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ABSTRACT and there is often no expert administrator who may configure the

Self-tuning is a cost-effective and elegant solution to the important sy_?tﬁm. b . h . d K i .
problem of configuring a database to the characteristics of the queryf ese ?( servataogso avecmot!vate o(l;r workon an on- 'Ee tuning
load. Existing techniques operate in an off-line fashion, by choos- Famewor , terme LT(. ontinuous On-Line Tuning), that sup-
ing a fixed configuration that is tailored to a subset of the query ports the automatic s_electlon of phys_lcal access structures_. CoLT
load. The generated configurations therefore ignore any temporal2ddresses the following problem: given a stream of queries and
patterns that may exist in the actual load submitted to the system. storage budget, i dynamically selects access structures tha_t fit
This demonstration introduces COLT (Continuous On-Line Tun- in the budget and improve the performance of query processing
ing), a novel self-tuning framework that continuously monitors the fc_’é thi current cfrrlare_lcterlstl_cs ofctgﬁTquery_ load. IIn °rd‘?r o p':O'
incoming queries and adjusts the system configuration in order to vide the mgst € ectlv_e tuning, . contl_nu_ousy monitors t. €
maximize query performance. The key idea behind COLT is to 9u€'y load in order to judge the benefit of existing and hypothetical
gather performance statistics at different levels of detail and to care- 3¢C€SS structures_,dang psrlodlca}lly adju?ts the set _Ic_>;_m§1terr]|alll(zed
fully allocate profiling resources to the most promising candidate structures to provide the best gain in pertormance. 1is 1S t. € key
configurations. Moreover, COLT uses effective heuristics to regu- dlfferen_ce between our wo_rk and the _ma10nty of rgcent_studles on
late its own performance, lowering its overhead when the system self-tuning [3’. 5 1, 2], which determlr!e the conflguratlon.of the
is well-tuned, and being more aggressive when the workload shifts qlatabase_ off-line and are thus susceptible to the shortcomings _out-
and it becomes necessary to re-tune the system. We present a Spél_ned earlier. There has been recent work on the problem of on-line
cialization of COLT to the important problem of selecting an effec- Ndex selection [8] that is similar in spirit to the proposed COLT
tive set of relational indices for the current query load. Our demon- framﬁwo(;k. fThel_noveIty_of %OLT I:jgs In Its zb'“ty tfo regulate tfheh
stration will use an implementation of our proposed framework in overnea Od on- Illne tun!ng epending g_n .t € lpebr orrréance 0 .t e
the PostgreSQL database system, showing the internal operation ofYSteM. and to allocate its resources judiciously based on a princi-

COLT and the adaptive selection of indices as we vary the query pled methodology. L .
load of the server. We illustrate the application of COLT on the practical problem of

self-tuning a relational database system [7, 6, 3]. To focus the pre-

sentation further, the access structures we consider are indices. We
1. INTRODUCTION want to stress, however, that the technique goes beyond relational

Consider a data server (e.g., a database or an XML repository)queries and indices; indeed, the present work has been originally

confronted with a heavy workload of queries. Typically, the phys- motivated by the on-line tuning for an XML system taking region
ical database schema is enriched with specific access structuresand keyword indices into account.
such as indices or materialized views, that can improve the per- The demonstration will highlight the benefits of the approach,
formance of query evaluation. The selection of such structures is using our implementation of COLT inside the PostgreSQL database
performed by a system administrator, based on her knowledge ofsystem. We will show how the system self-tunes to a given work-
the query load and perhaps with the help of tuning tools [4, 9], load and to shifts in workloads. We will interact with the server by
and it is in itself an optimization problem: given a limited storage €Xecuting queries both individually and in batches. Our interaction
space for physical structures, select the ones that are mostwdfecti  Will simulate various operating conditions, including (i) a query
for the expected query workload. When the workload is not stable, l0ad with stable characteristics, (i) a transition in the query load,
however, this off-line approach has serious shortcomings as the se-and (iii) a query load with “noise” in the form of random queries.
lection may soon become inappropriate; furthermore, the Internet The demonstration will visually display COLT’s adaptations to the
has allowed many data sets to be made available to large audiencesnvironment, such as the evolution of the index configuration and

the resources devoted to self-tuning.

2. COLT OVERVIEW

Permission to make digital or hard copies of all or part of thaknfor

personal or classroom use is granted without fee providatidbpies are Figure 1 depicts the high-level architecture of COLT. Its main
not made or distributed for profit or commercial advantage aatidbpies components are the Extended Query Optimizer that optimizes the
bear this notice and the full citation on the first page. Toyonfherwise, o jncoming flow of queries as well as profiles indices, and the Self-
republish, to pg/st on fservers or to redistribute to listyikes prior specific Tuning Module that selects the materialized indices. In this section,
permission and/or a fee. ) :

SIGMOD 2006,June 27—29, 2006, Chicago, lllinois, USA. we describe how these new modules operate and define how they

Copyright 2006 ACM 1-59593-256-9/06/000655.00. interact with the rest of the system.
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Figure 1: COLT Architecture.

2.1 The Extended Query Optimizer

We have replaced the query optimizer in the traditional query
pipeline with anExtended Query OptimizdEQO). The primary
responsibility of the EQO is the same as the standard optimizer: to
choose the optimal physical execution plan for a query. The EQO
extends the functionality of the optimizer with the ability peo-
file hypothetical and materialized indices. More concretely, given
a queryq and an index to be profiled, the EQO will return the
reduction in time to executg that would result from usind. We
term this reduction thgain of I with respect tog and denote it
asgain(/, q). We will often abstractly refer to thgain of an in-
dex as the performance improvement that the index can provide
for the current query load. The gain of an index, therefore, is al-
ways non-negative, and a zero gagaif(1, g) = 0) implies that/
cannot improve the running time gf In addition, the gain of an
index depends on the current set of materialized indices and henc
gain(I, ¢) can change depending on when it is evaluated.

The EQO computes index gains in a batch fashion as part of the
optimization of the current query. More precisely, the EQO first
chooses the optimal execution plan fpusing the current set of
materialized indices\. Let ¢y be the cost of this initial plan.
Subsequently, the EQO receives an optional Beatf indices to
profile. For each indeX € P, the EQO recomputes the optimal
execution plan fog as follows: (a) ifI is materialized, the EQO
generates the optimal plan that does notjsa (b) if I is ahypo-
theticalindex, the optimal plan is chosen assuming that avail-
able. We refer to these planswabat-if plang[4]. Let ¢; be the cost
of a what-if plan. With these measurements, the EQO calculates
gain(/, q) = [eamr — e

This batch-style profiling is important for reducing the cost of

2.2 The Self-Tuning Module

The purpose of th8elf-Tuning Modul¢STM) is to tune the sys-
tem by adjusting the set of materialized indices. In order to evaluate
the potential benefit of candidate indices, the STM sends profiling
requests to the EQO. The STM also interacts with the physical data
storage by sending commands to create or delete indices. Based on
this interface, the STM has two difficult tasks: (1) choosing can-
didate indices to profile, and (2) maintaining a set of materialized
indices that fit within the storage budget. In order to coordinate
these tasks, the STM partitions the incoming queries into regular
intervals, callecepochs In our implementation, an epoch consists
of 10 queries. During an epoch, the STM gathers statistics for the
query load and profiles the gains of candidate indices. At the end
of each epoch, the candidates are reexamined and changes may be
made to the materialized indices.

In order to be effective, the STM has to address several issues
that pertain to the selection of candidate indices, their efficient pro-
filing, and the choice of which structures are materialized. We now
outline the challenges involved and discuss the highlights of our
proposed approach.

Index Organization. As queries are submitted to the system, the
STM analyzes the workload and decides which candidate indices
are relevant. The (potentially many) candidate indices are parti-
tioned into three sets as follows. Theterialized seiM contains

the materialized indices that are managed by the STM Hbheet

‘H contains candidate indices that are relevant to the recent query
load and have shown strong evidence that they will significantly
improve performance. Theold setC contains candidate indices
that are relevant to the recent query load, but have only shown mild
evidence that they will improve performance.

Profiling Strategy. The distribution of indices into\, H, and
C is primarily guided by the estimated gains of candidate indices.
Since what-if plans are relatively expensive to compute, the STM
is allocated a profiling budget, which limits the number of what-if
plans that may be evaluated in each epoch. This budget can change
over time based on the stability in the query load. Profiling is also
constrained by the interface of the EQO, because what-if plans may
only be evaluated with respect to the current query that the system
is processing.

Given these restrictions, the STM has to select carefully which
indices to profile after each query is optimized. To address this

eissue, we adopt the following profiling methodology. For cold in-

dices, the STM evaluates their performance only with a crude met-
ric based on the selectivity of predicates in the query. For hot and
materialized indices, the STM uses what-if calls to the EQO in a
randomized fashion, with greater probability given to the indices
for which the gain is the most uncertain. More concretely, the STM
may be able to confidently guess the gain of an index with respect to
the current query if it has observed consistent gains with “similar”
queries in the past. In our implementation of COLT, two queries are
similar if they involve the same relations, and their selection pred-
icates only differ slightly in selectivity. The STM is more likely

to allocate what-if calls if there have not been similar queries in
the past with consistent gains, because a confident guess cannot be
made in this case.

Index Selection.As queries are submitted, the STM identifies can-

what-if planning, as the initial planning only needs to be performed didate indices that are relevant to selective predicates, and new can-
once for the whole set of profiled indices. To reduce the overhead didates are placed in the cold set. At the end of each epoch, the
further, our implementation of the what-if planner reuses interme- STM uses the estimated index gains to partition candidate indices
diate solutions from the initial planning stage. Of course, not all in- into M, H, andC. This redistribution is performed as follows. A
termediate solutions can be reused, so the optimizer must be carefutold index that has shown significant potential for the current query
to only reuse subsolutions that do not depend on the profiled index.



load (based on the crude metric mentioned above) maydrmoted division of candidate indices into the cold, hot, and materialized

to become a hot index. If profiling shows that a hot index has high sets. We also display the gain that the STM has evaluated for each

gain, the STM may select it for materialization by promoting the index. This will help visualize how the transitions of candidate in-

index to M and creating the index in physical storage. On the dices are made betweén*, and M.

other hand, the index may lose its relevance after being promoted.

In these cases, the STM may chooseémoteindices fromAM to In the interactive demonstration, we will use a simplistic setting to

M, or from’H to C. For each demotion from\, the corresponding  clearly illustrate the underlying techniques, the functionalities of

index is deleted from storage. Since a change in the materializedthe system, and its benefits. To conclude the demonstration, we

set can be costly, the STM chooses to promote an indéA toased will briefly present experimental results that demonstrate benefits

on its projected future gain as well as the cost of materialization.  provided by COLT in more realistic and complex settings. In par-

ticular, we will show that COLT provides a significant improve-

3. DEMONSTRATION ment in average query time when compared to a system that has
The purpose of our demonstration is to illustrate how the tech- been ponfigured with an optimal fixed set of indices using off-line

niques of COLT are used to tune the system. The demonstration istechnlques.

built on our implementation of COLT that we have integrated into

the PostgreSQL database system. In order to make the demonstraACknowledgments

tion clear, we use a simple, synthetic data set. We have two queryThjs work was supported in part by EC project Edos, by the Is-

loads, namedV: and W>, that contain queries with predictable  rae| Science Foundation, and by a research grant from Microsoft

characteristics. Many of the queries are chosen fi&imor >, Corporation.
but we also introduce “noise” queries that have characteristics that
differ significantly fromi¥; andWs. 4. REFERENCES
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The Surveillance Panel. The central visual component of our
demonstration is the surveillance panel. The internal operation of
the STM is shown in this component. Most importantly, the status
of candidate indices is displayed. The surveillance panel shows the



