SARD: A Statistical Approach for Ranking Database Tuning Parameters

Biplob K. Debnath, James Skarie, David J. Lilja, and Mohamdddkbel
University of Minnesota, Twin-Cities, USA.
E-mail: {debna004, skar0059, lilf@ece.umn.edu , mokbel@cs.umn.edu

Abstract sus DBA costs showed that personnel cost is the largest cat-
egory of the total cost, estimated at 47% of the total cost of

Traditionally, DBMSs are shipped with hundreds of con- Ownership [15]. Many DBAs spend nearly a quarter of their
figuration parameters. To address a broad class of applica- fime on tuning activities [29]. To reduce the total cost of
tions, such configuration parameters are set to default val- OWnership, DBAs can spend their time and effort in tuning
ues. Since the database performance highly depends on th@nly those configuration parameters which have the most
appropriate settings of the configuration parameters, DBAs impact on system performance.

Spend a lot of their time and effort to find the best parame— A Sound Statistical methodology for f|nd|ng the appropri_
ters values for tuning the performance of the application of ate values of configuration parameters is to perfosarasi-
interest. In many cases, they rely on their experiences andivity analysis The major problem of performing a sensitiv-
some rules of thumbs. However, as heuristics are used, timety analysis in a DBMS is the large number of configuration
may be wasted by tuning those parameters which may havgyarameters which can assume multiple values. For exam-
no or m_arglnal effects. Moreover, tuning effects_also vary ple, PostgreSQL has approximately 100 configuration pa-
depending on the expertise of the DBAs, but skilled DBASrameters and all parameters can assume at least two possible
are increasingly becoming rare and expensive to employ. Toyalues [2]. Even if each configuration parameter assumes
address these problems, we presentatistical Approach  only two values, we have to perfordi® experiments to
for Ranking Database parameters (SARD), which is based o a complete sensitivity analysis, which is not feasible in
on the Plackett & Burman statistical design methodology. terms of time and effort. To overcome this problem, in many
SARD takes the query workload and the number of configu-cases DBAs rely on their experiences and rules of thumb to
ration parameters as inputs, and using only a linear number gelect the appropriate configuration parameters for tuning
of experiments, generates a ranking of database parametergyonetheless, as heuristics are often used, time and effort
based' on their relative impaCtS on the DBMS performance. may be Wasted to enhance the performance by tuning those
Experimental results using TPC-H and PostgreSQL show parameters which may have no or marginal effects on over-
that SARD generated ranking can correctly identify critica 3| performance. Misdirected tuning efforts increase the t
configuration parameters. tal cost of ownership [11, 14, 16, 17]. A ranking of the pa-
rameters based on their impact on system performance will
. greatly help DBAs to prioritize their tuning tasks. To the
1 Introduction best of our knowledge, there is no study which statistically
rovides a ranking of the configuration parameters based on

Businesses are increasingly building larger databases t heir impact on DBMS performance.

cope with the rapid current growth of data. Consistent per-
formance of the underlying database system is a key to suc- In this work, using adesign of experimentbased
cess of a business. Typical database management systefLACKETT & BURMAN (P&B) methodology [28], we
(DBMS) has hundreds of configuration parameters and thepresent a Statistical Approach for Ranking Database con-
appropriate setting of these parameters play a critical rol figuration parameters (SARD). SARD can be used to dis-
in performance. DBMSs are shipped with default values card unimportant tuning parameters which have marginal
for all configuration parameters targeting a wide range of or no impact on DBMS performance. In particular, SARD
applications. Database administrators (DBAs) are expgecte addresses the following problenGiven a DBMS, a set

to tune the performance of these generic DBMSs to the ap-of configuration parameters, a range of values for all pa-
plication of their interest. The success of tuning dependsrameters, and a query workload; find a relative ranking of
on many factors including the query workload, relational the parameters based on their impact on performanke.
schemas, as well as the expertise of the DBAs [29]. How- workload can be a set of benchmark queries, for example,
ever, skilled DBAs are becoming increasingly rare and ex- TPC queries, or can be a set of data manipulation language
pensive [22]. A recent study on information technology ver- (DML) statements collected over a fixed amount of time us-



ing profiling tools. Our objective is to find a solution which 2 Related Work
is feasible in terms of time and effort.

The main idea of SARD is to conduct a set of experi-
ments such that these experiments will provide an approx-
imate sampling of the entire search space. In each exper ) ;
iment, parameter values are varied systematically over aparametersSARD falls into both the second and third cat-
specified range of acceptable values. Subsequent analyse%gor'e_s' i ) )
of the collected experimental data are used to estimate the _Tuning the Physical Design: Major database vendors
effects of configuration parameters on system performanceffer tools for automating database physical design. For
To estimate the effects of all input parameters and all of €x@mple, Oracle 10g provides tools for selection of in-
their interactions, we can usefall factorial designsuch ~ dexes, materialized views, for identifying the root causes
as ANOVA, in which the system response is measured for Of performance bottlenecks, and for estimating the bene-
all possible input combinations [23]. Howeverudl facto- fit of eliminating a performance bottleneck [1, 12_—14]. Mi-
rial designrequires an exponential number of experiments. €rosoft SQL Server provides tools that allow for integrated
To solve this problem, SARD uses the P&Bo-level fac- selectlon of indexes, indexed views, ar_ud horizontal pgru-
torial designmethodology based on the following assump- tions [4-10]. IBM's DB2 recommends indexes, material-
tions: 1) stimulating the system with monotonically non- ized views, shared nothing partitions, and multidimenaion
decreasing parameters at their extreme values will provokeclustering of tables [18,21,22,24, 32, 33, 36].
the greatest response for each parameter; and 2) only sin- ldentifying Performance Bottlenecks: Rule-based de-
gle and two-factor parameters interactions are need to becision trees are used to identify the potential sources if pe
considered. Adopting P&B design method helps us to re- formance bottleneck [25]. A decision tree is formed based
duce the required number of experiments from exponentialon a set of rules for finding the bottlenecks. ADDM uses a
to linear. common performance metric ‘database time’ [14]. ADDM

SARD is a generic methodology which can also be ap- Posses a holistic view of the database, identifies root cause
plied to the non-database systems. Here, we demonstrat€f the performance bottlenecks, and estimates the benefits
that SARD is able to find performance bottleneck parame- of eliminating performance bottlenecks. However, ADDM
ters using the PostgreSQL [2] DBMS and the TPC-H bench- ignores system configuration parameters settingdegign
mark [3]. Our contributions in this paper are the following: ©of experimentbased approach is used to evaluate the sta-

tistical significance of configurable parameters, the ater

¢ A methodology for ranking configuration parameters tion effects between each parameter, web function types,

All configuration parameters are ranked based on their and to rank key configurable system parameters that signifi-
relative impacts on DBMS performance for each query cantly impact overall system performance for E-Commerce
of the workload. Individual ranking of the parameters systems [30, 31]. The drawback is that this an ad-hoc ap-
for all queries will be combined to estimate the final proach, lacking sound statistical methodology. Also, ¢her
ranking of all configuration parameters for the entire is no upper bound on numbers of experiments needed to
workload. collect necessary data for determining rank.

Selecting Configuration Parameters:IBM DB2 UDB
provides a wizard for automatically selecting the initial
values for the configuration parameters [20]. Configura-
tion choices are made by modeling each database config-
uration setting as a mathematical expression consisting of
user specification of the database environments, automat-
ically sensed system characteristics, and expert heasisti
Nonetheless, this feature suffers from the following prob-
lems: as the user specified inputs can have very differ-
ent characteristics than the built-in workload models, the

The remainder of the paper is organized as follows: Sec-recommended values can be inaccurate; due to the use of
tion 2 describes the related work on DBMS performance heuristics, there is no statistical evidence that theseegal
tuning; Section 3 describes our experimental methodologyare correct; and no ranking is provided. In this work, we
and a brief overview of the statistical P&B design; Sec- Will address all these problems. As our conclusions are
tion 4 describes some guidelines for using P&B design for based on the real workloads, the first problem will not occur
database systems and how to apply itin a DBMS for ranking at all. The third problem is solved using a sound statistical
the configuration parameters based on their impact on themethodology, which will indirectly take care of the second
system; Section 5 describes the experimental setup; Secproblem.
tion 6 explains our results; finally Section 7 concludes the = SARD uses P&B design for estimating the impact of a
discussion. configuration parameter on DBMS performance for a par-

Recent research on database tuning can be classified into
three broad categories: tuning thleysical designidentify-
ing performance bottleneckandtuning the configuration

e A methodology for classifying queriesll queries of
a workload are divided into two groups based on their
performance sensitivity to the configuration parame-
ters.

e Providing experimental evidencaJsing TPC-H read
only queries and PostgreSQL DBMS, we experimen-
tally demonstrate that our methodology can effectively
rank performance bottleneck parameters.



ticular workload. The P&B design has been used in vari- NN -

ous applications, such as improving the simulation method- G2 7 7 20 0 N 0 N 1 e
ology of micro architecture research [35]; identifying the S O 7 2 S S 5 0

. . . +1 -1 -1 +1 +1 +1 -1 37 41 10.3
most significant processor parameters, selecting a subset S S 0 N 0 1
of benchmarks, analyzing the effect of an enhancement on 0 S 1 igf
processor performance [35]; characterizing and comparing ——— e T T s
existing computer archl_tecture_5|_rnulapon te_chmquc_as}; [34 G2 N 20 N 2 L 0
to systematically stressing statistical simulation byatrey EEA I 7 %
different performance bottlenecks [19]; and identifyihg t G N N 2 0 -
performance critical buses of a micro architecture [27]. To O e I 3 0 )

the best of our knowledge, SARD is the first to apply the sta-
istical design of experiments based P&B design approach Table 1. First seven columns gives the P&B design matrix

to study a DBMS. forN=4,5, 6, and 7. Last three columns contain the execu-

3 Design of Experiments Based Methodology tion time Q1, Q2, and Q3 used in the illustration example.
) ) ) Upper eight rows contain base matrix, and lower eight rows
SARD is adesign of experimentsased approach. The are needed ifoldoveris used.

major goal of thedesign of experimentis to gather the
maximum information about a system with minimum ef-
fort [23]. Experiments are conducted based on a given spec-
ification to collect information about system performance. Table 1. Each row of the matrix corresponds to one experi-
The subsequent analysis of resulting experimental data igment. Each cell in the matrix corresponds to the value used
used to identify the important factors (parameters0, aad th for a parameter in an experiment. Entry in the matrix is
presence of interactions between the factors. Givepa- either “+1” or “-1". “+1” corresponds to a value slightly
rameters, in total there af@” — 1) effects to be estimated.  higher than the normal range of values for that parameter
The simplest design strategy is to s#l factorial design and “-1" corresponds to a value slightly lower than the nor-
for example ANOVA, in which system response is mea- mal range of that parameter. “+1” and “-1” values are not
sured for all possible input combinations [23]. However, it restricted to only numeric values. For example, for buffer
requires exponential number of experiments on number ofpage replacement algorithm, the “-1” value can be “RAN-
parameters. Clearly, for DBMS which typically has many DOM” and “+1” value can be “CLOCK”. Experiments are
parameters, this is not a feasible approach at all. For exam-conducted by setting up the values according to the design
ple, PostgreSQL has approximatdl§0 configuration pa-  maitrix, and responses are recorded. The net effect of each
rameters. If each parameter takes only two valuefsilla  parameter is estimated by multiplying the response value
factorial desigrwill requires to conduc2'®® experiments. with the corresponding “+1” or “-1” for each row and sum-
To reduce the number of experiments, SARD makes aming the values across all rows. The absolute value of net
few assumptions. First assumption, for each parametereffec'[ is used to determine the relative importance of that
SARD considers only 2 values: minimum and maximum. parameter.
The intuition behind this is that stimulating the systemhwit .
inputs at their extreme values will provo?(e theymaximum 4 P&B Design for DBMS
range of output responses for each input. A second related SARD uses P&B design to estimate the effects of config-
assumption is that the provoked response, such as the totalration parameters on DBMS performance. It has three ma-
execution time, is a monotonic function of the input param- jor steps: 1) for each query, estimation of the effects oheac
eter values. We provide some guidelines in Section 4.4 of configuration parameter for each query; 2) ranking parame-
dealing with the case where this assumption is not valid. ters based on relative magnitude of effects; and 3) combin-
Third assumption is based @parsity of effects principle  ing the rankings of all individual queries to determine the
system response is largely dominated by a few main fac-final ranking of the parameters for entire workload. Sec-
tors and low-order interactions; the effect of higher order tions 4.1, 4.2, and 4.3 discuss the these three steps in de-
interactions on response is not statistically significasta tail, respectively. Section 4.4 discusses some guidebhes
consequence, we can safely ignore the effects of higher or-applying P&B design in DBMS.
der interactions. Based on these assumptions, SARD uses 2 1 Effect Estimation
two-level factorialdesign named Plackett & Burman (P&B) ™
design [28], which requires only linear number of experi- At first, aP&B design matrixs constructed, which gives
ments compared to the exponential number of experimentsthe specification of values used for each parameter in each
required byfull-factorial design. experiment. The dimension of design matrix depends on
For each experiment of the P&B design, the value of number of configuration parameter, The design ma-
each parameter is given by prescritggsign matrix An trix has X rows andX — 1 columns, whereX is the next
example of a design matrix is given by first seven columns multiple of 4 greater thanV. For example, ifN = 5,



thenX = & if N = 8 thenX = 12. In the de- T o I i o o
sign of optimal multifactorial experiments work, Plackett s
and Burman recommended the optimal starting setting for

X =8,12,16,...,96,100 [28]. Based on their recommen-

dations, the first row of th€&B design matrixs selected Table 2. The P&B effects for Q1, Q2, and Q3.

from [28], for the corresponding value df. Rest of the

(X — 1) rows of theP&B design matrixare constructed by L ) e e )

right cyclic shifting of the immediate preceding row. All M . e hno.

entries of theX-th row of the P&B design matrix are set to

-1’s. Table 3. The P&B normalized effects with respect to the

An improvement that increase the accuracy of the base  maximum effect for Q1 and Q2.
P&B design is the P&B design witfoldover[26]. How-
ever, iffoldoveris used, there will beX extra rows in the
baseP&B design matrix These additional rows are con-
structed by reversing the sign of the entries of fopows. Q1 is calculated by multiplying the entries in the second
(X + ¢)-th row is formed by reversing the sign 6th row. column with the entries in eighth column and summing
If N < (X — 1), means that number of columns in the across all 16 rows; The net effect dffor Q2 is calculated
P&B design matrix is more than the number of configura- by multiplying the entries in the first column with entries in
tion parameters. In this case, the additiomél- N —1) last the ninth column and summing across all 16 rows, and so
columns of the P&B matrix are considered as dummies, areon. The effects of all seven parameters for Q1, Q2, and Q3
simply ignored. For each query of the workloadh exper- are shown in Table 2. The last column in Table 2 gives the
iment is conducted by setting the parameters values of thestandard deviation of net effects of the parameters for Q1,
configuration parameters according to thth row of the Q2, and Q3 are 136.4, 123.3, and 0.44, respectively. As the
P&B design matrix, and execution time is recorded. The standard deviation of Q3 is very small, it will not be affette
effect of the each configuration parameter is calculated byby configuration parameters tuning.
multiplying the corresponding “+1” or “-1" of that param-
eter in thei-th row of the P&B matrix with the recorded
guery execution time, and summing up the products across Once the effects of all configuration parameters and the
all rows of the design matrix. sensitivity of a query is determined, the next step is to rank

SARD can also determine the sensitivity of a query to parameters. If it is insensitive to parameter changes, the
parameter tuning. For each query, SARD calculates theranking can safely be ignored; the performance of an in-
standard deviatiorof the net effects for the all configura- sensitive query is unaffected by parameter values changes.
tion parameters. If standard deviation of the effects iy ver Ranking can be done in various ways. Here we discuss two
low, that means the query performance will not be affected possible alternatives. A relative comparison between them
by the change in configuration parameter settings. is discussed in Section 6.

For illustration, consider that seven configuration param-  Sorting Effects: The effects of the parameters are sorted
etersA, B,C, D, E, F, G need to be ranked. The workload in descending order of their magnitude. Rank is assigned in
consists of only three queries: Q1, Q2, and Q3. The first the sorted order. Using the data from Table 2 for Q1 the
seven columns in Table 1 corresponds to the design matrixranking of the parameters A, B, C, D, E, F, and G will be
for seven parameters and the last three columns correspond, 5, 3, 1, 7, 6, and 2 respectively. Similarly, for Q2 the
to the execution times of the query Q1, Q2, and Q3 for eachcorresponding rankings are 5, 2, 7, 3, 6, 1, and 4. All the
experiment. ASV = 7, the value ofX will be 8, asthe next  ranks form arank vector The problem with this simple
multiple of four greater than four is eight. For the base case approach is that if some effects are very close to each other,
we need to conduct eight experimentsfdidoveris used, institutively it means the corresponds parameters effaets
we need to conduct 16 experiments. In this paper, we as-all the same. But the sorting method assigned them different
sume thafoldoveris used. The first row of thB&B design ranking order. For example, there are 4 parameters P, Q,
matrixin Table 1, is copied from [28] according the value of R, and S and their effects are 1500, 50.6, 51.4, and 3000,
X = 8. For Q1, 16 experiments are conducted and execu-respectively. The ranking due to sorting method will be 2, 4,
tion is recorded, as shown in the eighth column of Table 1. 3, and 1. But the effects of Q and R are very close. Since the
The net effect of the first parametdrfor Q1 is calculated  effects are similar they should be assigned the same rank.
by multiplying the entries in the first column with entries in Rounding Normalized Effects: To overcome the prob-
the eighth column and summing up across all 16 rows. Forlem of the simple sorting method, effects are normalized

4.2 Parameter Ranking for a Query

Q1, the net effect of the parameter A is estimated as: with respect to the maximum effect, rounded to the first dec-
Effecta = (+1%34)+(—1%19)+... 4+ (—1x51)+ imal point, and sorted in descending order. All the parame-
(+1%76) = — 109. ters with the same normalized effect are assigned the same

Similarly, the net effect of the second paramekefor rank. For example, in the previous example the normalized



e TF TS having one large execution time dominating the effect of
e the entire workload. Ranks are summed across all queries,
— Normalzedo maxeffect_— averaged and sortgd in descending order. Th_e most impor-

0 0 A A tant parameters will have the lowest cumulative rank. For

example, in Table 2, for the entire workload, the rankings of
the parameters A, B, C, D, E, F, and G the averaged summa-
Table 4. Ranking of the configuration parameters for Q1 tion of ranks are 4.5, 3.5, 5, 2, 6.5, 3.5, and 3, respectively
and Q2. Q3 is not included as it not sensitive to tuning. Final ranking vector i< 5,3,5,1,7,3,2 >. This method

can suffer from the problem of having a small difference in
the magnitude of the effect in individual queries; will have

T e s T E T F a large impact on overall workload ranking.
S S N AN NN Average Normalized Effect: By simply averaging the

o AemgeRak sum of the effects, implies that the all queries have equal
: a5 | 35 | 5 2 | 65| 35| 3 importance. But differences in execution time imply dif-
Final Rank 5 3 5 1 7 3 2 .

e ferent importance of each query for the workload. To take

S B N N N <1 this condition in account, we can normalize the effects with
FinalRank_| 6 sudidea:mstan; LA B respect to the total sum of effects for each query. The aver-

AT B[ C[ D[ E] F[ © age of summation of normalized effects across queries can
FrRE |3 5 s T be sorted in descending order to determine final ranking of

workload. For example, for the normalized effects in Ta-
_ _ _ ble 3, if one considers the ranking of query using averaging
Table 5. Overall ranking of the configuration parameters ranking, the average ranking of parameters A, B, C, D, E,
for the workload{Q1, Q2, Q3. In rank calculaiton, Q31is £ and G will be 0.9, 1.3, 0.9, 1.8, 0.3, 1.1, and 1.5, respec-
ignored as it is found to be not sensitive to tuning. ti\'/ely Final rankinglwill be<6 3 6 1 7 1 2 N '
Euclidean Distance: If a parameter is the most im-
portant for a query, the ranking of the corresponding pa-
effects of P, Q, R, and S are 0.5, 0.0, 0.0, and 1. According'@meter will be ranked one for that query. If there are

to the rounding method the ranks are 2, 4, 4, and 1. Accord-dueries, a parameter is the most important for all the
ing to this method, the ranking vectors for Q1 and Q2 in dueries the rank vector of that parameter across the queries

Table 3 are< 4,5,3,1,7,7,3 > and< 5,2,7,3,6,1,4 >. willbe < 14,,2g,,...,1q,,_,,1q, >. We define it asdeal
Table 5 summarizes the ranks of the configuration pa- Unit vector Now for each parameter, we can form a vec-
rameters, calculated using the two alternative describedt©r Of rank< rankq,,ranky,, ..., rank,,, ., rank,, >
above, for the query Q1 and Q2. acrossm queries and calculate the Euclidean distance with
i respect of thedeal unit vector Rank is assigned increas-
4.3 Parameter Ranking for the Workload ing order of Euclidean distance. A potential pitfall of this

After determining the ranking of the parameters for each method is that one poor ranking will mask the large impact
individual query, next step is to estimate the ranking of pa- upon the ranking. One of the potential solutions is to flip
rameters for the entire workload. The queries which are in- theideal unit vectoras < mg,, mg, , ..., mq,, ,,Mq,, >,
sensitive to parameter tuning, are not included in workload treat rankm being the most sensitive parameter. For the Q1
ranking calculation. In this section, we will discuss sever and Q2, the ideal unit vector will bec 7,7,...,7,7 >.
alternatives for determining ranking for the workload. A The new rank (highest value is most sensitive) from the
relative comparison among the alternatives is discussed irold rank (lowest rank is most sensitive) is calculated using
Section 6. (m+1— Rankeq). The Euclidean distance for the param-

Average Effect: Average the P&B effects of the param- eter A using the new ranking ig/(4 — 7)2 + (3 — 7)2 = 5.
eters across all queries, and rank them in the descendingimilarly, the Euclidean distance of parameters B, C, D, E,
order. For the Q1 and Q2 in Table 2 using this approach,F, and G with respect to unit vector are 4.1, 6.1, 2, 7.1,
the total sum of the effects of parameters A, B, C, D, E, 5.3, and 3.2, respectively. Final ranking for the workload
F, and G are found to be 85, 120, 88, 168, 30, 105, andis < 3,5,6,1,7,3,2 >.

143, respectively. The final ranking for the workload is  Table 5 summarizes the overall ranking of the configura-

< 6,3,5,1,7,4,2 >. If a query has longer execution time, tion parameters, calculated using the four different mésho

the effects of the parameters for that query are also largedescribed above, for the illustration workload .

compared to a query which has relatively smaller execution

time. So the topmost effects of the longest running query ) )

can dominate the effects of other queries, and distort the?-4 Discussion

ranking. To apply SARD, a common dilemma is whether it is bet-
Average Rank: This method removes the problem of ter to use a too large range or a too small range. The prob-




CPU Two Intel XEON 2.0GHz w/ HT
Memory 4 X512MB DDR DIMM
HDD Hitachi Ultrastar, 73.5 G, 10,000 RPM|

Table 6. Machine Description

lem of using a too large range is that it will artificially inféa

the effect of that parameter. The problem with using a too

small range is that the parameter will appear to have no net
effect. In general, using a too large range is better than tha
of a too small range. The intuition behind this is that at

Parameter

High
Value

Low
Value

effectivecachesize (pages)

81920

8192

maintenancavork_-mem (pages)

8192

1024

sharedbuffers (pages)

16384

1024

tempbuffers (pages)

8192

1024

work-mem (KB)

8192

1024

randompagecost
(Relative to single sequential page cost

2.0

5.0

cputuple.cost
(Relative to single sequential page cost

cpuindextuple.cost
(Relative to single sequential page cost

0.001

0.003

cpuoperatorcost
(Relative to single sequential page cosf

0.0025

0.0075

Checkpoinitimeout (seconds)

1800

60

deadlocktimeout (milliseconds)

60000

100

max.connections

100

fsync

true

false

geqo

true

false

statsstartcollector

false

true

least in the former case, the parameter will appear to have
an effect.

Again, it does not matter whether “+1” value causes low-
est performance or “-1” value causes highest performance.
Because each parameter is set to ‘+1‘ and “-1” for half of
the configurations, and the final effect is calculated by tak-
ing the absolute value.

As SARD considers two extreme values of a parameter
to estimate the net effect of that parameter on DBMS per-
formance, problem arises when the performance (e.g. ex
ecution time) is not a monotonic function of a parameter
value. For example, in PostgreSQL, with the increase of
the size ofshar ed buf f er s the performance increases
till a certain value ofshar ed buf f er s, once threshold
is exceeded, with the increasediar ed buffers size
the performance decreases. To solve this problem, using in
tuitions, DBAs split the original range of the parameteoint
subranges where it acts as monotonic and then treat each
these subranges as a separate parameter.

Table 7. PostgreSQL configuration parameters and their
P&B values used.

the parameters are not relevant. We have considered only
those parameters which seem to be relevant to read only
queries. We have also deliberately selected parameters
checkpoi nt _ti neout andf sync which do not have

any effect on read only queries. Intuitively the relative im
pact of this type of parameters should be low or zero for
read only queries. Including them, will help us to validate
our methodology. The high and low P&B values for the
parameters used in this demonstration are given in Table 7.
The values are selected according to the recommendations
dpade in PosgreSQL documentation [2]. For demonstration,
we choose the high and low values for each parameter in a
range such that it will act as monotonic.

5 Experimental Setup

In this section, we will give an overview of the DBMS ) ) ) ) )
parameters, workload, and the machine setup used for col- [N this section, first we will demonstrate that ranking
lecting experimental data. The description of the machine varies depending on query workload. Next, we will show

used for conducting experiments is given in Table 6. that SARD can correctly identify performance critical con-
figuration parameters. Finally, we will classify TPC-H
5.1 Benchmark Used

queries into two groups based on their sensitivity to con-

For demonstration, we have used TPC-H benchmark [3]. figuration parameter tuning.
TPC-H (_jatabage is populated by data gengratipn programg 1 \workload Ranking
dbgen with scaling factor(SF) of one (data size is 1GB).
TPC-H consists of 22 read only and two update queries. We To demonstrate ranking is not static, rather varies and de-
have considered only read only queries. Queries are genfends on query workload, we rank the configuration param-
erated byggen program supplied with TPC-H benchmark. eters for two workloads consisting ¢Q1, Q8, Q9, Q13,
For collecting data, queries are modified by adding EX- Q16} and{Q2, Q3, Q6, Q7, Q2L Table 8 and Table 10
PLAIN ANALYZE. Queries are executed one at a time. Show the estimated P&B effects and ranking of the con-
We form two workloads{Q1, Q8, Q9, Q13, Q1and{Q2, figuration parameters for the queries of workload one and
Q3, Q6, Q7, Q21, to show that ranking varies with work- ~ two, respectively. Ranking is calculated using bsdtinting
load characteristics changes. The workloads are formedmethodology andounding the normalized effestethodol-
randomly. Finally, we will find a ranking for the entire TPC-  0gy. We will referrounding the normalized effentethod-
H benchmark read only queries. ology asroundingmethodology in the rest of the discussion.
Compared to thesorting methodology, therounding
methodology clusters the parameters which have the sim-
For demonstration, we have used the PostgreSql8.2ilar P&B effects. Although effects can be different in mag-
DBMS PostgreSQL has approximatel$0 configuration nitude from each other, but compared to the maximum ef-
parameters [2]. As our queries are read only, many of fect, they may have marginal or no impact on system perfor-

6 Results

5.2 Parameters Considered



Parameter ‘ P&B Effects

Ranking by Sorting

Ranking by Rounding Normalized Effect

Checkpointtimeout 63139 8910 602068 4130 1590 9 14 5 7 10 15 15 5 15 15
cpuindextuple.cost 10651 42106 149179 2460 1697 13 9 12 12 8 15 12 13 15 15
cpuoperatorcost 81071 46111 349389 480 1714 5 7 8 15 7 15 12 11 15 15
cputuplecost 58019 74791 48262 5808 1836 11 5 15 4 5 15 6 15 15 15
deadlocktimeout 11923 64500 54715 5214 1546 12 6 14 5 11 15 6 15 15 15
effectivecachesize 75846 11954 304263 238544 979 6 13 10 1 15 15 15 11 1 15
fsync 59809 4534 274194 3424 1329 10 15 11 10 12 15 15 11 15 15
geqo 3858 82480 529011 853 1679 15 3 7 14 9 15 6 7 15 15
maintenancavork.-mem 75774 127031 780976 1351 1048 7 2 2 13 14 15 2 3 15 15
max.connections 97626 77876 628112 3678 1792 4 4 4 8 6 15 6 5 15 15
randompagecost 8693 43699 1694532 3447 2145 14 8 1 9 3 15 12 1 15 15
sharedbuffers 162386 34787 770430 132957 5997 2 10 3 2 2 15 12 3 2 2
statsstartcollector 71420 25181 328104 4278 2122 8 12 9 6 4 15 12 11 15 15
tempbuffers 101473 31217 571133 2713 1238 3 11 [3 11 13 15 12 7 15 15
work-mem 5523703 359544 142035 24839 63760 1 1 13 3 1 1 1 13 3 1

Table 8. P&B effects of the configuration parameters for the queries of wodktwee.

[Rank T Average Rank | Averaging Effect

| _Average Normalized Effect |

Euclidean Distance

l

1 work_-mem work_-mem work-mem work-mem

2 sharedbuffers randompagecost effective.cachesize sharedbuffers

3 maintenancavork-mem sharedbuffers sharedbuffers maintenancavork-mem
4 max.connections maintenancavork_mem randompagecost effective.cachesize
5 effectivecachesize max.connections maintenancavork-mem randompagecost
6 geqo tempbuffers max.connections max.connections
7 randompagecost Checkpointtimeout geqo geqo

8 Checkpointtimeout effectivecachesize tempbuffers Checkpointtimeout
9 tempbuffers geqo Checkpointtimeout cputuple.cost
10 cputuple.cost cpuoperatorcost cpuoperatorcost deadlocktimeout
11 deadlocktimeout statsstartcollector statsstartcollector tempbuffers

12 cpu.operatorcost fsync cputuplecost cpuoperatorcost
13 tcollector cpuindextuplecost deadlocktimeout statsstartcollector
14 cpuwindextuple.cost cputuple.cost cpuindextuple.cost fsync

15 fsync deadlocktimeout fsync cpuindextuplecost

Table 9. The final ranking of the configuration parameters for workload one.

mance.Roundingmethodology gives us more fine-grained

tion 4.3. Although different alternatives give differeank-

knowledge of the importance of the parameters for tuning ing, the most important parameters are consistent acress th

an individual query. For example, in Table 8, for Gbyt-
ing methodology gives 15 different rankings for the con-
figuration parameters. In contrasbunding methodology
gives us the information that onlyor k_nemis important

for tuning Q1, other parameters have a very small impact

compared to the topmost parameter.

If we consider rounding methodology, the results
from Table 8 indicates that for Qlwor k_mem is
the most important parameter; for Q&8pr k_mem and
mai nt enance_wor k_nemare the most important param-
eters; for Q9r andompage_cost, shared_buffers,
mai nt enance_wor k_nem are the most important
parameters; for Q13, effective_cache_size,
shar ed_buf f ers are most important parameters; and
for Q16,wor k_nmemandshar ed_buf f er s are important
parameterswor k_memis ranked first in Q1, Q8, and Q9.
mai nt enance_wor k_nem is ranked second and third
respectively for Q8 and Q9shar ed_buf f er is ranked

different methods. It is also interesting to note that olvera
ranking of the configuration parameters for the workload,
are different from their rankings for the individual quexie
of the workload.

Consideringrounding methodology, the results in Ta-
ble 8, gives an indication thawor k_nem is the most
important configuration to optimize, as it is ranked
first for three out of five queries of workload one.
shar ed_buf f er s also looks very promising for tuning
as it is also ranked second for three out of five queries.
For all alternativesywor k_nemandshar ed_nmemare al-
ways in the among three topmost important parameters.
randompage_cost and effective_cachesize
are also appear to be important for all the alternatives in Ta
ble 9 except alternative one and two, respectively. With the
exception of the strategy two, the ranking closely matches
with each othermai nt enance_wor k_memalso appears
in the topmost five parameters in all alternatives in Table 9.

third, second, and second respectively in Q9, Q13, andFrom the results, it appears that all the alternatives give c

Q16. ef fecti ve_cache_si ze is ranked one in Q3. If

sistent overall ranking.

we assume that all queries have same importance in the Another interesting observation is thétsync and

workload, intuitively it appears thator k_memis the most

checkpoi nt _ti meout never appear most important for

important configuration to optimize, as it appears as rankedthe individual queries as well as the entire query work-

first for three queries out of five, for the workload one.
shar ed_buf f er s also looks very promising for tuning.

load. As the queries we considered here are read only, in-
tuitively these two parameters should have marginal impact

The results in Table 9 estimate the overall ranking of the to improve the performance of the overall query workload.
all configuration parameters for workload one. Ranks are Experimental results match with intuition. The low rank-

calculated using four different alternatives describe8iea-

ing of these two parameters validates that SARD is work-



Parameter

P&B Effects

Ranking by Sorting

Ranking by Rounding Normalized Effect

Checkpointtimeout 28711 11325 0.105 2269 207883 12 15 NA 3 9 2 15 NA 2 1
deadlocktimeout 5582 16801 0.125 1968 100185 15 13 NA 4 13 15 15 NA 15 6
cpu.operatorcost 130508 57606 0.076 158 15003 3 2 NA 14 15 15 7 NA 15 6

tcollector 28909 22561 0.071 1200 179365 11 10 NA 8 10 15 15 NA 15 6
cputuple.cost 48172 31252 0.037 718 398057 7 7 NA 13 6 1 7 NA 15 6
effective.cachesize 6874535 43373 0.034 1326 627016 1 5 NA 6 3 15 15 NA 15 6
fsync 13556 20707 0.053 1027 31385 13 11 NA 10 14 15 1 NA 1 11
geqo 30488 56499 0.118 1247 141108 10 3 NA 7 11 15 15 NA 15 11
maintenancavork-mem 74429 26012 0.084 135 413680 5 8 NA 15 5 15 3 NA 15 11
tempbuffers 42060 45193 0.064 987 240543 9 4 NA 11 8 15 15 NA 15 11
sharedbuffers 2459527 25049 0.031 36200 2632182 2 9 NA 2 1 15 7 NA 15 11
randompagecost 46948 17519 0.114 855 490531 8 12 NA 12 4 15 15 NA 15 15
max.connections 68939 34326 0.103 1163 117188 6 6 NA 9 12 15 7 NA 15 15
cpuindextuple.cost 103431 11380 0.057 1555 657371 4 14 NA 5 2 15 3 NA 15 15
work-mem 13295 183039 0.017 79932 310306 14 1 NA 1 7 15 15 NA 15 15

Table 10. P&B effects of the configuration parameters for the queries of wodkioa.

[Rank T

Average Rank

[

Averaging Effect

| _Average Normalized Effect |

Euclidean Distance

l

1 sharedbuffers effective.cachesize work-mem sharedbuffers

2 work-mem sharedbuffers sharedbuffers work-mem

3 effectivecachesize cpuindextuplecost effectivecachesize effectivecachesize

4 cputuple.cost work-mem geqo geqo

5 geqo randompagecost tempbuffers cputuple.cost

6 tempbuffers maintenancavork_-mem cpuindextuple.cost cpuoperatorcost

7 cpuoperatorcost cputuple.cost cpuoperatorcost cpuindextuplecost
8 maintenancavork-mem tempbuffers cputuple.cost maintenancavork_-mem

randompagecost

Checkpointtimeout

maintenancavork.-mem

randompagecost

cpuindextuple-cost

statsstartcollector

randompagecost

tempbuffers

max.connections

geqo

max.connections

max.connections

Checkpointtimeout

max.connections

statsstartcollector

Checkpointtimeout

tcollector

statsstartcollector

cpu.operatorcost

Checkpointtimeout

deadlocktimeout

deadlocktimeout

deadlocktimeout

deadlocktimeout

fsync

fsync

fsync

fsync

Table 11. The ranking of the configuration parameters for workload two.

ing correctly. Although for the individual queries some- e e A
timesf sync andcheckpoi nt _ti meout appears rela- Sharedues w5 |5 we
tively high, but ranking byoundingmethodology indicates LA e o L
that these parameters have very small impact. _maxcomections | a0 | defaul

Table 10 gives the ranking configuration parameters for
the individual queries of workload two. There is an interest
ing result to notice; the ranking for Query Q6 does appear
as not applicable (N/A). Considering the net effects of all
parameters, it is clear that the differences among thetsffec
for Q6 are very small, they are virtually all equivalent. Due
to this for Q6, ranking of the configuration parameters will
be misleading. It is insensitive to parameters tuning nagki
does not make any real sense to improve performance.

Table 11 gives the overall ranking of the configuration
parameters for the workload two using different alterresiv
described in Section 4.3. As Q6 is insensitive to paramete
tuning, it is excluded when the results in Table 11 are cal-
culated. From the results in Table 9 and Table 11, it is clear
that the ranking of configuration parameters vary with the
guery workload.

Table 12. Default PostgreSQL values and tuned val-
ues for seven configuration parameters used for tuning the
query workload one.

rameters we do not get any performance improvement. On
the other hand, if we tune first three values, according to
Figure 1 overall performance of the query workload one im-
(proves by 42% and individually query performance of Q1,
Q8, Q9, Q13, and Q16 improves by 62%, 12%, 38%, 7%,
and 23%, respectively. This clearly shows that SARD’s es-
timated ranking gives correct order of configuration param-
eter according to their impact on system performance.
) ] Again, to show the robustness of SARD, we also esti-
6.2 Ranking Effectiveness mate the ranking by adding a new query and changing rel-
To demonstrate that ranking gives correct order of the ative weights of the queries in the workload one consisting
configuration parameters based on their relative impact onof {Q1, Q8, Q9, Q13, Q16
the DBMS performance, we find the tuned values for first ~ Adding New Query :Query Q15 and Q19 are added
seven important parameters of workload one usngr- to workload one. We find that Q15 is insensitive to
aged effecmethodology. The default values and tuned val- parameter tuning. So overall ranking for the workload
ues are given in Table 12. We find that the tuned values ofone remains unchanged. For Q19 the four topmost im-
the last four parameters are same as default values shippegortant configuration parameters arkar ed_buf f ers,
with PostgreSQL. As a result, if we tune only last four pa- ef f ecti ve_cache_si ze, cpu_oper at or _cost, and
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Figure 1. Workload one improvement due to tuning com-
pared to the default settings.

Tuning
Sensitive

Query
Q1,Q2,Q3, Q5,Q7,Q8, Q9, Q11, Q13|
Q16, Q17, Q18, Q19, Q20, Q21, Q22
Q4, Q6, 010, Q17, Q14, Q15

Insensitive

Table 13. Classification of the TPC-H queries.

cpu_t upl e_cost , in order. We find that even after adding
Q19, the ranking remains unchanged. This is not un-
usual, aswor k_mem is ranked one in three queries out
of six on workload one, so intuitive it should be ranked
one for the overall workload. It is interesting to note that
the ranking of the parametecpu_oper at or _cost and
cpu_t upl e_cost is low in the overall ranking of the
workload. In order to improve Q19's performance these two

fine them agjueries insensitive to tuning@ur experiments
results shows that out of 22 read only queries of the TPC-
H benchmark, query Q4, Q6, Q10, Q12, Q14, and Q15 are
insensitive to parameter tuning. The execution time does
not vary at all for these insensitive queries. As execution
time is almost same across all P&B experiments, the net
effects of configuration parameters for these queries are vi
tually equivalent. Our experimental results show thatehes
gueries are not completely insensitive to parameter tyning
but the relative performance gain from parameter tuning is
very less compared to the queries which are sensitive to tun-
ing. Table 13 gives the classification of the TPC-H queries
based on the sensitivity to the parameter tuning.

We also estimate the overall ranking of all configura-
tion parameters for the workload consisting of the read only
queries of the TPC-H benchmark, ignoring the tuning in-
sensitive queries. The rankings are given in Table 14.

7 Conclusion

SARD provides a methodology for ranking the configu-
ration parameters based on their relative impact on DBMS
performance. SARD is a generic methodology and can be
applied to the non-database systems as well. Our exper-
imental results indicate that the ranking of configuration
parameters are highly dependent upon the query workload.
As a result, using generic rules of thumb for tuning DBMS
based on generic workloads may waste DBAs time and ef-
fort. A ranking based on statistical data will be a great aid
for the DBASs to direct the tuning efforts. SARD can greatly
serve this purpose. Experimental results also show that
SARD can identify critical configuration parameters, and
tuning top ranked parameters can greatly enhance DBMS
performance. From our experiences in this work, we have
come to the following two conclusiongirst, when tuning

parameters need to be tuned. Our results support this claimindividual queries, DBAs can use the ranking by rounding
We find that using the tuned value of Table 12, Q19's per- Normalized effects method. Second, since the ranking of pa-

formance improved by 3%, but overall performance of the rameters for individual queries and the entire workload are
new workload improved by 40% compared to the default different, DBAs must examine both to have a better idea of

setting values.

Changing Relative Weight: So far we assume
that all queries are equally important. We assign new
weight of 0.4, 0.2, 0.2, 0.1, and 0.1, respectively to
Q1l, Q8, Q9, Q13, and Q16. The ranking is as-
signed by the relative importance of the queries. We
find that ranking using newweighted sum of effects
swapped ranking betweerheckpoi nt _ti neout and
ef fecti ve_cache_si ze, cpu_oper at or cost and
cpu_i ndex_t upl e_.cost compared to the earlier rank-
ing usingsum of effectsAfter tuning, we find that the over-
all performance of workload one improved by 48% com-

pared to the default setting, and 14.29% compared to the

unweighted tuned queries performance.
6.3 Classification of the TPC-H Queries

There are queries for which performance does not im-
prove at all with the configuration parameter tuning. We de-

what parameters are important to consider for improving
DBMS performance.
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