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Abstract

Few database query optumizer models have been vahdated agamnst
actual performance This paper presents the methodology and
results of a thorough vahdation of the optimizer and evaluation of
the performance of the experimental distributed relational database
management system R*, which inhented and extended to a distrib-
uted environment the optimization algonthms of System R Opti-
mizer estimated costs and actual R* resources consumed were
written to database tables using new SQL commands, permitting
automated control from SQL application programs of test data
collection and reduction A number of tests were run over a wide
vaniety of dynamucally-created test databases, SQL quenes, and
system parameters The results for single-table access, sorting, and
local 2-table joins are reported here The tests confirmed the
accuracy of the majority of the 1/O cost model, the sigmficant
contnbution of CPU cost to total cost, and the need to model
CPU cost in more detail than was done in System R The R*
optimizer now retamns cost components separately and estimates
the number of CPU nstructions, including those for applying dif-
ferent kinds of predicates The sensttivity of 1/O cost to buffer
space motivated the development of more detailled models of buffer
utihization unclustered index scans and nested-loop joins often
benefit from pages remaimng in the buffers, whereas concurrent
scans of the data pages and the index pages for multiple tables
during jomns compete for buffer share Without an index on the
join column of the inner table, the optumizer correctly avoids the
nested-loop jom, confirming the need for merge-scan jons When
the jomn column of the inner 1s indexed, the optimizer overestimates
the cost of the nested-loop jomn, whose actual performance 1s very
sensitive to three parameters that are extremely difficult to estimate
(1) the join (result) cardinality, (2) the outer table’s cardinality,
and (3) the number of buffer pages available to store the mner
table Suggestions are given for improved database statistics, pre-
fetch and page replacement strategies for the buffer manager, and
the use of temporary indexes and Bloom filters (hashed semujoins)
to reduce access of unneeded data
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1. Introduction

One of the most appealing properties of relational data bases 1s
therr nonprocedural user mnterface Users specify only what data
1s desired, leaving the system optimizer to choose how to access
that data The built-in decision capabilities of the optimizer there-
fore play a central role regarding system performance Automated
selection of optimal access plans 1s a rather difficult task, because
even for simple quenies there are many alternatives and factors
affecung the performance of each of them

Optimizers model system performance for some subset of these
alternatives, taking into consideration a subset of the relevant fac-
tors As with any other mathematical model, these simplifications
— made for modehng and computational efficiency — introduce
the potential for errors Few of the optimizer models proposed
over the last decade [APER 83, BERN 81, CHU 82, EPST 78,
HEVN 79, KERS 82, ONUE 83, PALE 74, WONG 76, YAO 79,
YU 83] have been validated by companson with actual performance
The only known vahdations, for INGRES [EPST 80, STON 80,
STON 82] and System R [ASTR 801, have been quite mted in
scope Carey and Lu have recently compared distributed join
techniques empirically in some detail [CARE 85] There are many
important questions that a thorough valhdation should answer

Under what circumstances (regions of the parameter space) does
the optimizer not choose the best plan, or, worse, a particularly
bad plan?

To which parameters is the actual performance most sensitive?
Are these parameters being modeled accurately by the optimizer?
What 1s the impact of vanations from the optimizer’s simphfying
assumptions?

Is 1t possible to simplify the optimizer’s model (by using heunstics,
for example) to speed up optiumization?

What are the best database statistics to support optimization?

Performance questions related to optimization include

o Are there possible improvements in the inplementation of access
paths?

» Are there alternative access mechanisms that are not implemented
but look promising?

The goal of our study was to investigate the performance and to
thoroughly validate the optumzer of a working experimental database
system, R* [LOHM 85], which mhented and extended to a dis-
tributed environment [SELI 80, DANI 82] the optimization algo-
nthms of System R [SELI 79] However, this paper considers
only local quenies, whose optimization and execution 1s almost
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identical to that of System R, a compamion paper addresses dis-
tributed quenies [MACK 86] For brevity, we assume that the
reader has an introductory famihanty with System R [CHAM 811
and R* [LOHM 85] We first examined local optimization in
great detail because 1t 1s the basts for the more comphcated problem
of distributed optimization, the evaluation of which 1s still underway
We have only mvestigated queries that consist of a single query
block (SELECT FROM WHERE sequence), subquenies (in
which the WHERE predicate may contain a query block) [LOHM
84] may be addressed by a future study

The next section discusses how R* was mstrumented to collect
optimizer estimates and actual performance data, and to reduce
this data, in an automated way Section 3 presents some prerequisite
measurements of the system and measurement overhead The
results for single-table access and sorts are given in Section 4, and
for jomns 1n Sectron 5 Section 6 contains our conclusions

2. Instrumentation

Optimization m R* seeks to mummze a cost function that 1s a
lhinear combination of four components CPU, 1/0, and two message
costs that are not relevant to this study and were always zero
number of messages and number of bytes transmitted 1/0 cost 1s
measured 1n terms of number of actual transfers to or from disk,
not buffer looks To permut more detarled modeling, CPU cost in
R* 1s m terms of number of imnstructions, whereas System R esti-
mated the number of calls to its record-level storage system (Re-
lational Storage System or RSS) and converted 1t to 1/Os

SysR__cost (in I/Os) = (#_1/0s)+1/3*(#__RSS__calls)

R*__cost (in msec) = Wcpy * (#__mstrs) + Wy * (#_1/0s)
+Wysg * (#__msgs) + Wyt * (#__bytes)

Unlike System R, R* maintains the four cost components separately,
as well as the total cost as a weighted sum of the components
[LOHM 85], enabling validation of each of the components inde-
pendently By assigming (at database generation time) appropriate
weights for a given hardware configuration, different optimization
criteria can be met Two of the most common are time (delay)
and money cost [SELI 801

R* mherited from System R some 40 internal counters of sigmficant
events (including number of buffer page reads and wrtes, and
number of actual disk reads and writes), as well as some interactive
tracing and debugging tools that enable a user to stop a process
at a given address and examine and/or alter the values of system
vanables (including the counters) These tools mught have been
used without change to overnide the optimizer’s choice of plan,
and/or to examine the 1/O counters before and after a query was
executed However, an earher performance study for System R
[ASTR 80] demonstrated that the large amount of manual mnter-
action to use these facilities severely himted the number of test
cases that could be exammned Since we wanted to measure per-
formance under a wide varety of circumstances, we added instru-
mentation that would automate measurements completely mn the
following way

1 Store all optinuzer estimates and performance data m database
tables, permitting this data to be structured, subsetted, and
ordered in different ways using the full power and flexibility
of the SQL query language To achieve independence between
multiple users, these tables are not catalog tables but user-owned
tables They are created by the system on behalf of the user
when needed the first time (presuming he has the appropnate
authorty), and they are treated as any other table owned by
that user

2 Add to the SQL language user-invoked statements for test control
and performance monitoring, whose output is written to the tables
described in (1) above These statements permut tests to be
both controlled and measured automatically from pre-compiled
apphication programs

3 Develop apphcation programs for (a) testing queries and (b) an~
alyzing the data collected by step (a)

Details of the last two items are discussed below

2.1. SQL-level tools

We immplemented n R* three new SQL statements — described
below — that enable a user’s apphcation program to control per-
formance tests and to write automatically mto database tables data
on the estimated and actual cost of that test The first two state-
ments are generally available to any R* user, whereas the last
statement was hmited to a special version of R* for testng In
fact, the EXPLAIN statement we implemented in R* 1s similar to
the EXPLAIN statement m the SQL/DS product {RDT 84, SQL
84], with extensions for the distributed environment of R* All
three statements are operational in a distributed environment, but,
since this paper focuses on local queries only, we will describe their
local functionality only

1 EXPLAIN

Onginally invented for use in automated data base design
[SCHK 79, FINK 82], the EXPLAIN command writes to
user tables information about the access plan chosen by the
optimizer for a given SQL statement, and its estimated cost
The syntax of the EXPLAIN statement and the tables mto
which 1t mserts tuples are omitted due to space constraints,
but are descnbed m [RDT 84, SQL 84] The R* EXPLAIN
can be executed from an applhication program as well as mnter-
actively, a requirement for automated testing of many different
types of quernies

2 COLLECT COUNTERS

This new SQL statement, designed specifically for this study,
causes mternal R* counters to be written to user-owned tables,
tagged with a timestamp, the mvoking apphcation program
name, and an optional user-supplhed sequence number The
user does not specfy in the COLLECT COUNTERS statement
which counters to collect the system automatically collects a
subset of the mternal R* counters that might be useful to any
user as well as our study Dunng our tests, only one test
program was active at a time, so system-wide counters (such
as disk I/0s) were equivalent to user-specific counters Exe-
cution of this instruction creates in the user’s private DBSPACE
the table <usend> COUNTER__TABLE, if 1t does not already
exist, and inserts one tuple per counter The optional sequence
number enables the user to group all such tuples by an integer
identifying the COLLECT COUNTERS statement that gener-
ated them The columns of COUNTER__TABLE are defined

as follows

TIME A human-readable timestamp mea-
sured to hundredths of a second

APPLNAME The apphcation program name that
mnvoked COLLECT COUNTERS

SEQUENCE The optional, user-assigned sequence
number, for relating each tuple to 1ts
source COLLECT COUNTERS
statement

DBID The database identifier of the R*

system from which counters were col-
lected (for distnbuted use only)



COMPONENT The R* mnternal component (cur-
rently, RSS* or DC*) which maintains
the counter

The name of the counter, e g "SORT
CALLS", "RSS CALLS", "DATA
PAGES READ", "DATA PAGES
WRITTEN", "SENT MESSAGES",
"SENT BYTES", etc

The value of that counter (a mono-
tone non-decreasing integer)

COUNTER__NAME

COUNTER__VALUE

The net R* resources that are consumed executing any sequence
of SQL statements can thus be calculated by subtracting the
values of the counters COLLECTed before that sequence from
those COLLECTed afterward, less the cost of measurement
(2 COLLECT COUNTERS statements) The net elapsed time
for the sequence 1s calculated by a similar subtraction of the
TIME columns

Since there 1s no R* counter for the number of mstructions
executed by R*, nor any such operating system counters, we
had to use an mstruction trace tool based on the CP trace
faciity mn the Virtual Machine (VM) operating system, to
measure actual CPU costs

3 FORCE OPTIMIZER

In order to measure the performance of plans that the optimizer
thought were suboptimal, we had to be able to overrule the
optimizer’s choice of plan This was done with the FORCE
OPTIMIZER statement, which was implemented 1n a special
test version of R* only The user specifies the deswred plan
number, a umque positive integer assigned by the optimizer to
each candidate plan, by first using the EXPLAIN statement
discussed above to discover the number of the deswed plan
The FORCE OPTIMIZER statement chooses the plan for the
next SQL data mampulation (optimizable) statement only To
ensure the complete generation of all candidate plans, the
special test version of R* also had to be changed to overnde
the routine pruning by the optimizer of dominated plans [SELI
79, LOHM 851, and to allocate space for storing more can-
didate plans

2.2. Application Programs

To study the system performance and vahdate the optimzer under
a wide varnety of conditions, we developed two kinds of apphcation
programs that totally automated the test process The first kind
collected estimated and actual costs for a number of different
queries under some particular test parameters (e g, column distri-
butions) for a number of different test cases (e g, table sizes,
existing indexes), using the SQL tools described above An outline
of this kind of application program 1s given in Figure 1 Estimated
costs for each candidate plan mn each query are mserted into
COST__TABLE by the EXPLAIN statement, actual costs are in-
serted mto the ACTCOST table, and the values of parameters for
the set of tests are recorded in the SITUATION table All buffer
pages are flushed for each execution by reading a large, unrelated
table from another DBSPACE, to ensure that no pages from a
previous execution remain m the buffer

Once we had gathered the performance and monitor data, we
reduced 1t to result tables using additional application programs
that vaned depending upon the topic of mterest SQL SELECT
statements were used to extract parameter data from the SITUA-
TION table, esumated cost data from COST__ TABLE, and actual
cost data from the ACTCOST table The resulting tables were
then either printed or plotted using an R* interface to the Graphical
Data Display Manager (GDDM) graphics product [GDDM 84]
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Figure 1 Outline of application program for automated testing.

/* create various-sized outer & inner tables, w/ & w/o indexes */
FOR ALL combinations of table size(s)
Generate & insert tuples randomly (according to assumed distn )
FOR ALL combinations of indices on table(s)

CREATE/DROP INDEX({es)
UPDATE STATISTICS FOR TABLE(s)
INSERT INTO SITUATION VALUES (Sitn#, test parameters),

/* try different queries for the same table configuration */
FOR ALL queries Q
FOR ALL candidate plans P for query Q

FORCE OPTIMIZER TO PLN# P, /* to do EXPLAIN */
EXPLAIN PLAN, COST FOR query Q

Flush all buffer pages
FORCE OPTIMIZER TO PLN# P, /* to do execution */
COLLECT COUNTERS Sequence# = 1,

Execute query Q to be tested (OPEN cursor and do FETCHes)
COLLECT COUNTERS Sequence# = 2,

FOR ALL counters C
SELECT COUNTER_VALUE INTO BEFORE FROM COUNTER_TABLE
WHERE COUNTER_NAME = C AND SEQUENCE = 1,
SELECT COUNTER_VALUE INTO AFTER FROM COUNTER_TABLE
WHERE COUNTER_NAME = C AND SEQUENCE = 2,

/* X¢ = Column in ACTCOST for C = net C resources */

Xc = AFTER - BEFORE ~ cost of measuring
INSERT INTO ACTCOST VALUES (Sitn#, Q, P, X¢ values),
DELETE FROM COUNTER_TABLE, /* delete all counter tuples */

2.3. Conduct of Experiments

Using the above tools, a more automated and systematic analysis
of different vanations of parameters was possible than the previous
validation study of System R [ASTR 80] The test database could
be (and was) dynamically generated to conform with given values
of the parameters, whereas Astrahan et al varied only the quenes
to a fixed database of two tables (one of 145 pages and one of
only 2 pages) Component-wise validation mmminuzed the importance
of choosing appropriate component weights for the cost function,
and excluded the possibility of mussing two modeling errors mn
separate components because they might offset each other in the
total cost Finally, plots of our measurements readily revealed
trends that otherwise might have been lost in the myniad observations
n tabular form

All measurements were run at mght on a totally unloaded IBM
4381 to preclude any imnterference from other users Hence R*
total cost (resources consumed) n terms of time could be measured
as response time, 1gnonng any overlap of processing and disk I/0
R* was mtiahzed to provide 40 pages of buffer pool, which were
all available to that test user The value of each column in each
tuple mserted in a table was drawn randomly from a uniform
distnbution, as assumed by the optumizer, except when we were
explicitly investigating the impact of dropping that assumption (see
section 4 2 below)

Each test was run several times to ensure reproduceability of the
results, and to reduce the vanance of the average response time
However, the reader 1s cautioned that these measurements are
highly dependent upon numerous factors peculiar to our test envi-
ronment, including hardware and software configuration, database
design, etc We made no attempt to "tune" these factors to ad-
vantage For example, each test table was assigned to a separate
DBSPACE, which tends to favor DBSPACE scans The absence
of other users competing for system resources probably yielded
overly-optinustic results On the other hand, m more realistic en-
vironments, our test programs mught actually run faster if they
referenced pages that had been recently referenced by another user
and hence remaned m the buffer



What follows 1s a sample of our results illustrating major trends
for local quenes only, space considerations preclude showing all
combinations of all parameters that we examned or any results for
distributed queries For example, for joins we tested a matnx of
table sizes for the inner and outer tables ranging from 100 to 6000
tuples (3 times the buffer size), varying the jomn-column domain
size (500, 3000, or 10000 possible values), and projection factor
on the jomed tables (50% or 100% of both tables) Although
these tests confirmed the accuracy of the overwhelming majority
of the optumizer’s predictions, we will concentrate here on those
aspects of the R* optumizer that were changed or exhibited anom-
alous behavior

3. General Measurements

Several measurements pertainung to the optimezer as a whole were
prerequisite to more specific studies These are discussed briefly
below

3.1. Cost of Measurements

The COLLECT COUNTERS statement, the means by which we
measured performance, itself consumes system resources that are
reflected 1n the R* internal counters Hence the first measurement
we made was to determune the resources consumed by two execu-
tions of the COLLECT COUNTERS statement This was accom-
phished by simply running two COLLECT COUNTERS statements
with no SQL statements between them This test was run several
tumes to get a good average value One has to be very careful
here unless the statements between the two COLLECT COUN-
TERS fill either buffer, no actual (disk) 1/O 1s required for the
second COLLECT COUNTERS statement

3 2. Component Weights

The R* cost component weights for any given cost objective and
hardware configuration can be estimated using "back of the enve-
lope calculations For example, for converting all components to
mulliseconds, the weight for CPU 1s the number of milliseconds per
CPU mnstruction, which can be estimated as just the inverse of the
MIP rate, divided by 1000 MIPS/msec The I/O weight can be
estimated as the sum of the average seek, latency, and transfer
times for one 4K-byte page of data These estimates, and the
corresponding actual weights for our test configuration, are shown
m Figure 2 The observed per-1/O rate 1s better than the estimate
because the seek time was almost always less than the nominal
average seek time, since R* databases are stored by VSAM 1n
clumps of contiguous cylinders called extents

R* _total_cost =

wch * (#_'H'lStY‘S) + wI/O * (#_I/O) + NMSG *

3.3. Cost of R* Environment

Our early measurements show a steep increase mn the total cost as
more tuples were requested by the test application program How-
ever, SQL quenes requesting set functions (e g, AVERAGE) on
5000 tuples responded mn one hundredth the time of the same
query returming all 5000 tuples individually, even though R* did
the same amount of I/O for both queries' The cause of this
apparent anomaly turned out to be the overhead of returming tuples
mdividually via "vanilla" VTAM (Virtual Telecommunications Ac-
cess Method [VTAM 85]) from the address space of the R*
system to the application program’s address space, as shown 1n the
"without blocking" curve of Figure 3 The quenes of all subsequent
tests SELECTed only aggregate functions of columns (e g, AV-
ERAGE, MINIMUM, etc ) to ehminate this environmental factor
while still requiring the data to be accessed By blocking tuples
returned to the application program mto "mailboxes", as 1s done
n the SQL/DS product, most of this overhead has now been
ehmmated 1n R* (cf the "with blocking” curve m Figure 3) This
1s the most dramatic example of a byproduct of this study thorough
testing of R* under a vanety of extreme conditions helped to
1solate and correct any remamming bugs and performance anomales,
and thus to strengthen confidence m the robustness of R*
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Figure 3 Overhead of CICS/VTAM apphcation program mter-
face, with and without tuple blocking

4. Single-Table Access

Quenes accessing a single table are the simplest possible SQL
query, and also the basis upon which multi-table (join) queries are
optimized [SELI 79, SELI 80, DANI 82] Hence we next examned
the single-table optimizer model to understand the simpler case

{#_msgs) + Wgyp * (#_bytes)

WEIGHT HARDWARE /SOFTWARE ESTIMATE ACTUAL

Wepy (1n msec/instr ) | IBM 4381 processor 0 0004 0 0004

W0 (1n msec/I1/0) IBM 3380 disk 23 48 17 00

Wusg (1n msec/msg ) CICS/VTAM 11 54 16 5

Weyte (1n msec/byte) 24M b1t/sec {nom ), 0 002 0 002
4M brt/sec (eff )

Figure 2 Estimated and actual cost component weights.
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fully and to ehminate any modeling errors before dealing with the
more complex mteractions of multiple tables

We compared the estimated and actual costs of all possible access
paths, for various combinations of the zable cardinality (number of
tuples 1n the table) and the projectivity (proportion of each tuple
SELECTed) Access paths implemented in R* (and System R) are
briefly defined as follows The DBSPACE scan access path 1s a
physically sequential scan of the DBSPACE containing the table
An index scan traverses, 1 logical order, an index on one or more
columns of the table The index s said to be clustered if the page
references for an index scan are sufficiently close to their physical
order [SCHK 85, MACK 851, otherwise 1t 1s unclustered The
sorfed scan access path reads the table — by the cheapest access
path available — directly into a sort routine to logically order the
tuples Logical order may be necessary for an ORDER BY or
GROUP BY clause, a DISTINCT function, or (for multi-table
queries) a merge-scan jon Projectivity was found to be relevant
pnmarily to the sorted access path, and was modeled correctly m
all cases, so the effect of thus parameter 1s not discussed further

41 Relative Importance of Cost
Components

A fundamental question requinng empirical confirmation was
whether CPU cost was significant enough to warrant being con-
sidered at all, much less modeled in more detall The contnibution
of CPU and 1/0 costs to total cost for different access paths 1s
shown for the same query to a table of 1000 tuples (Figure 4)
and 5000 tuples (Figure 5) The query has a simple (SARGable,
1e executable by the RSS* [SELI 79]) predicate that eliminates
half the tuples, plus a more complex (resedual) predicate executable
only by the RDS* The RDS* 1s the executive component of R*
which — at run-time — invokes the RSS* to get tuples, and does
conversions, arithmetic, and joins

Clearly CPU cost 1s significant, even when accessing large tables,
although not enough to affect the choice of the optimizer for this
query The additional CPU cost of the "sort" access path confirms
that the CPU cost for sorting (modeled by System R as one RSS
call plus some CPU for encoding and decoding column values to
be sorted) 1s sufficiently different from other RSS* calls to justify
a more detalled model, discussed in section 4 3 below
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Figure 4 Relative importance of cost components for accessing a
single table of 1000 tuples by various access paths.
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4.2. 1/0 Component

The System R formulas for I/O for a single-table query proved
very accurate for all access paths but the unclustered index scan,

which 18 comnlicated by the nrobabilitv that successive tunles are

C 18 COmPpaiCalicd Dy LT Procaluily tfal SUCCOSSIve Up:cs are

on the same page and the probability that that page 1s still 1n the
buffer (This explains, for example, why the cost of an unclustered
mdex scan increases disproportionately between Figure 4 and Figure
5) The System R formula 1gnored the latter probability, pessimis-
tically assessing one 1/0 per tuple whenever the table size exceeded
the buffer size An mmproved I/O model for unclustered index
scans was developed, implemented in R*, vahdated, and used for
all tests presented in this paper, mcluding those of Figure 4 and
Figure 5 A detailed description of that model and its validation
1s given m [MACK 85] Hereafter, we will consider only
unclustered indexes, since clustered index scans are modeled cor-
rectly and are unquestionably the best access path when they exist

As 1 System R, the R* optimizer’s model assumes that

1 the values of all columns are umformly distributed over their
domain,

2 there are a constant number of tuples per page, and

3 tuples are either perfectly clustered or else randomly assigned
to pages

While these assumptions were enforced by the programs creating
tables for all tests in this paper, we also mvestigated the mmpact
on single-table access of relaxing each of these assumptions A
more general model that relates and exploits such deviations by
collecting some appropnate statistics on the page reference string
1s the subject of another paper currently being drafted

The cost model for the I/O component proved so accurate that 1its
vahidation revealed an unplementation error and a major potential
optimization The bug, now fixed, resulted from the RSS* default
of reading each page mto the buffer before it is wntten to disk
Thus clearly 1s useless for pages of a temporary table newly created
for accumulating intermediate results for a sort, and was easily
overrnidden The potential optimization would combine the first
merge scan with the mitial scan that quicksorts each page of the
table to be sorted Saving one scan of the table per sort could
mprove performance sigmificantly (33% when 3 scans are required),
but required a major restructuring of the sort module and hence
was not implemented m R* The optimizer’s I/O cost model for
sorts requred no changes
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Figure 5 Relative mportance of cost components for accessing a
single table of 5000 tuples by vanous access paths.



4 3. CPU Component

The significant contribution of CPU to the total cost, coupled with
known path-length differences for various RSS* calls, motivated us
m R* to model CPU costs in more detadl than just RSS* calls
For example, although only 1 RSS* call 1s needed either to FETCH
one tuple or to sort a table, the sort requires far more CPU for
(1) allocating temporary disk space to store partially sorted strings
of pages to be merged, (2) encoding and decoding the columns to
be sorted, and (3) quicksorting individual pages n memory Our
tests also revealed that the CPU cost of FETCHing a tuple was
largely a function of the number of SARGable and restdual pred-
icates, as shown mn Figure 6 Five SARGable predicates, being
sumpler to evaluate and applicable by the RSS*, consumed almost
the same CPU as one residual predicate applied by the RDS*
More selective SARGable predicates further reduce CPU by re-
turning fewer tuples to the RDS*, saving both RSS* calls and
residual predicate applications

New CPU cost models, validated by extensive testing and wmple-
mented mn R*, are summarnized by the following equations For a
scan of a table, the number of mstructions 1s given by

CPUscaN = OPENINST + FFypou*TABLECARD * (TUPLINST + SARGINST)
+ FFgup, * TABLECARD * (RSSCALL + RESIDINST)

where?
0 IF no index (DBSPACE scan)
TUPLINST = BUFFERINST IF only index pages accessed
2* BUFFERINST OTHERWISE
and
0 IF #RES=0
RESIDINST = SRES

RESID__SETUP+ Y, ARINST,
i=1

IF #RES>0

for the following system constants

OPENINST —the number of wnstructions to OPEN and CLOSE
the scan

SARGINST —the number of mnstructions to apply SARGable pred-
icates (a hinear function of the number of SARGable predicates, a
query-dependent vanable)

RSSCALL —the number of instructions to mvoke the RSS*

BUFFERINST —the R* overhead for accessing a page m the buffer
and extracting the deswed tuple

RESID__SETUP —the number of mstructions overhead for applying
residual predicates

ARINST; —the number of mnstructions for calculating arithmetic
expressions in residual predicate 1 (a hinear function of the number
of such expressions 1n predicate 1, a query-dependent variable)

and the following query-dependent variables

TABLECARD —the cardinality of the table

FFypoa —the estimated filter factor of any predicates that can be
appbed using the index (key domains or KDOMs [SELI 791), thus
hmuting the index scan to a subtree, =1 otherwise or if this 1s a
DBSPACE scan

FFg4pG; —the estimated filter factor of all SARGable predicates

#RES —the number of residual predicates
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Figure 6 The effect of applying predicates on CPU cost for
accessing one table

Intwtively, the first term of CPUgcyy 15 the overhead of OPENing
and CLOSEing the scan The second term estimates RSS* costs
for applying SARGable predicates and for extracting the tuple from
the buffer, for the portion of the table that any key domains ot
the scan to In the case of a DBSPACE scan, the entire table 1s
accessed (FFxpoums = 1), but the tuple extraction cost 1s neghgible
(TUPLINST =~ 0) because 1t 1s done once per page rather than
once per tuple For index scans, TUPLINST reflects the fact that
only the index leaf page need be accessed whenever (a) the index
contains all the columns of that table referenced mn the query and
(b) there are no predicates on columns not 1n the index, otherwise
both the index leaf and data pages must be accessed The number
of 1/0s are also affected by whether the mndex and data pages
need be accessed The final term of CPUgcy assesses RDS* costs
for mnvoking the RSS* and applying residual predicates, for each
RSS* call The number of RSS* calls 1s estimated as the table
cardiality reduced by the estimated filter factor of all SARGable
predicates (FFs4rgs), including KDOMs

Actual instruction counts were vahdated for each of the system
constants, for both index scans and DBSPACE scans, but these
details are implementation-dependent and are omitted here The
only differences between index seans and DBSPACE scans for
these constants are (1) OPENing and CLOSEing an index scan
requires 8/15 the mstructions of that for a DBSPACE scan, and
(2) each RSS* call requires 1 2 times as many mstructions for the
mdex scan as for a DBSPACE scan

For sorts, the number of instructions 1s given by

CPUsorr = ACQ__TEMP + #SORT * CODINGINST
+ #PAGES * QUIKSORTINST
+ #PASS * (ACQ__TEMP + #PAGES * 1/ 0O__INST
+ #SORT * NWAY * MERGINST)
where

#PASS = CEILING(logywy(#PAGES))

for the following system constants

2 For DBSPACE scans, this access 1s done only once per page rather than once
per tuple 16 BUFFERINST/TABLECARD and hence 15 mimmal)



ACQ__TEMP —the number of mstructions to acqure, OPEN, and
CLOSE a temporary relation 1 which to store intermediate results

CODINGINST —the number of mnstructions to encode and decode
the fields to be sorted (a linear function of the number of such
fields, a query-dependent vanable)

QUIKSORTINST —the number of instructions to quick-sort 1 page
1/ 0 __INST —the R* overhead for accessing a page i the buffer,

comparable to BUFFERINST earher plus mstructions for finding
a buffer slot, obtaimng locks, etc

NWAY —the number of strings of pages to be merged at a time
(<8 1n Systems R and R*)

MERGINST —the number of wstructions to compare the values
of one tuple to be merged

and the following query-dependent vanables

#SORT —the number of tuples to be sorted
#PAGES —the number of pages occupied by the table to be sorted

Here the first term 1s the overhead of the sort, primarily for
allocating a temporary segment to store mntermediate and final
results of the sort The columns to be sorted in each tuple are
encoded before sorting and decoded after sorting, and each page
1s mitially quicksorted The last three terms reflect the overhead,
per-page, and per-tuple costs for each merge pass

4.4. Potential Improvements

The optimizer and run-time routmes in R* currently do not com-
municate to the buffer manager the type of scan (DBSPACE or
index) of which a page request 1s part each page request 1s treated
mdependently There 1s no pre-fetching, and paging out follows a
strict least recently used (LRU) policy [EFFE 84, MACK 85]
Hence old pages of a DBSPACE scan remamn in the buffer even
though they are unlikely to be referenced again, forcing out pages
1 unclustered index scans that are likely to be referenced agan
Knowing a page request 1s part of a DBSPACE scan, the buffer
manager could pre-fetch the next few pages in physical order,
re-using only a couple buffer pages For index scans, the mdex
leaf pages contain a rum of pomnters to pages — m physical order
—- for each index value The buffer manager could pre-fetch all
pages 1n a run and — by looking ahead to other runs already in
memory — avoid paging out those pages that will be requested
soon by another run

Chou and Dewitt [CHOU 85] have already pointed out these
hmitations of the LRU buffer management scheme, and have de-
veloped a taxonomy of database reference patterns and a promising
buffer management scheme called DBMIN that dynamically allocates
buffer pages and tailors the buffer management policy individually
based upon the page reference pattern for each table reference mn
the query The allocation required 1s based upon the table’s
cardmnality and the reference pattern type, which depends upon the
plan chosen by the optumzer for a particular jomn the join method,
order of tables, and access paths of both the nner and outer table
A scheduler imitiates execution of a new query only when enough
free buffer pages are available for the buffer allocation for all of
its table references, much as m the "hot set" model of Sacco and
Schkolmick [SACC 82] Analytic models have shown DBMIN
umformly performs better than other database-oriented buffer man-
agement schemes Smce DBMIN 1s a major departure from the
R* buffer management policy, we have not implemented 1t in R*
but are considering it for future work
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5. Joins

Having thoroughly studied single-table access, we next investigated
the R* (and System R) optimizer’s model for jomng two tables
under various access methods (tables indexed or not) and jon
methods (nested loop vs merge scan [BLAS 77, SELI 79]) In
R*, as 1n System R, only single tables are jomned as the mner table
to an owfer table, which might be a composie table, 1e an inter-
mediate result Composites need be completely matenahzed only
when they must be sorted, otherwise they are matenalized as
needed m a "pipelned” fashion [CARE 85] Since n-table jomns
are composed of n-1 two-table joins, inaccurate modeling and plan
choices by the optimizer for one of those two-table jomns could
cause 1t to choose a suboptimal join order Thus our discussion
will concentrate on two-table joms, of which a thorough under-
standing and correct modeling 1s prerequsite to validating n-table
jons

5.1 Cost Components' Importance

First, we needed to confirm that CPU cost was a sigmficant com-
ponent of total cost during joins Since all the 1/O cost of a jon
derives from the cost of accessing the two tables and/or sorting
them to do a merge join, and these operations had sigmficant CPU
costs, one would expect an even larger CPU contnibution to total
cost for joms This reasomng 1s confirmed by Figure 7 for joimng
two 1000-tuple tables (cf Figure 4) In fact, the portion of the
total cost contributed by CPU 1s higher for jons than for single
table accesses for two reasons (1) joins must OPEN and CLOSE
scans on the inner table for each outer tuple, and (2) when sorting
any outer table (composite or not) for a merge jomn, R* always
inserts it furst mto a temporary table Both of these are very
CPU-ntensive For two 2500-tuple tables, CPU cost still dominates
for a merge jon when both tables remain unindexed, but 1s only
13% - 35% of the total otherwise
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Figure 7 Relative importance of cost components when locally
Joming two 1000-tuple tables, for different combinations of
(unclustered) mdexes and jomn types.

52 Actual vs. Estimated Costs

Does the optimizer model reality correctly, 1&, does 1t order the
alternatives correctly? The answer 1s "most of the time, but not
always'' As stated earher, the optimizer correctly chooses clustered
index scans whenever they exist, and thus these will not be discussed
further n this section When the mner table 1s umindexed, the
optimizer correctly estimates m all circumstances that a nested-loop
jomn will be hopelessly expensive unless the mner table fits m the



W cctmal
3 ostimatod

R TOTAL €OST {aevomin)
I

Lokl

- = 1
INDEX O nons  oater  famer  belk  lener Dotk
J0iN TYPE NERGE  MERCE  MERGE  NERGE  WESTED  WESTED

Figure 8 Actual vs. estimated cost for jomng 2 tables of 1000

tuples each, for varying access methods & jom types.
buffer for the entire join Clearly the merge-scan jomn improves

performance for jomns of tables that are both larger than the buffer
and unindexed on the join column, a quite common situation This
agrees with the results of Carey and Lu [CARE 85] We will
not discuss these cases further, concentrating instead on cases for
which modeling anomahes occur

When there 1s an (unclustered) mndex on one or both of the tables,
the optimizer has more difficulty modehng the complex I/O situ-
ation, particularly for smaller tables Figure 8 shows a particularly
anomalous situation for which the best actual plan 1s estimated to
be almost the worst plan (and vice versa) Since tuple order is
ummportant to a nested-loop join, an index on the outer table only
serves to get in the way by consuming additional buffer pages for
the mdex pages (compare the actuals for the two nested-loop cases
shown) However, if the outer table 15 a very small portion of the
DBSPACE or if a highly selective predicate can be appled using
an index, accessing the outer with that index can be far cheaper
than a DBSPACE scan OQur experiments dedicated a DBSPACE
to each table The prediction powers of the optimuzer improve as
the tables get larger, as can be seen from Figure 9 for two
2500-tuple tables, but a few anomalies remain ' Why does adding
an index sometimes increase the actual cost (as in Figure 8 and
Figure 9), contrary to the optimzer’s esumates? And why are the
estimates so large for nested-loop join? The answer to the first
question 1s that the optimuzer models the scan of each table inde-
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Figure 9 Actual vs. estimated cost for joming 2 tables of 2500
tuples each, for varying access methods & jom types.
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pendently, 1gnonng the actual competition for buffer space among
the concurrent scans of index and data pages for each table Taken
alone, the outer table and its index appear to fit in the buffers,
but interference from the inner table reduces the effective number
of buffer pages available to the outer The answer to the second
question 1s that the optinizer pessimistically models the worst case
each outer tuple starts a completely new scan of the wnner that
cannot re-use any of the inner pages n the buffer if the estimated
number of inner pages accessed per outer exceeds the size of the
buffer In reahty, there 1s a non-zero probability that some inner
pages that remain 1n the buffer could be useful to the next outer
tuple as well Index pages often need not be re-fetched, particularly
when the jomn predicate 18 highly selective, and no re-fetches are
needed when the buffer can contain both tables and indexes

As the relative sizes of the two tables (arbitranily named A and
B) are varied, does the optimizer usually pick the best plan, or at
least avoid bad plans? This was exammned by fixing Table A’s
cardmality at 1000 tuples while varying Table B’s cardinality, when
each table was mdexed on the jon column or not As mught be
expected from the above discussion, the optimzer predicts best
when there are no indexes on either table, as shown in Figure 10
In fact, the optimizer always picks the best plan in this case (Note
that the best plan and R* plan curves overlap ) The plan 1s shown
m the figure using "*" to denote nested-loop jomn® and "+" for
merge-scan join, and the first table as the outer-most For example,
the R* and best plan in Figure 10 uses a merge-scan join, with
the smaller table always as the outer table

Adding an index on Table A (see Figure 11) has counter-intutive
and counter-productive results practically the worst plan 1s chosen!
("(I)" after a table denotes that the plan uses the (unclustered)
mndex on that table ) This 1s agan due to the overesimation of
nested-loop join costs and the under-estimation of index competition
for buffer space Adding an index to the table that i1s growing
(Table B), however, 1s not nearly so bad, and may even result 1n
better performance as the table grows (cf Figure 12 between 2500
and 3000 tuples)! Why? The answer lies in the trend in actual
costs observed between Figure 8 and Figure 9, for the "mnner
mdexed” case As the indexed table — likely to be the mnner 1n
any optimal plan — grows, at some pomnt the actual cost of a
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Figure 10 R* optimizer’s plan vs. actual worst and best plan, for
join of unindexed 1000-tuple table A and unindexed table B of

increasing size (* = Nested-loop join, + = Merge-scan join)

3 Plans jouung umndexed tables with the nested-loop jon were omutted from
Figure 10 through Figure 12 b the uniformly poor perf of those
plans (wh the llest table ded 100 tuples) expanded the scale of
those figures too much!




nested-loop jomn exceeds a merge-scan join, in agreement with the
optimizer’s relative estumates (compare the difference of the actuals
for the two join types in the two figures) This 1s due to the
decreased likelihood that the next outer tuple of the nested-loop
jomn can benefit from mner pages remaining wn the buffer We
suspect — but were unable to confirm -— that jomng T tables
with T-1 concurrent nested-loop joins would duimumsh this likelthood
further, thus making the nested-loop join less attractive and the
optimizer’s estimates better In contrast, the merge-scan jomn cost
goes up more slowly due to sorting and merging more tuples in B
When both A and B are indexed, the results are sumlar to those
of Figure 12
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Figure 11 R* optimizer’s plan vs. actual worst and best plan, for
jom of indexed 1000-tuple table A and unindexed table B of
mcreasing size (* = Nested-loop jom, + = Merge-scan join)
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Figure 12 R* optinuzer’s plan vs. actual worst and best plan,
jommg unindexed 1000-tuple table A and mndexed table B of
mcreasing size (* = Nested-loop join, + = Merge-scan join)

5.3. Suggested Improvements

Clearly the modeling of nested-loop joins needs to be mmproved
We suggest several solutions here Furst, the optimzer needs a
more detailed model of how the index and data pages for each
table interact with each other and those of other tables durng
concurrent scans, as 1n a Jomm We have developed and are refining
such a model that treats the scan of each table as two concurrent
processes — one for the ndex (if any) and one for the data pages
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— competing for buffer space The share of the buffer that each
process consumes 1s a function of (1) single-table access selectivities,
(2) jon selectivities, and (3) type of join This model should also
be extendible to access methods other than indexes

Second, a more accurate estimate of jomn selectivity 1s needed As
noted earlier and as shown graphically by Figure 13, the nested-loop
join cost 1s far more sensitive to the jom cardinality — the cardinality
of the result of the join — than 1s the merge-scan jon  The
System R and R* estimate, obtaned by multiplying the product of
the two tables’ cardinalities by the smaller (more selective) estimate
of the jon predicate for the two tables [SELI 79], could be
replaced (or at least biased) by statistics on actual join cardinahty
and the semijoin cardinalities for both the inner and outer tables,
1e the number of tuples in the other table matching values in that
table These statistics could be collected while performing the same
jomn for an earher SQL statement, and updated in the catalog only
when sigmficant differences from previous values are found, to
avoid contention for catalog pages
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Figure 13 Impact of actual join cardmalbty on actual cost, for
varying access methods & join types.

The performance advantage of having an index on the mner table
suggests that we add to R* the ability to create temporary indexes
on tables The additional cost of creating the mdex after sorting
the mner 1s more than offset by not having to sort the outer table
for a merge-scan join allowing temporary indexes will usually "tip
the scales” 1n favor of a cheaper nested-loop jomn when the outer
table 1s sufficiently small (see Figure 8) This was confirmed by
tests which included the cost of a CREATE INDEX and a DROP
INDEX on the inner table using the standard SQL commands, a
process far more costly (because of catalog I/Os) than if temporary
imndexes were actually implemented Plans creating and using such
a simulated "temporary" index nonetheless for this test senes always
performed better than the best "status quo" plan that did not
permut such indexes, as shown in Figure 14

Another techmque for improving jomn performance 1s using a Bloom
filter [BLOO 70] as a "hashed semyom" The Bloom filter 1s
bult anew at run-time for each jon, and costs one scan each of
the outer and mner tables plus the cost to store the filtered inner
table 1n a temporary table A bit in a vector of M bits, mtially
all 0, 1s set to 1 if a join-column value from the outer table 1n a
join hashes to that bit The jomn-column value for each tuple mn
the mner table 1s then hashed using the same hash function If the
bit hashed to 1s 1, 1t 1s likely that this 1s due to a matching value
m the outer table, so the mner tuple ts copied to the temporary
table, which then replaces the nner in the jon The bit hashed
to may be 1 due to a Aask collision, in which case the mner tuple
will unnecessanly be copied during filtering to the temporary table
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but later will be excluded during regular jomn processing Such
comcidental hashings of multiple values to the same bit can be
minmmized by hashing each value using multiple hash functions, and
by judiciously choosing M and the number of hash functions [SEVE
76] Though not quite as selective (due to collisions) as a semyjoin,
a Bloom filter significantly reduces the size of relations to be sorted
for a merge-scan join or to be re-scanned for a nested-loop join,
and the bit vector requires less memory than the vector of jomn-
column values used by a semu-jon  The potential performance
mmprovement in R* was simulated and i1s shown m Figure 15
Assuming a single hash function and a Bloom filter of only one
page (M=32K buts), our test tables of up to 6K tuples would have
a probability of collision of less than 0 06, and tables would have
to exceed 54K tuples to exceed our conservative collision probability
of 030 We are also mvestigating the potential performance ben-
efits of hash joins [DEWI 84, BRAT 84, DEWI 85] as an alter-
native to sorting and merge-scan joming unindexed tables in a new,
experimental database system that we are implementing for the
local area network environment
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6. Conclusions

Our testing substantiated the contribution of CPU cost to total
cost 1n virtually all quenies, and the need to model CPU in more
detail than was done m System R In some cases, CPU cost
significantly affected the choice of plan (see below) While retaining
the cost components separately consumes marginally more memory
during optimization, 1t enables the user to determune if his query
1s I/O- or CPU-bound, and greatly facilitated validation

Both index and DBSPACE scans would benefit from pre-fetching
pages and a page replacement strategy taiored to the type of scan
This would require the optimizer to give the buffer manager more
context with each page request and/or some "hmnts” on when a
page may be discarded

When the nner table has no mndex on the jon column or exceeds
the size of the buffer, the nested-loop join 1s rarely optimal, and
the optimizer correctly avoids the nested-loop join  The merge-scan
join 1s, therefore, an essential part of the optumizer’s repertoire,
confirmung the results of Blasgen and Eswaran {BLAS 77] The
nested-loop join method s preferred to merge-scan jomn, however,
when the mner table fits in the buffer and the mner’s join column
18 both indexed and reasonably selective This is 1n agreement with
the results of Carey and Lu [CARE 85] Hence the ability to
dynamically create temporary indexes could save much sorting of
composite results necessitated by merge-scan joins

Although the optimizer’s estimates are good when all tables fit in
the buffer or all tables exceed the buffer, in the sensitive and
hard-to-model region mbetween the optimizer overestimates the
cost of the nested-loop join when indexes are involved, and there-
fore "switches" too soon from nested-loop to merge-scan jom A
better model 1s needed of nested-loop join performance, which 1s
very sensitive to three parameters that are extremely difficult to
estimate a prionn (1) the jomn cardinality (size of the result of the
join), (2) the outer table’s cardmality, and (3) the buffer ntilization
The fust parameter controls how many data pages of the mner
table need be accessed per outer tuple Its estimate currently
depends upon several questionable assumptions such as values being
distributed uniformly and independent of those in other tables,
maintaining statistics on actual join cardinality would significantly
mprove 1ts estimation The second parameter determines how
many tumes the mner must be scanned When the outer table 1s
the result of a previous join, its cardinality is now estimated using
the first parameter, so estimation errors can propagate Insufficient
buffer space to contain the referenced portions of the mner table
has a quantum effect on nested-loop jomn performance Yet it 1s
mpossible at optimization time to predict the potential buffer con-
tention at run-time from other users Within a given query, however,
it should be possible to develop a more general mode! for the
buffer contention among the concurrent scans of index and data
pages of tables being "pipeline'' joned The authors are currently
developing such a model

Regardless of the join method, the utihty of using an index to scan
the outer table depends upon (1) the proportion of the DBSPACE
occupied by the table, (2) whether the index can be used to apply
a predicate that hmuts the scan, and (3) the degree to which the
index pages compete for buffer space with its data pages and with
pages from scans of other tables Although the optimuzer currently
models the fust two factors correctly, again an improved model of
buffer utihzation 1s needed for the third

All other things being equal (1e, if both tables or neither table 1s
mdexed on the join column), the optimizer correctly chooses the
smaller table to be the outer table of either join type, while the
1/0 cost should be (and 1s) symmetnc, the CPU cost for openng
and closing scans on the mner table turns out to be the tie-breaker!



When only one of the tables 1s indexed, the primary cntenon for
choosing the inner table 1s which table 1s indexed

Does the prospect of increasingly inexpensive main memory make
optunization unnecessary, or at least elhminate the problems asso-
ciated with buffer hmitations? We think not Competition for that
memory by other users and other software will ensure scarcity of
buffer space — and the need to model 1t carefully — for the
foreseeable future

Do the trends found by our study suggest abandoning increasmngly
complex optimizer models i favor of a simple heunstic, e g one
that orders tables by increasing size and joins them all by a nested-
loop join using existing or temporary indexes? Defimitely not We
have eliminated extreme cases in the interest of clearer exposition,
but 1n practice the optimizer cannot enjoy the luxury of catering
to "typical" cases only If anything, this study ncreased our com-
mitment to modeling the various plans 1n sufficient detai to predict
performance correctly, rather than assuming away complexities with
simplhfying heuristics Every time we tried to devise a general rule,
1t was easy to construct a counter-example Ultimately, optimization
1s Judged by users more by how well 1t avoids bad plans n all
sutuations than how well 1t chooses "the optimal” plan i most
situations This study sigmficantly mmproved the capability of our
optimizer technology to pick the best plan 1n all situations

There remain many open questions which time did not allow us to
pursue We did not test joins for very large tables (e g, 100,000
tuples), for more than 2 tables, for varymg buffer sizes, or for
varying tables per DBSPACE Our investigations thus far lead us
to suspect that the crucial parameter 1s the ratio of the table size(s)
to the buffer size Selected tests comparing 10,000-tuple joms (5
times the buffer size) with 6,000-tuple jomns (3 times the buffer
size) had identical plans whose performance scaled predictably, so
we limited our test tables to 6,000 tuples Once the shortcomings
in the current optimizer model for two-table jomns are corrected,
we feel confident — but wish to vernfy thoroughly — that the
optimizer will choose the correct order of jomn for more than two
tables Also, we would ke to measure the impact on response
time and overall throughput of the DBMIN buffer management
scheme of Chou and DeWitt [CHOU 85]
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