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(7) ABSTRACT

Building histograms by using feedback information about
the execution of query workload rather than by examining
the data helps reduce the cost of building and maintaining
histograms. A method of maintaining self-tuning histograms
updates histograms based on feedback about the execution
of a user query. A histogram may be initialized using an
assumption of uniform distribution of data or by combining
existing histograms. A histogram tuner accesses and esti-
mated result in response to a user query generated by using
the histogram. The histogram tuner calculates an estimation
error based on the result of the user query and the estimated
result. The frequencies of histogram buckets are refined
based on the estimation error. The bucket bounds of the
histogram are restructured based on the refined frequencies.
The method may be performed on-line after a user query or
off-line by accessing a workload log. By updating a histo-
gram without accessing the database, the cost of building
and maintaining histograms is significantly reduced.
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SELF-TUNING HISTOGRAM AND
DATABASE MODELING

TECHNICAL FIELD

The present invention relates generally to the field of
database systems. More particularly, the present invention
relates to the field of histogram construction for database
systems.

BACKGROUND OF THE INVENTION

Computer database systems manage the storage and
retrieval of data in a database. A database comprises a set of
tables of data along with information about relations
between the tables. Tables represent relations over the data.
Each table comprises a set of records of data stored in one
or more data fields. The records of a table are also referred
to as rows, and the data fields of records in a table are also
referred to as columns.

A database server processes data manipulation statements
or queries, for example, to retrieve, insert, delete, and
modify data in a database. Queries are defined by a query
language supported by the database system. To enhance
performance in processing queries, database servers use
information about the data distribution to help access data in
a database more efficiently. Typical servers comprise a query
optimizer which estimate the selectivity of queries and
generate efficient execution plans for queries. Query opti-
mizers generate execution plans based on the query and in
doing so exploits statistical information on the column(s) of
the table(s) referenced in the queries.

Database servers may create histograms on the columns
of tables to represent the distribution of a data. A histogram
is one means of representing the distribution of data in a
database. A histogram on a data attribute consists generally
of a set of partitions or boundaries which divide the range of
data on the attribute into a set of segments or buckets.
Therefore, each bucket has an upper bucket boundary and a
lower bucket boundary. Also associated with each bucket is
a frequency which corresponds to the number of data tuples
which fall within the boundaries of the bucket. The fre-
quency associated with a bucket, or bucket frequency, is an
indication of the density of data within the bucket’s
boundaries, and should not be confused with the absolute
value of the data within the bucket. To construct a histogram,
traditional methods must scan at least a portion of the data.
The data is scanned and sorted into ascending or descending
order. This ordered list of data is then chopped into a desired
number of buckets each having a set of boundaries which
describe it. The number of values in each bucket is stored
along with the bucket boundaries, while the data itself may
then be discarded. In order to update a histogram as data
changes, traditional methods rescan at least a portion of the
data.

The accuracy of the estimations of the query optimizer are
enhanced by the availability of histograms, however, creat-
ing and maintaining histograms can incur significant costs,
particularly for large databases. This problem is particularly
striking for multi-dimensional histograms that capture joint
distributions of correlated data attributes. Although multi-
dimensional histograms can be highly valuable, the rela-
tively high cost of building and maintaining them often
prevents their use. An alternative to multi-dimensional his-
tograms is to assume that the attributes are independent,
which enables using combinations of one-dimensional his-
tograms. This approach is efficient but very inaccurate. The
inaccuracy results in poor choice of execution plans by the
query optimizer.
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2
SUMMARY OF THE INVENTION

Building histograms by using feedback information about
the execution of query workload rather than by examining
the data helps reduce the cost of building and maintaining
histograms.

A histogram may be defined such that the histogram
comprises a predetermined number of buckets for storing
data values. A bucket may comprise an upper bucket bound,
a lower bucket bound, and a bucket frequency associated
with the number of data tuples that fall within the bounds of
the bucket.

In accordance with the present invention, a method is used
to maintain a histogram in a database system comprising a
database. The method may be implemented in the form of
program modules or computer-executable instructions
stored on a computer readable medium or in the form of an
apparatus having means to perform the steps of the method.

For the method, a user query is examined and an esti-
mated result is generated by a query optimizer in generating
a query execution plan using an identified histogram. The
actual result returned by the user query is compared to the
estimated result and an estimation error is calculated. The
estimation error is used to modify the identified histogram.
The result used to calculate the estimation error may be the
result size returned by the query.

The method may modify an existing histogram as data is
updated or initialize a histogram if none exists on a given
attribute. An initial histogram for a data attribute or a
correlation of multiple data attributes may be constructed by
assuming a uniform distribution of data attributes in the
database. For multi-column histograms, multiple single
dimension histograms may be combined to construct an
initial multi-dimensional histogram.

The bucket frequencies of the histogram buckets used to
generate the estimated result size may be refined by distrib-
uting the error amongst the buckets. The error may be
distributed amongst the buckets in proportion to the relative
frequencies of the buckets. The frequency of a bucket may
be adjusted by the amount of error allocated to the bucket.
A damping factor may be applied to smooth the effect of
such modifications to the histogram arising out of differ-
ences between the estimated and observed numbers of tuples
at the onset of a user query.

The upper and lower bounds of the histogram buckets
may be restructured as the frequencies are refined. Adjacent
buckets having similar frequencies may be selected for
merging into a single bucket. After merging buckets, freed
buckets may used to split into other buckets. Buckets having
the highest frequencies may be selected for splitting. The
freed buckets may be assigned to the high frequency buckets
in proportion to their relative frequencies.

The updating of the histogram may be performed on-line
after each user query or off-line by accessing a workload log
that records the series of queries executed against the
system. The histogram may be selectively updated when the
estimation error of query exceeds a threshold error.

BRIEF DESCRIPTION OF THE DRAWINGS

The present invention is illustrated by way of example
and not limitation in the figures of the accompanying
drawings, in which like references indicate similar elements
and in which:

FIG. 1 illustrates an exemplary operating environment for
constructing histograms using feedback information about
the execution of query workload rather than by examining
the data in the database;
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FIG. 2 illustrates, for one embodiment, a database system
comprising a histogram tuner for maintaining self-tuning
histograms;

FIG. 3 illustrates a histogram having k buckets b,, b,, . . .,
b, each defined by a set of bucket bounds [low(b), high(b)]
and a bucket frequency freq(b);

FIG. 4 illustrates, for one embodiment, a histogram tuner
for maintaining self-tuning histograms;

FIG. 5A illustrates, for one embodiment, a flow diagram
for maintaining a self-tuning histogram using the present
method;

FIG. 5B illustrates, for one embodiment, a flow diagram
for maintaining a self-tuning histogram using the present
method;

FIG. 6 illustrates, for one embodiment, an example of the
restructuring of a self-tuning histogram using the present
method;

FIG. 7 illustrates, for one embodiment, a multi-
dimensional self-tuning histogram;

FIG. 8A illustrates, for one embodiment, a flow diagram
for maintaining a multi-dimensional self-tuning histogram
using the present method;

FIG. 8B illustrates, for one embodiment, a flow diagram
for maintaining a multi-dimensional self-tuning histogram
using the present method; and

FIG. 9 illustrates, for one embodiment, an example of the
restructuring of a multi-dimensional self-tuning histogram.

DETAILED DESCRIPTION OF THE
INVENTION

Building histograms by using feedback information about
the execution of query workload rather than by examining
the data helps reduce the cost of building and maintaining
histograms.

Exemplary Operating Environment

FIG. 1 and the following discussion are intended to
provide a brief, general description of a suitable computing
environment in which the invention may be implemented.
Although not required, the invention will be described in the
general context of computer-executable instructions, such as
program modules, being executed by a personal computer.
Generally, program modules include routines, programs,
objects, components, data structures, etc., that perform par-
ticular tasks or implement particular abstract data types.
Moreover, those skilled in the art will appreciate that the
invention may be practiced with other computer system
configurations, including hand-held devices, multiprocessor
systems, microprocessor-based or programmable consumer
electronics, network PCs, minicomputers, mainframe
computers, and the like. The invention may also be practiced
in distributed computing environments where tasks are
performed by remote processing devices that are linked
through a communications network. In a distributed com-
puting environment, program modules may be located in
both local and remote memory storage devices.

With reference to FIG. 1, an exemplary system for imple-
menting the invention includes a general purpose computing
device in the form of a conventional personal computer 120,
including a processing unit 121, a system memory 122, and
a system bus 124 that couples various system components
including system memory 122 to processing unit 121. Sys-
tem bus 123 may be any of several types of bus structures
including a memory bus or memory controller, a peripheral
bus, and a local bus using any of a variety of bus architec-
tures. System memory 122 includes read only memory
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(ROM) 124 and random access memory (RAM) 125. Abasic
input/output system (BIOS) 126, containing the basic rou-
tines that help to transfer information between elements
within personal computer 120, such as during start-up, is
stored in ROM 124. Personal computer 120 further includes
a hard disk drive 127 for reading from and writing to a hard
disk, a magnetic disk drive 128 for reading from or writing
to a removable magnetic disk 129 and an optical disk drive
130 for reading from or writing to a removable optical disk
131 such as a CD ROM or other optical media. Hard disk
drive 127, magnetic disk drive 128, and optical disk drive
130 are connected to system bus 123 by a hard disk drive
interface 132, a magnetic disk drive interface 133, and an
optical drive interface 134, respectively. The drives and their
associated computer-readable media provide nonvolatile
storage of computer-readable instructions, data structures,
program modules and other data for personal computer 120.
Although the exemplary environment described herein
employs a hard disk, a removable magnetic disk 129 and a
removable optical disk 131, it should be appreciated by
those skilled in the art that other types of computer-readable
media which can store data that is accessible by computer,
such as random access memories (RAMs), read only memo-
ries (ROMs), and the like may also be used in the exemplary
operating environment.

A number of program modules may be stored on the hard
disk, magnetic disk 129, optical disk 131, ROM 124 or
RAM 125, including an operating system 135, one or more
application programs 136, other program modules 137, and
program data 138. A database system 155 may also be stored
on the hard disk, magnetic disk 129, optical disk 131, ROM
124 or RAM 125. A user may enter commands and infor-
mation into personal computer 120 through input devices
such as a keyboard 140 and pointing device 142. Other input
devices may include a microphone, joystick, game pad,
satellite dish, scanner, or the like. These and other input
devices are often connected to processing unit 121 through
a serial port interface 146 that is coupled to system bus 123,
but may be connected by other interfaces, such as a parallel
port, game port or a universal serial bus (USB). A monitor
147 or other type of display device is also connected to
system bus 123 via an interface, such as a video adapter 148.
In addition to the monitor, personal computers typically
include other peripheral output devices such as speakers and
printers.

Personal computer 120 may operate in a networked
environment using logical connections to one or more
remote computers, such as a remote computer 149. Remote
computer 149 may be another personal computer, a server,
a router, a network PC, a peer device or other common
network node, and typically includes many or all of the
elements described above relative to personal computer 120,
although only a memory storage device 150 has been
illustrated in FIG. 1. The logical connections depicted in
FIG. 1 include local area network (LAN) 151 and a wide
area network (WAN) 152. Such networking environments
are commonplace in offices, enterprise-wide computer
networks, intranets, and the Internet.

When using a LAN networking environment, personal
computer 120 is connected to local network 151 through a
network interface or adaptor 153. When used in a WAN
networking environment, personal computer 120 typically
includes a modem 154 or other means for establishing
communication over wide area network 152, such as the
Internet. Modem 154, which may be internal or external, is
connected to system bus 123 via serial port interface 146. In
a networked environment, program modules depicted rela-
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tive to personal computer 120, or portions thereof, may be
stored in remote memory storage device 150. It will be
appreciated that the network connections shown are exem-
plary and other means of establishing a communications link
between the computers may be used.

Database System

FIG. 2 illustrates for one embodiment a computer data-
base system 200 comprising a database 210, a database
server 220, and a client tool 230. Database system 200 may
be resident on the personal computer 120 such as database
system 155 or may be remotely located from the personal
computer. The database system 200 manages the storage and
retrieval of data in database 210 in accordance with data
manipulation statements or queries presented to database
system 200 by a database application or by a user, for
example.

Database 210 comprises a set of tables of data. Each table
comprises a set of records of data stored in one or more data
fields. The records of a table are also referred to as rows or
tuples, and the data fields of records in a table are also
referred to as columns.

Database server 200 processes queries, for example, to
retrieve, insert, delete, and/or modify data in database 210.
A typical user query includes a selection of data from the
database, for example a simple query may inquire about how
many records fall between the values represented by certain
endpoints, designated rangehigh and rangelow. Other, more
complicated queries may involve joins a numerous
attributes, but even more complicated queries may have
simple selection queries imbedded within them. Database
system 200 may support any suitable query language, such
as Structured Query Language (SQL) for example, to define
the queries that may be processed by database server 220.
Suitable SQL queries include, for example, Select, Insert,
Delete, and Update statements. Database server 220 for one
embodiment comprises the Microsoft® SQL Server.

Database server 220 comprises a storage engine 222 for
accessing data in database 210. The enhance performance in
processing queries, database server 220 comprises a query
optimizer 224 to generate efficient execution plans for
queries. Query optimizer 224 comprises an estimator 226
which accesses statistics 225 about the database to estimate
the selectivities of a user query. The statistics 225 may be
stored in the data stored in the database 210 and loaded into
the database when the system is started. The estimator 226
may estimate the selectivities of the operations involved in
a user query to determine the order in which these operations
should be executed. Query optimizer 224 may maintain or
access a workload log 228 which records the series of user
queries executed against the system.

The statistics 225 include histograms to capture the dis-
tribution of data and aid the query optimizer in estimating
the selectivities of a user query. As already discussed,
histograms are mathematical representations of a data dis-
tribution. Building a histogram involves an I/O cost for
scanning or sampling data and a CPU cost for tasks such as
sorting the data, partitioning it into buckets, or finding
quantiles.

Self-tuning Histograms (ST-histograms)

The statistics 225 used by the estimator 226 to estimate
selectivities of queries comprise self-tuning histograms on
the column(s) of the tables(s) in the database. The histo-
grams are called self-tuning because they are modified in
response to errors in the estimated result(without examining
the data in a database). The histogram tuner 250 modifies
these self-tuning histograms based on the executions of
completed user queries. Traditional methods of creating and
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6

maintaining histograms scan the database and build a new
histogram using sorting or hashing. The use of
ST-histograms avoids the cost of scanning the database.

The histogram tuner 250 may refine the self-tuning his-
togram on-line or off-line. In the on-line mode, the tuner 250
uses feedback information about the execution of the query
immediately available after its execution to refine the self-
tuning histogram. In the off-line mode, the tuner accesses
information stored in the workload log 228 to modify the
self-tuning histograms (abbreviated hereinafter
ST-histograms) in one batch at a later time. On-line refine-
ment ensures that the histogram reflects the most up-to-date
feedback information but it imposes more overhead during
query execution than off-line refinement and can also cause
the ST-histogram to become a high-contention hot spot. The
overhead imposed by ST-histogram refinement, whether
on-line or off-line, can easily be tailored. In particular, the
ST-histogram need not be refined in the on-line mode in
response to every single selection that uses it. The
ST-histogram may only be refined when a relatively high
estimation error is encountered. ST-histogram refinement
may be discontinued during period of high load or when
there is contention for accessing the histogram.

Although ST-histograms of the present invention are of
particular utility in maintaining multi-dimensional
histograms, ST-histograms are more easily introduced using
ST-histograms for single attributes. The principles of
ST-histograms for single attributes are analogously appli-
cable to multi-dimensional ST-histograms as will be dis-
cussed later.

FIG. 3 illustrates a single attribute ST-histogram. Such a
ST-histogram consists of a set of buckets. Each bucket, b,
stores the range that it represents as bucket bounds, [low(b),
high(b)], and the number of tuples in this range as the bucket
frequency, freq(b). Adjacent buckets share the bucket end-
point bounds, and the ranges of all the buckets together
cover the entire range of values of the histogram attribute.

The lifecycle of a ST-histogram (260 in FIG. 4) consists
of two stages. First, it is initialized and then, it is updated.
The histogram 260 on a selected attribute is identified by the
tuner or may be initialized by the histogram tuner initializer
253 or by another device by accessing known statistical
information about the data distribution of the selected
attribute(see step 410 in FIG. 5). The process of updating is
performed by the histogram tuner 250 which comprises a
refiner 251 and a restructurer 252 as illustrated in FIG. 4.
The refiner 251 refines individual bucket frequencies, and
restructurer 252 moves the bucket bounds. The bucket
frequencies may be refined with every range selection query
on the histogram attribute, while the bucket bounds are
generally restructured less frequently. Although the refining
of bucket frequencies and the restructuring of the bucket
bounds are disclosed in conjunction herein, the refining or
restructuring process may be practiced separately, without
the other.

The histogram tuner initializer 253 may initialize a
ST-histogram by assuming that the data distribution in the
database is uniform. To initialize a histogram on an attribute
a in this manner, the histogram initializer 253 uses the
desired number of buckets, B 314, the number of tuples in
the relation, T 315, and the minimum and maximum values
of a, min 316 and max 317. The B buckets of the initial
histogram are evenly spaced between min and max. At the
time of initializing the histogram structure, the tuner assigns
each of the buckets a bucket frequency of T/B (with some
provision for rounding).

The value for T may be found in statistics routinely kept
for the database 210 (FIG. 2). The values of min and max
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may be approximated using domain constraints on a column
or minimum and maximum values referenced in the query
workload log 228.

Referring to FIGS. 4 and SA, the bucket frequencies of a
ST-histogram 260 are refined with feedback information
from the queries of the workload. For step 420 of FIG. 5A,
the histogram tuner 250 gathers the actual result size 311, the
estimated result size 312, and the range of the user query
313. In step 430 of FIG. 5, for every selection on the
histogram attribute, the absolute estimation error 310 is
computed by the refiner 251, as the difference between the
estimated and actual result sizes 312,311, respectively. In
step 440 of FIG. 5A, the refiner 251 refines the frequencies
of the buckets that were used to generate the estimated result
size based on the error 310.

To refine the bucket frequencies, the refiner uses the range
selection 313, rangehigh and rangelow, the actual result size
311 available from the execution of the query, and the
estimated result size available from the query optimizer 224.
The refiner 251 computes the absolute estimation error 310,
esterr, as the difference between the actual result size 311
and the estimated result size 312. The refiner 251 distin-
guishes between overestimation, indicated by a negative
error and requiring the bucket frequencies to be lowered, and
underestimation, indicated by a positive error and requiring
the bucket frequencies to be raised.

The refiner 251 then determines the histogram buckets
that overlap the selection range and whether they partially
overlap the range or are totally contained in it. Each bucket
frequency is approximated by the average of the frequencies
of occurrences of values in the bucket. The contribution of
a histogram bucket to the result size is equal to its frequency
times the fraction of the bucket overlapping the selection
range. The portion of the error for which the bucket is
responsible, denoted here as frac, is the length of the interval
where the bucket overlaps the selection range divided by the
length of the interval represented by the whole bucket:

min(rangehigh, high(h;)) — max(rangelow, low(b;)) + 1
high(b;) — low(b;) + 1

frac =

The fraction frac is less than or equal to 1 only for the first
and last buckets, b, and b,. For all other buckets, this
quantity is equal to 1 and the whole bucket frequency
appears in the result size.

In step 440 of FIG. 5, to refine the bucket frequencies, the
refiner 251 distributes the error among buckets in proportion
to bucket frequency. As is illustrated in the following
formula, a new frequency is assigned to a bucket by adding
an adjustment quantity to the original bucket frequency
freq(b). The adjustment quantity is composed of the product
of a damping factor D and the portion of the error that the
bucket is responsible given by esterr multiplied by frac. The
adjustment quantity is weighted by including the value of
freq(b,) to increase the adjustment quantity for those buckets
having higher frequencies. Finally, the adjustment portion is
normalized by dividing by the estimated result, est.

freq(b)=max(freq(b)+D*esterr*frac*freq(b)/est), 0)

A damping factor value of 0.5 to 1 is recommended. The
formula for refining bucket frequencies also makes sure that
they never drop below 0.

As can be seen in FIGS. 5A and 5B, the refinement
process as shown in FIG. SA and the restructuring process
shown in FIG. 5B are independent. The histogram tuner 250
calls either process as necessary. For example, the histogram

10

15

20

25

30

35

40

45

50

55

60

65

8

tuner 250 may implement a restructuring interval R (not
shown), in which a counter r is incremented each time the
bucket frequencies are refined until r reaches the target value
of R. When the target value for R is reached, the histogram
tuner 250 may invoke the restructurer 252 to move the
bucket bounds to get a better partitioning that avoids group-
ing high frequency and low frequency values in the same
buckets. A restructuring interval, R, of 200 may be advan-
tageous.

Ideally, the restructurer 252 restructures the histogram
such that high frequency buckets are as narrow as possible.
A technique which results in high frequency buckets having
narrow bounds reduces possible variance among the fre-
quency of values in a bucket, resulting in a more accurate
histogram. To implement the restructuring, the restructurer
252 splits buckets that currently have a high frequency into
several buckets. Splitting helps separate the high frequency
and low frequency values into different buckets for. The
refiner 251 then refines the bucket frequencies of the new
buckets.

If it is undesirable to increase the total number of buckets
in the histogram, the restructurer 252 may also merge sets of
adjacent buckets having similar frequency. The merging
process frees buckets which may then be reassigned to
splitting buckets.

In step 470 of FIG. 5B, the restructurer 252 uses a merge
threshold, m, to determine which buckets to merge. A merge
threshold, m, of 1% proves to be beneficial. In step 480 of
FIG. 5B, the restructurer 252 scans the histogram buckets
and finds the pair of adjacent runs of buckets such that the
maximum difference in frequency between a bucket in the
first run and a bucket in the second run is the minimum over
all pairs of adjacent runs. The two runs are merged into one
if this difference is less than the merge threshold which is m
% of the total number of tuples T of each other. The merge
process is repeated until the minimum difference between
adjacent runs is greater than the merge threshold. This
process results in a number of runs of several buckets that
are each merged into one bucket spanning the whole run and
with a frequency equal to the total frequency of all the
buckets in the run. This frees a number of histogram buckets
to allocate to high frequency buckets during splitting.

With buckets freed up from merging, the restructurer 252
then splits buckets. In step 490 of FIG. 5B, the restructurer
252 uses a split percent s to determine which buckets are to
be split. A split percent, s, of 10% may be advantageous. The
restructurer identifies the s percent of the buckets that have
the highest frequencies and are not singleton buckets or
buckets chosen for merging. In step 500 of FIG. 5B, the
buckets freed by merging are distributed among the buckets
being split in proportion to their frequencies. Thus, a bucket
being split, b;, gets freq(b,)/totalfreq of the extra buckets,
where totalfreq is the total frequency of the buckets being
split. The restructurer 252 splits a bucket by replacing the
bucket with the bucket itself plus the extra buckets assigned
to it. These new buckets have bucket bounds that are evenly
spaced in the range of the old bucket, and the frequency of
the old bucket is evenly distributed among them.

EXAMPLE 1

FIG. 6 illustrates an example of the histogram restructur-
ing. In this example, the merge threshold is a difference in
bucket frequencies of 3 or less tuples. The merging scan
identifies two runs of buckets to be merged, buckets 1 and
2, and buckets 4 to 6. Merging these sets of buckets frees
three buckets to assign to high frequency buckets. The split
percent is such that the two buckets with the highest fre-
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quencies are to be split, buckets 8 and 10. Assigning the
extra buckets to these two buckets in proportion to fre-
quency means that bucket 8 gets two extra buckets and
bucket 10 gets an extra bucket. The new buckets are evenly
spaced in the range spanned by the buckets being split, and
the frequency of the bucket being split is evenly distributed
among the new buckets. In splitting bucket 8, one of the new
buckets gets an extra tuple due to rounding.

Splitting may unnecessarily separate values with similar,
low frequencies into different buckets. Such runs of buckets
with similar low frequencies would be merged during sub-
sequent restructuring. Notice that splitting distorts the fre-
quency of a bucket by distributing it among the new buckets.
This means that the histogram may lose some of its accuracy
by restructuring. This accuracy is restored when the bucket
frequencies are refined.

Multi-Dimensional Histograms

With multi-dimensional ST-histograms, the goal is to
build histograms representing the joint distribution of mul-
tiple attributes of a single relation. These ST-histograms are
used to estimate the result size of conjunctive range selec-
tions on these attributes, and are refined based on feedback
from these selections. Using accurate on-dimensional his-
tograms for all the attributes is not enough, because they do
not reflect the dependencies between attributes.

Working in multiple dimensions raises the issue of how to
partition the multi-dimensional space into histogram buck-
ets. The effectiveness of ST-histograms stems from their
ability to pinpoint the buckets contributing to the estimation
error and “learn” the data distribution. For this method, a
grid partitioning may be used due to its simplicity and low
cost. The simplicity of a grid partitioning allows the
ST-histograms to have more buckets for a given amount of
memory.

FIG. 7 illustrates a 5x5 ST-histogram 500 and a range
selection 510 using it. A grid type partitioning is used. Each
dimension, i, of an n-dimensional ST-histogram is parti-
tioned into B, partitions. B; does not necessarily equal B; for
i=~]. The partitioning of the space is described by n arrays,
one per dimension, which are called scales 520. In addition
to the scales, a multi-dimensional ST-histogram has an
n-dimensional matrix representing the grid cell frequencies,
which is called the frequency matrix 530.

FIGS. 8A and 8B illustrate a general flow diagram for
refining and restructuring a multi-dimensional
ST-histogram. In step 610, the histogram tuner 250 identifies
the histogram for the set of attributes involved in a user
query or initializes a histogram if none is available. To
initialize a multi-dimensional ST-histogram 500, the histo-
gram tuner 250 obtains the desired number of partitions in
each dimension, the number of tuples in the relation (T), and
the minimum and maximum values in each attribute of the
relation (see FIG. 4). As with single dimension
ST-histograms, one way of initializing the histogram is to
assume uniformity and independence of the variables. The
histogram tuner 250 partitions each dimension, i, into B;
equally spaced partitions, and evenly distributes the T tuples
of the relation among all the buckets of the frequency
matrix.

Another way of initializing multi-dimensional
ST-histograms is to start with traditional one-dimensional
histograms on all the multi-dimensional histogram
attributes. If such one-dimensional histograms are available,
they provide a better starting point than assuming uniformity
and independence. The histogram tuner 250 initializes the
scales by partitioning the space along the bucket bounds of
the one-dimensional histograms and initializes the fre-
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quency matrix by assuming that the attributes are indepen-
dent. Under the independence assumption, the initial fre-
quency of a cell, freq[j,,j».K,j,.], is given by:

LTt | fregili]

i=1

where freq[j;] is the frequency of bucket j; of the histogram
for dimension i. It should be noted that the method of the
present invention may be practiced on an existing histogram,
such that initializing the histogram is not necessary.

The algorithm for refining bucket frequencies in the
multi-dimensional case is identical to the one-dimensional
algorithm except that in step 620 the histogram refiner 251
must scan a multi-dimensional structure to find the histo-
gram buckets that overlap the selection range 510 and the
fraction of the bucket overlapping the selection range is
equal to the volume of the region where the bucket overlaps
the selection range divided by the volume of the region
represented by the whole bucket. The tuner 250 then deter-
mines the estimation error 630 and distributes the error
amongst the buckets that overlap the selection range 510 in
step 640. A restructuring interval R is used to determine the
relative frequency of restructuring to refining.

Periodic restructuring is needed only for multi-
dimensional histograms initialized assuming uniformity and
independence. As in the one dimensional case, restructuring
in the multi-dimensional case is based on merging buckets
with similar frequencies and splitting high frequency buck-
ets. The restructuring of a multi-dimensional ST-histogram
is analogous to the restructuring of a single dimension
ST-histogram. The histogram restructurer 252 changes the
partitioning of the multi-dimensional space one dimension at
a time. A dimension is selected to be restructured (various
techniques are be used to determine which dimension or
dimensions should be restructured) and the partition bound-
aries of each dimension are modified independent of other
dimensions, in fact, not all dimensions need to be restruc-
tured at any given time. In an embodiment of the invention,
the restructurer 252 cycles through the dimensions in a
predetermined order. In step 670, the restructurer chooses
the dimension to be restructured. The restructurer 252 uses
the merge threshold m and the split percent s as with a single
dimension histogram.

For an n-dimensional ST-histogram, every partition of the
scales in any dimension identifies an (n-1)-dimensional
“slice” 540 of the frequency matrix (e.g., a row or a column
in a two-dimensional histogram). Thus, merging two parti-
tions of the scales 520 in any dimension requires merging
not just a pair of buckets, but a pair of slices 540 of the
frequency matrix, each containing several buckets. Every
bucket from the first slice has to be merged with the
corresponding bucket from the second slice. To decide
whether or riot to merge two slices, in step 680, the
restructurer 252 finds the maximum difference in frequency
between any two corresponding buckets that would be
merged if these two slices are merged. The restructurer
merges two slices only if this difference is within m*T (m
being the merge threshold and T being the number of tuples)
tuples. While merging in any dimension, the restructrurer
252 uses this method to identify runs of partitions to merge
and repeats the process as in the one dimensional case
already discussed.

In step 690, the restructurer 252 splits the high frequency
partitions of any dimension by assigning them the extra
partitions freed by merging in the same dimension. Thus the
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restructurer does not change the number of partitions in a
dimension. The restructurer 252 uses the marginal frequency
distribution along the dimensions to decide which partitions
to split an any dimension and how may extra partitions each
one gets. The marginal frequency of a partition is the total
frequency of all the buckets in the slice of the frequency
matrix that it identifies. Thus, the marginal frequency of a
partitions j, in dimension i is given by:

By By By By

Bar=20 2, >, 2. frealins o Ko ]

J1=lji1=lip1=1in=l

As in the one-dimensional case, the restructurer 252 splits
the s percent of the partitions in any dimension with the
highest marginal frequencies, and assigns them the extra
partitions in proportion to their current marginal frequen-
cies.

EXAMPLE 2

FIG. 9 demonstrates restructuring the histogram in FIG. 7
along the vertical dimension (attribute 2). Assume, for the
sake of the example, that the merge threshold is such that we
merge two partitions if the maximum difference in fre-
quency between corresponding buckets in their slices that
would be merged is within 5. Using this condition, the
restructurer identifies one pair of partitions to merge, parti-
tions 4 and 5. Assume also that the split percent is such that
we split one partition along the vertical dimension. The
restructurer computes the marginal frequency distribution
along the vertical dimension and identify the partition with
the maximum marginal frequency, partition 3. Merging and
splitting results in the restructured histogram shown in FIG.
9. The restructurer provides some provisions for rounding
during splitting because bucket frequencies are integers.

Multi-dimensional ST-histograms are very useful. In
accurate estimations of selectivities, traditional multi-
dimensional histograms are much more expensive than
traditional one-dimensional histograms, increasing the value
of the savings in cost offered by ST-histograms.
Furthermore, ST-histograms are very competitive in terms of
accuracy with traditional multi-dimensional histograms for
data distributions with low to moderate skew. As explained
above, multi-dimensional ST-histograms can be initialized
using traditional one-dimensional histograms and subse-
quently refined to provide a cheap and efficient way of
capturing the joint distribution of multiple attributes. The
other inexpensive alternative of assuming independence has
been repeatedly demonstrated to be inaccurate. Furthermore,
note that building traditional histograms is an off-line
process, meaning that histograms cannot be used until the
system incurs the whole cost of completely building them.
This is not true of ST-histograms. Finally, note that
ST-histograms make it possible to inexpensively build not
only two-dimensional, but also n-dimensional histograms.

ST-histograms are also a suitable alternative when there is
not enough time for updating database statistics to allow
building all the desired histograms in the traditional way.
This may happen in data warehouses that are updated
periodically with huge amounts of data. The sheer data size
may prohibit rebuilding all the desired histograms during the
batch window. This very same data size makes
ST-histograms an attractive option, because examining the
workload to build histograms will be cheaper than examin-
ing the data and can be tailored to a given time budget.

The technique of ST-histograms can be an integral part of
database servers as database systems move toward becom-
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ing self-tuning. In particular, if a self-tuning database system
decides that a histogram on some attribute or attribute
combination may improve performance, it can start by
building a ST-histogram. The low cost of ST-histograms
allows the system to experiment more extensively and try
out more histograms than if traditional histograms were the
only choice. Subsequently, on can construct a traditional
histogram only if the ST-histogram does not provide the
required accuracy.

Another possible application of ST-histograms is for
systems that involve queries on remote data sources. With
recent trends in database usage, query optimizers need to
optimize queries involving remote data sources not under
their direct control. Accessing the data and building tradi-
tional histograms for such data sources may not be easy or
even possible. Query results on the other hand, are available
from the remote source, making ST-histograms an attractive
option.

In the foregoing description, the invention has been
described with reference to specific exemplary embodiments
thereof. It will, however, be evident that various modifica-
tions and changes may be made thereto without departing
from the broader spirit or scope of the present invention as
defined in the appended claims. The specification and draw-
ings are, accordingly, to be regarded in an illustrative rather
that a restrictive sense.

We claim:

1. In a database system, a method of maintaining a
self-tuning histogram having a plurality of buckets defined
by at least two bucket boundaries and a bucket frequency
comprising:

(a) identifying the histogram;

(b) using the histogram to generate an estimated result

size in response to a user query;

(c) calculating an estimation error based on the estimated

result size and the size of the result of the user query;

(d) dividing the estimation error into one or more por-

tions;

(e) applying the portions to the bucket frequencies of one

or buckets to modify the bucket frequencies.

2. The method of claim 1 wherein the step of applying the
estimation error portions comprises applying the portions to
the bucket frequencies of the one or more buckets in
proportion to their relative bucket frequency.

3. The method of claim 1 wherein the step of applying the
estimation error portions comprises applying the portions to
the bucket frequencies of buckets used to generate the
estimated result size.

4. The method of claim 1 wherein the step of identifying
the histogram comprises initializing the histogram.

5. The method of claim 4 wherein the step of initializing
the histogram comprises assigning substantially uniform
bucket frequencies and bucket boundaries to the buckets.

6. The method of claim 4 wherein the step of initializing
the histogram comprises combining a plurality of existing
histograms.

7. The method of claim 1 wherein the self-tuning histo-
gram is multi-dimensional.

8. A method of building and maintaining a self-tuning
histogram having a plurality of buckets each defined by at
least two bucket boundaries and a bucket frequency com-
prising the steps of:

a) initializing the histogram;

b) using the histogram to generate an estimated result size

in response to a user query;

¢) calculating an estimation error based on the size of the

result of the user query and the estimated result size;
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d) modifying the frequency of the buckets by applying a
damping factor to the estimation error, dividing the
estimation error into one or more portions and applying
the portions to the bucket frequencies of the buckets
used to generate the estimation error in proportion to
their relative bucket frequency; and

¢) redefining the bucket boundaries of one or more of the
buckets by merging adjacent buckets having relatively
similar frequencies into single buckets to free buckets,
selecting buckets belonging to a set of buckets having
the highest frequency to be split, and splitting the
selected buckets into a plurality of buckets such that the
total number of buckets remains constant.

9. The method of claim 8 wherein the step of merging
buckets is performed by repeatedly scanning the histogram
buckets and finding adjacent buckets having the minimum
difference in frequencies and merging the buckets if the
difference in frequencies is below a predetermined thresh-
old.

10. The method of claim 8 wherein the self-tuning his-
togram is multi-dimensional.

11. The method of claim 8 wherein the step of initializing
the histogram comprises assigning uniform frequencies and
boundaries to the buckets.

12. The method of claim 8 wherein the step of initializing
the histogram comprises combining a plurality of existing
histograms.

13. The method of claim 8 wherein the step of modifying
the frequency of the buckets is performed immediately
following an execution of user query.

14. The method of claim 8 wherein the steps of generating
an estimated result size and calculating an estimation error
are performed by accessing a log of stored user queries and
corresponding result sizes.

15. The method of claim 8 wherein the step of redefining
the bucket boundaries comprises merging adjacent buckets
when the total number of buckets reaches a predetermined
limit on the number of buckets.

16. The method of claim 8 wherein the step of modifying
the bucket frequencies is performed when a predetermined
minimum estimation error has been observed.

17. A method of building and maintaining an n dimen-
sional self-tuning histogram having a plurality of buckets
arranged in a grid, each bucket defined by at least four grid
partitions and a bucket frequency, the histogram being
defined by n scales, one scale for each dimension, and an n
dimensional frequency matrix, each of the scales defining
the partitions of the frequency matrix which divide the
frequency matrix into a plurality of (n-1) dimensional slices
of the frequency matrix comprising the steps of:

a) initializing the histogram;

b) using the histogram to generate an estimated result size

in response to a user query;

¢) calculating an estimation error based on the size of the

result of the user query and the estimated result size;

d) modifying the frequency of the buckets in the fre-

quency matrix by dividing the estimation error into one
or more portions and applying the portions to the
bucket frequencies of the buckets used to generate the
estimation error in proportion to their relative bucket
frequency; and

¢) changing the scales of the histogram in at least one

dimension to redefine the grid partitions by merging
adjacent slices of the frequency matrix having rela-
tively similar frequencies to free buckets, selecting
slices of the frequency matrix belonging to a set of
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slices having the highest marginal frequency to be split,
and splitting the selected slices into a plurality of slices
such that the total number of buckets remains constant.

18. The method of claim 17 wherein the step of initial-
izing the histogram comprises assigning uniform frequen-
cies and partitions to the frequency matrix.

19. The method of claim 17 wherein the step of initial-
izing the histogram comprises combined a plurality existing
histograms.

20. The method of claim 19 wherein the step of merging
adjacent slices is performed by repeatedly scanning the
histogram buckets and finding adjacent slices having the
minimum difference in frequencies between corresponding
buckets and merging the slices if the difference in frequen-
cies is below a predetermined threshold.

21. The method of claim 19 wherein the steps are per-
formed immediately following an execution of user query.

22. The method of claim 19 wherein the steps are per-
formed by accessing a log of stored user queries and
corresponding result sizes.

23. A computer-readable medium having computer
executable instructions for performing steps for maintaining
a self-tuning histogram in database wherein user queries are
executed on the database to return query results, the method
comprising:

(a) identifying a self-tuning histogram having a plurality
of buckets defined by at least two bucket boundaries
and a bucket frequency; and

(b) updating the histogram based on the results of an
executed query against the database by using the his-
togram to generate an estimated result size in response
to a user query, calculating an estimation error based on
the size of the result of the user query and the estimated
result size, and updating the histogram based on the
estimation error.

24. The computer readable medium of claim 23 wherein
the step of updating the histogram comprises modifying the
bucket frequency of one or more of the buckets based on the
estimation error.

25. The computer readable medium of claim 24 wherein
the step of modifying the bucket frequency of the one or
more buckets comprises:

I) dividing the estimation error into one or more portions;

and

1) applying the portions to the bucket frequencies of the
buckets used to generate the estimated result.

26. The computer readable medium of claim 24 wherein
the step of modifying the bucket frequency of the one or
more buckets comprises:

I) dividing the estimation error into one or more portions;

and

II) applying the portions to bucket frequencies of the
buckets in proportion to their relative bucket frequency.

27. The computer readable medium of claim 23 wherein
the step of identifying the histogram comprises initializing
the histogram.

28. The computer readable medium of claim 27 wherein
the step of initializing the histogram comprises assigning
substantially uniform bucket frequencies and bucket bound-
aries to the buckets.

29. The computer readable medium of claim 23 wherein
the self-tuning histogram is multi-dimensional.

30. The computer readable medium of claim 23 addition-
ally including computer readable instructions for redefining
one or more bucket boundaries based on bucket frequencies.

31. The computer readable medium of claim 30 wherein
the step of redefining the one or more bucket boundaries



US 6,460,045 B1

15

comprises splitting one or more buckets that meet a split
criteria into a plurality of buckets.

32. The computer readable medium of claim 31 wherein
the step of redefining the one or more bucket boundaries
comprises merging one or more sets of adjacent buckets that
meet a merge criteria.

33. The computer readable medium of claim 32 wherein
the merge criteria comprises having a bucket frequency
relatively similar to the bucket frequency of adjacent buck-
ets.

34. The computer readable medium of claim 32 wherein
the step of merging buckets generates free buckets for
splitting buckets.

35. The computer readable medium of claim 34 wherein
the step of splitting buckets comprises allocating freed
buckets to one or more buckets in proportion to their relative
bucket frequency.

36. The computer readable medium of claim 31 wherein
the split criteria comprises belonging to a set of buckets
having the highest bucket frequencies.

37. The computer readable medium of claim 31 wherein
the step of redefining one or more bucket boundaries is
performed such that the total number of buckets remains
constant.

38. An apparatus for maintaining a self-tuning histogram
in database wherein user queries are executed on the data-
base to return query results, and wherein the histogram has
a plurality of buckets defined by at least two bucket bound-
aries and a bucket frequency comprising:

a) means for refining the bucket frequencies based on the

results of an executed query against the database;

b) means for redefining one or more of the bucket
boundaries based on the bucket frequencies comprising
means for calculating an estimation error based on the
size of a result of a user query and an estimated result
size estimated using the histogram; and

wherein the means for refining refines the frequencies by
distributing the estimation error amongst bucket fre-
quencies.

39. The apparatus of claim 38 wherein the means for

redefining the bucket boundaries comprises means for merg-
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ing one or more sets of adjacent buckets having relatively
similar bucket frequencies and means for splitting buckets
belong to a set of buckets having a relatively high bucket
frequency into a plurality of buckets.

40. An apparatus for maintaining a self-tuning histogram
in database wherein user queries are executed on the data-
base to return query results, and wherein the histogram has
a plurality of buckets defined by at least two bucket bound-
aries and a bucket frequency comprising:

a) a memory device for storing a database comprising
multiple data records;

b) a computer having one or more processing units for
executing a stored computer program, said computer
including a rapid access memory store; and

¢) an interface for coupling the memory device for storing
the database to the computer to allow records to be
retrieved from the database; wherein

d) the computer executing a stored program having soft-
ware components including i) a component for provid-
ing a statistical model of the data distribution in the
form of a self-tuning histogram having a plurality of
buckets defined by at least two bucket boundaries and
a bucket frequency; ii) a component for refining the
bucket frequencies based on the results of an executed
query against the database comprising a component for
determining an estimation error based on the result size
of a user query and an estimated result size as deter-
mined by the statistical model; and iii) a component for
redefining at least one bucket boundary based on the
bucket frequencies by applying the estimation error to
the bucket frequencies.

41. The apparatus of claim 40 wherein the component for
redefining the bucket boundaries further comprises a com-
ponent for merging one or more sets of adjacent buckets that
have similar bucket frequencies and a component for split-
ting one or more buckets belonging to a set of having
relatively high bucket frequency into a plurality of buckets.
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