the selectivity of each query predicate using the mate(-j using the attnpute value independence assumption and the
following procedure: contalnment assumptlon [3(_)]. (Of course, to the ex_tent that these_
. assumptions are violated, this approach may lead to inaccurate esti-
1. Determine the appropriate precomputed random sample of themates.) Second, it may be that no statistics whatsoever are available
data to use, based on the relations involved in the query expres-for a particular table or column referenced by a query predicate. In
sion. this case, many DBMSs use an arbitrary constant, or “magic num-
2. Evaluate the predicate on the sample and use Bayes's rule tober”, as the selectivity estimate [30]. This same approach can be
infer a probability distribution for the actual selectivity given —used with our technique, with the following possible extension: in-
the selectivity observed for the sample. stead a single “magic number”, a “magic distribution” can be used,
which has the effect of varying the magic number depending on the
confidence threshold.
In either case, estimation errors caused by questionable opti-
i o . mizer assumptions may occur, but the error will be confined to
4. Returns as the estimated selectivity of the predicate. cardinality estimates for those subexpressions for which adequate
The following example illustrates the above estimation proce- samples are not available. Cardinality estimates for other subex-
dure and sheds light on the impact of the sample size and the choicepressions in the same query can continue to use our regular estima-
of prior distribution on selectivity estimation. Suppose that 10 tu- tion technique.

ples from a 100-tuple sample satisfy the query predicate for some |ncorporating other operatorsThe result size for certain

queryQ. Equation (.2) tells us t.hat the prObab'“t% Se”S'W ‘;‘;@Ct'on SQL operators, such as aggregation WsROUP BY, depends on

L?r thﬁ q(t;e:y sel(;actlwty“(ﬂ)() 'Tq‘f prop;rthgal_tOz Ca- Z)_ d . the number of distinct combinations of attribute values for some set

b we had e egtef Lo Usift € unl.ormh Istri lljt.'on as EULFI’.“OL 'St.”' of grouping attributes. Estimating the number of distinct values in
ution instead of the Jeffreys prior, the resulting probability density , yo|ation from a random sample of that relation is a well-studied

W°F“.'d be:‘li%htly di:]fer(;ant. ity f . for th bability distrib problem. Our cardinality estimation procedure can be extended
_ rigure |§ O\fNSt eh enS|tyd_#nct|ons for the pr:p ability _|str_|rhu- to perform distinct value estimation by adapting known distinct-
tions resulting from the two different priors in this scenario. The | o, < astimation techniques (e.g. [13]).

same figure also illustrates the probability distributions that would
result from using the uniform or Jeffreys prior to interpret a sam-
ple of 500 tuples, of which 50 satisfy the query predicate. As can 4. RELATED WORK
be seen from Figure 4, the uniform and Jeffreys priors produce al-  In this section, we compare our approach with the most closely
most identical results. The size of the sample, however, does haverelated prior research. (A broader overview of related work is found
a noticable impact on the probability distribution produced. in Section 2.) Among previous research that we are aware of, the
The selectivity estimate that is produced will depend on the choicework by Chu, Halpern, and Gehrke [6] is most similar in spirit to
of confidence threshold. If a confidence threshold of 20% is used, this paper. Like this paper, the work of Chu et al. argues for taking
then the result of selectivity estimation will be 7.8%, because there a probabilistic view of uncertain cost parameters and also makes
is a 20% chance that the query selectivity is 7.8% or less. Confi- the point that optimizing solely for expected cost, without consid-
dence thresholds of 50% or 80% result in selectivity estimates of ering predictability, may not meet the needs of system users. The
10.1% and 12.8%, respectively. Note that while varying the con- approach suggested in [6] is to optimize for a non-standard utility
fidence threshold changes the selectivity estimate that is produced function (such as a linear combination of expected cost and esti-
this does not necessarily translate into a different query plan being mated variance) that has a non-linear relation to query execution
selected by the query optimizer. Whether a difference in estimated cost. However, as is pointed out in [6], standard dynamic program-
selectivity translates into a different choice of query plan depends ming search strategies break down when the utility of a query plan
on the location of the crossover points between different potentially is not a linear function of the utility of subplans. Thus, in contrast
optimal query plans. to our approach, implementing the proposal of [6] would likely re-
quire significant changes to existing query optimizer technology.

Figure 4: Sample Size Matters, Prior Doesn’t

the cardinality estimation module to estimate the size of various
intermediate query results. We modify the cardinality estimation

3. Choose the proper confidence thresiidld based on user pref-
erences and compute the selectivity: cdf ~*(T'%) using the
inferred probability distribution.

124



Another difference between our work and [6] is that the discus- 70 -
sion in [6] is at a rather high level, so many practical implemen- -
tation details are not addressed. For example, [6] does not discuss % 60 -
how a probability distribution for selectivity can be obtained; it pro- £ 50 4
vides no guidance about how an appropriate utility function should :
be selected or specified by the user; and it provides no experimen- S 40
tal evidence for the effectiveness of its proposed approach. In that § G /C = ©
sense, this paper can be viewed as a concrete and practical applica- | 3 071 ——T=5%
tion of the philosophy espoused in [6]. 8 o0 / —|—T=20%
The use of join synopses as data summaries was first proposed | & ' T=50%
by Acharya, Gibbons, Poosala, and Ramaswamy [1] in the con- g 10 T=80%
. . . . B —6—T=95%
text of approximate query processing. Our work differs from [1] in 0 T
several ways: our focus is query optimization rather t_ha}n apprpxi- 0 (‘)% 0 2‘% 0 4‘1% 0 é% 0 é% ] (‘)%
mate answering of aggregate queries; we make predictions using a Query Selectivity (% of rows)

Bayesian approach rather than using the standard maximum likeli-
hood estimator; and we aim to balance the twin objectives of mini-
mizing the expected value and the variance of query execution time, Figure 5: Effect of the Confidence Threshold
instead of of trying to minimize relative error in estimation.

Seppi, Barnes, and Morris [31] take a Bayesian approach to pa-icate with probabilityl — p. Therefore, the number of tuples that
rameter estimation from a random sample which is similar to our satisfy the query predicate will be binomially distributed: the prob-
proposal in Section 3.3. However, the focus of [31] is the applica- ability thatk of the n tuples in the sample satisfy the predicate is
tion of preposterior analysis to determine whether on-the-fly sam- B(n, k) = (kP (1 — k)" 7.
pling to gather additional statistics is cost-effective. In contrastto  whenk of n tuples satisfy the predicate, the cdf of the inferred
[31], our work considers the trade-off between predictability and probability distribution for selectivity is the cumulative beta distri-
performance; we use precomputed samples rather than samplinghution with shape parametefs + 1/2,n — k + 1/2). Evaluating
on the fly;we do not assume a specific execution cost function; andthe inverse of this function at the valt&% gives the selectivity
we discuss how our techniques can be practically implemented andestimate that will be returned whérout of » sample tuples satisfy

provide an experimental evaluation of their effectiveness. the query predicate and the confidence threshaltfs If this se-
lectivity estimate is greater than, then the optimizer will choose
5. ANALYSIS plan P, and otherwise it will choose plaR;. In this way, for a

In this section, we undertake an analytical exploration of our car- fixed sample size: and confidence thresholf’%, we can deter-
dinality estimation procedure with the goal of understanding the Min€ which values of: correspond to plaiy and which to plan

effects that certain parameters of the estimation procedure have onf 2+ e know the probability that each value/ofwill occur, given
query planning outcomes. the actual query selectivity, so we can compute the chance that

Our experiments with an actual database system, described inPlan P; will t_)e selected by summing the probabilities of the values
Section 6, consider queries of varying complexity; however, in this orresponding to plaf;.
section, to keep the analysis simple, we focus on a simple single- .
table query based on the example query from Section 2.1. This5'2 Analytlcal ReSUItS _
query has two different optimal plans—index intersection or se- ~ Through our analysis, we seek to understand how varying the

quential scan—in two different selectivity ranges. confidence threshold, sample size, and query selectivity impacts
. the query optimizer.
5.1 Analytical Model The most commonly used metric for evaluating cardinality esti-
Consider a single-table que€y running against a table withv mation techniques in the research literature is relative error (i.e. the
rows. Suppose that either of two execution plaisand Pz, might percentage difference between the actual and estimated cardinal-
be optimal for@, depending on the query selectivity Assume ity). Although the relative error in cardinality estimates is a natural

a simple linear cost model, so that the execution time for query choice as an error metric, within the context of query optmization,
plan P; has the formv;x + f;, wherexz = pN is the number of a more appropriate metric exists. The best way to evaluate the ef-
tuples satisfying the query predicatg,is the incremental cost per ~ fectiveness of various estimation techniques is to directly measure
tuple for plan?;, andf; is the fixed overhead, independent of query ~ query optimization performance by comparing the running times of
selectivity, for planP;. We will chooseN = 6, 000, 000, f1 = 35, the query plans that are produced using each technique.

v = 3.5 x 107°% f, = 5, andv, = 3.5 x 1072, These values Since our goal is a robust query optimizer, we are interested not
are chosen empirically to make plafts and P> roughly resemble justin raw performance but also in the consistency and predictabil-
a sequential scan plan and an index intersection plan, respectivelyity of the database system. A reasonable metric for the predictabil-

The crossover point where pldh becomes better than pla is ity of the query execution engine is the variance in query execution

at a selectivity op. = % ~ 0.14%. times over a set of similar queries. For this reason, in evaluating
L. V2N U1 LN . . ) . . . .

Suppose selectivity estimation is performed using the technique cardinality estimation performance, we report not only the average

described in Section 3, using a uniform random sample td- query execution time, but also the variance in query execution time

ples, interpreted with a confidence threshold§. Whether plan ~ across the queries making up each experiment.

P, or P, will be selected depends on the composition of the ran- .

dom sample—specifically, it depends on how many of the tuples 2-2.1 Confidence Threshold

in the sample satisfy the query predicate. Suppose that gquery Figure 5 shows the expected value of the query execution time
has selectivityp. This means that each tuple in the sample will for queries of different selectivities when the query plan is chosen
satisfy the predicate with probabilifyand fail to satisfy the pred- using a random sample of 1000 tuples and the technique described
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in Section 3. Each of the curves plotted in Figure 5 is a mixture of 80 - .
the curves for plarP, aljd_ planPs. If _the query optimizer knew I s
the actual query selectivity exactly, it would always choose plan 70 1 7 T=50%
P> whenever the selectivity is less than the crossover poimt 60 - —o—T=95%
and planP; whenp > p. =~ 0.14%. Since cardinality estimation 50 | ‘ — - — - PlanP1
must be done very quickly and cannot be exact, two kinds oferrors | 2~ | .- |------ Plan P2

can result: overestimating the selectivity can cause the optimizer to
chooseP; when P, would be better, and conversely underestimat-
ing the selectivity can cause the optimizer to chofsevhen P,
would be better.

As can be seen from Figure 5, higher values of the confidence
thresholdl"% make the query optimizer more prone to overestima-
tion, while lower values of the confidence threshold make the op-
timizer more prone to underestimation. The confidence threshold
T = 95% is an extreme case: even when zero tuples out of a sam-
ple of 1000 satisfy the predicate, there is still at least a 5% chance

Average Execution Time (s)

0 - T T T )

0% 5% 10% 15% 20%
Query Selectivity (% of rows)

that the query selectivity exceeds the crossover pgintherefore, Figure 8: Crossover Point at Higher Selectivity

for the cost model we are using, the optimizer will never select the

riskier planp: whenT' = 95%, because it can never 196% sure tion time. On the other hand, because the overhead of cardinality
thatp, is better. estimation is dependent on the size of the sample that is used, it is

The query selectivities plotted in Figure 5 range from 0% to 1% desirable for the sample size to be as small as possible. Figure 7
at multiples 0f0.05%. Figure 6 summarizes the performance of syggests that, at least for queries with crossover selectivities similar
each setting of the confidence threshold by comparing the stan-to the one in our analytical model, a sample size of 500 achieves
dard deviation of the query execution time with the average query a good tradeoff between these competing objectives. If the sample
execution time, under the assumption that any of the selectivities sjze is much smaller than 500 tuples, there is a significant decrease
from Figure 5 is equally likely to occur. This figure gives us a con- in query performance, while little additional benefit is gained by
densed way to visualize the various performance vs. predictability increasing the sample size beyond 500 tuples.
tradeoffs that can be achieved by picking a particular confidence
threshold and using it to optimize a set of queries with varying se- 5.2.3 Crossover Selectivity
lectivities. As the figure shows, the higher the confidence threshold e analytical results reported thus far have all used the same

is set, the less variability occurs in the query execution time. This ¢4st model with a single crossover point at a rather low selectivity,
is because higher confidence thresholds favor plans whose running, = ~, .14%. Figure 8 shows what happens if the cost model is

times are relatively independent of selectivity. A second observa- herturhed so that the crossover point occurs at a significantly higher
tion suggested by Figure 6 is that moderate settings of the confi- sg|ectivity,p!, ~ 5.2%.
dence threshold are better than extremely high or low settings at Figure 8 suggests that when the selectivity at which a crossover
producing low expected execution times. Interestingly, the lowest 5ccirsis large enough, sampling-based estimation techniques work
average execution time occurs not when the confidence threshold is\/ery well, regardless of the setting of the confidence threshgid
at the unbiased setting of 50%, but rather at the higher 80% level. Thegre are two reasons for this strong performance: first, when the
. crossover point occurs at a relatively large selectivity, there is less
5.2.2 Sample Size difference in the slope of the plots for query plansandp., mean-
Figure 7, like Figure 5, shows the expected value of the query ing that the impact of making an incorrect choice is less. Second,
execution time for queries of different selectivities. In Figure 7, the larger selectivities are easier to estimate accurately, so the relative
confidence threshold is held constant at 50% while the sample sizeestimation error is less when the selectivity is higher. The combina-
is varied. As one would expect, larger sample sizes lead to moretion of more accurate estimates and less penalty for mistakes causes
precise cardinality estimates, and consequently lower query execu-cardinality estimation to be a fairly easy problem when query selec-
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Figure 9: Two-Predicatel i nei t emQuery

tivity is high. Therefore, in our experimental evaluation, we con- 30%-40% (on the order of tens of milliseconds) more when using
centrate on low-selectivity queries, since it is much more difficult our cardinality estimation technique than when using standard his-
to achieve good estimation performance on low-selectivity queries. tograms. Because our implementation is a rough research prototype—
it lacks even basic optimizations such as memoizing, and it retains
all of the histogram bookkeeping code, even though the histograms
6. EXPERIMENTS are not used during cardinality estimation—we expect that an opti-
In order to try out the ideas proposed in this paper in an actual mized implementation would have significantly less overhead.
system, we modified the query optimizer of a commercial DBMS, .
Microsoft SQL Server, replacing the existing histogram-based car- 6.2 EXperimental Results
dinality estimation module with our proposed sample-based tech-  We applied our cardinality estimation technique to three differ-
nique. We sought to answer several empirical questions: ent query scenarios: a single-table aggregation query with two se-
o How does the estimation overhead of our proposed robust esti- lection predicates; a three-way join query; and a four-way “star
mation procedure compare with traditional cardinality estima- join” between a fact table and three dimension tables, with selec-
tion techniques? tion predicates on each dimension table. The first two query sce-
e |s the estimation procedure effective for complex queries that narios used the data se_t from the TPC-H benchmark dataSEt [32]
have many possible query plans? at spale factor 1 (apprommately 1 GB pf data), while the thqu sce-
o ) o ) nario used a synthetic data set consisting of a star schema with a 10
e What guidelines are available to assist in the choice of the con- mjjjion row fact table and three small dimension tables, each with

fidence threshold%? 1000 rows. For query scenario #2, we modified plae t table of
6.1 Est . 0 head TPC-H to introduce a correlated data distribution. Each query sce-
: stimation Overhea nario used a fixed query template with one free parameter that could

We chose to use 500-tuple samples for our experiments. This be varied to control the query selectivity by changing the degree of
choice of sample size was motivated by two considerations: (1) the correlation between individual query predicates. The marginal se-
analysis from Section 5.2.2, and (2) the desire to achieve approxi- lectivity of each individual predicate (i.e. the information tracked
mate parity with pre-existing histogram-based estimation modules, by histograms) remained constant regardless of the setting of the
in terms of storage space for summary data and time spent duringfree parameter. In each scenario, we tried out five different settings
cardinality estimation. (We conducted one experiment in which we for the confidence threshold (5%, 20%, 50%, 80%, and 95%). Be-
varied the sample size. See Section 6.2.4 for details.) cause cardinality estimation performance can vary depending on

The unmodified version of the commercial database system thatthe particular random choice of tuples for the samples, all of our
we used for our experiments normally uses histograms of approx- experimental results are averaged over 12—20 different samples.
imately 250 buckets in size. Each histogram bucket stores an at- . .
tribute value, along with counts of the number of records and dis- 6.2.1  Experiment 1: Single-Table Query
tinct values in the bucket. In a random sample, only attribute val-  The template used for the first query scenario is as follows:
ues are stored—no counters are necessary. Therefore, if wa@ssu

4-byte counters and 8-byte attribute values, then a 500-tuple of a ?ELECIT_ SUM I _ext endedpr i ce)
> _ ; ROM i neitem
relation uses the same amou_nt of space as 25_0_bucket histograms WHERE | _shi pdat e BETVEEN
on each attribute of the relation. In practice, it is often the case , , ; ,
) - . i 07/01/97° AND ’ 09/ 30/ 97
that histograms are built on only some of attributes of a relation AND | recei pt dat e BETWEEN
[4]. (For example, attributes that are rarely used in selection predi- (’07/01/ 97 +?) AND (’ 09/ 30/ 97" +?)

cates may not need histograms.) However, there is an analogous

space-saving opportunity available to sampling-based estimation The value of “?” controls the degree of overlap between the set of

techniques: rarely-queried columns can be omitted from the ran- rows satisfying the condition dn.shi pdat e and those satisfying

dom sample. the condition orl r ecei pt dat e. We varied the degree of over-
We found that the time spent in query optimization was about lap so that the overall query selectivity was betw8&hand0.6%
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Figure 10: Three-Table Join Query
of the 6 million rows from the i nei t emtable. The i nei t em selection condition on thear t table. The selectivity of this addi-

table was clustered by on its primary key, and prior to executing the tional condition is the free parameter that is varied in this scenario.
queries for this scenario, we constructed two nonclustered indexes,The physical design we selected had all relations clustered on their
one onl _shi pdat e and the other oh _r ecei pt dat e. Based primary keys, with additional indexes on the foreign key columns.
on this physical design, the best query plan was either scanning In this query scenario, the optimal query plan has one of three
thel i nei t emtable, or else intersecting the two nonclustered in- different structures, depending on the number of rows from the
dexes and then locating the qualifying records based on their RIDs,par t table that satisfy the predicate. At low selectivities, the best
depending on the value of “?". planisto first joinpart tol i nei t emusing indexed nested loops
Figure 9(a) shows the average query execution time at each seqjoin, with| i nei t emas the inner relation, leveraging the index on
lectivity, where each data point is the average of 20 query execu-thel _part key column ofl i nei t em and then hash join with
tions, each based on a different 500-tuple random sample. Theor der s. When the selectivity gets a little higher, the best plan is
marked similarity between Figure 9(a) and Figure 5 can be ex- a sequence of hash joins, first betwéémei t emandpart and
plained by the fact that the cost model parameters used in the analthen withor der s. When the query selectivity goes higher than
ysis underlying Figure 5 were based on the empirically observed approximately 10%, the optimal plan is to first merge join the two
performance of two of the possible query plans for this query sce- larger relations| i nei t emandor der s, and then hash join with
nario. The discontinuities in the higher selectivities for some of the part.
lines plotted in Figure 9(a) is due to the fact that the experiments we  Although this query has two crossover points, due to space con-
averaged over a limited number of random samples. For compar-straints, we will focus on the one that occurs at lower selectiv-
ison, the query performance when using the commercial DBMS's ity. (The results for the higher-selectivity crossover point are rel-
standard histogram-based estimation module is also plotted. Theatively uninteresting, because as was the case in Figure 8, query
standard estimation module always selected the index intersectionperformance was more or less the same regardless of the confi-
plan, which performed poorly at higher selectivities. dence threshold that is chosen.) The first crossover point octurs a
Figure 9(b) summarizes the performance of each setting of the a selectivity between.1% and0.2%. Figure 10 shows query ex-
confidence threshold by averaging across all the queries in this sce-ecution performance in the general vicinity of this crossover point.
nario. Each confidence threshold is represented by a point in aAverage execution time for each selectivity and confidence thresh-
two-dimensional tradeoff space: average query execution time is old is shown in Figure 10(a), and Figure 10(b) summarizes query
measured on the horizontal axis, while standard deviation of query performance for each setting of the confidence threshold. Each of
execution time is measured on the vertical axis. Figure 9(b) is quite subfigures is similar to its counterpart from the first experimental
similar to Figure 6, which is unsurprising given the close corre- scenario, despite the fact that the types of queries involved in two
spondence between the available plans in this query scenario andscenarios are quite different. This suggests that the properties of
the query plans being modeled from Section 5. In Figure 9(b), just our cardinality estimation procedure that were predicted analyti-
as in Figure 6, the variance in execution time decreases steadily ascally, and observed experimentally, for single-table queries have
the confidence threshold increases. The lowest average executiorthe potential to be applicable for a broader class of queries.
time occurs at a confidence thresholdf= 80%, closely fol- . .
lowed byT = 50%. Because of the close correlation between ship 6.2.3 Experiment 3: Four-Table Star Join
date and receipt date in TPC-H, standard histograms were signifi- The third and final query scenario used in our experiments mod-
cantly worse than our technique, both in terms of performance and els a typical data warehousing “star schema” query. We constructed

predictability. a synthetic data set consisting of a 10-million-row fact table with
. ) . some measure columns plus foreign keys to a number of dimension
6.2.2 Experiment 2: Three-Table Join tables. We built nonclustered indexes on each foreign key column

The second query scenario we explored also involved the TPC- in the fact table. The query template consists of a four-way join
H data set. In this query scenario, the query template consists of abetween the fact table and three dimension tables, with aggregates
natural join between thlei nei t emtable, theor der s table, and computed on the measure columns of the fact table and filters ap-
thepart table. Besides the join predicates, there is an additional plied to non-key columns in each of the dimension tables. Each
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Figure 11: Four-Table Star Join Query

filter selected 10% of the rows of its dimension table. The distri- 25 -
bution for the fact table rows was handcrafted so that by varying o
which rows were selected from each dimension table, any desired
percentage of the fact rows between 0% and 10% could be made
to join successfully. The standard histogram-based optimizer al-
ways estimated that.1% of the rows joined successfully because

it relied on the independence assumption.

Depending on the number of fact rows participating in the join,
one of two query plans was optimal in this scenario. When the
number of fact rows was large, the best plan was a cascading series
of hash joins. When the number of fact rows was small enough,
then a sophisticated execution strategy involving semijoins was op-
timal: first, compute the semijoin of the fact table with each dimen- 0 ‘ ‘ ‘ !
sion table (relying on the indexed foreign key columns to retrieve 0 % 4 %0

g L c R L. Average Execution Time (s)
the RIDs for the appropriate fact rows that join with each individ-
ual dimension table), then intersect the semijoin results, retrieve
the qualifying records, and compute the aggregates. In addition to Figure 12: Effect of Sample Size
these two plans, we found that when using our cardinality estima-
tion technique, the optimizer would sometimes select a third plan petter average execution time and less variability in execution time.
that was a hybrid of the other two. The hybrid plan used the semi-  The data point for 50-tuple samples represents an exception to
join strategy with two of the three dimension tables and a hash join the general trend. The probability distribution for query selectiv-
to the third dimension table. ity becomes more and more “spread out” as the sample size gets

Figure 11 shows the impact that the choice of confidence thresh- smaller, because the evidential value of a small sample is less and
old had when optimizing star join queries. Similar trends to the the uncertainty is larger. For a 50-tuple sample and a 50% confi-
ones that were present in Figures 9 and 10 can again be spottedjence threshold, the uncertainty is sufficiently great that the pre-
in Figure 11: low values of the confidence threshold give slightly dicted query selectivity islwaysgreater than the crossover point
better performance for queries with very low selectivity, but this at which sequential scan becomes optimal, even when zero tuples
achievement comes at the cost of weak performance on queriesfrom the sample satisfy the query predicates. Thus the query op-
with hlgher selectivities. ngh values of the confidence threshold timizer a|Ways chooses a Sequentia| scan p|an when using a 50-
result in very consistent query performance across all selectivities, tuple sample, resulting in very consistent query execution times,
with the best average performance arising from thresholde%# although the plan chosen is suboptimal when the actual selectivity
80%. The standard histogram-based estimation module failed to js very low. This demonstrates a desirable “self-adjusting” feature
adjust to correlations in the data set and thus was not Competitiveof our estimation procedure: when a particularly risky query plan
with our approach. is only useful for a very limited range of selectivities, and the avail-

; . : able statistics have insufficient resolution to adequately determine
6.2.4  Experiment 4: Effect of Sample Size whether the query selectivity falls within that range, our estimation

We conducted one experiment in which we used sample sizes procedure will avoid that query plan in favor of safer alternatives.
other than the default size of 500 tuples. In this experiment, we

used the single-table query scenario described in Section 6.2.1 with
a fixed confidence threshold 60% and varied the sample size
from 50 to 2500 tuples, with the goal of understanding how query v
optimization performance degrades as the sample size is decreasedN€se experiments:

Figure 12 shows the effect of sample size on query performance. e A confidence threshold &f0% appears to be a good baseline
As can be seen from the figure, larger sample sizes resulted in both  level for general-purpose use. It achieves both good perfor-
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6.2.5 Experimental Conclusions
The following recommendations summarize our conclusions from
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mance (low average execution time) and good predictability
(little variability in execution time).

e A confidence threshold &f5% leads to very stable query plans
and few surprises. It is good for situations where predictability
is the paramount concern.

e Confidence thresholds belo®0% are rather speculative and
are likely to be of limited applicability.

As future work, we plan to further refine and validate these conclu-
sions through additional experimentation.

pages 411-422, 1999.

[11] C. Faloutsos and I. Kamel. Relaxing the uniformity and
independence assumptions using the concept of fractal
dimensionsJournal of Computer and System Sciences
55(2):229-240, 1997.

[12] L. Getoor, B. Taskar, and D. Koller. Selectivity estimation
using probabilistic models. IRroc. 2001 SIGMOD Conf.

[13] P. Haas, J. Naughton, P. Seshadri, and L. Stokes.
Sampling-based estimation of the number of distinct values
of an attribute. IfProc. 1995 VLDB Confpages 311-322.

We envision the confidence threshold being set by database user$14] p. J. Haas, J. F. Naughton, S. Seshadri, and A. N. Swami.

and administrators in two ways: a system configuration parameter

for robustness can be set to “conservative”, “moderate”, or “ag-

gressive”, corresponding to confidence thresholds of 95%, 80%,

and 50% respectively. This setting will be used by default for all
queries, except for queries that override the setting usiqgesy

hint—a special comment embedded in the SQL statement. Query

Selectivity and cost estimation for joins based on random
sampling.Journal of Computer and System Sciences
52(3):550-569, 1996.

[15] P. J. Haas and A. N. Swami. Sequential sampling procedures
for query size estimation. IRroc. 1992 SIGMOD Conf.
pages 341-350, 1992.

hints are already used in commercial systems, e.g. to override the[16] Y. E. loannidis. The history of histograms (abridged). In

optimizer and force the use of a particular join method or access

method.

7. CONCLUSION

Proc. 2003 VLDB Confpages 19-30, Sept. 2003.

[17] Y. E. loannidis and S. Christodoulakis. On the propagation of
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The research results presented in this paper grew out of the ques{18] H. Jagadish, N. Koudas, S. Muthukrishnan, V. Poosala,

tion, “How can we increase the robustness of query optimizers?”
By one definition, a robust query optimizer is one that generates

K. Sevcik, and T. Suel. Optimal histograms with quality
guarantees. IRroc. 1998 VLDB Confpages 275-286.

plans that work reasonably well even when optimizer assumptions [19] H. JeffreysTheory of Probability Clarendon Press, 1961.

fail to hold. We have developed a novel cardinality estimation pro-

cedure that manages uncertainty in a principled way by reasoning
probabilistically about selectivity. Because robustness sometimes

[20] J.-H. Lee, D.-H. Kim, and C.-W. Chung. Multi-dimensional
selectivity estimation using compressed histogram
information. InProc. 1999 SIGMOD Confpages 205-214.

comes at the cost of performance, users should be allowed to prior-[21] P. M. Lee.Bayesian Statistics: An Introductio®xford

itize these competing objectives. To this end, our estimation tech-

University Press, 1989.

nique incorporates into the query planning process user or applica-[22] R J. Lipton, J. F. Naughton, and D. A. Schneider. Practical

tion preferences about the predictability vs. performance tradeoff,
explicity and succinctly expressed through the setting of a single

parameter.
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