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Abstract A novel approach to solving Index Selection Problem (ISP) is presented.
In contrast to other known ISP approaches, our method searches the space of pos-
sible query execution plans, instead of searching the space of index configurations.
An evolutionary algorithm is used for searching. The solution is obtained indirectly
as the set of indexes used by the best query execution plans. The method has impor-
tant features over other known algorithms: (1) it converges to the optimal solution,
unlike greedy heuristics, which for performance reasons tend to reduce the space
of candidate solutions, possibly discarding optimal solutions; (2) though the search
space is huge and grows exponentially with the size of the input workload, searching
the space of the query plans allows to direct more computational power to the most
costly plans, thus yielding very fast convergence to ”good enough” solutions; and
(3) the costly reoptimization of the workload is not needed for calculating the ob-
jective function, so several thousands of candidates can be checked in a second. The
algorithm was tested for large synthetic and real-world SQL workloads to evaluate
the performace and scalability.

1 Introduction

Relational Database Management Systems (RDBMS) have been continuously de-
veloped for more than three decades now and became very complex. To administer
them, much experience and knowledge is required. The costs of employing pro-
fessional database administrators are often much higher than the costs of database
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software licensing [12]. The total administration costs are especially large for large
databases containing hundreds of tables and executing millions of queries a day.
Recently we observe a high demand on solutions reducing these costs. Especially
intelligent, automatic tools for solving complex administration problems are very
helpful. One of such complex problems is performance tuning. In this paper we
consider the aspect of proper index selection, which often significantly affects the
overall database application performance. The importance of proper index selection
increases with the size of a database.

Indexes are used by the RDBMS to accelerate query processing. Below we illus-
trate some cases, where they are especially useful:

• A query fetches only a small fraction of tuples stored in the database, determined
by predicates with small selectivity:

SELECT * FROM person WHERE person_id = 12345;
SELECT * FROM person WHERE age > 100;

• Tuples should be returned in the same order as an order defined by an index. For
example if a B+ tree index on the column birth date is present, it can be
potentially used for executing the query:

SELECT * FROM person ORDER BY birth_date LIMIT 10;

Using indexes for ordering tuples may also be sane when the query requires
sorting as a preparatory step, e.g. before joining relations, or grouping and ag-
gregating tuples.

• A query requires joining two relations - a small one with a huge one. Then it may
benefit from an index on the primary or foreign key of the latter one:

SELECT * FROM person p
JOIN departement d ON (p.dept_id = d.dept_id)
WHERE person_id = 12345;

• A query processes a subset of columns that is totally contained in the index, so
that accessing the table can be avoided. Index-only scans are usually much faster
than table scans, because indexes are usually smaller than tables. Besides, the
physical order of tuples is rarely the same as the order of tuples in the index,
so avoiding the table access also reduces large amount of costly random block
fetches.

• A query is best handled by some dedicated kind of index, e.g. it contains a full-
text-search, spacial search, skyline computation etc. These cases require some
extensions to the SQL and are not covered by this paper, though the presented
methods can be easily extended to support these cases.

There can be usually more than one execution plan available for a single query.
These different plans may use different indexes. Each plan may use more than one
index at a time, but also a single index may be used in several plans. The physical
ordering of rows in the table often affects gains the application has from using a
given index, so some database systems enable creation of the so called correlated
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or clustered indexes, which force the table rows to have the same ordering as the
ordering of the index. There can be at most one clustered index per table.

One should note, however, that indexes induce an extra maintenance cost, as their
existence may slow down inserting, deleting and updating the data. Additionally, the
chosen indexes require some storage space, which may be limited. Therefore one
can pose the following problem:

Find such an index set, that minimizes the cost of processing of the input
workload and that requires less storage space than the specified limit.

The problem is known in the literature as Index Selection Problem (ISP). Ac-
cording to [10] it is NP-hard. Note that in practice the space limit in the ISP is soft,
because databases usually grow, thus the space limit is specified in such a way that a
significant amount of storage space remains free even if the limit were totally used.
Therefore, slightly exceeding the storage space limit is usually acceptable if only
this provides strong performance improvements.

The ISP problem resembles the well known Knapsack Problem (KP). However,
it is more complex, because the performance gain of a candidate index depends on
the other indexes in the index configuration, while in the traditional KP the values
and weights of items are independent of each other. Additionally, the process of cal-
culating the total gain of the given candidate index configuration is computationally
costly. Actually, given a candidate index configuration, it is necessary to calculate
the optimal plan and its cost for each query in the input workload. To cope with the
complexity, most researchers concentrated on efficient greedy heuristics that select a
small subset of possibly useful index candidates in the first phase and then use some
kind of heuristic search strategy to find a good index configuration within the speci-
fied space limit in the second phase [3, 8, 21, 24, 25, 26]. The essential disadvantage
of this two-phase process is that by aggressive pruning the result space beforehand,
one may remove the optimal solution and possibly also some other good solutions
from the searched space. It is illustrated in Fig. 1, where the optimal solution de-
noted by the black triangle is located outside the searched space. To this end, we
concentrate in the paper on finding a method that converges to the global optimum
in a continuous, one-phase process.

Let us note that the index configuration being the global optimal solution of ISP
determines the optimal set of the query execution plans, obtained for the input query
workload. Also, the globally optimal set of plans determines the optimal index con-
figuration. Thus we can formulate a dual problem to ISP:

Among all possible sets of query execution plans for the given workload, find
the one that minimizes the sum of query processing times plus the sum of
maintenance times of used indexes and utilizes the indexes of a total size that
does not exceed the specified storage space limit.
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The method proposed in the paper solves the dual ISP problem, and gets the final
index configuration from its result set of query plans. Because the search space is
extremely large even for a small number of queries, an evolution strategy is used to
drive the search. The approach is illustrated in Fig. 2. Here, the optimizing process
consists in searching the space of plan vectors (by means of an evolution strategy).
Each candidate plan vector has the relevant index configuration directly assigned.
To this end, in addition to a good global query plan, a set of picked indexes is
returned as a result. Our algorithm proposes also clustered indexes and takes index
maintenance costs into account.

Evolutionary strategies and genetic algorithms were recognized as feasible to
solving ISP [11]. It was also shown that they can be superior to some other heuristic
search strategies for this application [18]. However, the previous works concentrated
on searching the index space, rather than the plan space, and this disallowed to focus
more on the optimization of costly query plans. We believe that focusing on the most
costly plans is crucial for achieving high performance of the index selection tool and
makes it possible to solve larger problems. The evolutionary strategy approach has
also an advantage over other heuristic search strategies, such as simulated anneal-
ing [15], tabu-search [13] or hill-climbing [23], by the fact that the fitness function
and the problem and solution spaces may dynamically change while the problem
is being solved and, if only the mutation intensity is high enough, the population
will follow the changes and converge to the new solution without the need to restart

Fig. 1 Heuristic search of the index configuration space

Fig. 2 Heuristic search of the query execution plan space
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the whole process. This makes the evolutionary approach ideal for autonomic, self-
tuning database systems.

The method was inspired by our observations of professional database admin-
istrators. We were wondering, how they tune their database systems. At first, they
usually investigate the most costly queries. These are the queries that require a long
time for each execution and/or are executed very frequently. Concentrating on these
queries can lead to significant performance gains with only a little effort on the op-
timization, as usually the number of costly queries is small relative to the number of
all queries. Then, they display a plan for each query by using tools that come with
the database management system (usually called EXPLAIN or similar), and try to
figure out, why the plan is bad and how it can be improved. When they know, how
the query should be optimally processed, they create all needed structures like in-
dexes or materialized views and eventually give some hints to the query optimizer
to make it choose their plan. Of course, sometimes the administrator’s best plan is
not the optimal one, or the database query planner does not do what it is expected to,
so for complicated queries some trial and error method is used. However, less expe-
rienced admistrators tend to jump right to the trial-and-error phase, creating various
possibly useful structures and checking whether they improve the query execution
times or not.

The contributions of this paper are the following. First we describe a novel algo-
rithm for solving the ISP in the query plan space. Second, we provide a theoretical
proof of convergence of the method to the optimal solution and analyze its other
properties. Third we demonstrate the results of experiments showing that the algo-
rithm works correctly and achieves higher performance and better results than the
state-of-art commercial index advisor.

2 Related Work

There are many papers that refer to the problem of finding an optimal configura-
tion of indexes. The research on ISP has been conducted since mid seventies of the
previous century. In order to reduce the solution search space, already in [7] some
simple heuristics have been proposed. Several papers [2, 9, 14, 29] recognize ISP as
a variation of a well-known Knapsack Problem and propose some heuristic methods
to solve it. However, none of them uses a query plan optimizer to estimate gains of
the selected indexes nor to propose index candidates.

In [10] a method is described that suggests various index configurations, and uses
an R-system query plan optimizer to evaluate their gains. The candidate configura-
tions are generated by heuristic rules, based on the SQL queries in the workload,
so the whole solution is quite complex. The authors of the Index Tuning Wizard
for MS SQL Server [8] took a very similar approach, but they used simpler heuris-
tics for the index candidate selection. They start from the indexes on all indexable
columns used in each query, and later prune this set by choosing only the best index
configuration for each query.
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The idea of employing the query plan optimizer was further extended in [26]. In
this method, the query plan optimizer not only evaluates the gains of possible index
configurations, but also generates the best index configuration for each query. This
technique reduces the number of required calls to the query plan optimizer. Only
one call is required to get the best index configuration for a given query. The final
solution is evaluated by transforming the ISP problem to the Knapsack Problem and
applying a simple heuristic. Our solution is somehow based on this idea. However,
our optimizer does it for many queries in parallel, and it is not limited to selecting
locally optimal index configurations for one query.

In some approaches [4, 5, 6, 17, 18] the authors concentrate on the ISP problem
itself, independently of its database environment. These methods assume the gains
of indexes or their configurations as explicitly given, and treat queries and indexes as
set elements, without diving into their structure. Optimal solutions for such defined
synthetic problems involving several thousands of queries and candidate indexes
have been reported. However, none of these papers analyzes the problem of gener-
ating the candidate index configurations or evaluating their gains for a real-world
application.

Some local search heuristics have been applied to solving a variation of ISP
where the workload and data can change over time [24, 25]. Candidate indices are
proposed by the query optimizer as in [26]. Each candidate index is given a rank
based on the total performance gain it causes. The performance gain is estimated by
analyzing selectivity of the query predicates and by the query plan optimizer. Old
queries influence the total index gain less than the recent ones. Given a ranking of
indexes, the result index set is chosen by heuristics that solves a Knapsack Problem.

The algorithms from [8, 26] usually solve some variations of the Knapsack Prob-
lem by starting from an empty index set and adding candidate indexes to it, until the
space limit is exceeded. Another approach has been presented in [3]. Here, the opti-
mization process starts from the set of indexes and materialized views that generate
the highest total performance gain for the SELECT queries in the workload. Then,
the elements are removed from this set or merged together as long as the space con-
straint is violated. The method uses the query optimizer to evaluate the gains of the
candidate structures. Some heuristics for reducing the number of calls to the query
optimizer are discussed. These heuristics were further improved in [21] in such a
way that they do not incur query cost misestimations while requiring 1.3–4 times
less optimizer calls than the original method [3] thanks to reusing some parts of the
locally optimal plans. The improvement can be used by any ”what-if” ISP solver,
allowing it potentially to examine much more candidate index configurations, and
yielding better final results.

In the papers [4, 17, 20] the ISP problem is formulated as an Integer Linear
Programming problem. The authors use an exact algorithm based on branch-and-
bound with various kinds of constraint relaxation to solve it. Unlike the heuristic
approach, this class of methods is able to give an exact upper bound on how far
the actual solution is from the optimum. The performed experiments have shown
that these methods yield results with acceptable error for the ISP instances of prac-
tical size very quickly, though finding the exact optimum usually requires many
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hours of computation. However, the ILP approach requires additionally running a
preparatory step for a careful candidate index set selection, just as the previously
mentioned heuristics ([4, 5, 6, 17, 18, 24, 25, 26]). Feeding all the numerous pos-
sible index configurations to the ILP solver is impractical, as it could easily create
ILP instances having much too many variables and constraints to be solvable in a
reasonable amount of time [20]. On the other hand, pruning this set too much may
cause good solutions to be missed. The accurate candidate index selection itself
is a complex problem and some work has been done in the context of the OLAP
workloads [27], but to our best knowledge it remains open for the general case.

3 Formal Problem Definition

The database system processes a set of n tasks Q = {q1,q2, . . . ,qn}. Each task can
select, insert, update or delete data. For simplicity, whenever we use word query,
we also mean the tasks that modify data. By D we denote a set of all possible in-
dexes that can be created for a given database, whereas certain Dx, Dx ⊆ D, will
be called index configuration. Each query can be executed according to its query
execution plan. The query execution plan consists of instructions for the query ex-
ecutor, along with a list of indexes which are to be used while performing the query.
The formalism below describes this mechanism.

By PQ we denote a space of all possible query execution plans that can be gen-
erated for the queries from Q, assuming any index from D is available. As in our
optimization problem Q is well defined and does not change, in the sequel we sim-
ply write P. Let P(q) ⊆ P be a set of all possible query execution plans for the
query q, P(q) = {p1, p2, ..., pm} and P(q,Dx) be a set of plans valid for the Dx index
configuration.

Given a configuration Dx and a query q ∈ Q, the query planner generates a plan
according to the function π : Q× 2D → P. An ideal planner would optimize the
execution of q and provide the plan p∗q,Dx

= π(q,Dx), p∗q,Dx
∈ P(q,Dx), which mini-

mizes the execution cost of the query q. Each plan p has an associated execution cost
cost(p,Dx). Let us note that for a plan p there is a minimal subset of indexes Dl(p),
which are indispensable for this plan. Obviously Dx ⊇ Dl(p). The index mainte-
nance costs are included in the cost calculations, so the cost of a given plan may
depend on the other indexes, not used by the plan itself. The objective is to find such
a subset Dx of D that minimizes the total cost of the query executions:

min
Dx⊆D ∑

q∈Q
wqcost(p∗q,Dx) (1)

size(Dx)≤ smax (2)

where size(Dx) is the total size of the used indexes, smax is the size limit and wq is
a weight of query q in the input workload, usually related to the frequency of that
query.
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4 The Algorithm

For searching the space of index configurations we use a standard steady-state evo-
lution strategy with a constant population size, a constant mutation rate, and neither
elitist subpopulation, nor crossover.

Individual Representation and Fitness Function

According to the cost function (1), a naı̈ve approach would consist in directly seek-
ing for a subset Dx ⊆ D, such that the value of the total cost is minimal. However,
this would involve calling the query optimizer for every individual index config-
uration Dx possibly many times, which is a very costly operation. Actually, many
calls would be performed only to find out that the new index configuration does not
change the best plans, even though only a small subset of queries actually needs to
be reoptimized at every Dx change. Note, that the number of various possible index
configurations used by a single query grows exponentially with the number of query
predicates and joins. This problem was thoroughly discussed in [3].

In our approach, each individual in the population is a vector of query execu-
tion plans v = [v1,v2, . . . ,vn] where vi ∈ P(qi) for i = 1 . . .n. Each plan can use any
indexes from the set D. We minimize a function:

min
v

n

∑
i=1

[cost(vi,Dx)+g(Dx)], (3)

where g(Dx) is a penalty for exceeding the size limit smax:

g(Dx) = max{0,α[s(Dx)− smax]} (4)

The value of α can be set large enough to make exceeding the size limit non-
profitable. The set Dx is a function of the vector v:

Dx(v) =
n⋃

i=1

Dl(vi) (5)

Note that the set of possible v values is a superset of the set of all possible plan
configurations established during the optimization process of the cost function (1),
because v may contain locally suboptimal query plans.

The indexes used by v are also kept as a part of the representation of an individual.
Each index has an associated reference counter so that it is easy to tell, when the
index is not used any more and can be safely discarded.
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Evolution Process

Now we can describe in more detail the evolution process. The optimization is per-
formed as follows:

1. a population is initialized with a single plan vector containing optimal plans for
the existing set of indexes in the database;

2. in each iteration:

a. a random individual is selected with a probability determined by its fitness;
b. the reproduced individual is mutated;
c. the mutated individual is added to the population;
d. if the maximum size of the population is exceeded, a random individual is

removed from the population.

To reduce the overhead of copying large query execution plans and index meta-
data on each individual reproduction phase, the plans and indexes are lazily copied.
The actual copying is done only for small parts of the vector that is mutated.

Selection

For the selection phase we use a simple tournament selection. The selection pressure
can be adjusted by one parameter e∈R+ that influences the tournament size and the
probability of worse individual being selected over a better one. The exact procedure
is performed as follows:

1. Let e′ := e.
2. Select an individual v randomly with a uniform probability distribution.
3. While e′ > 0, repeat:

a. Select an individual v′ randomly with a uniform probability distribution.
b. If v′ is better than v, assign v := v′ with probability e′−de′−1e.
c. Assign e′ := e′−1.

4. Return v.

For e = 0 we get a uniform selection. For e = 0.5 we get a 2-way tournament, where
the best individual has 50% chances to win. For e = 1 we get a classical 2-way
tournament where the best individual always wins. The larger e, the larger is the
selection pressure.

Mutation

The basic mutation of an individual v consists of applying some small atomic trans-
formations to a randomly chosen subset of plans in v. Every transformation guaran-
tees that the transformed plan is semantically equivalent to the original one. If this
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cannot be satisfied, it fails and a transformation of another class is chosen. There is
a fixed number of atomic transformation classes.

• The join reordering transformation changes the execution order of two random
adjacent join operators. The transformation may fail for some coincidence of
joins of different types (inner, left outer, right outer, full).

• The join algorithm change transformation chooses a different algorithm for join-
ing two relations. So far, our experimental optimizer handles a few well known
join algorithms: a block nested loops join, an index nested loops join, sort merge
join and a hash join. None of these algorithms is the best one in all possible situ-
ations, so selecting a proper one is essential in creating a good plan. For the index
nested loops join, a new index may be introduced as well as some index intro-
duced earlier for another plan can be reused. The transformation cannot introduce
an index identical to any of the indexes used by the other plans.

• The table access change modifies leaves of the plan by choosing one of the
following relation access methods: full table scan, full index scan and range
index scan. This transformation may introduce new indexes, as well as, may
choose any index already used by some other plan, and eventually extend it with
more columns. The column set of the index is selected from the columns in the
query predicates, columns used in the GROUP BY or ORDER BY clauses, or all
columns used in the plan.

A mutation of the plan consists of at least one successful atomic transformation.
All the transformation classes are allotted with the same probability. The number
of successful single plan transformations kt performed per mutation is a random
number, generated with a probability distribution, such that numbers near 1 are the
most probable. This makes most of the mutations small and enables the algorithm to
perform hill climbing. However, it is essential that sometimes the mutation is large,
in order to avoid premature convergence to a locally optimal solution and to ensure
the whole search space is explored. This we achieve by using the positive part of a
Gaussian distribution:

K(σ) = b|N(0,σ2)|+1c (6)

The number of plans kp mutated in each individual in one iteration of the evolu-
tionary algorithm is calculated from the same distribution (6). The algorithm was
insensitive to the exact setting of σ .

The plans to be mutated can be selected in one of the following ways:

• The probabilities of selecting each of the plans are equal. We will call it uniform
selection.

• The probability of selecting a plan is proportional to its cost. We will call it
proportional selection. This type of selection makes mutating costly plans more
frequent than the cheap ones and greatly increases the convergence rate of the
algorithm. However, in some rare cases a very cheap plan may be indirectly re-
sponsible for a high total cost due to requirement of the index with a high mainte-
nance cost caused by frequent updates. In such cases, the uniform plan selection
may be better.
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• Uniform or proportional selection is chosen with probability of 0.5. We will call
it mixed selection. This seems to have advantages of both the uniform and pro-
portional selection. The costly plans are mutated much more often than the cheap
ones, while each of the cheap plans is guaranteed a mutation rate only 2 times
lower than it is for the uniform plan selection.

After completing the mutation phase, a cost of the new plan is estimated. Due
to the fact that mutations are often local, there is usually no point in recalculating
the costs of most of the nodes in the query plan tree. The transformation operators
mark only changed parts of the trees and all their ascendants to be recalculated. For
instance, changing the table access method in one of the leaves of the plan does
not cause changing the costs of other leaves. This partial plan caching technique is
somehow similar to that used in [21], but may be more aggressive due to the fact
that the result plan need not be optimal. For large plans, e.g., as the ones from the
TPC-H benchmark [28], the partial plan caching improves the performance of the
mutation step by 3 to 10 times. In the future, this technique can be improved to also
avoid recalculating the ascendants of the changed parts in most cases.

Replacement

When the population reaches a defined size, the mutated individual replaces a ran-
domly chosen individual from the population. The first version of the algorithm
made uniformly a choice of individuals to be replaced. However, this often led to re-
placing some very good individuals with bad ones, and the algorithm converged very
slowly. Therefore for the selection of individuals to kill, we use the same tournament
selection scheme as we use in the selection of individuals for mutating, though ”in
the opposite direction” – this time the worse individual has higher chances to be cho-
sen. Thus, the good individuals are very unlikely to be removed from the population
pool, but still the probability of removing them is slightly greater than zero.

Clustered Indexes

The basic method of plan transformations can advise only non-clustered indexes.
The transformations do not introduce new clustered indexes. It would be tempting
to allow them to do so, but this could result in a possibility of having more than
one clustered index on the same table, because the transformations are performed
independently of each other. It is possible to add additional checking code for each
mutation to avoid this, but we decided to make the process of introducing clustered
indexes as a separate mutation, so that its rate could be controlled separately.

We extend the mutation procedure with a possibility to mutate indexes directly
by means of changing the types of used indexes Dx, so that the restriction for at most
one clustered index per table always holds. The complete mutation procedure is as
follows:
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1. Generate a random number kt using the formula (6).
2. Repeat kt times:

a. with probability (1−µ) mutate a random plan in v;
b. with probability µ change a random index in Dx from non-clustered to clus-

tered or the other way around. If needed, change one index from clustered to
non-clustered, so that there is at most one clustered index per table. Recalcu-
late the costs of all plans that use the changed indexes.

The µ parameter is usually a small positive number. We used in our experiments µ =
0.05. The higher value of µ may cause extra overheads of the algorithm, because
the index type change requires calculating costs of many plans, so it significantly
increases the average computational cost of a single iteration. One index may be
used by several queries. Thus, modifying one index type requires more CPU cycles
than modifying a single plan. Besides, performing index mutations too often does
not decrease the total number of iterations that must be executed to achieve good
results.

Redundant Indexes Problem

In some cases the proposed algorithm does not converge to the good solution
quickly, and often it proposes overlapping, redundant indexes. Consider m semi-
identical queries in the workload in the sense they are querying one table and having
2 predicates A1 and A2 with the same selectivity. There may be two optimal two-
column indexes for each query, differing only with the order of columns in the index
key. Each index alone would reduce the cost of each query by the same amount. The
optimal solution should contain only one such index, assuming the considered in-
dexes are not useful for any other query in the workload. Unfortunately the random
nature of the algorithm makes it unlikely that the same optimal plan for all m queries
is chosen, especially if m is large. Probably approximately half of the plans would
use the index on (A1,A2) and the other half – the index on (A2,A1). Note that chang-
ing a single query plan to use one index over another does not change the fitness
of the solution, and the objective function forms a plateau here. Without a special
handling of this situation, the solution might contain both of the indexes and the
maintenance cost would be higher than actually required.

To this end we introduce yet another type of individual mutation that removes
a random index from the solution by transforming a set of plans that use it. The
removal of index usage is performed by the standard plan transformations: (1) the
join algorithm change to replace index nested loops joins, and (2) the table access
change to change the index used in the index scans. This time the transformations
are not random – they are given an exact tree node to operate on. If there exists
an alternative index in Dx, which gives similar benefits to the plans as the removed
index, it is used. There is no need to perform this kind of mutation as frequently as
the other types of mutations, due to the fact that redundant indexes are not created
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very often. We set the probability of triggering this type of mutation in each iteration
to 0.01, and it turns out to be sufficient.

5 Analysis

The presented algorithm resembles the evolution strategies(ES), as presented in [1].
It was proven that the ES algorithm with a mutation operator using Gaussian distri-
bution guarantees finding the optimum of a regular optimization problem. However,
the algorithm in [1] represents each solution as a vector of real numbers, but the do-
main of our problem is non-linear and each solution is represented by a vector of
trees. Thus, our optimization problem does not meet the requirements to be regular,
as stated in [1], and the convergence theorem cannot be applied.

Fortunately, the domain of our problem can be represented by a graph, where
each vertex represents a single query plan vector and edges connect solutions (states)
that can be directly transformed into each other by applying a single atomic trans-
formation (as described in Section 4). Each mutation step in our ES can be viewed
as a random walk on this graph. Due to the fact that the following holds:

• the probability of each transformation is stationary and greater than 0,
• the current solution depends only on the preceding solution and transformation

chosen,
• the graph is finite and connected,

the process forms a finite-state Markov chain [19]. Additionally, each transforma-
tion has a corresponding co-transformation that brings the individual back to its
original state. Thus, there are no absorbing or transient states in the system, and the
Markov chain is irreducible (but not necessarily ergodic). This guarantees that by
performing enough state transitions, each possible solution will be reached. Due to
the fact, that the number of transformations in each mutation step given by the equa-
tion (6) is unlimited, each possible solution can be reached in a single mutation step
of the ES, which guarantees finding the optimal solution after some (sufficiently
large) number of iterations. Note, that for this to hold, the atomic transformations
must be able to create any feasible solution. For instance, if the optimal solution
required scanning an index with 10 columns, and there was no transformation that
could introduce such 10-column index, the assumption that the solution graph is
connected would not be met and the method would fail to find the optimum plan.

The average and pessimistic time complexity to find the global optimum is ex-
ponential with respect to the number of joins, predicates and used columns in the
queries. Unless the complexity classes P = NP, this property is true for any ISP
solver claiming global convergence. However, as shown further in the Section 6,
the ES is capable of finding good solutions in a very short time even for large and
complex ISP instances.

The time complexity of each iteration of the presented ES is as follows:
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• the selection step requires selecting a constant number of random plans; if plans
are stored in an array with random access, the complexity of the selection step is
O(1);

• the reproduction step requires copying the plan vector and indexes; even though
it is lazily-copied, the complexity of this step is O(n + l), where l is the number
of indexes in the individual;

• the mutation step requires selecting some number of plans in the plan vector to be
mutated and then actually performing the mutations on them; the average number
of selected plans is constant; the complexity of each mutation is proportional to
the number of atomic transformations applied to the plan and to the complexity of
each transformation; the average number of atomic transformations is constant,
while the complexity of the transformation is proportional to the number of nodes
plus the number of predicates in the query plan tree; assuming the query plans
are of limited size, the complexity of the mutation step is O(1);

• the replacement (recombination) step is similar to the selection step and has the
complexity O(1).

The asymptotic complexity of the single ES iteration is O(n + l), which means the
algorithm will get slower the more queries in the workload are given and the more
indexes are selected. However, for the typical number of queries and plans, the re-
production step would be fast enough not to become a bottleneck, as making a copy
of an individual is a relatively simple operation. The most complex and computa-
tionally costly step is the mutation, requiring not only modifying some plans, but
also estimating the costs of changed plan tree nodes.

The memory requirements for the algorithm are quite low in comparison to the
algorithms that require the index configuration candidate selection step, as no nu-
merous candidates need to be remembered. Actually, the memory is used for storing
the population, i.e. the query plans and the selected indexes. Thus the required mem-
ory size is proportional to the number of queries in the input workload, final result
size, and the user defined maximal number of individuals in the population.

6 Implementation and Experiments

Our first attempt at implementing our algorithm was to modify an existing query
planner found in a widely used open-source RDBMS such as PostgreSQL or
MySQL, so that it could use our approach to select indexes. However, at this time
their planners lacked important features, like support for covering indexes or proper
query rewrite engine. These features are essential for achieving high performance
in complex analytical benchmarks. Even though these features could be added, still
a lot of further effort would be required to implement the query execution plan mu-
tation procedure in a foreign environment, probably by modifying large parts of the
existing code. Partial query execution plan caching, as proposed in this paper in
order to increase the performance of the index selection tool, would probably com-
plicate things even more. Thus, we have implemented our algorithm as a standalone
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tool, separated from any RDBMS index selection tool, possibly duplicating some
work already done in the existing query planners. To minimize the effort, we have
decided to reuse as much concepts and code from the PostgreSQL database system
as possible, including the formulas for cardinality and cost estimation, and directly
accessing metadata gathered by the PostgreSQL’s ANALYZE tool. PostgreSQL was
chosen because it seemed to provide the most advanced query planner among the
open-source solutions available. Moreover, we had access to its large and advanced
commercial applications.

In order to be able to perform experiments using synthetic benchmarks, we have
added missing support for index-only-scans, and improved the query rewrite engine,
as well as, the PostgreSQL query execution cost estimation model, so that now it
better matches the one of commercial database systems, in particular IBM DB/2.

The tool was entirely implemented in the Java programming language, with help
of the ANTLR [22] parser generator for creating the SQL parser, JDBC API to im-
port the PostgreSQL’s metadata and the SWING library to create an easy to use user
interface. The application with source code will be freely available for academic
research.

The experiments were divided into two groups. The first group of experiments
consisted in running the tool for a very small synthetic workloads and simple
database schemas, to check if the optimal index recommendations are found. The
results were compared with the results obtained from the DB/2 index advisor [26].
The second group of experiments consisted in running the tool for two different real-
world transactional workloads, as well as, a selected set of TPC-H queries. Below
we describe the results in more detail.

6.1 Simple Workloads

A single table table with 3 integer columns c1,c2,c3 and a workload consisting of
2 queries were sufficient to show the most interesting properties of the algorithm.
Every column in this test had the same width of 4 bytes, and evenly distributed
values in range [1,1000000]. There were 1 million rows in the table.

One of the tests was to check, how frequent updates of one column might affect
the index recommendations given by the algorithms tested. It consisted of two work-
loads. The first workload consisted of only one query qA with the weight wA = 1:

SELECT c1, c2 FROM table WHERE c1 < 1000 AND c2 < 2000;

The storage space limit was set enough high not to affect the result. The obvious
recommendation given both by our tool and the DB/2 advisor was a covering index
on (c1, c2). Adding an update statement qB with a very large weight wB = 10000:

UPDATE table SET c1 = <constant> WHERE c3 = 10;

changed the recommendations. Both index advisors recommended the index on the
column (c3), to accelerate qB. However, the DB/2 advisor did not provide any index
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to accelerate the query qA, while our tool recommended a clustered index on the
column c2. Such index is still much better than no index at all, and does not impose
the index maintenance cost that would be required for the index on (c1, c2) due to the
frequent updates qB. Note, that such recommendation for qA would be suboptimal
if qB did not exist in the workload or had a smaller weight. As the initial index
candidate sets generated by the methods [3, 8, 26] are based on the indexes picked
by the query planner for each of the queries separately, the recommendations given
by these algorithms cannot be optimal for the whole workload in this case. Actually,
the recommendation given by our tool is much better than the one of the DB/2
advisor, even according to the original query plan cost model, which is used by the
DB/2 query planner.

A similar behavior was observed in the case of a single Select statement, and
a certain storage size limit. Let us consider a query:

SELECT c1, c2 FROM table WHERE c1 = <constant>;

With a relaxed storage limit, both advisors recommended creating a covering in-
dex on (c1,c2), so that it can be used to quickly locate tuples matching the query
predicate. Then we set the storage limit slightly below the total size of the database
with the recommended index, and repeated the optimizing procedure. This time our
tool recommended a smaller, clustered index on the single column c1, while the
DB/2 advisor did not recommend any index. Obviously the fitness of both solutions
differed by a factor of more than 500, because the DB/2 recommendation forces
the query planner to choose a costly full table scan, which could have been easily
avoided.

Another test has shown the value of index merging technique, originally intro-
duced in [3], and used in our approach by the table access change transformation to
create new index candidates. Consider two queries:

SELECT avg(c1) FROM table;
SELECT avg(c2) FROM table;

Due to the fact that answering these queries requires reading every tuple of the table,
and assuming the database storage is row-based, the only possibility to accelerate the
execution of these queries is to create covering indexes, so that one avoids reading
not needed columns. Obviously, with no storage space limit 2 separate indexes, one
on the column c1, and the other one on c2 constitute the optimal solution. This
recommendation was given by the tested index advisors. However, if the storage
space limit was reduced, so that one of the recommended indexes did not fit, the
optimal solution would be an index on (c1,c2) or (c2,c1). This correct solution
was given by our tool, in contrast to the solution given by the DB/2 advisor. The
algorithm in [3] obviously should also find the optimal solution in this simple case.
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6.2 Complex Workloads

For the experiments, we used two real-world server side transactional applications:
a commercial multiplayer network game with 100,000 users and 0.7 GB of data in
108 tables (further referred to as MG) and a smaller mobile web application of one
of the Polish telecom operators, using 33 tables (further referred to as WA). MG
executed much more update statements than WA, which was mostly read-only (see
Tab. 1). The two applications already had some indexes created by experts. MG
was a mature application running in production for over 3 years, while WA was in
its beta stage, and has been optimized very roughly by the application designers
without looking at the workload. There existed indexes for primary keys and for
some most often executed queries. Each type of measurement that we performed,
was repeated 20 times, and the best, average, and the worst results were recorded.

Table 1 Characteristic of the workloads

Share [%]

Statement type MG WA

Single-table SELECT 66.95 78.73
Multi-table SELECT 18.93 16.14
Aggregate SELECT 2.84 3.30
INSERT 0.92 1.83
UPDATE 12.71 0.98
DELETE 0.49 2.31

The automatic index selector was used to select indexes for the copies of the
databases in two different situations:

• hot start: after leaving the database ”as is”, without dropping any indexes
• cold start: after dropping all the indexes

Each workload consisted of 50000 SQL queries recorded from the database sys-
tem log files. Because it took too long to estimate the cost of such a large workload

Fig. 3 Final workload cost
as a function of number of
iterations for MG database for
cold start
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and then to automatically select indexes, both workloads were compressed by a
method presented in [16]. The final numbers of queries after compression were 289
for MG, and 62 for WA.

The algorithm was insensitive to a wide range of settings such as the population
size and environment pressure. We have obtained good results for the populations
of the size 10, as well as 80. Also setting the environment pressure e between 1.0
and 2.0 did not significantly affect the quality of the results and the speed of conver-
gence. We present below the results for n = 20 and e = 1.5. The size limit smax was
set to 150% of the database size without indexes, but the limit was never reached
during the experiments. The size of the database with the materialized solution index
configuration never exceeded 130% of the original database size.

We have observed a very fast convergence of the estimated workload cost. For
the cold start, the first 500 iterations reduced the workload cost by over 80% for
MG (Fig. 3). In the next 5,000 iterations, the workload cost dropped by 10% of the
original workload cost, which was already very close to the cost obtained at the end
of the experiment, after 150,000 iterations. For the hot start, the initial workload cost
was much lower, so the performance improvement achieved by the index selection
was not as large as for the cold start (Fig. 4), but again most of the improvement
was achieved by the first few hundred iterations. For MG, our implementation did
about 450 iterations per second on average on a single core AMD Athlon 3700+
processor. The test program was executed by the Sun Java 6 virtual machine with

Fig. 4 Average convergence
curves for hot and cold start

Fig. 5 Influence of the plan
selection type on the average
convergence speed
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250 MB of heap space. It was possible to use a 64 MB heap, but the performance was
slightly lower – about 280 iterations per second. The compressed workload of WA
was smaller, and our index selection tool was able to run over 3100 iterations per
second. Moreover, it was possible to get ”good enough” index configurations in less
time than it took the optimizer to calculate the minimum cost of the whole workload
for the one, fixed index configuration, which involved generating an optimal plan
for each query in the workload.

We have also checked how the plan selection algorithm affects the performance
of the method. As a reference, we have implemented the uniform plan selection
algorithm. The proportional selection gave much better average results over the uni-
form selection (Fig. 5). When using the uniform selection, sometimes running even
100,000 iterations did not produce optimal results. The best recorded convergence
curve for the uniform selection was also much worse than that for the proportional
selection (Fig. 6). Therefore we conclude the proper plan selection is crucial to
achieving fast and stable convergence.

Additionally, to test if our approach is feasible also for analytical workloads, we
used 20 different queries from the standard TPC-H database benchmark [28] and
a sample TPC-H database generated with a factor of 0.1 (about 100 MB). For this
experiment, the database contained only the primary key indexes at the start. In
contrast to the workloads MG and WA, this test was performed both by the DB/2
advisor, and by our implementation of the presented ES algorithm. Obviously, due
to the fact that the ES implementation is based on the cost model of PostgreSQL,
it would be the best to compare it to a reference index advisor for PostgreSQL.
Unfortunately, there is no such index advisor for any recent PostgreSQL version
yet.

As for the MA and MG workloads, we measured the maximal, minimal and av-
erage convergence rate for 20 runs of our tool, 20000 iterations each (Fig. 7). The
solution converged slower than in the case of the transactional workloads, but good
results were obtained in less than 6000 iterations. The performance was about 1500
iterations per second, and it took about 10 seconds to give almost optimal solution.
This was similar to the times required for running the DB/2 advisor, which were
between 5 and 12 seconds. We predict the performance of our tool, measured as

Fig. 6 Influence of the plan
selection type on the maxi-
mum convergence speed
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a rate of executed iterations, can be much better, because no extensive code opti-
mizations has been made yet and a lot of possibilities of improvement has not been
tried. Due to the fact that (1) the query execution plans for the TPC-H workload
are often large and contain many joins, (2) the plan transformations are often local,
more aggresive caching of join cardinality and cost calculations can bring possibly
essential benefits. The convergence rate in this experiment was rather insensitive to
the exact settings of the parameters. In particular, the solution converged well for
the population size set to 10 or 100, and the environment pressure set to 0.5 or 1.8.

The TPC-H workload required much more space for indexes than MG and WA.
Without the storage space limit, the DB/2 advisor recommended indexes having a
total size of over 200 MB, while our tool — of about 250MB. Reducing the storage
size limit for the recommended indexes increased the final estimated costs of work-
load for both solutions (Fig. 8). The recommended index sets and their estimated
benefits were similar, but not exactly the same in both solutions. . The observed dif-
ferences were presumably caused by the query plan cost models that did not exactly
match. Materializing the indexes recommended by our tool for the storage size limit
of 40%, applied for the DB/2 database, improved the estimated workload cost by
over 55%, but obviously not as much as the original DB/2 recommendation. The
same situation was observed when applied the DB/2 recommendation to our cost
model — the value of the objective function was better for our solution than for the
DB/2 advisor’s one.

Fig. 7 Convergence curves
for the TPC-H workload

Fig. 8 Estimated costs of
TPC-H workload as a function
of the storage space limit
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7 Conclusions

We have presented a novel approach to solving the index selection problem. The
main idea of the presented algorithm was that instead of seeking the index space
we suggest to search the space of query execution plans. In order to avoid prelim-
inary pruning we have decided to apply an evolutionary strategy. The experiments
proved acceptable performance and good reliability of the developed algorithms for
real-world index selection problems for medium-size relational databases and also
feasibility of the approach for complex analytical workloads. We proved theoreti-
cally that the method converges to the global optimum. We also presented examples
where our algorithm actually gives better solutions than the solutions given by the
state-of-the-art heuristics which explore the index configuration space. The method
does not require any phase for preparatory candidate index selection. In addition it
shows very low sensitivity to parameter settings, therefore it can be especially useful
in the implementations of self-tuning, autonomic database systems.
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