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Abstract 

Current database systems utilize histograms to approxirnate the frequency distribu- 

tions of attribute values. These are used to efficiently estimate query result sizes and 

access plan costs. Even though they have been in use for nearly two decades, there 

has been no significant matliematical techniques (other than those used in statistics 

for traditional histogram appr~~uimations) to study them. 

The major contributions of this thesis are the two novel histogram-like query 

result-size estimation techniques, namely, the Rectangulu At tribute Cardinality Map 

(R-ACM) and the Trapezoidal Attribute Cardinality Map (T-ACM), that airn to 

approximate the density of the underlying attribute values using the philosophies of 

numerical integration. By deriving the probability density function wit hin the sectors 

of these structures and proving that the frequencies of the at tribute values within the 

sectors are Binomially distributed, we provide a fairly extensive mat hemat ical analysis 

for their variances! and the average and worst case errors for result size estimations. 

This enables us to make a fair comparison with the current state-of-the-art estimation 

methods, and to prove the superiority of our new techniques. We verib o u  theoretical 

results using an extensive set of experiments. including both synthetic and real-world 

data, and the Transaction Processing Performance Council's TPC-D benchmarking 

environment. 

Finally we investigate a few strategies to  improve the estimation accuracy of the 

ACMs by finding appropriate build-parameters. In the case of the R-ACM, estimation 

accuracy can be arbitrarily increased by reducing the tolerance value, r. But this is, of 

course, limited by the available storage space. As opposed to this: for a given storage 

space, the accuracy of the T-ACM can be irnproved by finding the suitable slope for 

the trapezoidal sectors, and thus we devote some attention to determining the suit able 

slopes. We anticipate that due to their high accuracy and low construction costs, the 

attribute cardinality maps could prove to be standard tools for query optimization in 

future database systems. 
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Chapter 1 

Introduction 

One of the main uses of cornputers is storing and retrieving large aniount of data 

efficiently. The computer systems used for this purpose are known as database systems 

and the software that manages them are known as database management systems 

(DBiMS). The  D B M S  facilitates the efficient management of data by (i) allowing 

milltiple users concurrent access to a single database, (ii) restricting access to data to 

authorized users only, and (iii) providing recovery from system failures without loss 

of data integrity. The DBMS usually provides an easy to use high-level queryldata 

manipulation language such as the Structured Query Language (SQL) as the primary 

interface t O access the underlying data. 

SQL, the most commonly used langage in modern-day DBMSs, is a declarative 

language. Thus: it shields users from the often cornplex procedural details of access- 

ing and manipulating data. Staternents or cornmands expresseci in SQL are generally 

issued by the user directly, using a command-line interface. The advantage of the 

declarative SQL is that the statements only need to specib what answer is espected, 

and not how it should be computed. The actual.sequence by which an SQL comrnand 

is computed is known as the procedural Query Evaluation Plan (QEP). The proce- 

dural QEP for a given non-procedural SQL statement is generated by the DBMS and 

executed to  produce the qiiery result. Typically, for a given query. there are many (of- 

ten billions) alternative procedural QEPs that all compute the result required. Each 

QEP, however, has its own cost in terms of resource use and response time. The cost 



is usually expressed in terms of the I/O operations such as the number of disk reads 

and writes, and the amount of CPU work to execute a given QEP. The problem of 

devising the best procedural QEP for a (possibly SQL) query so as  to rninimize the 

cost is termed query optimization. 

In all brevity, given a declarat ive SQL query, the  DBMS's Query Optirnzzer module 

determines the best possible procedural QEP to answer it. In order to do this, the 

query optimizer uses a mode1 of the underlying system to select (from a large set of 

candidate plans) an  efficient plan as quickly as passible. Efficiency of the QEP is 

measured in terrns of resource utilization and response time. 

The cost incurred in evaluating a QEP is proportional to the number of operations 

(including disk reads, writes and CPU work) required to compute the final answer 

from the base relations. The size of the final result of a query (as well as the sizes 

of the base relations) will be the same regardless of which QEP? from among many 

possible candidate QEPs, is chosen by the query optimizer. Hence obviously the 

cost of a QEP depends on the size of the intermediate relations generated during the 

computation of the query, as this is the single most important factor responsible for 

the difference in the costs of various QEPs of the  given query. Hence by choosing 

a QEP that has smaller intermediate relations than other QEPs, we can ~nininlize 

the cost involved in computing the final result of the given query. Althoiigh this is 

easy to explain, due to the large number of possible alternative QEPs. computing the 

sizes of the intermediate relations accurately for each possible QEP is virtually an 

impossible task. Hence, one approach is to approximately estimating the sizes of the 

intermediate relations. 

The subject of this thesis is the development and application of new histogram- 

like techniques for approximate query resuit-size estimation that c m  be used by the 

Query Optimizer module. 

It is assumed that the reader of this thesis is familar with the basic database 

terminologies such as relations, attribute values, tuples etc., used in the contest of 

a relational database system. A complete set of glossary can be found in many 

undergraduate database text books, including 1331, pp 137- 177. 

In section 1.1, we give a brief overview of query optimization. In section 1.2, we 
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Figure 1.1 : Query Processing Architecture 

discuss the problem in detail and provide the research objectives. Finally, in section 

1.3 we give an overview of the thesis. 

1.1 Query Opt imizat ion: An Overview 

Query optirnization for relational database systems is a combinatorid optimization 

problem, which makes exhaustive search unacceptable as the number of relations 

in the query increases. The query optimization process can be generally divided 

into t hree distinct phases, namely query decomposition, query op timira tion and que9ry 

execution as shown in Figure 1.1. 

In the query decomposition module, the declarative SQL query is first scanned, 

parsed and validated. The scanner sub-module identifies the language components 
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in the text of the query, while the parser sub-module checks the query syntax. The 

validator checks t hat al1 a t  tribute and relation names are valid and semantically 

meaningful. The query is then translated into an interna1 format expressed in rela- 

tional algebra in the form of a query Operator Tree. Using this operator tree as its 

input, the query optimizer module searches for a procedural plan with an  optimal 

ordering of the algebraic operators. This optimal procedural plan is represented by 

an annotated query tree. Such trees encode procedural choices such as the order in 

which operators are evaluated and the method for computing each operator. Each 

tree node represents one (or several) relational operators. Annotations on the node 

represent the details of how it is to be executed. For example, a join node may be 

annotated as being executed by a hash-join, and a base relation may be annotated as 

being accessed by an index-scan. The choices of the execution algorithms are based 

on the database and system characteristics, for example, the size of the relations, 

available memory, type of indexes on a given attribute etc. 

This hl ly  annotated operator tree with the optimal QEP is then passed on to the 

query execution engine where al1 the low level database operations are carried out 

and the answer to the query is computed. An example annotated query tree is shown 

in Figure 1.2. 



CHAPTER 1. INTRODUCTION 

1.1.1 An Example 

Figure 1.3 shows an exarnple relational database from a Property Tax Assessor 

office. This database consists of three relations, narnely, 

TaxPayer (SIN, CityCode, Name, DOB, Balance), 

O Property (Type, OwnerSIN, Tax) and 

City (CityCode, CityName , Population).  

Assume t hat t hese relations hwe the foUowing cardinalities : 

lTaxPayer l  = 12 x IO6 tuples, 

1 Propertyl = 3 x 106 tuples. and 

ICityl = 4000 tuples. 

TaxPayer : 

1 123-456-091 1 4518 1 John Doe 1 12/30/55 1 $1,093.15 

3 18-23 1-089 1023 Sally White 04/15/73 $4,135.00 

SIN 
501-112-347 

DOB 
09/22/70 

Balance 
$3,918.00 

City Code 
4679 

Type 0wie r~1 ' i  Tax City Code 
4518 
4679 

2310 
8927 

Name 
John Smith 

Condo 
Single 

Cottage 
Single 

City: 

Nepean 1 725,910 
315-231-089 
435-010-987 

010-345-180 
123-456-091 

Kingston 980,000 
Hull 378,124 

$6,312 
$1,459 

$2,010 
$4,590 

Figure 1.3: Example Relations froni Property Tax Assessor's Office 

Given these pieces of information, we intend to answer the following declarative query: 



Query: Find the name, city and tax information of al1 propertg owners. 

To illustrate the large difference in the execution cost that exists among various 

QEPs, we compare two QEPis for this query using a simple cost mode1 based on the 

number of I/O operations. Since the disk 110 is u s u d y  the dominant factor' in 

the query response time, we assume the cost of evaluating a QEP is given by the 

total number of all tuples read and written to generate the final answer. In addition? 

we also consider the cost of joining the information of two relations that consists of 

reading the two input relations and then writing the resulting relation back on to the 

disk. 

From the set of many alternatives, we analyze only two QEPs shoivn in Figure 

1.4. The QEPs execute the answer to the query as described below: 

Query Evaluation Plan 1: In the first QEP, the relations TaxPaye r  and City are 

joined to determine the city information for each person where he or she lives. This 

join generates an intermediate relation. This intermediate relation is then joined with 

the relation Property to compute the final results. 

The first join requires the relations TaxPaye r  and C i ty  to be read. This results 

in 12 x 106 + 4000 reads. Assurrring the result of this join is written back to the 

disk, it would require 12 x 106 writes. Note that the size of the intermediate result is 

12 x 106. The second join requires the above intermediate relation and the relation 

Property to be read. This involves an additional 12 x 106 + 3 x 106 = 15 x 106 

reads. Since the final result contains 3 x 106 tuples, it requires that niany write 

operations. Hence the total number of operations required for the first QEP is 

Nl = (12 x 106 + 4000) + (12 x 106) + (15 x 106) + (3 x 106) = 42,004,000. 

Query Evaluation Plan 2: Joining the relations TaxPayer  and Property, we ob- 

tain an intermediate relation with all the property owners. This intermediate relation 

'ActuaIlY, a realistic cost mode1 should include many other factors such as  various join algorithms, 
availability of indexes and other auiciliary access methods, effects of caching and available memory, 
data  skew etc. 



is then joined to the relation City to determine the information of the city for each 

tax payer. 

In the second QEP, the first join requires 12 x 106 + 3 x 106 reads and 3 x 106 

writes. The second join requires another 3 x 106 + 4000 reads and 3 x 106 writes. 

Hence the total number of operations required for the second QEP is !V2 = (12 x 

106 i 3 x 106) + (3 x 106) + (3 x 106 + 4000) + (3 x IO6) = 24,004,000, which is aimost 

half of the first QEP. 

Using a simple cost rnodel, this short example witith two different QEPs illustrates 

that the cost of one plan can be half of the other. Most of the real-world queries 

are complex queries with many relations, and with a more sophisticated realistic cost 

model, one can generate QEPs svith substantially different costs. The task of a query 

optimizer is to judiciously analyze the possible QEPs and choose the one with the 

minimal cost . 

1.1.2 Goals of Query Optimization 

The main goals of a query optimizer are that of minimizing both the response time and 

resource conszlmption. These optimization goals are often conflicting. For example, a 

QEP which cornputes the result of a query quickly but requires al1 available memory 

and CPU resources is probably not desirable because it would virtually deprive other 

users frorn accessing the database. 

Finding good solutions for a query is resource (time) intensive, but c m  reduce the 

Query Evaluation w Query Evduation W 

TaxPayer City TaxPayer Property 

Figure 1.4: Two Alternative Query Evaluation Plans 



actual evaluation cost considerably. For example, let To be the time taken to find an 

optimal QEP and let Tc be the time taken to execute the optimal QEP and obtain 

the results. If the average time taken to execute a random QEP is Ta,,, then ideally 

we want T, + Tc « Ta,, . Obviously, there are trade offs to be made, but clearly, the 

quality of the solution and the optirnization time, To are critical. 

As queries get more complex (in terms of the number of relations involved or 

alternative algorithms for computing aii operator) the number of potential alterna- 

tive QEPs that should be considered explodes. The number of alternatives quickly 

increases with the number of relations etc. into the order of millions, while the 

differences between the cheapest and rnost expensive QEP can easily be several 

orders of magnitude. Even with simple string queries with n relations, there are 

(2(n - l ) ) ! / (n  - l)! different join orders. For joins involving srnall number of re- 

lations, this number is acceptable; for example, with n = 5, the number is 1680. 

However, as n increases, this number rises quickdy. With n = 10, the number of 

different join orders is greater than 176 billion! 

As a rule of thumb, for small queries with no more than four or five relations al1 

QEPs can be generated within a fetv seconds. In this case the optimization time, T,, 

is often a fraction of the response time improvement gained. 

Apart frorn the fact that the execution space of QEPs is usually very large, the 

computation of a single join operation itself is one of the most time consuming tasks. 

To compute the join of N relations, (N - 1) dyadic join operations have to be per- 

formed. Since the size of the relations joined determines the cost of a single join 

operation, the order in which all N relations are joined should be chosen in such a 

way so as to minimize the overall cost of computing the join of N relations. 

Unfortunately, finding the optimal join order has been proven to be an NP-hard 

problem [24, 61, 1191, while, at the same time, it is one area where considerable 

cost benefits can be derived. Only for specific join ordering cases, exact and optimal 

solutions have been obtained [17,61]. In addition, most of the optimization techniques 

proposed in the literature cannot be applied to large queries. For example, two 

popular early day database systems, namely, System R and Ingres use algorithms 

that essentidy perform an e.xhaustive search over the entire QEP dornain. This is 



probably adequate in t heir irnplementation because t hey do not aUow large queries 

with more than 15 joins. 

With the above as a background we shall present the research problem which we 

intend to study, and the objectives of this research. 

1.2 Research Problem and Objectives 

1.2.1 Research Problern 

The problem of optimizing a query can be forrnally stated as follows: 

Problern 1 Giuen a relational q v e q  4 ,  an  execution space E and a cost function 

C(4EY) ouer elements of E ,  find the query evaluation plan QEP E E such that, 

(1) QE? computes !2 

(2) There does not  ezist Cl ET" E E such that CIE?' also cornputes CI and e(QE3")  < 
C('E3'). 

where the ezecution space E is the space of QEPs considered by the optimizer. 

As discussed earlier, finding an optimal QEP is a computationally intractable prob- 

lem, especially when the query involves more than, Say, ten relations. One obvious 

approach is to decrease the size of the execution space E :  but although it would re- 

duce the time and/or space recluirement, it has the tradeoff of reducing the chances 

of finding good plans. Another approach consists of estimating the costs of QEPs 

using the standard statistical information available in the database catalog. In fac t , 
most commercial DBblSs use some form of statistics on the underlying data infor- 

mation about the available resources in orcler to estimate the cost of a query plan 

approximately. Since these statistics are used to provide approximate estimates of 

query costs, the validity of the optimizer's decisions may be affected. On the other 

hand, since optimizers use these costs only for comparison purposes, approximate es- 

timates for the costs of the QEPs are usually sufficient as long as these estimates are 

reasonably close to the actual cost of executing the QEP. For example, if the actual 



1 Notation 1 Explanation 1 
~ V R  
b~ 

Number of tuples in relation R 
Number of disk blocks storing relation R 

C 
- - 

S R  

b f ~  

6(A, R) 

1 1 Given a relation R and an attribute 4 of the relation, 1 

Size of a tuple of relation R in bytes 
Blocking factor of relation R. This is the number of 
tuples of relation R that fit into one disk block 
Number of distinct values of attribute A in 

p(A:  R) 

1 1 p(A, R) is the average number of records that 1 

relation R- 
Selection cardinality of attribute A in relation R. 

1 1 satish an eoualitv condition on attribute A. 1 
Table 1.1: Statistical Information found in a typical DBMS Catalogue 

time units of execution of two plans Pl and P2 are 10 and 20 respectively, and the 

estimated times are 5 and 15, the optimizer will still pick Pl as  the Iess expensive 

plan, and this will be done correctly. On the other hand, if the estirnated times are 5 

and 4, the optimizer will pick the suboptimal plan P2. This is an extrernely important 

issue because costs of plans can diEer considerably, and choosing a suboptimal plan 

can result in severe performance degradation, defeating the very purpose of query 

optimization. 

1.2.2 Information in DBMS Catalogue 

Query optimizers make use of the statistical information stored in the DBMS cat- 

alogue to estimate the cost of a QEP. Table 1.1 lists some of the commonly used 

statistical information utilized in most of the current commercial DBMSs. 

In addition t o  t hese pieces of informat ion, most DBMSs also maint ain informat ion 

about the indices2 in their catalogues. These pieces of information include values such 

as the average fan-out, number of levels in an index etc. 

'~ndices refer t o  the actual data structures used to  store and retrieve the physical records of base 
and intermediate relations. Akhough indices play an important role in how a QEP is evaluated, we 
will not deal with them in this work. 



1.2.3 Approximately Estimating the Cost of a QEP 

Since the actual evaluations of all possible QEPs in space E is very difficult , like all 

other investigators in this area, we also resort to approximately estimating the costs 

of QEPs. 

To initiate the discussion tve consider the cost of a join, which we know is one 

of the most commonly occurring and expensive relational operations. We consider 

the cost e of joining two relations RI and R2 on a comrnon attribute X, using the 

nested-loop join algorithm [122]. If bR, and bR2 are the number of disk blocks required 

for relations RI m d  R2 respectively, then the cost formula in terms of number of disk 

accesses is, 

where js is the join selectivity3 of these other operators and b fRiR2 is the blocking 

factor for the resulting relation. 

From the above cost formula, it is apparent that the following cluantities are crucial 

for the query optimizer in order to estimate the cost of such an operation: 

(a) Query Result Sires: The cost formula for the above join algorithm depends on 

the sizes of the input relations, which is obviously true for nearly al1 relational 

operators. In a query with several operators, an input to an operator may itself 

be the result of another operator(s). This shows the importance of developing 

techniques to estimate the result sizes of these other operators. 

(b) Query Result Distributions: The result size of a join (or any other relational 

operator) depends mainly on the data distribution(s) of its input relation(s) . 

Again the input to this operâtor may itself be the relation which results from 

invoking another operator(s). This means that one also needs techniques to 

estimate the distribut ion of a query result . 

(c) Disk Access Costs: This is the cost of searching for, reading, and writing data 

blocks that reside on secondary storage, rnainly on disk. The cost of searching 

'Selectivity of an operator is the ratio of the result size and the product of its input sizes. For 
the join operator, the join selectivity js = I(RL WC R2)l/(lR11 x IR21) 



for records in a file depends on the type of access structures on that file, such 

as its ordering, hashing, and primary or secondary indexes. In addition, factors 

such as whether the file blocks are allocated contiguously on the same disk 

cylinder or scattered on the disk affect the access cost. 

1.2.4 Research Objectives 

In Section 1.2.3 we argued that estimatinç the query result sires, arnong others, is 

crucial for calculating the cost of a QEP. Hence the design of a good query optimizer 

should involve developing techniques to efficiently and accurately est imate the various 

query resdt sizes. The objective of this thesis is to deauelop new techniques that would 

provide more accurate query result sire estimation results than the state-of-the-art 

methods used in the current database systems. There are other topics of concern in 

query optimization such as implement ation algorit hms for various relat ional opera- 

tions, physical access plans for retrieving records etc., but they are not addressed in 

t his t hesis. 

In order to completely solve the above estimation problem, it is necessary to 

develop result size estimation techniques for each of the relational operators. Most of 

the current commercial DBMSs employ methods based on one or more of the following 

techniques to estimate the above quantities: 

1. Sampling based techniques 

2. Paramet ric techniques 

3. Probabilistic counting techniques and 

4. Non-parametric or histogram based techniques. 

These techniques are briefly reviewed in the next chapter. The accuracy of these 

estimates is ohen of critical importance since the selection of an optimal QEP hom 

an exponential number of alternatives solely depends on these estimates. Despite 

the widespread usage of the above techniques in many commercial database systems, 

their accuracy hm not been studied extensively. 



Since the accuracy of the query result size estimations, in turn, depends on the 

accuracy of the approximation to the underlying data distributions, we focus in this 

thesis on developing new techniques that wodd provide more accurate approximations 

to the true data distributions than the above methods. Specifically we introduce two 

new histogram-like techniques that provide more a c c ~ ~ a t e  approximation to the data 

distributions than the traditional histogram methods. These techniques are, namely, 

the Rectangular Attn'bute Cardznality Map  (R-ACM) and the Trapezoidal Attribute 

Cardinalitzj Map (T-ACM). The R-ACM approximates the data distribution using 

a user-specified tolerance, whereas the T-ACM approximates the data distribution 

using the well-known trapezoidal-rule of numericd integration. 

The result size estimation techniques studied in this research work involve the 

result estimation of ttvo of the most important and commonly occurring relational 

operators', namely, joins and selections using histogram-like techniques. 

It is important to note that the estimation of intermediate result sizes of any query 

is prone to error propagation which " travels" upward allong the query operator tree. 

Thus this error propagation can result in a final value for the query result-size that 

can be significantly different from the true result size. 

1.3 Outline of the Thesis 

This thesis is structured as follows. Chapter 2 describes the related work in re- 

sult size estimation. Although this survey is by no means a complete collection of 

every research work in this area; it is fairly cornprehensive. Here we discuss most 

of the relevant work in the area of query result size estimation, including sampling 

based techniques, parametric techniques, probabilistic counting techniques and non- 

parametric or histogram- based techniques. In Chapter 3, we describe the Rectangular 

Attribute Cardznality Map (R-ACM), which is the first major contribution of this 

thesis. Chapter 4 continues dong the same vein, and we introduce the Trapezoidal 

Attribute Cardinality Map (T-ACM), which is the second major contribution of this 

"The result size estimation of the project operation is not addressed here, since histogram based 
methods are not suitable for such operâtions. 



thesis. In these chapters, we also provide a fairly extensive mathematical analysis for 

these new structures, and provide some preliminary experimental results for query 

result size estimation based on synthetic data. 

Chapter 5 is a prototype validation of the ACMs on real-world databases. Here 

we use real-world databases such as the U.S. Government CENSUS database and 

the NBA Performance Statistics Database for o u  experiments. We shall also use 

mathematical distributions such as the Zipf distribution and rnulti-fractal distribution 

to generate a variety of potential distributions for the value domains from these real- 

world databases. These powerful dis tribut ions provide us wit h unlimited possibilities 

of data distributions: enabling us to carry out an exhaustive set of experiments, and 

to thus make intelligent cornparisons between the various techniques. 

Our esperimental study in Chapter 6 involves the industry-standard TPC-D 

benchmark tests. Here we use the TPC-D database and queries supplied by the Trans- 

action Processing Performance Council to benchmark the newly discussed ACMs. We 

also compare the performance of our netv techniques to that of the current state- 

of-the-art methods, such as the equi-width and equi-depth histograms. Unlike the 

prototype validat ing experiments of Chapter 5 ,  wbere we tested the schemes with 

simple synt het ic queries against real-world dat abases, the benclirnarking experiments 

in this chapter include complex simulated real-world query types against a scalable 

sirnulated real-world database. We use the results of these experiments to ver@ the 

theoretical results developed in Chapter 3 and Chapter 4, and also to dernonstrate the 

superiority of our new techniques over the current state-of-the-art histogram based 

estimation met hods. 

The estimation accuracy of the R-ACM and T-ACM depends on their build- 

parameters, namely the tolerance value, T and t lie slope of the t rapezoid respectively. 

As we shaU see, the estimation accuracy of the R-ACM can be arbitrarily increased by 

reducing the tolerance value, r. Hence building an optimal R-ACM entirely depends 

on the available storage. As opposed to this, given a storage space, the estimation 

accuracy of a T-ACM can be improved by finding the optimal slopes of the trapezoidal 

sectors. In Chapter 7, we discuss two different methods for determining suitable 

trapezoidal sectors. 



Finally in Chapter 8,  we provide a summary of our results and identi& the direc- 

tions for future research work. 

As a final note, we would like to emphasize that this thesis work only deals with 

the problem of evaluating the size of the relational operatiom. This is, in fact, as we 

earlier mentioned? a small, but important, part of the much bigger problem known 

as query optimization. The problem of query optimization requires cornparison of 

an exponential number of potential alternative QEPs of a given relational query and 

choosing the l e s t  e-xpensive one. Thus query optimization involves many inter-related 

tasks such as constructing operator trees for every possible QEP of the given query, 

evaluating the cost of each QEP in terrns of query result-size, disk access time, etc., 

executing the selected query and so on. Due to the enormity and complexity of the 

problem, we will not address any of these latter issues in this research work. Instead, 

we conclude this introduction by noting that the problem of evaluating the size of the 

relational operations (as addressed in this thesis) is probably the most fundamental 

and crucial one for query optirnization. Consequently finding niore accurate strategies 

for solving this kernel problem is the single most important issue in the design of 

superior query op timizers for any relational database syst em. 

Some of the theoretical results presented in Chapters 3 will appear in [106]. Some 

of the results from Chapter 4 are currently being reviewed for publication. They can 

also be found as Carleton University Technical Reports in [107, 1081. The research 

results on the prototype validation and testing of the R-ACM and T-ACM presented 

in Chapter 5 have been published in [132, 1331 respectively. Some of the results from 

the TPC-D benchrnarking experiments presented in Chapter 6 are currently being 

reviewed for publication. They can also be found as a Carleton University Technical 

Report in [105]. We are presently compiling the results obtained from Chapter 7 for 

potential publication. 



Chapter 2 

Related Work 

Query optimization has been a very active research field in the database community 

for the Iast two decades. In this chapter we shall briefly discuss some of the important 

results that have been developed in this field. It is obviously impossible to mention 

every single research result available. However the intention of this chapter is to 

present to the reader a reasonable view of the state of the art, and also to prepare 

the stage for the new schemes we intend to present. 

Apart from the area itself being v a t ,  the techniques used to optimize a query 

search itself are varied. At the top most level, the cpery optimizer has to distinguish 

the various query evaluation plans. This is a problem in its own right. The question of 

pruning these query evaluation plans, and discarding the iess pïomising ones without 

actually processing them in any depth, is itself, a huge area of research. Additionally, 

for any given query evaluation plan, the question of est imating its efficiency witliout 

actually processing the query is a problem that has captivated much research. Over 

the past two decades, we estimate there are probably thousands of important and 

less important results claimed for al1 of these respective areas. Since it is impossible 

to survey or mention al1 of them in this chapter, we shall go into greater detail only 

in the case of results which are pertinent to our central thesis. In papers which are 

of peripheral interest, a few sentences highlighting the contributions of the author is 

al1 that we will include. 

We divide this chapter into four sections, each dealing with a distinct area in 



query optimization. In the first section, we follow a top-down approach to query 

optimization, utilizing the general evaluation procedure that foliows as a framework 

for the specific techniques developed in query optimization research. In the second 

section, we review the major techniques developed in join tree re-ordering for query 

optimization. The third section of this chapter is devoted to the review of the work 

done in parallel and distributed query optimization. The final section, which has a 

much closer relationship with this thesis, de& with the statistical estimation and 

result-size approximation schemes used in database systems. 

2.1 A Top-down Approach to Query Optimization 

Early work in query optimization essentidy followed two distinct tracks, narnek, the 

bottom up and top down. Database researchers found the query optimization prob- 

lem, when posed in a general contea*, to be both diEcult and complex - and indeed, 

intractable with regard to optimality. They, in the early days, mainly undertook a 

bottom-up approach, considering only special cases. This included, for example, find- 

ing "optimal" strategies to implement major relational operations and finding " opti- 

mal" methods to execute simple subclasses of queries. As better strategies emerged 

wit h t ime, researchers at tempted to obtain " optimal" strategies for relatively larger 

and more complex queries by coinposing the results from the smaller building blocks. 

As the number and sizes of the commercial databases grew, the need for func- 

tional op tiniizat ion syst ems resulted in the development of full-scale query evaluation 

techniques. These techniques provided more general solutions and handled query 

optimization in a uniform, though heuristic manner [2, 89, 102, 11 1, 118, 1411. Obvi- 

ously, generating a query optimization plan out of smaller building blocks, often did 

not achieve optimal system efficiency. This Ied the researchers to move towards a t o p  

down approach that incorporated more knowledge about special-case optimization 

opportunities into the general procedures. This topdown approach also incorporated 

many general algorithms, which were augmented by combinatorial cost-minimization 

techniques for choosing between the various potential query evaluation plans. 

Using the topdown approach, the general query optimization can be divided into 



the following steps: 

Use logical transformation techniques to change the given query so that (a) the 

query is represented in a standardized form, (b) the query is simplified such that 

the same operation is not computed twice, and (c) the query is ameliorated so 

as to organize the computation to apply procedures developed for special case 

scenarios . 

Represent the transformed query into alternative sequences of simple elemen- 

tary relational operations that can be computed using known implernentation 

techniques. This makes it possible to compute the associated execution cost 

for the evaluation plan. This step generates a set of potential access plans that 

simplify the process of evaluat ing the original query. 

Compute the execution cost for each access plan in the above access plan set. 

Execute the cheapest access plan and return the results. 

The first step of this procedure involves logical transformation of the query, and 

thus it is, generally, independent of the underlying data. Hence this step can often be 

handled at compile time. But in order to properly carry out steps (2) and (3): and to 

generate optimal query evaluation plans, we need to have sufficient knowledge about 

the underlying data distribution. 

The fact that steps (2)  and (3) require soine prior knowledge about the underlying 

data poses a number of difficulties. First of d l ,  if the data distribution is dynamic 

( i . :  due to frequent updates), steps (2) and (3) can be carried out only at run 

time. Consequently we need to sacrifice some gain in the overall execution efficiency 

in order to minimize the optimization cost. Another ciifficulty is that the DBMS 

should maintain a catalogue (or a meta-database) about the pertinent st atistical 

information about the underlying data distributions. It is obvious that in order to 

benefit from such an optimization strategy one must compare the costs of gathering 

and maintaining such information in the DBMS catalogue against the cost savings in 

the overall optimization process. 



CHAPTER S. RELATED WORK 

2.1.1 Query Transformation 

Any relational algebraic query can be transformed into a number of semanticallj 

equivaient expressions. In this section, we discuss the work on transformation of a 

given expression into an equivalent query by means of well defined transformation 

rules. The objectives of query transformation c m  be described as the following: 

1. Obtaining a normalized starting point for query optimization (called standard- 

zza tzon) . 

2. Eliminating the duplication of effort ( called simplification) and 

3. Generating query expressions that have superior evaluation performance com- 

pared to the initial query ( called amelioration). 

A number of works [68,70, 111,1411 have been done to define a normalized starting 

point for representing a query for the purpose of query optimization. 

PVe have already ment ioned t hat t here might be several semanticauy equivalent 

expressions representing a given query. It is obvious that one of the main differences 

between any two equivalent expressions is their degree of redundancy [SI]. In other 

words executing a query rvith redundant e'cpression would result in carrying out a 

number of unnecessary duplicated operations. Hence cpery simplification step should 

involve the transformation of a redundant query expression into an equivalent non- 

redundant one by applying simple logical transformation rules. 

A redundant query expression can be simplifiecl by applying various transforma- 

tion rules listed below. 

Transformation Rules 

A transformation or equivalence rule says that expressions of two forms are equivalent. 

This implies that we can transform either expression to the other while preserving 

equivalence. When two relations have the same attributes ordered in a different man- 

ner, and equal number of tuples, the two expressions that generate thern are consid- 

ered to be preserue equzualent. Modern-day query optimizers heavily use equivalence 

rules to transform initial expressions into simpler logically equivalent expressions. 
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Figure 2.1 : Equivalent Transformations. 

A number of cornmonly used general equivalence rules for transforming relational 

algebraic expressions are given below. Three equivalent transformations are shown 

in Figure 2.1. The predicates in the query expressions are denoted by di, attributes 

are denoted by Li. and the algebraic e,rpression is denoted by Ei. Since the result 

of -a relational algebraic expression itself is a relation' a relation name R can appear 

anywhere in place of an expression. 

1. Conjunctive selection operations can be simplified into a sequence of individual 

selections. This transformation operation is known to as  a cascade of a. 

2. Selection operations applied successively onto a relation are commutative. 

3. In a sequence of projection operations, only the final operation is required to 



compute the results. This transformation operation is known as a cascade of rr. 

4. Selections can be processed together with Cartesian products and 8-joins (also 

written as theta-joins). 

(a) oo(El x E2) = El Hg &. 
This expression is indeed the definition of the theta join. 

(b) gel  (El xo2 G) = El W e l ~ e 2  E2- 

5. A theta-join operation is commutative. 

Note that the natural join operation is also commutative, since the natural-join 

operator is actually a special case of the theta-join operator. 

6. (a) Natural join operations are associative. 

(b) Theta joins can be associative as shown below: 

where O2 involves attributes from only E2 and E3. Since any of these 

predicates can be empty, it can be seen that the Cartesian product ( x )  is 

an associative operation. It is important to observe that the properties of 

comrnutativity and associativity of join operations are important for join 

reordering in query optimization. 

7. The selection operation and the theta join operation are distributive under the 

conditions stated below: 



(a) Selection operation distributes over the theta join operation when all the 

attributes in selection predicate O. involve only the attributes of one of the 

e-pressions ( E l )  being joined. 

(b) Selection operation distributes over the t heta distribution wlien selection 

condition el involves only the attributes of El and 6 2  involves only the 

attributes of 232. 

8. The projection operation and the theta join operation are distributive. 

(a) Suppose the attributes LI and L2 belong to the expressions, El and E2, 

respectively. Assume that the join predicate 0 has only attributes in LI U 

L2. This means, 

(b) Consider a join El WQ f i .  Assume the attributes, Li and L2 belong to 

the expressions El and IL, respectively. Assume the attribute L1 is from 

the expression El which are involved in join predicate 6; but are not in 

Ll u L2, and let attribute L4 of E2 that are involved in join condition 8, 

but are not in LI U L2. This means, 

9. The union operation and the intersection are commutative set operations. 

E l u & = & u E 1  and E l n E 2 = E 2 n E I .  

It is important to note that set difference operation is not commutative. 



10. The union operation and intersection operation are associative set operations. 

(El u E2) u E, = E l  u(E,u E,) and (El  n E2) n E, = El n ( E 2 n E 3 ) .  

11. The selection operation distributes with the union, intersection, and set differ- 

ence operations. 

W ( E 1  - E2) = OP(&)  - op(E2). 

When substituting the set difference (-) with either one of u or n, selection 

operation is distributive wit h the union and intersection operations. 

12. The projection and union operations are distributive. 

The proof of the above equivalence is straightforward and can be found in (971. Also. 

the preceding list is only a partial list of equivalences. More equivalences involv- 

ing extended relational operators, such as the outer join and aggregation, can be 

constructed frorn the above list . 

The process of query simplification does not always produce a unique expression. 

Many non-redundant expressions can exist that are equivalent to the one generated 

by a given equivalence transformation. The evaluation of expressions corresponding 

to a given query may differ significantiy with respect to performance parameters, such 

as the size of the intermediate results and the number of relation elements accessed. 

2.1.2 Query Evaluation 

In this section we provide a brief overview of the methods for evaluating relational 

query cornponents of varying complexity. This includes queries with one-variable ex- 

pressions, two-variable expressions, and multi-variable expressions. These evaluation 

methods provide us with a set of building blocks for evaluating any general query 

expression. The execution cost of tliis evaluation step forms the final part of the 

overall query optimization cost. 



One-Variable Expressions 

These are the simplest algebraic expressions used to select a given set of attribute 

values from a single relation. A simple approâch to evaluate such an expression is 

to read every corresponding attribute value of the relation: and to check whether 

it satisfies each term of the expression. Obviously this approach is very expensive, 

especially when the query expression involves large relations. In these situations, 

there has been many techniques proposed to minimize the number of attribute values 

accessed and the number of tests applied to an accessed attribute value. These are 

briefly discussed below. 

One of the cornmonly employed techniques to minimize the number of record 

accesses is by means of data structures that provide direct access paths, so that an 

exhaustive sequential search can be avoided. This can be accomplished by maintairing 

the relation in a sorted form with respect to one or more attributes so that records 

can be easily accessed. This also facilitates a binary search on the sorted attribute 

values. One of the obvious uses of such a technique is the evaluation of range queries 

[13, 271. 

Another commonly used technique is hashing. Hashing technique has many vari- 

a n t ~  and its major advantage is that it provides fast direct access to records without 

requiring that the attribute values are maintained in a sorted order. 

In addition to hashing, techniques using indexes play an important role in pro- 

viding direct and ordered access to records. Indexes can be often combined with 

multi-list structures. The idea of an index is based on a binary relationship between 

records being accessed. Specifically the index method uses tuple identifiers or keys 

to establish a binary relationship between records, so that traversa1 becomes much 

faster than a sequential search. The indexing metbod c m  be either one-dimensional 

or multidimensional. A one-dimensional index irnplements record access based on a 

single relation attribute, whereas a multidimensional index implements record access 

based on a combination of attributes. Two popular approaches for irnplementing 

onedimensional indexes are namely, ISAM [25] and B-tree [6] structures. A detailed 

discussion on multidimensional index structures can be found in the tvork by Bentley 

and Friedman [SI. 





We can improve the nested iteration method by using an index on the join at- 

tribute(s) of the relation R2. This s t r a t e s  does not require accessing R2 sequentially 

for each record of RL as the matching RÎ records can be accessed directly [49, 741. 

Hence using an index we only need *NI + N, * & r jL2 record accesses, where j12 is a 

join selectivity factor representing the Cartesian product of Ri and Rq. 

In a paged-memory environment, we can extend the idea of the nested iteration 

method to the nested block method [70]. In this method. we use a main memory buffer 

to hold one or more pages of both relations. where each page contains a set of records. 

The nested block algorithm is essentially similar to the nested iteration rnethod. 

The only difference is that memory pages are read instead of single records of the 

relation. Using this approach we reduce the number of disk accesses required to 

cornpute the join to Pl + (Pi lBl)  * PÎ, where Pl and P2 are the number of pages 

required to store the outer and inner relations of the algorithm respectivek and Bi 

is the number of pages of the outer relation occupying the main memory buffer. It 

is easy to observe that it is always more efficient to read the smdler relation in the 

outer loop (Le., make Pl < P2). If we maintain the smaller relation entirely in the 

main memory buffer, then we need only Pl + f i  disk accesses to form the join. 

Another approach, based on the order in which records of the relations are re- 

trieved, is known as the merge method [12, 1221. In this approach, both relations are 

scanned in ascending or descending order of join attribute values and merged accord- 

ing to the join predicate. We reqtiire almost lV1 + 1V2 + SI + S2 disk accesses to form 

the join, where Si and S2 are the number of disk accesses needed to sort the relations 

being joined. It is obvious that this method is a n  excellent choice when both relations 

are already sorted by the same criterion. Of course, when the smaller relation cari be 

completely maintainecl in the main memory buffer, the nested block method is more 

efficient. Whenever an indexing mechanism exists, tlien when one relation is much 

larger than the other, nested iteration with indexes is preferable. 

The strategies developed to evaluate one-variable expressions and computation of 

dyadic terms c m  be useci to evaluate any arbitrary two-variable eqressions. These 

strategies mainly differ in the manner they implement the access paths and methods. 

namely indexing mechanisms and the order in which the component expressions are 



evaluated. 

Blasgen and Eswaran [ l l ] ,  Niebuhr and Smith [102], and Yao [142] describe many 

different approaches and compare their evaluation efficiency. It is their conclusion 

that usually there is often no a priori best algorithm for a general evaluation process 

and thus the query optimizer must rely on heuristics as the only alternative is to 

choose the optimal plan through an expensive cost comparison of potentially many 

alternatives for each query. 

Multi-variable Expressions 

A query optimizer designed to process any arbitrary query should incorporate strate- 

gies for evaluating multi-variable expressions. 

One of the popular techniques, known as parallel processing of query components 

evaluates an expression by avoiding repeated access to the same data. This is usu- 

aUy achieved by simultaneous or parallel evaluation of multiple-query components. 

Usually al1 monadic terms associated with a given variable are evaluated first and all 

dyadic terms in which the same variable participates are partially evaluated paral- 

lely [ I l l ] .  This alço includes parallel evaluation of logical connectors such as AND 

existing arnong the various ternis, that always minimizes the size of intermediate 

query results [68]. A strategy, using a similar approach, rvhere aggregate functions 

and complex sub-queries are computed concurrently, has been proposed by Klug [74]. 

Parallel processing of query components require appropriate scheduling strategies for 

the overall efficient optimization. A few interesting techniques for parallel scheduling 

for query processing have been proposed by Schmidt [120]. 

Another strate,gy t hat is useful for scheduling parallel optimization is the pipelin- 

ing of operations that can work on the partial output of preceding operations [125, 

1421. One possible example is the operations restriction and projection can be 

pipelined with a minimal buffer for data exchange, without the need for the creation 

and subsequent accessing of a potentially big temporary relation. 

Another method known as the feedback technique combines the t a k s  of simulta- 

neous evaluation of query components and pipelining, using partial resdts of a join 

operation [23]. 



2.1.3 Access Plans 

Having revietved the various techniques for evaluation of query components that can 

be used as building blocks of an arbitrary general query evaluation algorit hm in the 

previous section, we shall now discuss the final step of our query evaluation process. 

This step requires the combination of these building blocks into an efficient and opti- 

mal evaluation procedure for an arbitrary standardized, sirnplified, and ameliorated 

query expression. 

The access plan selection s trategies use the transforrned and simplified query, 

the storage structures and access paths, and a simple mathematical cost mode1 to 

generate an optimal access plan. This is usually achieved by the following procedure: 

Find all possible logical access plans for evaluating the given query. A logical 

access plan is defined as a sequence of operations or of intermediate results 

leading from existing relations to the final result of a query. 

Obtain details of the physical representation of data such as access paths, sta- 

tistical information stored in the dat a-dictionary. 

Using the mathematical cost mode1 basecl on the access paths and processing 

costs, select the cheapest access plan. 

Generation of Access Plans 

The sequence of operations or intermediate results leading from the existing data 

structures to a query result is h o w n  as an access plan for a query. An ideal query 

optimizer should generate an optimal access plan with a minimal optimization effort. 

Two completely different methods were proposed by Smith and Chang [125] and 

Yao [142]. Smith and Chang use a fixed set of query transformation rules. This 

approach usually results in a single access plan, which need not be optimal. Yao's 

approach generates all non-dominated access plans that are possible in a given sce- 

nario. O bviously genera t ing every single possible access plan becomes p-ohibi t ively 

expensive for complex queries. 



In addition to the above methods, there are other strategies that resort to methods 

t hat Lie between heuristic select ion and det ailed generation of alternative access plans. 

This includes an SQL nested block method based on a hierarchical technique used 

in System R [122]. In this strategy, in addition to generating and comparing the 

evaluation plans for each query block, the sequence in which how query blocks are 

evaluated is also computed. The disadvantage of t his met hod is that as this approach 

requires a user-specified block structure? the initial query normalization step is pushed 

into the actual query processing phase [TOI. INGRES also uses a somewhat similar 

approach (1411. 

Cost Analysis of Access Plans 

The query optimizer chooses a physical access plan for a given query either on the 

basis of a set of heuristic rules or on the basis of a mathematical cost mode1 involving 

the underlying data structures and access methods. Merret t discussed a top-down 

approach for cost analysis based on the storage structures [93]. Though the techniques 

presented in [93] have been significantly improved on since 1977, it is worth mentioning 

that Merrett 's ideas were seminal and initiated the work in the area of cost analysis in 

relational database systems. In particular, in [93], Merrett provides general principles 

that allow a database analyst either to quickly estimate the costs of a wide variety of 

alternatives, or to analyze fewer possibilities in depth. He also provides a number of 

techniques that can be used at any level of the iterative design process. 

A brief review of some of the cost models and their use in the query optimization 

is given below. 

Even though working storage requirements [23, 70, 1161 or CPU costs [122] are 

considered to be important factors by some researchers, the number of secondary 

storage accesses or 110 operations is considered to be the most important one in de- 

signing a cost mode1 for andyzing any physical access plan. The number of secondary 

storage accesses is mainly dependent on the size of the operands used in the query, 

the type of access structures used, and the size of the temporary buffers available in 

the main memory. 

In the initial stages of the evaluation, the sizes of most of the operands are known, 



at least approximately. In addition, any available index methods for the attribute 

values involvecl are also known. But in the later stages of the evaluation, most in- 

termediate relations are the results of preceding operations, and consequently, the 

cost model must estirnate their size by using idormation about the original data 

structures and any other information available froni the DBMS catalogue, such as 

the selectivity of the operations already performed on t hem. Unfortunately, t here are 

no generdly accepted well defined formulae for estimating the size of intermediate 

results. Some of the on-going research works, including the ideas proposed in this 

thesis work, consider various approaches to approximately estimate the intermediate 

result sizes. 

It is obvious that one can construct a simpler model, using only a few parameters 

by imposing restrictions on the assumptions about the data. The result size estimate 

analysis discussed in [122] uses only information already available in the database 

catalogue. Obviously this requires many assumptions about data  and queries to 

complete the cost model [2] .  On the other hand, the result size estimate analysis 

proposed by Yao assumes that detailed selectivity data is known [142], withoiit stating 

how this detailed inforrnation can be obtained. 

In the late 1980s and early 1990s, researchers began to carefully describe and 

critically analyze all underlying assumptions about database characteris tics. The 

objective was to formally generate valid parameters for the cost model that enable 

the optimizer to 

1. estimate a result size for any relational operation, and 

2. estimate parameter values for intermediate results based on the previous results 

and base relations. 

Cost models based on such techniques relate the database state at run time as  

the result of a random process. This random process is assumed to  generate relations 

from the Cartesian product of the attribute value domains, based on some probability 

distribution (usually assumed to be uniform) and by involcing certain other general 

principles such as the functional dependencies of the underlying database schema 



[43, 1131. These assumptions enable one to derive parameters in order to compute 

the size of any intermediate result of more complex relational operations. 

These assumptions have been critically analyzed by Christodoulakis [19 , 201 and 

Montgomery et al. [96]. They have shown that these assumptions often lead to a bias 

against direct-access structures in selection plans. However, to date, there has been 

no practical and simple cost mode1 or formula with more general assumptions, which 

does not require detailed catalogue information. 

Selection of Access Plans 

As we previously mentioned, selection of access plans can be based on either heuris- 

tic rules or cost estimates. Some approaches, proposed in the literature, combine 

heuristic reduction of access p l m  choices with enumerative cost minimization tech- 

niques [Ml]. A number of experimental studies show that combinatorial analysis 

significantly improves the database performance [35]. 

Cost estimates c m  be used in the access plan selection process in two different 

ways. The first approach estirnates the costs of each alternative access plan completely 

[Il, 1421. The major advantage of this approach is that it is possible to make use of 

techniques like parallelism or feedback in such situations. But, obviously the overall 

optimization effort is high. 

In the second rnethod, a parallel incremental generation of the cost of strategies 

is proposed. The main advantage of this method is that it permits whole families 

of strategies with common parts to be evaluated concurrently. Hence this approach 

results in a significant reduction in the overall optimization effort. One good exam- 

ple using this approach is the heuristic method proposed by Rosenthal and Reiner 

[115], in which the "optirnizer" keeps only the current-optimal way to generate each 

intermediate result, and discards any other sub-optimal met hods. 

A more popular method is the dynamic-programming query optimization strategy. 

This is actually an extension to the second method, in which, at each level: o d y  the 

next opecation to be performed is determined based on the optimal sub-plans. As 

in any dynarnic programming technique, t his met hod has actual information about 

all its operands, including intermediate result sizes that can be used to update the 



estimates of the rernaining steps. This dynamic approach has two obvious drawbacks. 

Firstly, it has a potentiai of getting stuck in local optima if no adequate look ahead is 

planned. Furthermore, in the more general setting, the method leads to prohibitively 

high optimization cost . 

2.2 Query Optimization Using Join Re-Ordering 

IR this section we review the work done in query optimization using join re-ordering, 

i.e., by the selection of optimal join trees. Before we describe what has been done 

with regard to optimal join trees, we will first introduce a few definitions that will be 

used throughout this section. 

2.2.1 Sorne Definitions 

Query Graphs and Join Trees 

Query graph is a commonly used pictorial representation of a relational q u e .  In 

a query graph, nodes denote the relation narnes, and edges represent the respective 

predicates. If a predicate edqression: p: references the attributes of two relations: 

Say R, and Rj, then an edge labeled p is said to exist between the nodes of these 

two relations. Denoting the edges of the query graph as {pl, . . . , p , )  and nodes 

as { R I ,  . . . , k}, we define the result of a query graph G = (V, E) as a Cartesian 

product followed by relational selection: o,,n,...A,, (Ri x - - x Rn). 
Instead of using the straight definition of product followed by selection of the 

query tree stated above, simple Join trees are used to evaluate queries. A join tree 

is defined as an operator tree whose inner nodes are labeled by the relational join 

operators and whose leaves are labeled by base relations. The computation of the 

result of a join tree is always carried out in a computed bottom-up fashion. The 

nodes cf the join trees are usually annotated to reflect the type of join-algorithm 

used. These generally include algorithms such nested loops, hash, sort merge and so 

on. It shouid be noted that some of the bina- trees on the relations of the query are 

not actually join trees since they may involve the use of Cartesian products. 



Figure 2.3: Query Graph and its Operator Trees. 

The query graphs and join trees are tnro different forms of representing a given 

query. A query graph merely represents a collection of relations and their correspond- 

ing predicate expressions. It does not specify any evaluation order for the expressions 

involved. On the other hand, a join tree specifies clearly the inputs to each relational 

operator, and the order in which how they should be evaluated. 

Figure 2.2 shows a query graph, and two possible operator trees that solve the 

query. 

Join Tree Topologies 

Join trees can be classified into two major categories, namely linear join trees and 

bushy join trees. For every join operator in a join tree, if at least one of the two input 

relations is a base relation, then the join tree is called linear, otherwise it is called 

bushy. Using this classification, bushy search space is defined as a set of join trees 

when there is no restriction on the topology of the trees. Sirnilarly a linear search 

space is defined as a set of join trees where the topology of the trees is restricted to 

only linear join trees. It is obvious that the linear search space is actuaIly a subset 

of the bushy search space. Since join trees do not distinguish between right and left 

subtrees, they are unordered. Since each of the n - 1 interna1 nodes of an unordered 

tree of n leaves can have two choices, a total of ordered trees can be generated 

from such an unordered tree. 

The number of alternative join trees exponentially increases when considering the 

various implementation algorithms available for each join operator in the tree. Some 

of the commonly used join algorithms are hash-join, nested-loop and merge-scan. For 



Figure 2.3: A string q u e .  

example, for a query graph involving n relations where each join has x alternative 

implementation schemes available, then for each query tree whkh \vas previously 

unordered, one can generate a pool of xn-L ordered trees. 

Structured Query Graphs 

When presented with an  arbitrary query graph! finding the total number of valid join 

trees is a computationally intractable problem. On the other hand, when the topology 

of the query graph is "structured" it is relatively easy to find the exact nurnber of join 

trees using standard combinatorial methods [81]. The number of unlabeled binary 

trees is shown in [75] to be equal to the Catalan number. Three well known query 

graph topologies, s t r ing ,  completely connected and star query graphs are discussed 

below. 

String Query: Both end nodes of a string query have degree 1 and al1 other 

n - 2 nodes have degree 2 as shown in Figure 2.3. String queries are frequently 

encountered in the verification of Foreign key relationships and in object-oriented 

database environments. 

Completely Connected Query: This is also known as a clique. These type of 

query graphs are not usually found in day to day operations of a DBfvlS. The main use 

of such a graph is as a test case for its large number of evaluation orders. It is clear 

that the query graph for a completely connected query of n relations, has n nodes of 

degree n - 1. Since every node of this graph is connected to every other node, these 

graphs are also called complete or n - 1 regvlar graphs. Figure 2.4 depicts a clique 

on four nodes. 

Star Query: Online analytical processing (OLAP) applications often use star 

queries. In the query graph of a star query of n relations, there are n - 1 nodes 

with degree 1 and one central node with degree n - 1 as shown in Figure 2.5. It is 

interesting to note that  for a star query, al1 valid join trees involve join operators that 

have at  least one operator as a base relation. Hence in a star query, the number of 



Figure 2.4: A completely connected query on 4 nodes. 

Figure 2.5: A star query on 5 nodes. 

bushy search space is the same as the linear join tree search space. 

For the three query graph topologies discussed above? namely str ing,  completely 

connected and s tar  [104] the exact number of unordered iinear and bushy join trees 

is listed in Table 2.1. 

Search Space 
Linear ioin trees 

Table 2.1: Number of join trees for structured query graphs. 

I 1 -  

2.2.2 Join Tree Selection Methods 

String Query 
y - 2  - 

Bushy join trees 1 (371-I)! 
n!(n-l)! 

Optimal join tree selection is a search problein which depends on the  three factors, 

narnely the join tree search space, the cost mode1 and the search strategy or search 

algorithm. The join tree search space contains al1 valid join trees, both bushy and 

Completely Connected 1 Star 
n! 1 (n - l)! 

(Zn-2)!  
(n-l)! 1 (72 - l)! 



linear. The cost model is u s u d y  a simple mathematical model that annotates a cost 

to each operator in the tree. The search algorithm is the actual procedure that finds 

the optimal join tree in the search space using the cost model. Most of the modern-day 

query optimizers use three different search strategies, namely (a) exhaustive search 

(b) probabilistic techniques (c) non-exhaust ive deterministic algorit hms. We discuss 

each of them briefly below. 

Exhaustive Search 

Exhaustive search is only possible if the join tree search spaces are not too large. For 

most of the relational queries this should be less than ten relations. There are two 

different exhaustive search techniques commonly in use. These are namely, dynamic 

prograrnming [122] and transformation-based search methods [92]. Dynamic program- 

ming and transformation-based search are also known as the bottom-ap and top-down 

search methods. 

1. Dynamic Programming: Early database systems such as System R [122] and 

Starburst [53, 54: 1041 used dynamic prograrnming to find optimal join trees or 

query evaluation plans. This strategy is very simple and easy to comprehend. 

The dynamic programming algorithm first considers the individual base rela- 

tions in a bottorn-up fashion and adds new relations until all pairs of relations 

are joined to generate the final result. A table for storing the intermediate re- 

sult sizes is maint ained so that the sequence of the next join operation can be 

determined based on the cheapest alternative ciirrently known. 

2. Transformation-based: The Volcano query optimizer (4.5: 921 and the Cas- 

cades [4S] query optimizer use the transformation based exhaustive search a p  

proach. This strategy works by applying various transformation rules to the 

initial query tree recursively until no new join trees are generated. These opti- 

mizers use an efficient storage structure for storing the information about the 

partially explored search space, in order to avoid generating the same query 

t rees . 



Probabilistic Algorithms 

Finding a globally optimal join tree in a very large search space, specially in a bushy 

search space involving more than 10 relations, is usually a difficult problem. One 

approach is to use probabilistic algorithms to eliminate the less prornising portions of 

the search space. These algorithms improve the search performance by avoiding the 

worst join trees during the search process, instead of looking for the best join tree. 

A number of different probabilistic algorithms such as Iterative Improvement (II) 

[130], Simdated Annealing (SA) [66] and their variations Towed Simula ted Annealing 

(TSA) [81] and Fwo Phase Optirnitation (2PO) [65] are currently in use for searching 

large query tree search space. Al1 these dgorithms are based on rewriting join trees 

based on the algebraic properties of the join operator (such as commut ativity and 

associativity) in order to generate alternat ive query trees. 

Al1 of the above probabilistic algorithms look for an optimal join tree in the follow- 

ing manner. First, an arbitrary join tree is generated by the algorithm to represent 

the given query. Then, applying the logical transformation rules that were discussed 

earlier, new join trees are penerated. For each new join tree, using a simple cost 

model, the algorithm computes an estimated cost. The new join tree is retained as 

the cdurrent solution, if the cost is found to be below a specified value. The transfor- 

mation rules are applied again on the current solution to generate new join trees in 

a recursive maimer. This recursive process is carried out until a stopping condition, 

such as a time limit or level of cost improvement, is met. 

The algorithm TSA finds the optimal join tree by performing simulated annealing 

repeatedly. Each time the algorithm picks a new query tree as its starting point. The 

2P0 algorithm combines the features of the II algorithm and the SA algorithm. It 

first performs II for a given period of time, then using the output from the II phase 

as its starting query tree, it performs SA until the final globally optimal query tree 

is obtained. 



Non-exhaustive Deterministic Algorithm 

An efficient non-ewhaust ive det erminis t ic algorit hm using a block-wise nested-loop 

join algorithm was first proposed in [61]. This algorithm generates optimal linear 

join trees, especially for acyclic queries. A variant of this algorithm was described in 

[17], in which the search strategy employs an arbitrary join algorithm based on the 

available access paths instead of a nested-loop join algorithm. 

2.3 Parallel and Distributed Query Optimizat ion 

Almost al1 of the modern-day high-performance computers support some form of par- 

delism in their architecture. Hence it is very important that the database systems 

designed to process large volumes of data should be able to take advantage of such 

parallel processing capabilities. There has been considerable developments in the par- 

alle1 and distributed query evaluation methods in the last two decades, and therefore 

a review of them here is necessary. 

Even though the fundamental concepts behind both the distributed and parallel 

databases are almost similar, research in distributed query optimization \vas done in 

the early 19SOs, at  a time at  which communication over a nettvork was prohibitively 

expensive and computer equipment, such as processors, niernory, secondary storage, 

was very expensive to provide parallel processing capabilities. 

In order to improve the query execution performance in distributed systems, new 

techniques, such as semi-joins were developed to reduce the communication bottle- 

necks. During the early days, techniques for exploiting parallelism were ignored. 

Since the potential query execution space is different for both distribute and parallel 

systenis, the optimization problems are obviously different under bot h systems. 

h y  parallel execution strategy requires an overhead of starting and initializ- 

ing processes. The initial processes may then transmit substantial arnounts of data 

between various processors. Obviously these startup and communication overheads 

increase total work. Therefore it is important to note that the increase is overhead 

work can be significant enough that careless use of parallelism cari result in severe 



performance degradation rather than performance increase. The communication cost 

is usually a function of the size of data transmitted. While an  individual operator 

may examine a relatively small portion of each tuple, al1 data  that are used by any 

subsequent operator need to be cornmunicated. This invariably results in a significant 

percentage of the total cost of executing the query. 

In a distributed database syscem, each participating system (or node) is a conlplete 

database management system in itself, with access coritrol, meta-data (catalogue). 

query processing, etc. This means each node in a distributed database system can 

function autonomously on its own, regardless of the status of the other nodes. Since 

each node performs its own access control, cooperation of each node in a distributed 

transaction is not mandatory. Some of the popular distributed systems of academic 

interest are R* [50], distributed Ingres [35], and SDD-1 [9]. In addition to these, there 

are now a number of commercial distributed database management systems. Some 

of the works described by Ozsu and Valduriez (109, 1101 detail distributed database 

systems and query evaluation plans. 

Unlike the distributed systems, in a parallel database system, the overall control 

is at a single location. This means that there is only one database management 

system t hat divides user queries into sub-t asks and executes the sub-tasks in parallel. 

Access control to data is more difficdt to implement than a distributecl system. AIso 

unlike a distributed system, the query optimizer needs to assume that al1 nodes in 

the system are available to participate in coordinated execution of queries. The 

participation of nodes or processors in a given query execution is usually controlled 

by a global resource manager, as opposed to the voluntary cooperation found in 

distributed systems. Research work on parallel database systems has been going 

on for a nurnber of years now and consequently a number of research prototypes 

can be found in the literature. Some of the popular ones include, Gamma [31, 321, 

Bubba [14, 151, Grace [dl, 721, Volcano [46], Tandem's NonStop SQL [34], Teradata's 

DBC/lOlZ [101], and Informix [25]. 

Distributed database systems can be either homogeneous or heterogeneous. In a 

homogeneous system al1 participating nodes are of the same type, whereas in a het- 

erogeneous system, the participating nodes can be of different types. In addition, it is 
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possible for a distributed system to make use of parallelism at any of its nodes. It can 

also employ parallelism by pipelining data between nodes. Parallel database systerns 

can be based on a shared-memory, shared-disk, distributed-rnemory, or hierarchical 

computer architectures consisting of multiple nodes, each wit h multiple CPUs and 

disks and a large shared memory. Some researchers [35] have proposed that consider- 

ing various scenario, a system based on distributed memory architecture is possibly 

the most promising one in terrns of efficiency and cost. 

2.3.1 Forrns of Parallelisrn 

There are many different forms of parallelism that can be used for query evaluation. 

In interquery parallelism, multiple queries from many users can be evaluated concur- 

rently within a single node. Since rnost DBMSs can process requests from multiple 



users simult aneously, interquery parallelism can be exploited by the query 0ptimize.r 

The major disadvantage of the interquery parallelism is that there may be resource 

contention among compet ing processes, mainly for accessing memory and disks. 

Another comrnonly employed parallel processing technique known as the inter- 

opera tor parallelism involves pipelining successive operators of a given query. 

There are two main forms of inter-operator parallelism, namely vertical inter- 

operator parallelism and horizontal inter-operator parallelisrn. Vertical inter-operator 

parallelism involves executing successive operators and relations in a pipeline, whereas 

horizontal inter-operat or parallelisni involves executing independent subtrees of a 

bushy-query t ree concurrent ly. 

Another form of parallelism comrnonly employed in practice is known as the intra- 

opera tor parallelism? which involves the execut ion of a single operat or concurrently 

on multiple processors. This is useful when the underlying data sets can be easily 

partitioned among multiple processors. 

Modern-daÿ database query optirnizers use bot h vertical inter-operat or parallelism 

and intra-operator parallelism to achieve increased performance. Even though these 

techniques offer speedup and scale-up from a theoretical point of view? they both 

present significant implementation difficulties. For example, load balancing is ex- 

tremely difficult to achieve with pipelining. This is because the amount of data going 

to each processor in a pipeline cannot be predicted or chosen by the query optimizer 

easily. Similarly the intra-operator, partitioning-based parallelism cannot work effi- 

cientIy unless the data partitions are al1 of equal size. This is often not true as the 

real world data distributions are not dways uniform. 

2.3.2 Load Balancing and Skew 

Assignment of data to individual processors and disks equally is one of the impor- 

tant factors in achieving optimal speedup and scale-up in a parallel query evaluation 

environment. In inter-operator parallelism, one or more processors may become the 

bottleneck unless the query operators are properly grouped together. The main diffi- 

culty in achieving proper load balancing is that intermediate result sizes are not easy 



to predict. This is why most of the query optirnizers do not base their architectures 

solely on inter-operator parallelism. The data from the secondary storage must be 

partitioned in intra-operator parallelism in such a way that the distribution of Ioad 

is equal for each processor. 

A nurnber of techniques have been proposed in the Iiterature to minimize the effect 

of skew or to completely avoid it in parallel query processing [4,30,60, 71, 79,80, 1231. 

Each of these techniques have associated drawbacks and t hus achieving a theoret ically 

ideal load balancing is almost impossible. 

2.3.3 Parallel Algorit hms 

Parallel algorithms for query optimization in database systems mainly based on the 

concept of partitioning an input data set using range or hash partitioning. These 

partitioning techniques can be combined with sort and hash-based query processing 

algorithms to evaluate the final results. 

A main issue whên building a parallel DBMS is deciding whether to parallelize 

a slower sequential algorithm with better speedup behavior or a fast sequential al- 

gorithm with inferior speedup behavior. This should be properly planed since the 

overall efficiency depends on the design goals and the desired degree of parallelism. 

For example, the goal in a single user database system would to minimize response 

time. Hence in this case, parallelizing a slow algorithm with linear speedup may 

be the right option. But in a multi-user system which is encountered in day-to-day 

life, the goal typically is to minimize the overall resource consumption in order to 

maximize throughput. Hence the right approach wodd be to choose a fast sequential 

algorithm and then to parallelize it. It has been shown by Bora1 and Dewitt [16] that 

effective and efficient indices cannot be substituted with any amount of parallelism. 

Hence proper choice of the underlying sequential algorithm is always essential before 

any attempts to parallelize the query processing. 



Paralle1 Selections 

One of the main issues in query processing is the performance bottle-neck due to 

the disk IlOs. Hence it is a natural candidate for parallelization. This is usuaily 

accomplished by using an asynchronous If0 or assigning one process per 1/0 device. 

When the partitioning attribute is the selectioii attribute, then usually fewer disks or 

partitions will contain the results of the selection operation. This has the advantage 

of using fewer pro cesses and dis ks . Whenever local indexes are available, parallel 

selection can be usually implemented efficiently. 

Parallel Updates 

When partitioning attributes are updated, the records may have to be moved between 

disks. For example, a record may have to move whenever a clustering attribute value 

is updated. Hence in order to maintain consistency of the partitioning used, the 

updates of partitioning attributes need to perform data transfers from old to new 

positions of the updated records. 

Parallel Sorting 

Parallel sorting has been extensively dealt with in the last two decades due to its 

importance in modern-day DBMSs [5, 7, 10, 47, 67, 731 and thus we provide a brief 

overview here. Since sequential input or output uçually restricts the throughput 

of parallel sorts, most of the paralle1 sorting strategies include multiple inputs and 

multiple outputs. Most parailel sorting algorithms consist of a local sort and a single 

data exchange step. Assurning that the data exchange step takes place first, then 

quantiles (partitions) must be known to guarantee proper load balancing during the 

local sort step within each node. Quantiles can be usually obtained froin the DBMS 

catalogue. Whenever the local sort step is carried out first, the local merging step 

shodd transfer records directly to the subsequent data exchange step. As the sorted 

records emerge from the output stream, they can be merged together by the data 

exchange step. 



Parallel Aggregation and Duplicate Rernoval 

The parallel algorithms for aggregation and duplicate removal are usually carried 

out in two stages, i.e: locally and globally. In the local step, the duplicates are first 

eliminated, and then data is partitioned to detect and remove duplicates from different 

original sites. It should be noted that during a parallel aggregation operation, the 

local and global aggregate h c t i o n s  can differ. 

ParaIlel Binary Operations, including Joins 

Unlike the previous operations, parallel computation of the binary operations, namely, 

join, semi-join, outer join, intersection, union, and difference are considered different ly 

as they operate on two operands. Computing a join for which two sub-plans create the 

two inputs independently from one another in parallel is known as bushy parallelism. 

This is usually achieved by symmetric hash join algorithms. Symmetric hash join 

uses two hash tables, one for each input. When an element arrives, the join algorithm 

first determines which input it came from and then carries out the join using the 

new element with the hash table built from the other input. The new element is 

also inserted into its hash table such that subsequent elements from the other input 

arriving can be joined correctly. XPRS, a popular shared mernory liigh-performance 

extensible database system, uses symmetric hash join algorithm [57, 58. 126, 1271. 

Symmetric liash join algorithm is also used in Prisrna/DB, a popular shared-nothing 

main-memory database system [139, 1401. The main advantage of symmetric hash 

join algorithms is that they are not dependent on how the elements/records arrive at 

their inputs. Their main disadvantage is that both their inputs need to fit into the 

main memory. 

Symmetn'c parti t ioning and fragment and  replzcate partitioning are two well known 

techniques for parallelizing a single binary matching operation. Both techniques con- 

catenate the local results to obtain the final result . 
The symmetric parti tioning technique requires that both inputs are partitioned 

on the attributes corresponding to the operation before the operation is performed 

at each site. Two popular database systems, namely, Gamma and Teradata, use this 



method. 

The fragment-and-replicate technique partitions one input and broadcasts the 

other one to al1 sites. Usually the larger input is partitioned and the smaller one 

is broadcast. The early distributed database systems such as R*; SDD-1 and dis- 

tributed Ingres used fragment-and-replicate technique as their choice for parallel join 

operation. It is important to note that fragment-and-replicate methods do not work 

correctly for semi-join, outer join, difference, and union operations. 

Semi-join technique is typically used for reducing network trafEic during join eval- 

uation in distributed database systems [9, 441. This method can also be used in 

distributed memory parallel systems. 

Another type of algorithm known as fetch-as-needed, is often used in distributed 

database systems. In this method, one site performs the join by explicitly fetching 

only those elements from the other input needed to perform t.he join [26]. Obviously 

if one input is relatively small, fetching only the required elernents of the larger input 

is advant ageous. The main difference between the semi-join strategy and fetch-as- 

needed rnethod is that the semi-join reads the first input twice, once to obtain the 

join values and once to actudly carry out the join operation, whereas fetch-as-needed 

works on each element o d y  once. 

2.3.4 Distributed Query Optimization 

Query processing and optimization in a distributed database system pose additional 

challenges to the query optimizer due to their inherent complexity resulting from 

the introduction of communication networks as  well as the presence of heterogeneous 

nodes. One of the main problerns in distributed query optimizatioli is that not dl 

relations can be expected to reside at the site of the query optimizer. More often 

than not, the relations being joined need to be transmitted over slow networks before 

an optimal access plan can be chosen. Obviously this introduces additional parame- 

ters, such as communication delay and relationlsite information, into the cost model, 

which, in turn, increases the computation cost. In addition to these factors, het- 

erogeneity which is inherent to any distributed computing environment, introduces a 



number of unpredictable issues. These inchde, type of databases at various sites, local 

optimization strategies, communication protocols, compatibility of query languages 

usedL, failure of nodes and local access methods. 

Due to the enorrnity and complexity of this problem, we will not attempt to 

tackle it in this thesis work. We merely allude to some of the recent developments 

in the research on heterogeneous database interconnection [951 as  one possible way 

to integrate query optimization in such a distributed database system. In [95], an 

interoperable database communication prototype was proposecl by Merrett et al. for 

handling communication among the various databases on a heterogeneous database 

system for supporting GIS. Using a simple communication protocol based on UNIX 

sockets and a n  XML-like lcanguage, this prototype demonstrates that complex SQG 

based communications can be easily and efficiently implemented between various 

heterogeneous database systems supporting different commercial products. 

Hence one approach to query optimization in such a heterogeneous system wo~dd 

be to extend the language usecl for the communication protocol to  support adequate 

syntax, so that the statistical information from the database systems can be properly 

transmit ted between nodes. Assigning various priority codes to distinguish between 

the statistical data  originating £rom the catalogue and the actual data ,  can also be im- 

plemented to facilitate query optimization. Armed with such an additional language 

support, we envision that the query result size estimation techniques proposed in this 

thesis for centralized database systems can be easily adopted in such a distributed 

database system. 

2.4 Statistical Estimations in Database Systems 

The quantitative properties or statistics that summarize the instances of a database 

are important for query optimization. In this section we review the major estimation 

techniques used to obtain the database statistics that have some commonalities with 

  AN SI SQLSÎ is the widely accepted standard for querying databases. Even though most of the 
major database vendors these days adhere to this standard, each of their products contains minor 
variations. Thus they present problems in a heterogeneous distributed database sgstem. 



t his t hesis work. 

As we discussed in Chapter 1, query optimization is an NP-hard problem due 

to  the exponential growth of the number of alternative QEPs with the number of 

relations in the query. Due to this reason, most database systems are forced to make 

a number assumptions in order to quicldy select an optimal QEP. Christodoulakis 

invest igated the reIationships of a number of frequently used assumptions and the 

accuracy of the query optimizer [-O, 961. In specific, he considered the following 

issues in his study: 

1. Uniformity of attribute values: Every attribute value in the corresponding 

value domain lias the same frequency. 

2 .  Attribute independence: The data distributions of various attributes in a 

relation are independent of each other. The value of two attributes (say A and 

B) are independent if the conditional probability of an  A value given a B value 

is equal to the probability of obtaining the A value by itself. 

3. Uniformity of queries: Queries reference all attribute values in a given at- 

tribute value domain with equal probabilities. 

4. Constant number of records per block: The number of tuples in each file 

block is the same. Hence the probability of referencing any block is l/B, where 

B is the number of block. 

5. Random placement: The probability of a record in a file to appear in a query 

is the same, regardless of its location among the different pages of a disk. That 

is, the probability of referencing any tuple is 1 /N ,  where !V is the number of 

tuples. 

One can easily observe that assumptions 1 and 2 have a direct relationship to the 

estimates of the sizes of plan operations, thus determine t heir accuracy. Similarly 

assurnption 3 impacts the size estimate of queries that are associated with a given 

parameter, as well as the physical database design problems. Assumptions 4 and 5 

affect the estimation of logical block accesses for a given attribute value. 



Though these statistical assumptions simplify the factors involved in the estima- 

tion of the cost of a QEP, they also decrease accuracy of these estimates. In order 

to increase the estimation accuracy, some modern query optimizers incorporate a 

more detailed cost models for assumptions 1 and 2. Few optimizers incorporate as- 

sumptions 3, 4: and 5 in more detail, since these assumptions are more d%cult to 

analyze. 

Christodoulakis studied the effects of the above assumptions on a number of fre- 

quently encountered problems such as the estimation of the (1) number of block 

accesses for a given number of tuples, (2) number of block accesses for al1 queries on 

a given attribute, (3) number of block accesses for queries with multi-attributes, and 

(4) number of distinct attribute values resulting from a selection operation. Using 

these studies, he proved that the expected cost of a query estimated using these as- 

sumptions is an upper bound on the actual cost of the QEP. For example, he showed 

that the uniformity and independence assumptions lead to a worst-case estimate for 

the number of distinct attribute values. He further demonstrated that most com- 

mercial database systems using t hese assumptions are prone to use expensive query 

evaluat ion st rategies. This indicates t hat non-uniformity, non-independence, and no11 

random placement that usually exist in a real-world data distribution could be ex- 

ploited in a query optirnizer in order to reduce the system cost. He also argued that 

optimizers t hat use t hese often erroneous assumptions tend to ignore direct access 

structures because the these cost estimates often favor the simpler structures. His 

investigation in this area was a catalyst in motivating further research in this area for 

better result size estimation techniques. He also discussed a number of mathematical 

techniques such as Schw concavity [91] in database performance evaluation. 

The size estimation of select and join queries on a heavily skewd data distri- 

bution were thoroughly investigated by Montgomery et al [96]. In this study, they 

estimated the result sizes of select and join operations using uniformity assumptions 

and compared thern with the actual result sizes. They also constructed a few models 

of size estimation using formdae tnat closely describe the skewed data distributions 

under study. They reported that the size estimates for the select operations based on 

the widely used uniformity assumption actually overestimate the actual result size by 



200-300%. The size estimates for the join operations were reported to be 200-300% 

lower than the actual join sizes. 

The local and distributed cost models based on the uniformity assumption that 

is used for single table sorting and two table joins in R* were experimentally verified 

and validated by Mackert and Lohman [S8, 871. They also further reported that the 

CPU costs are usually a significant portion of the overall cost for sort operations- 

In addition, they also found that size estimation is a sigrdcant issue in the overall 

cost' including 1/0  and CPU costs. Considering the nested loop join method, they 

reported that most query optimizers based on uniformity assumption overstate the 

evaluation cost, when an access structure is used to retrieve the attribute values and 

when the inner table fits in main mernory. This indicates that the cost of evaluating 

the nested loop join is usually sensitive to parameters such as join cardinality, the 

outer table's cardinality, and the memory used to maintain the inner table. 

The relationship of join selectivity and the selection of the optimal nesting order 

involving four and five variable queries were studied by Kumar and Stonebraker [75]. 

A query processor that behaves similar to the System R optiinizer [lZ] was built. 

This query processor considered the nested loop and merge scan join algorithrns, using 

only two-way joins. It also considered the availability of any secondary indexes on 

the inner join table. The sensitivity of a query with respect to changes in the joint 

selectivity kvas derived. This was obtained as the ratio between the cost of the optimal 

evaluation plan and the plan used by the query processor. The found that most 

optimal evaluation plan under varying selectivities was eit her the one that minimizes 

the average cost ratio or the one that minimizes the maximum cost ratio. Using the 

sensitivity factor as a parameter, they further measurecl the sensitivity of four and 

five variable queries under a number of join selectivities. Their experiment al results 

showed that, assuming the query evaluation plan was selected using their criteria, the 

best query evaluat ion plan is usually insensit ive to  changing join select ivit ies. 

The relationship of the assumptiori of random placement of tuples to pages and 

the dependence of multiple attribute values were investigated by Vander Zander et al. 

[13G]. A query of the form, "Select the tuples fiom relation R where R.A = constant" 

when R is clustered according to another attribute, Say B, was used for this type of 



experiments. They found that whenever there is a high correlation between the 

attributes A and B, the assumption of random placement of tuples to pages is always 

violated. This was evident from the skewed pattern of tuple distributions to the 

pages. 

Recently Ioannidis and Christodoulakis [62] proved that the worst case errors 

incurred by the uniforrnity assumption propagate exponentialiy as the number of 

joins in the query increases. As a result, except for very s m d  queries, errors may 

become extremely high, resulthg in inaccurate estimates for result sizes and hence 

for the execution costs. 

Despite the overwhelming evidence that most of the common assumptions either 

overestimate or underestimate the true statistics by a wide margin, the cpery opti- 

mization literature abounds with a variety of estimation techniques, most of them 

discussed in the ex3ensive survey by Mannino, Chu, and Sager [go]. The various 

estimation techniques can be grouped into four broad classes as follows: 

1. Probabilistic counting techniques 

2. Sampling based techniques 

3. Parametric techniques 

4. Non-parame tric techniques 

We describe each of them briefly in the following sections. 

2.4.1 Probabilistic Counting Techniques 

The probabilistic counting techniques are useful for estimating the number of distinct 

attribute values in the result of projecting a relation over a given subset of attributes 

[40, 43, 1241. Flajolet and Martin [40] proposed a technique for estimating the number 

of distinct values in a multi-set, which generates an estimate during a single pass 

through the data. This technique was extended by Shukla et al for estimating the 

size of multidimensional projections (the cube operator) [124]. Their experiments 

have shown that these techniques based on multidimensional projections can usually 



result in more accurate estimates than the sampling based techniques [124]. The 

applicability of these techniques to other operators has not yet been resolved. 

2.4.2 Sampling based Techniques 

Sampling based techniques are mainly used to compute result estimates during query 

optirnization time. They compute t heir est imates by collecting and processing random 

samples of the data. The major advantage of these techniques is that since they do not 

rely on any precomputed information about the data, they are not usually affected 

by database changes. Another advantage is that they do not require any storage 

overheads. These techniques also provide a probabilistic guarantee on the accuracy 

of the estimates. The major disadvantages of these techniques include the disk I/Os, 

CPU overhead during query optimization and the extra overhead for recomputing the 

same information since they are not preserved across queries. The sarnpling based 

techniques are highly desirable whenever a parameter needs to be estiinated once 

with high accuracy in a dynamic environment. One good example is in the context 

of a query profiler. Number of different methods on the sampling based techniques 

have been extensively discussed in the literature [l; 3, 42, 55, 56, 83, 103, 1231. In 

t his section, we give an overview of the sampling- based size estimation methods. 

Traditionally the sampling based size estimation t ethniques use two distinct mod- 

els, namely, point  space model  [59] and urn mode l  [84, 85,861 for result size estimation. 

These size estimation techniques can be classified into random sampling and sytem- 

at ic  sampling. 

The idea behind the random sampling technique is that the tuples are chosen 

randomly frorn their set so that every tuple has an equal probability of being chosen. 

The random sampling techniques can be either random sampling with replacement 

or random sampling without replacement. In random sampling with replacement, a 

tup1e that is drawn randomly is put back into the data set and available for subsequent 

selections. But, in random sampling without replacement, any selected tuple is not 

returned to the original data set. 

In sys temat ic  sampl ing technique, al1 the tuples in a sampled block (or page) will 



be used as sampled tuples. This obviously increases efficiency by reducing the nurnber 

of I/O operations. But its accuracy is highly related to the uniformity of data across 

blocks. This means, whenever the tuples are clustered, sampled data could become 

highly biased result ing in increased estimation error 1591. 

Most of the sampling techniques used in modern-day database systems are based 

on random sampling with replacement. Some of the widely used techniques are dis- 

cussed briefly in the following sections. 

Adaptive Sampling 

A d a p t i v e  s a m p l i n g  technique and its variants were proposed by Lipton, Naughton, and 

Schneider [84, 55, 861. This technique expresses the stopping condition for sampling 

in terrns of the sum of samples and the amount of sample taken. The provide an 

asymptotic efficieucy of their algorithm and discuss the practicality of their met hod 

for estimating the result sizes of select and join operations. Sheir method provides a 

bound on the sample size necessary to obtain a desired level of estimation accuracy. 

They also provide sanity bounds to handle queries for which the underlying data 

distribution is skewed. 

Double Sampling 

In Double sampl ing  technique [59], sampling is divided into two phases. In the first 

phase, x number of tuples are sampled. This sample is used to obtain the estimated 

mean and variance and to cornpute the number of samples .y to be obtained in the 

second phase. The number of samples y is computed based on the desired level 

estimation accuracy, confidence level, and the estimated mean and variance obtained 

in the first phase. If y > x, then an additional y - IL. samples are obtained during the 

second phase of sampling. Otherwise, the number of samples, x, obtained in the first 

phase is sufficient to provide the desired level of estimation accuracy and confidence 

level. 



Sequential Sampling 

Sequential sampling is a randorn sampling technique for estimating the sizes of query 

results [55]. This is a sequential process in which the sampling is stopped after a 

random number of steps based on a stopping criterion. Stopping criterion is usually 

determined based on the observations obtained from the random samples so far. It 

can be shown that for a sufncient number of samples, the estimation accuracy can be 

preclicted to lie within a certain bound. The authors have shown that this rnethod 

is asymptoticdy efficient and does not require any ad hoc pilot sampling or any 

assumptions about the underlying data distributions. 

2.4.3 Parametric Techniques 

Paramet ric techniques use a mathematical distribution to approximate the actual 

data distribution A few popular examples include the uniform distribution [122], 

multivariate normal distribution or Zipf distribut ions [20]. The parameters used to 

construct the mathematical distribution are usually obtained from the act ual data 

distributions, and consequently the accuracy of this parametric approximation mainly 

depends on the similarity between the actual and parameterized distributions. Two 

major advantages of the parametric technique are (a) their relatively s m d  overhead 

and (2) small run-time costs. But their downside is that the real-world data hardly 

conform to any simple mathematical formula. Consequently any such parametric ap- 

proximation may result in estimation errors. Another disadvantage with this met hod 

is that since the parameters for the mathematical distribution are always precom- 

puted, this technique always results in further errors whenever there is a change in 

the actual data distribution. 

An interesting variants of this approach is the algebraic technique, where the 

actual data distribution is approximated by a polynomial function. Regression tech- 

niques are usually used to obtain the coefficients of this polynomial [139]. Another 

promising algebraic technique involves adaptively approximating the distribut ion by 

a six-degree polynomial, whose coefficients are obtained dynarnically based on a query 

feedback mechanism [43]. The main disadvantages in using the algebraic techniques 



include the difficulties in choosing the degree of the polynomial model and uniformly 

handling result-size estimates for operators other t han simple selection predicates. 

Some of the positive results obtained in the work of Wei Sun et al [129] on alge- 

braie techniques indicate that they have the potential of generating closely matching 

parametric distributions. 

The uniform distribution is the simplest and may apply to al1 types of variables, 

hom categorical to numerical and from discrete to continuous. For categorical or 

discrete variables, the uniform distribution provides equal probability for all distinct 

categories or values. In the absence of any knowledge of the probability distribution 

of a variable, the uniform distribution is a conservative, minimax assumption. Early 

query optimizers such as  System R [122] relied on the uniformity (and independence) 

assumptions. This was primarily due to the small computational overhead and the 

ease of obtaining the parameters (masimum and minimum values). 

The use of the uniform distribution assumption has been criticized, however, be- 

cause many attributes have few occurrences with extreme values. For example, feu. 

companies have very large sales, and few employees are very old or very Young. The 

Zipf distribution has been suggested by Fedorowicz [38, 391 and Sanison and Bendell 

[117] for attributes with a skewed distribution such as the occurrence of words in a 

text . 
Christodoulakis [2 11 demonstrated t hat many attributes have unimodal distribu- 

tions that can be approximated by a family of distributions. He proposed a model 

based on a farnily of probability density functions, which includes the Pearson types 2 

and 7, and the normal distributions. The parameters of the rnodels (mean, standard 

variation, and other moments) can be estimated in one pass and can be dynamically 

updated. Christodoulakis demonstrated the superiority of t his model over the uni- 

form distribution approach using a set of queries against a population of Canadian 

engineers. 

Falotitsos [36] showed that using multi-fractal distribution and 80-30 law, one 

can obt.ain better approximation of the real-world data than the uniform and Zipf 

distributions. His method can also be used to provide estimates for supersets of a 

relation, which the uniformity assumption based schemes cannot provide. 



Table 2.2: Histograms used in commercial DBMSs. 

2.4.4 Non-parametric or Histogram-based Techniques 

Histogram Type 

Cornpressed(V,F) Type 
Equidepth, Subclass of End-Biased(F,F) 

Equidepth 
Equidep t h 
Equidept h 
Equidept h 
Equidep t h 
Equidept h 

Vendor 

IBM 
IBM 
Oracle 
Sybase 
Tandem 
NCR 

In order t O avoid the restrictions of particular parametric met hods, many researchess 

have proposed non-parametric metliods for estimating a distribution. The oldest and 

most comrnon of these methods is the histogram. These techniques approximate the 

underlying data distribution using precomputed hist ograms. They are probably the 

Product 

DB2-6000 (Client-Server) 
DB2-MVS 
Oracle7 
System 11 
NonStop SQL/MP 
Teradata 

most common techniques used in the commercial database systems such as DB2: 

Informix, Ingres, Microsoft SQL Server, Oracle, Sybase. and Teradata - see Table 

2.2. The essence of the histogram is to divide the range of values of a variable into 

intervals, or buckets and, by exhaustive scanning or sampling, tabdat  e frequency 

counts of the number of observations falling into each bucket. The frequency counts 

and the bucket boundaries are stored as a distribution table. The distribution table 

can be used to obtain upper and lower selectivity estimates. Within those bounds; a 

lnforrnix 
blicrosoft 

more precise estimate is t hen computed by interpolation or ot her simple t echniques. 

Online Data Server 
S QL Server 

Since the histograms are precomputed, they may incur errors in estimation if the 

database is updated and hence require regular re-computation. It has been shown 

that significant effort is required to identiS the correct form of histograms that incur 

srnall errors for al1 estimation problems [û4]. 

Most of the database research on histograms is in the context of simple elemen- 

tary relational operations such as selections. One of the first work on histograms was 

by Piatetsky-Shapiro and Conne1 where they analyzed the effect of histograms on 



Frequenc y 

Frequency 

Figure 2.7: Equi-widt h, Equi-dept h and Variable-widt h Histograms. 

minimizing the error for selection queries [112]. These histograrns involved two dis- 

tinct classes, narnely: equi-width histograms and qui-dep th histograms [76]. One of 

their major results is that the worst-case and average case errors in both the equality 

and range selection queries are usually smaller in the equi-dept h histograms than the 

equi-width histograms. 

Extending the work of Kooi, Murdikrishna and DeWitt [9S] investigated the use 

of multi-dimensional equi-dep th histograms for result size estimations. Multidimen- 

sional attributes are very common in geographical, image and design databases. A 

typical query with a multidimensional attribute is to find all the objects that overlap 

a given grid area. By building histograms on multiple attributes together, their tech- 

niques were able to capture dependencies between those attributes. They proposed 



an algorithm to construct equal-height histograms for mult idimensional attribut es, a 

storage structure, and two estimation techniques. Their estimation methods are sim- 

pler t han the single-dimension version because t hey assume t hat mult idimensional 

attributes wiil not have duplicates. Performance analysis by the authors was con- 

ducted to compare the estimation techniques and the use of random sampling to 

construct the histograms. 

Many other related works have been done using variable-width histograms for 

estimating the result size of selection queries, where the buckets are chosen based on 

various criteria [69, 76, 991. A detailed description of the use of histograms inside a 

query optimizer can be found in Kooi's thesis [76]. It also deals with the concept of 

variable-width histograms for query optimization. The survey by Mannino, Chu, m d  

Sager [go] provides a List good references to work in the area of statistics on choosing 

the appropriate number of buckets in a histogram for sufficient error reduction. Again 

this work also mainly deds with the context of selection operations. The query result 

size estimations on simple join queries have not yet been throughly discussed in the 

literat-ure. Most of the work in this area does not address the issue of optimal result 

size estimation [20, 76, 991. 

Merrett and Otoo [94] showed how to mode1 a distribution of tuples in a inultidi- 

mensional space. They derived dis tributions for the relations t hat result from applying 

the relational algebraic operations. In one sense, this work, done two decades ago, 

sowed the seeds for future research in this area. 

In their mork, a relation was modeled as a multidimensional structure where the 

dimension was equal to the number of attributes in the relation. They divided each 

dimension, i, into c, nurnber of equal width sectors. The values for q, 1 5 i 5 n, are 

chosen such that the resulting structure can completely fit into the available memory, 

where n is the dimension of the multidimensional array. Scanning through the relation 

for each attribute, the cells of the multidimensional structure are filled with integer 

numbers corresponding to the number of tuples that occupy the respective value 

ranges of the attributes. 

Denoting the value of the count for a cell (a ,  6) of relation R(A, B) as d f f ( R ) ,  
and assuming uniformity of tuples within each ceil, they showed that the expected 



number of tuples within a cell froni a projection is, 

Using the mult idimensional represent at  ion, t hey show t hat the nurnber of t uples 

resulting from joining a sector al of R and a? of S is equal to, 

where nl is the number of values in sector a l ,  n3 is the number of values in sector a2, 

rt is the overlap between al and a?, and b and c are the remaining attributes in the 

respective relations. 

The above value for the join is valid only when the two ceUs from the relations 

have overlapping sectors oa the joining attribute. The above join estimation depends 

on the number of overlapping attribute values, n. Since there is no way to compute 

the value of n, they resort to estimate it based on how the two sectors overlap dong 

the joining attributes. They showed that there are 11 possible ways in which the 

sectors can overlap. By defining a rule to approximately guess the value for n for 

each of the 11 possible ways of overlap, they show how to estimate the result size of 

join from two cells. 

Estimating the result sizes of selection operations using the equi-width histogram 

is very simple. We look for the histogram bucket where the attribute value corre- 

sponding to the search key lies. Then the result size of the selection operation is 

simply the average number of tuples in that bucket. But the main problem with this 

simple strategy is that the maximum estimation error is related to the height of the 

tallest bucket . Consequently a data dis tribut ion wit h widely varying frequency values 

will result in very high estimation error rate. Another problem associated with the 

equi-midth histogram is that there are no proven statistical method to choose the 

boundaries of a bucket as this would require sorne prior knowledge about the under- 

lying data distribution. This invariably has an effect on the estimation accuracy of 

the selection operations. 



Fortunately there are some statistical techniques that can be used to select the 

bucket widths (or the number of buckets) based on the number of tuples in the 

attribute value domain being mapped. During early days of statistical analysis of 

data using histograms, a popular rule known as Sturge's rule [128] was used to obtain 

the number of buckets. The Sturge's rule, based on the binomial distribution, states 

that the number of buckets for n tuples is equd to 1 + log, n, which is a reasonably 

accurate value under most circumst ances. The modern stat ist ical techniques provide 

more optimal rules for any given attribute value domain and error rates [131]. It 

is important to note that the simple Sturges' rule usually yields estimation results 

which are closer to the modern statistical techniques for up to 500 tuples. The modern 

statistical literatwe also provides a number of parameters such as the mean error rate 

and mean-squared error rate, which are very useful in computing the size of the error 

within a multiple of a power of the given attribute value dornain without any further 

knowledge of the data distribution. Although the equi-width approach is very simple 

to implement, its asymptotic accuracy is always lower than the estimation accuracy 

of the most modern techniques, including the kernel and nearest neighbor techniques 

[131]. It has been shown in [131] that the asymptotic mean-squared error obtained 

using the equi-width approach is O ( ~ Z - ' / ~ ) ,  while that of the more recent methods are 

0(n-4/5)  or even better. 

In the equi-width histogram, proper choice of the bucket width usually results in 

an optimal estimation error rate. Similarly, in the equal-height histogram method, the 

result size estimation error is directly related to the height of the histogram buckets. 

A strategy known as the nearest neighbor method in the field of density estimation: 

in which the bucket height is kept the same over the entire attribute value domain, 

c m  be used to control the estimation error in the equal-height method by varying the 

number of buckets. The main problem with this approach is that we need to have 

some prior knowledge about the data distribution in order to construct the sector 

widths so as to guarantee that same number of tuples falling in each bucket. One 

comrnon approach is to arrange the attribute value in an ascending or descending 

order, and to then set the bucket boundaries at every kth attribute value. A less 

expensive approach would be to employ some sampling techniques to approximately 



set the bucket boudaries. Tt has been shown that the estimation accuracy and 

performance can be improved asymptotically by dowing buckets to have overlapping 

attribute value ranges. 

The above technique was further improved by Moore and Yackel [97], by apply- 

ing the large-n properties. They showed that by allowing some adjustment for the 

differences between two methods, using the large-n theorem for one method, it could 

be t r m l a t e d  into a large-n theorem for another estimation method without m y  

additional proof. 

A detailed analysis and discussion about various density estimation techniques is 

given by Wegrnan [l3 71 and Wer t z [138]. 

Another type of histogram method, often known as variable kernel technique in 

the density estimation field, uses a partitioning strategy based on criteria other than 

the equal frequency. Mathematical analysis of the variable kernel technique has been 

found to be difficult. Again one can find references regarding this technique in Weg- 

man [137], Wertz [13S], Devroye [29] and Breiman et al [IS]. 

Lecoutre showed how to obtain the value of the ce11 width which minimizes the 

integrated mean squared error of the histogram estimate of a multivariate density 

distribution [52]. By considering a density estirnator based on k statistically equiv- 

alent blocks, he further proved the L2 consistency of this estimator, and described 

the asyniptotic limiting behavior of the integrated mean square error. He also gave 

a functional form for the optimum k expressed in terms of the sample size and the 

underlying data distribution. 

A similar technique was proposed by Scott for choosing the bin-width basecl on the 

underlying data distribution [12 11. But his procedure assumes a Gaussian reference 

standard and requires only the sample size and an estimate of the standard deviation. 

He also investigated the sensitivity of this procedure using several probability rnodels 

that violate the Gaussian assumption 2. 

Using a maximal difference criterion, Christodoulakis [19] proposed a variable- 

width histogram. This utilized a unifarmity measure for selecting the bucket ranges. 

2 ~ h e  expressions for the estimation errors resulting from the select and join operations under the 
traditional histograms can be found in the appropriate sections of Chapters 3 and 4. 



This maximal difference criterion brings together attribute values that have a similar 

ratio of tuples. In other words, the criterion states the maximum and minimum 

proportions of the attribute values in the bucket must be less than some constant, 

which is usually based on the individual attribute. He further showed that this 

criterion reduces the estimation error on all attribute values. This strategy seems most 

applicable where queries are not uniforrnly spread over the attribute value domain. 

Another rnethod proposed by Kamel and King [69] is based on pattern recognition 

to partition the buckets of variable-width distribut ion tables. In pattern recognition, 

a frequently encountered problem is to compress the storage space of a given image 

without distorting its actual appearance. This problem can be restated in the conte-- 

of the selectivity estimation problem to partition the data space into nonuniform 

buckets that reduce the estimation error using an upper bound on storage space. The 

idea is to partition the attribute domain into equal-width buckets and compute a 

homogeneity measure for each bucket. The homogeneity is defined as the measure of 

the non-uniformity or dispersion around the average number of occurrences per value 

in the cell. The value of homogeneity for a given bucket can be computed by a given 

function or by using sampling techniques. 

A number of multivariate analogs of the equal-width and equal-height rnethods 

can be found in the density estimation literature. Considering the equi-width case, 

a two or t h e e  dimensional cells of equd area or volume can be partitioned: in the 

joint attribute value domain. The number of tuples with combined values in each 

cell can be obtained. Considering the equi-depth case, variable width buckets, each 

with approximately, Say x, nearest neighbors, can be derived. The difficulty in this 

multiattribute situation is that the shape of the cell must also be selected. A square 

or a cube cari be a natural choice, when dealing with the equi-width analog. When 

the range or variation of one attribute's values is smaller than another's, a rectangular 

shaped cell is an obvious choice. 

Ioannidis and Christodoulakis proposed optimal histograms for lirniting worst- 

case error propagation in the size of join results [63]. They identified two classes 

of histograms, namely, serial and end-biased histograms that are associated with 

optimal worst-case error for join operations. End-biased histograms are frequently 



encountered in modern-day database systems. By considering simple t-clique queries, 

where queries involve only equi-join operat ions wit hout any funct ion symbols, t hey 

showed that the optimal histograms for reducing the worst-case error is always serial. 

They &O further showed that for t-clique queries with a large number of joins, high- 

biased histograms, which are a subclass of end-biased: are always optimal. The main 

disadvantage of the serial histograms are that the attribute values need to be sorted 

with respect to their respective frequencies before being assigned to buckets. 

Ioannidis et al. 1641 discussed the design issues of various classes of histograms 

and balancing practicality and optimality of them in the use of query optimization. 

They also investigated various classes of histograms using different constraints (V- 

Optimal, MaxDiff, Compressed, and S pline-based) and sort and source parameters 

(Frequency, Spread, and Area). They fûrther provided various sampling techniques 

for constructing the above histograms and concluded that the V-optimal histogram is 

the most optimal one for estimating the result sizes of equality-joins and for selection 

predicates. 



Chapter 3 

Rectangular Attribute Cardinality 

In Chapter 1, we discussed the importance of estirnating the sizes of results result- 

ing from the various relational operations encountered during a query optimization 

strategy. We also reviewed, in Chapter 2, some of the popular query result-size es- 

timation techniques found in the literature. In this chapter we introduce the first 

contribution of t his thesis, which is a new catalogue-based non-parametric statistical 

mode1 called the Rectangular Attribute Cardznality M a p  (R-ACM) that can be used 

to obtain more accurate estimation results than the currently known estimation tech- 

niques. In the next chapter, we propose the second fundamental contribution of this 

thesis, which is also a catalogue based non-parametric statistical niodel called the 

Trapetoidal A t tdu t e  Cardznality M a p  (T-ACM) which generalizes the contributions 

of this chapter from a "step" representation to a "linear" representation. In this and 

the next cliapters we shall introduce these attribute cardinality maps as fundamental 

tools for query result-size estimation and provide the mathematical foundation for 

their use. We also, in this and the next chapters, investigate how they can be used in 

the result-size estimation of various relational operations. Unlike the t radit ional his- 

tograms which are usuaUy created at  run-time during query optimization, we propose 

ISorne preiimi~ary results on the theoretical aspects of the work doue in this chapter will 
appear in the Proceedings of the International Database Engineering and Application Symposium 
(IDEAS'99) to be held in Montreal, Canada in August, 1999 [106]. They cau also be found as a 
Carleton University Technical Report, TR-99-01 [107]. 



to store and maintain these ACMs in the DBMS catalogues. 

The traditional his tograms, namely equi-widt h and equi-dep th  histograms, which 

we reviewed in Chapter 2, have two major drawbacks. First of all, their fundamental 

design objective does not address the problem of extreme frequency values within a 

given bucket. For example, in the equi-width case, all the bucket widths are the same 

regardless of the frequency distribution of the values. This means large variations 

between one frequency value to the other is allowed in the same bucket, resulting in 

higher estimation errors. This problem is somewhat reduced in the equi-depth case. 

But to avoid the extreme frequency values in a given bucket, a single attribute value 

may need to be allocated to several consecutive locations in the same bucket . This not 

only increases the storage requirement but also reduces the efficiency of estimation. 

The second drawback is that the traclitional histograms are usually built at  run- 

t ime during the query optimization phase using sampling methods. This obviously 

requires an I/O overhead during the optimization phase and tends to increase the 

overall optimization time. Moreover, unless sufficiently many samples are taken, the 

histograms built from the sampled data may not closeIy reflect the underlying data 

distribution. 

The proposal of ACM as a new tool for query result-size estimation stems from 

Our motivation to address the above drawbacks in the traditional histograms. Specif- 

ically, as we shall see, the R-ACM reduces the estimation errors by disallowing large 

frequency variations within a single bucket. The T-ACM, as we shall see in the nest 

chapter, reduces the estimation errors by using the more accurate trapezoiclal-rule of 

numerical integration. Moreover, as both types of ACMs are catalogue based, they 

are precomputed, and tlius will not incur I/O overhead during run-time. 

3.1 Definition 

The Rectangular ACM (R-ACM) of a given attribute, in its simplest form, is a one- 

dimensional integer array that stores the count of the tuples of a relation correspond- 

ing to that attribute, and for some subdivisions for the range of values assumed by 

that attribute. The R-ACM is, in fact, a modified form of histogram. But unlike 



1 E ( X i )  i Emected m i b e r  of tuples in attribute X for the ith value of X .  1 

Symbol 

xi 
\ -, , 
nj 1 No of tuples in the jth sector of an ACM. 
1; 1 No of distinct values in the ith sector. (Also known as sector width). 

Explanation 
Numberoftuplesinat tr ibuteXforthei thvalueofX. 

J 

s 
T 

Table 3.1: Notations Used in the Thesis 

" 

Number of sectors in the ACM. 
,Uowable tolerance for an R-ACM 

c 
1 '  

the two major forms of histograms, namely, the equi-width histogram, where al1 the 

sector widths are equâl, and the equi-depth histogram, where the number of tuples in 

each histogram bucket is equal, the R-ACIv1 has a variable sector width, and varying 

number of tuples in each sector. The sector widths or subdivisions of the R-ACM 

are generated according to a rule that aims at minimizing the estimation error within 

each subdivision. 

Before we proceed, we shall present the notations that will be used throughout 

this thesis in Table 3.1. 

The R-ACM c m  be either a one-dimensional or a multi-dimensional depending 

on the number of attributes being mapped. To introduce the concepts formally, we 

shall deal wi t h the one-dimensional case firs t . 

Size of a relation- 
Number of tuples in the relation. 

Definition 3.1 A One dimensional Rectangular ACM: Let V = {vi : 1 5 i 5 IVI): 
where ui < *uj when i < j ;  be the set O! values20f a n  attribute X in  relation R. Let 

the value set V be subdivided into s number of sector widths according to the range 

partitioning rule described below. Then  the Rectangular Attnbute Cardinality M a p  of 

2h this work, only ordinal numencal values are considered for attributes. It is possible to convert 
non-nurnen'c attributes (symbolic, scalar-typed, f u zq  etc.) into fioating poirit numbers using a map- 
ping funct.ion. This includes most type of attribute values. For non-ordinal data (for exarnple, "real 
ualued" data), we have proposed another type of structure called the Trapezoidal Attribute Cardinality 
Map (T-ACRI), which is discussed in the ne& chapter. 



attribute X is  an integer army in which the jth index maps the number of tuples in 

the jth vahe  range of the set V for al1 j ,  1 < j 5 S. 

Rule 3.1 Range Partitioning Rule: Given a desired tolerance value T for the R- 

ACM, the sector widths, Zj, 1 5 j < s, of the R-ACM should be chosen such that for 

any attribate value Xi, its freqzlency xi does not differ from the mnning mean of the 

frequenq by more than the tolerance value T ,  where running mean is  the mean of the 

frequency values examined so jar in the cuven t  sector. 

For example, consider the frequency set {8,6,9, 7: 19,21,40) corresponding to the 

values {Xo7 XI, X 2 ,  X3, X4, X5,  X6) of an attribute X. Using a tolerance value r = 3: 

the attribute value range will be partitioned into the three sectors, {8,6,9,7), {19,21), 

(40) with sector widths of 4, 2, and 1 respectively. 

3.1.1 Generating the Rectangular ACM 

Using the range partitioning rule, Algorit hni Generat e A-ACM partit ions the value 

range of the attribute X into s variable width sectors of the R-ACM. 

The input to the algorithm are the tolerance value r for the ACM and the actual 

frequency distribution of the attribute X. The frequency distribution is assurned to 

be available in an integer array A, which has a total of L entries for each of the L 

distinct values of X. For simplicity reaso~is~ we assume that the attribute values are 

ordered integers from O to L - 1. The output of the aIgorithm is the R-ACM for the 

given attribute value set. 

It is obvious that the algorithm, GenerateA-ACM generates the R-ACM corre- 

sponding to the given frequency value set. Assuming that the frequency distribution of 

X is already available in array A: the running time of the algorithm GenerateA-ACM 

is O ( L )  where L is the number of distinct attribute values. 

The reader will observe that we have assumed that the tolerance value? T ?  is 

an input to the above algorithm. The question of how to determine an "optimal" 

tolerance value for an R-ACM is addressed in Chapter 6, using adaptive techniques. 

Example 3.1 Figure 3.1 shows the histogram and the R-ACM of the Age attribute of 

a relation Emp(SIN, Age, Salary)  between Age = 30 and Age = 49. Note that the 



actual frequency for every age value is shown in  the histogram as shaded rectangles. 

As can be noticed, whenever the frequency of the current age d2flers from the frequency 

of the running mean value for age in the sector by more than the allowed tolerance 

value r = 8 ,  a nedw partition zs formed. From the A CM, the nzlmber of tuples in thzs 

relation with ages in the range of 34 5 Age 5 36 zs 130 and the estimate for the 

number of employees having nge = 48 is 15/3 = 5. 

Algorithm 3.2 GenerateR-ACM 
Input: to le rance  i ,  frequency d i s t r i b .  of X a s  A[O . . . L - l ]  
Output: R-ACM 
begin 

InitializeACM; /* s e t  a l1  e n t r i e s  i n  ACM t o  zero */ 
cur ren tnean  : = A[1] ; j := O ;  
A C M [ j ]  := A[i] ; 
for i:=l to L - 1  do /* f o r  every a t t r i b u t e  value */ 

if abs (A[i]- currentaean)  < T 

A C M L ]  := A C M [ j ]  + A[i] ; 
/* cornpute the  running mean */ 

currentlnean : = (current_mean*i + A[i]) / (i+l) ; 
else begin 

Z j  := i - 1; /* s e t  the  sec to r  width */ 
j + + ;  /* move t o  next s e c t o r  */ 
currentlnean : = A[z] ; 
ACM[j] := A b ] ;  

end ; 
end ; 

EndAlgorithm GenerateR-ACM; 

Since the ACM only stores the count of the tuples and not the actual data, it 

does not incur the usually high I/O cost of having to access the base relations from 

secondary storages. Secondly, unlike the histogram-based or other parametric and 

probabilistic counting estimation methods we ïeviewed in Chapter 2, ACM does not 

use sampling techniques to approximate the data distribution. Each ce11 of the ACM 

maintains the actual number of tuples that fa11 between the boundary values of that 



(a) Equi-width Histogram for the Employe Age Distribution 

(b) Corresponding Rectangular ACM 

Fi,gure 3.1: An Example of the Rectangular Attribute Cardinality Map 

cell, and thus, although this leads to an approximation of the density function, there 

is no approximation of the number of tuples in the data distribution. 

The one-dimensional R-ACM as defined above can be easiIy extended to a multi- 

dimensional one to map an entire multi-at tribute relation. A multi-dimensional ACM 

can also be used to store the multi-dimensional attributes that cornmonly occur in 

geographical, image, and design databases. Multi-dimensional ACM is a promising 

area for future research work. 

Before we derive any of the analytical properties of the R-ACM, it would be fit ting 

to compare the t hree met hodologies from a common concept ual perspective. 



3.2 Rationale for the Rectangular ACM 

Without loss of generality, let us consider an arbitrary continuous frequency function 

f (x). Figure 3.3 shows the histogram partitioning of f (x) under the traditional 

equi-width, equi-depth methods and the R-ACM method. We note that in the equi- 

width case, regardless of how steep the frequency changes are in a given sector, the 

sector widths remain the same across the attribute value range. This means the 

widely different frequency values of al1 the different attribute values are assumed to 

be equal to that of the average sector frequency. Thus there is an obvious loss of 

accuracy with this method. On the other hand, in the equi-depth case. the area of 

each histogram sector is the same. This method still has a number of sectors with 

widely different frequency values and thus sufFers from the same problem as the equi- 

width case. In the R-ACM method, we note that whenever there is a steep frequency 

changes, the corresponding sector widths proportionally decrease (or the number of 

sectors proportiondly increases). Hence the actual frequencies of aU the attribute 

values within a sector are kept closer to the average frequency of that sector. This 

partitioning strategy obviously increases the estimation accuracy. Figure 3.3 shows a 

cornparison of probability estimation errors obt ained on al1 three estimation methods 

on synthetic data. 

The rationale for partitioning the attribute value range using a tolerance value 

is to minimize the variance of values in each ACM sector, and th is  to minirnize 

the estimation errors. Since variance of an arbitrary attribute value Xk is given as 
n -  7 V a r ( X k )  = E[(xk - 7;L) 1, forcing the difference between the frequency of a giwn value 

n . and the mean frequency to be less than the tolerance r, i.e: x k  - 5 r, will ensure 

that the variance of the values falk within the acceptable range. To get a flavor for 

the ultimate goal of our endeavor, we allude to the e-qression for the ACM variance 

which we shall derive in a subsequent lemma (Lemma 3.5). It will later become clear 

that rninimizing the variance of the individual sectors will result in a lower value for 

the variance of the ACM. 

To demonstrate the relationship between the selection (random mat ch) estima- 

tion error and the variance of the ACM, we conducted an experiment in which we 



Equi-widt h Histogram 
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(b) Equi-depth Histograrn 

(c) Rectangular ACh4 

R-ACM and Traditional Histograms. Note in (a)! the 
sector widths are equal, in (b) the areas of the sectors are equal, in (c) the sector 
widths become smaller whenever there is a significant change in the frequencies of 
the attribute values. 





changed the underlying data distribution and computed the variance of the ACM (Le: 

Var (ACh1)) for three different tolerance values. The errors between the estimated 

and actual size of random matches are plotted against the cornputed variance of the 

ACEVI, and is sliown in Figure 3.4. The advantages of using the R-ACM are obvious. 

Indeed, more detailed e4xpressions and experimental results will later strengthen this 

initial claim. 

Figure 3.4: Frequency Estimation Error vs ACM Variance: The ACM sectors 
were partitioned using three different tolerance values and the resulting ACM vari- 
ances were computed for various data distributions. Using random selection queries 
(matches). the errors between the actual and the expected frequencies were obtained. 

3.3 Density Estimation Using Rectangular ACM 

We shall now study the properties of the R-ACM with regard to density approxima- 

tion. To do this we consider a one-dimensional Rectangular ACM sector of width 1 

with n tuples. AIso to render the analysis feasible, we make the following assumption. 

Assumption 1 The attribute values wzthin a Rectangular ACM sector are u n i f o w  

clistributed. 



Rationale: Since the sector widths of the R-ACM are chosen so that the frequency 

of the vdues within the sectors do not differ by more than the allowed tolerance, T ,  we 

can see that these frequencies are guaranteed to be close to each other. The original 

System R research work [122] relied on the (ohen erroneous) assumption that the 

frequencies of an attribute value are uniformly distributed across the entire attribute 

value domain. With the adoption of the equi-width and equi-depth histograms in the 

modern-day database systerns (see Table 2.2), this was improved by making the uni- 

formity assumptions only within the histogram buckets. Our uniformity assumption 

within an R-ACM sector is a much weaker assumption than that used in any other 

previow works on histograms, due to its partitioning strategy. Indeed, as we shaU 

show from the experimental results later, this assumption is satisfied with almost no 

additional approximation. 

Using the above uniformity assumption, we shall now derive the probability rnass 

distribution for the R-ACM. 

Lemma 3.1 The probability mass distribzltion for the frequencies of the attribute 

values in an R-ACM is a Binomial distribution uiith parameters (n; )). 

Proof: Since there are 1 distinct values in the sector, the probability of any of these 2 

values, Say Xi, occurring in a random assignment of that value to the sector is equal 

to ). (See Figure 3.5). 

36 ' n = 3 6 : ~ = 2  

$35 1 Sector e width L = 8 
= 

Figure 3.5: Distribution of Values in an ACM Sector 



Consider an arbitrary permutation (or arrangement) of the n tuples in the sector. 

Suppose the value occurs exactly xi times. This means all the other (Z - 1) values 

m u t  occur a combined total of (n - xi) times. Since the probability of Xi occurring 

once is f ,  the probability of it not occurring is (1 - f ) .  Hence the probability of an  

tirbitrary permutation of the 72 tuples: tvhere the value Xi occurs exactly xi times and 

the other values collectively occur n - xi times is, 

Clearly there are (2:) different permutations of the n tuples in the sector where the 

above condition is satisfied. Hence we find that the total probability that an arbitrary 

value Xi occurs exactly xi times is, 

which is exactly the 

lemma. 

Binomial distribution with parameters (n, 4). This proves the 

a 

3.4 Maximum Likelihood Estimate Analysis for 
the Rectangular ACM 

In the previous section we showed t hat the frequency distribut ion for a given at tribute 

value in the R-ACM obeys a Binomial distribution. With this as a background, we 

shall now derive a maximum likelihood estimate for the hequency of an axbitrary 

attribute value in an R-ACh4 sector. In cIassical statistical estimation theory, we are 

usually interested in estimating the parameters (such as the mean or other unknown 

characterizing paraineters) of the distribution of one or more random variables. In 

our problem, we are interested in estimating the value of the occurrence of the random 

variable (the frequency xi) which we assume is " inaccessible". We do this however in 

terrns of an observation of one or more accessible random variables (the total nurnber 



of tuples, n and the width of the R-ACM sector, 1) .  To do this we shall derive 

the maximum likelihood estimate, which rnaximizes the corresponding likelihood 

function. Indeed the result which we get is both intuitively appealing and quite easy 

to comprehend. 

Theorem 3.1 For a one-dimensional rectangular A CM, the maximum likelihood es- 

timate of the number of tuples for a given v a h e  Xi of attribute X is given by: 

where n zs the number of tuples in the sector containzng the u a b e  Xi and 1 is the 

,width of that sector. 

Proof: We know from Lemma 3.1 that the frequency distribution of a given attribute 

value in an R-ACM sector is a Binomial distribution. So the probability mass function 

of the frequency distribution of an attribute value X = X, in an R-ACM sector can 

be written as: 

where x is the number of occurrences of X,. Let 

t (x) is the traditional likelihood function of the random variable X on the parameter 

x wkich we intend to maxirnize. We are interested in finding out the maximum 

Likelihood estimate for this parameter s. Taking natural logarithm on both sides of 

the likelihood function, we have, 
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where r(x) is the Gamma function given by, r(z) = / e - t t ~ - l  at. Now using the 

well known identity, 

we find that, 

r(n - x + 1) = 
I'(n + 1) 

and I'(x + 1) = 
F(n + 1) 

(n-x+l)(n-x+2)...n (x+l)(x+2)---n' 

Thus substituting the above e.xpressions for r(n - z + 1) and r(x + 1) in Equation 

3.3, we find, 

Now differentiating l.nL(z) with respect to x, we obtain, 

d 
n-x 

1 
-InC(x) = Inp- In(i - p )  + C -. dx r 

r=r+l 

1 - 5 ln (y), 2ML of x is obtained as; Setting = 0, and noting that x::,'=, 

This inequality is solved for x 5 np. But, by virtue of the underlying distribution, 

since we know that the likelihood function monotonically increases till its maximum, 

we conclude t hat , 



But we have already seen earlier that, due to the uniformity assumption within an 

R-ACM sector, p = f .  So we have, 

Hence the theorern. O 

The maximum likelihood estimate, = np, which we derived using the Gamma 

function above is, most of the time, not an integer. In fact, the maximum likelihood 

estimate reaches its upper limit of np at integer values only in very special cases. If we 

are interested in the integer maximum likelihood value which is related to the above 

maximum likelihood estimate, we have to discretize the space. Thus, considering the 

analogous discrete case, we have the following theorern. 

Theorem 3.2 For a one-dimensional rectangular A CMy the maximum lzkelihood es- 

timate of the number of tuples for a given value Xi of uttribute X falls within the 

range of, 

where n is  the nwnber of tuples in the sector containing the value Xi and 1 zs the 

width of that sector. 

Proof: The probability mass function f (x) = ( z ) ~ ~ ( l -  p)"-.' is a steadily increasing 

function until it reaches the maximum likelihood value, x = ? M L -  For any x > ?ArL: 

f (x) is a steadily decreasing function. Hence we can obtain an integer value for 

the maximum likelihood estimate by solving the following two discrete inequahties 

simult aneously. 



From Equation (3.4), we have, 

n! n! 

x!(n - x)! ( l - ~ )  - @ + ~ ) ! ( n - z - ~ ) !  P > O  

Similarly considering Equation (3.5), by using similar algebraic manipulation, we get, 

Since p  = f ,  the theorem follows. 

3.5 Expected Value Analysis for the R-ACM and 
Self-Join Error Estimate 

The maximum likelihood estimate of the frequency of a given attribute value tells 

us that the attribute value would have a frequency of with maximum degree of 

certainty when comparecl to the other possible frequency values. But even t hough the 

attribute value occurs with the maximum likelihood frequency with high probability, 

it can also occur with other frequencies with smaller probabilities. Hence when we 

need to find the worst-case and average-case errors for our result size estimations, we 

need to obtain anot her estimate which includes al1 t hese possible frequency values. 

One such estimate is the e-xpected value of the frequency of a given attribute value. 

We use Our Binomial mode1 to find the expected value of the frequency of an attribute 



value as given in the following lemma and develop a sequence of results regarding the 

corresponding estîmates. 

Lemrna 3.2 For  a one-dimensional rectangular ACM, the ezpected number of tuples 

for a given value Xi of attribute X 2s E (X i )  = n/1, where n zs the nurnber of tuples 

in the sector containing the valve Xi and 1 zs the width of that sector. 

Proof: Froni Equation (3.3), the probability that the value Xi occurs exactly k times 

is, 

which is a Binomial distribution with parameters (n, f ). The result follows directly 

from the fact that the mean of the binomial distribution, Binomial (n, p), is n p ,  wliere 

p is the probability of success. O 

The above result is very useful in estimating the results of selection and join 

operations. 

3.5.1 Estimation Error with Rectangular ACM 

It has been shown that even a snall error in the estimation results, when propagated 

through several intermediate relational operations, can become exponential and be 

devastating to the performance of a DBMS [62]. In this section we provide some 

definitions for estimating the errors based on the variance, and provide a technique 

to measure the estimation errors obtained from the R-ACM. 

The variance of a random variable X measures the spread or dispersion that the 

values of X can assume and is defined by V a r ( X )  = E { [ X  - E ( X ) j 2 ) .  It is well 

known that V a r ( X )  = E ( X 2 )  - [ E ( x ) ] ~ .  Thus the variance of the frequency of the 

kth value of the attribute X in the jth sector is given as, 



Expanding the right hand side, we obtain, 

Lemma 3.3 T h e  variance of the frequency of an attribute value X in sector j of an 

R-ACM ZS, 

Proof: Zt is well knotvn that the variance of a Binomial distribution with parameters 

(n, p)  is n p ( 1  -p ) .  Using the property of the Binomial distribution, the expression for 

the variance given in Equation (3.6) can  be reduced to the one given in the lemma. 

O 

Lemma 3.4 T h e  sector variance of the jth rectangular ACM sector is, 

Proof: We note that V a r ( X k )  is same for all k7 1 5 k < l j ,  in a given sector. Since 

the random variables are independent3, summing up the variances of al1 the values 

in the sector will give us an upper bound for the estimation error or variance of the 

sector. The result follows. O 

Similarly, summing up the variances of al1 the sectors, we obtain an expression for 

the variance of the entire ACM: which is given in the following lemma. 

Lemma 3.5 The variance of an R-A CM is given by,  

=tVe really don't need independence for this. Uncorrelatedness is sufficient. 



where s is the number of sectors in the ACM. 

Proof: The resuit follows directly from the fact that the variances in each sector are 

independent? and thus summing up the sector variances yields the variance of the 

entire ACM. I7 

3.5.2 Error Estimates and Self- Joins 

It is interesting to study the join estimation when a relation is joined with itself. 

These self-joins f q u e n t l y  occur with 2-way join queries. It is well known [91] that 

the self-join is a case where the query result size is mnvimized because the highest 

occurrences (frequencies) in the joining attribut es correspond to the same at  tribute 

values. Assuming that the duplicate tuples after the join are not eliminated, we have 

the following lemma. 

Lernma 3.6 The error, E' resultzng from a self-juin4 of relation R on attn'bute X 

using a rectangular A CM zs gzven by, 

Proof: Since there are L = x:=, 1, values for attribute X: the actual value, E and 

expected value K; of the join size can be estimated as follows. 

The frequency of an arbitrary attribute value is computed from the R-ACM as the 

expected value E(%) ,  which is the average frequency of the R-ACM sector. Hence 

41n one his recent works [64), considering a V-optimal histogram (defined in his work), Ioannidis 
has dairned that the error resulting from a self-join is equal to the histogram variance. Indeed, 
although his resuk is basically true from an order-notation point of view, the more exact expression 
is given in this Lemma. 



the result of self-joining this attribute value would be [E(xi)l2- Hence the size of the 

join computed by the ACM, K ,  is, 

Hence the error in estimation of the self-join is, 

But since Var(ACh.1) = &, l j V a r j ,  adding and subtracting Var(ACM) from RHS 

of the above expression results in, 

and the result is proved. O 

Observation 3.1 The error in self-join estimation of a relation from the R-ACM is 

O (Var (ACM )) . 

Our extensive experinients with R-ACM indicate that the error in the self-join esti- 

mation is approximately equal to the variance of the ACM since the contribution due 

to the second term in Equation (3.10) seems to be less dominant. This agrees well 

wit h the results claimed by Ioannidis [64]. 



Theorem 3.3 T h e  variance of a rectangular ACM corresponding to attribute X is, 

Proof: Rom Lemma 3.5, the variance of an R-ACM is given by V a r ( A C k 1 )  = 

V a r j :  where Var ,  is the variance of the jth sector. But from Lemma 3.4, 

V a r j  = n j ( l j  - 1)lZ;. Hence, 

Hence the t heorem. 

3.6 Worst-Case Error Analysis for the R-ACM 

As rnentioned earlier, forcing a frequency value to be within a given tolerance T to the 

current mean ensures that the hequency distribution tvithin an R-ACM sector is very 

close to uniforrn. We note that whenever every frequency value is always consistently 

smaller (or always consistent ly greater) tlian the current mean by the tolerance value 

T ,  the resulting sectors will be far from uniform. So we have the following definition. 

Definition 3.2 A distribution is suid to be "least u n i f o m "  i f  for every attribute 

value of Xi, the frequency xi attains the value X i  = pi-1 - T :  i f  xi 2's decrea.sing or 

= pi- +T i f  xi is increasing, where is  the mean of the Jirst (i- 1) frequencies. A 

sector of the former type is  called a rnonotonically decreaszng R-ACM sector. Similarly 

a sector of the latter type is called a monotonical l~ increasing R-ACM sector. 



The motivation for the above definition cornes £rom the following observation. 

Assume that during the process of constructing an R-ACM sector, the next value 

xi is smaller than the current mean pi-1. We note that if xi < pi-1 - T then, we 

will have generated a new sector. Hence the smallest value that Xi can assume is 

xi = pi-1 - r. The resulting distribution is shorvn in Figure 3.6(a). This is formally 

given by the following lemma. This lemma is given for the case when the sector is 

a decreasing R-ACM sector, or in other words, rvhen every frequency value is always 

smaller than the previous mean. The case for the increasing R-ACM sector is proved 

in an analogous way. 

Lemma 3.7 A decreasing R-ACM sector 2s "least imiform'' ,  if and only if 

Proof: Note that in this case, least uniforrnity occurs when the quantity E s ( X )  - xi 

assumes its largest possible value (or when xi assumes its minimum value), where 

E s ( X )  is the expected value of X in a sector. We assume that the frequency of the 

first value is X I  = a. 

Basis: xt  = a : Since the current mean is E s ( X )  = a, and the sector is a monotoni- 

cally decreasing R-ACM sector, the minimum possible value for x7 is obtained frorn 

E ç ( X )  - x2 = r. This is achieved when x2 = a - r.  

Inductive hypothesis: Assume the statement is true for n = I;. So the sector is the 
- - - - - - - 

least uniform for the first k values and the frequencies take the following values: 



For n = k + 1: The minimum possible value for xk+i without creating a new sector is 

obtained when E s ( X )  - xkfl = T- This is achieved when zkil = E s ( X )  - r. So, 

- T+5+...++Ck-lL 2=1 i 
- a - - 7- 

II- 

This proves the lemma. O 

Lemma 3.8 An increasing R-ACM sector is "least ~uni fo~m",  if and only i f  

Proof: The proof is andogous to that of Lemnia 3.7 and ornitted in the interest of 

brevi ty. 0 

We shall now present a tight bound for the frequency xi of an arbitrary attribute 

value Xi in the following theorem. 

Theorem 3.4 If the value Xi falls in the jth sector of an R-ACM? then the number 

of occurrences of Xi is, 

where nj and Zj are the number of tuples and the sector width of the jth sector- 

Proof: Consider a sector from an R-ACM. Let the frequency of the first value XI be 

a. We note that the R-ACM sector will become a "skewed" one, if the subsequent 
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Figure 3.6: (a) A decreasing R-ACM sector; (b) An increasing R-ACM sector; (c) 
Superimposition of the decreasing and increasing frequency distribut ions. 

values are al1 smaller or all greater t h m  the previous mean by T .  From Lemma 

3.7 and Lemma 3.8, it is obvious that such sectors are the "least uniform" ones in 

an R-ACM, and consequently the largest estimation error occurs in such a "skewed" 

sector. Assume that the frequency values from zi to xl, decrease monotonically in 

this rnanner. In other words, if the rnean of the first k values is pli, then the next 

value will take its lowest allowable frequency, ,uk - T .  The resulting distribution is 

shown in Figure 3.6(a). From Lemma 3.7, the frequency of an arbitrary attribute 

value Xi is given by, 

The expected value E ( X i )  is the rnean frequency for the entire sector. So, 



But the frequency of an arbitrary value Xi is, 

So the estimation error is, 

Hence, 

Similarly using symmetry. for an R-ACM sector with monotonically increasing fre- 

quency value, we can show t hat , 

The t heorem follotvs. 

The reader should note that the composite effect of the monotonically decreasing 

frequency sequence and the rnonotonically increasing sequence restricts t.he set of 

freq~iency values which the attributes can take. Figure 3.6(c) represents the range of 

likely frequencies when the frequencies in the sector are generated from the frequency 

of the first attribute value. We should note that when the frequencies are generated 

based on the running mean, the tvorst case error will be at its maximum at the 

beginning of the sector and then gradually decrease as we move towards the end of 

the sector. This is the result of the fact that the sarnple rnean converges to the true 

mean and the variance tends to zero by the law of large numbers. What is interestingo 

however, is that by virtue of the fact the next sample deviates from the current mean 

by at rnost T ,  the error in the deviation is bounded from the mean in a logarithmic 



manner. If this is not taken into consideration, the above figure can be interpreted 

erroneously. The following example illus t rat es the implications of the above t heorem. 

Example 3.2 Consider an R-ACM sector of width 10 containzng 124 tuples, whem 

the R-ACM zs partitzoned using a to le~unce  value r = 3. Let us attempt t o  fid the 

estimated frequency ranges for the attribute values (a)  X3 and jb) X6- 

(a). The frequency range of X3 is: 

1 4  - ( l n  - 1 )  x3 5 12.4 + 13(ln 5 - 111 

10.57 5 x3 5 14.23 

(b). The frequency range of X6 is, 

12.4 - ( l n  2 - 1 a6 5 12.4 + 13(ln 3 - 1) 1 
11.48 5 XG _< 13.32 

Notice that in both the above cases, the possible frequency values from an equi-width 

or equi-depth histograms are O < x 5 124, where x = x3 or xs. The power of the 

R-ACM in the estimation is obvious! 

3.6.1 Worst-Case Error in Estimating the Frequency of an 
Arbitrary Value Xi 

The previous theorem gives an estimate of the number of occurrences of an arbitrary 

attribute value by considering the worst-case R-ACM sector. So the worst-case er- 

ror in the above estirnate is given by the frequency range that the attribute value 

can assume. The following theorem provides a worst-case error for this frequency 

estimation. 



Theorem 3.5 The worst-case error, E ,  i n  estimating the frequency of an  arbitrary 

attribute ualue Xi i n  a rectangular ACM is given by, 

where T is  the tolerance value used in generating the R-ACM. 

Proof: It was proved in Theorem 3.4 that the actual fiequency of an attribute value 

can at most ciiffer from the estirnated frequency value by, Ir [ln (&) - 11 1 .  Hence 

the theorem. O 

3.6.2 Worst-Case Error in Estimating the Sum of F'requen- 
cies in an Attribute Value Range 

Unlike the previous case: when estimating the sum of frequencies in an attribute value 

range, we have to consider three distinct cases. These are namely the cases wheno 

1. The attribute vdue range spans across one R-ACM sector. 

2. The attribute vdue range falis completely within one R-ACM sector. 

3. The attribute value range spans across more than one R-ACM sector. 

In the first case, estimation using the R-ACM gives the accurate result (nj) and 

there is no estimation error. The estimation error in the second case is shown in the 

example Figure 3.7 (a) and is given by the theorem below. The estimation error in 

the third case can be obtained by noting that it is in fact the combination of the first 

and second cases. 

Theorem 3.6 A n  estimate for th.e worst-case error, E ,  in estinzating the surn of 

frequencies of Xi in the attn'bute ualue range, X, 5 Xi 5 Xp, when both X, and Xa 

fa11 completely wzthin a n  R-ACM sector is gizien by,  



,Worst-case error 
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Figure 3.7: Estimation of a Range Cornpletely within an R-ACM Sector 

where ,û > a. 

ProoE Using Theorem 3.4, we can compute the error resulting from this result size 

estimation by sumrning up the worst-case error for each of the attribute values in the 

given value range. Thus we have the following cumulative error. 

Hence the theorem follows. O 

3.7 Average Case Error with Rectangular ACM 

The previous theorem gives the bounds for the worst-case estimation error by con- 

sidering the "least uniform" sector. But what about the estimation error on the 

average? 



3.7.1 Average Case Error in Estimating the F'requency of an 
Arbitrary Value Xi 

Average case error occurs in a truly random sector. In a randorn sector, Erequency 

values do not monotonically increase or decrease as in the least uniforrn case we 

considered before. Instead, they take on a random value around the mean bounded 

by the tolerance value. In other words, if the current mean is p, then the next 

hequency value is a raodom variable between p - T and ,u + T.  Whenever the next 

frequency value faUs outside the range of [p - r, ,u + T I :  then a new sector is generated. 

Theorem 3.7 The average case error zuith a rectangular ACM zs bounded by  2r. 

Proof: To compute the average case error, we are required to compute the error 

a t  every attribute value and then take its expected value by weighting it with the 

probability of the corresponding error. However, since the frequency of an at tribute 

value can Vary only in the range of [p - r, p + T ]  , the niaximum variation the frequency 

can have is 2r. It follows that the maximum error is alway-s bounded by 2r, and the 

result follows. 0 

3.7.2 Average Case Error in Estimating the Sum of Frequen- 
cies in an Attribute Value Range 

As in the case of the worst-case error estimation, we have to consider three different 

cases depending on where the attribute value range falls. We only consider the case 

when the attribute value range completely falls within an R-ACM sector as the other 

two cases are trivial. This is given by the following theorem. 

Theorem 3.8 The auerage case error with a rectangular ACM in estzmating the sum 

of frequencies in the ualue range, X, 5 X 5 Xp,  when both X, and Xp fa11 completely 

wzthzn the kth sector of the R-ACM is given by, 

where p > a and T is the tolerance value used to build the R-ACM. 



Proof: From Theorem 3.7, the average-case error bound in estimating the frequency 

of an arbitrary attribute value Xi is 27. Hence considering the errors for the attribute 

values in the range of X ,  5 X 5 X p  , we find the cumulative error is, 

and the theorem follows. 

3.7.3 Tight Error Bound with R-ACM: A Special Case 

In a random R-ACM sector, almost half of the attribute values tend to have frequency 

values below the sector mean and the other half above the frequency mean. So 

it is possible to re-arrange the attribute values in such a random sector so tliat 

the frequency values alternatively increase and decrease about the current mean. 

We consider such a random R-ACbI sector where the frequency values alternatively 

increase and decrease by the tolerance T about the current mean. For example, the 

current frequency value xk is derived from the current mean pk-1 by the expression, 

The current frequency mean c m  be given by the following recurrence expression. 

A random sector with frequency values which alternatively increase and decrease 

about the current mean is depicted in Figure 3.8 and the corresponding frequency 

and mean values are given in Table 3.2. Considering the case of such a random sector 

leads us to the following lemma. 

Lemma 3.9 The estimation error in a rectangular ACM ewith frequency values which 



Figure 3.8: A Random R-ACM Sector 

Table 3.2: First few values of zk and pk 

alternatively increase and decrease about the carrent mean 2s given by ,  

Proof: The expected value E ( X i )  is the mean frequency for the entire sector. So, 



For sufficiently large l j ,  the above becomes, 

But the frequency of an arbitrary value Xi is, 

Hence the estimation error is, 

xi - E ( X i )  = T 

The lemma follows. 

Note that the above estimation error is always smaller than 0.8069~ and thus is 

better than the average case error. 

3.8 Size Estimation of Selection Operations Using 
the R-ACM 

In the previous sections of this chapter, we introduced the Rectangular Attribute 

Cardinality Map and argued that it could be used as the method for query result size 

estimations in database systems. We aIso provided some theoretical analysis to show 

that their result size estimations are more accurate than the traditional equi-widtii 

and equi-depth histograms. Our analysis in the previous sections was mainly in the 

context of frequency (probability) density estimations of data distributions where we 

were able to get estimates for the frequencies of attribute values. In this and the 



next sections, we discuss the actual application of the R-ACM for query result size 

estimation in a relational database systeni. In particular, we discuss how R-ACM can 

be used for estirnating the result sizes of select and join query operations which are 

the most predominant operations done in query processing. 

3.8.1 Introduction to Selection Operations 

The selection operation is one of the most frequently encountered operations in re- 

lational queries. In general, the select operation is denoted by op(R),  where p is a 

Boolean e'cpression or the selection predicate and R is a relation containing the at- 

tributes specified in p. The selection predicate p is specified on the relation attributes 

and is made up of one or more clauses of the form, 

< Attribute > < comparison operator > < Constant >, 

or < Attributel > < comparison operator > < Attribute2 > . 

The comparison operator can be any operator in the set. {=; <, 5; >; 2: #). The 

selection predicates can be either range predicates or equality predicates depending 

upon the comparison operators. Furthermore, the selection clauses can be arbitrarily 

comected by the Boolean operators, AND, OR, and NOT to form a general selection 

condition. The comparison operators in the set {=, <, 5, >, 2, #) apply to at tributes 

whose domains are ordered values, such as numeric or date domains. Domains of 

strings of characters are considered ordered based on the collating sequences of the 

characters used in the system under consideration. If the dornain of an attribute is 

a set of unordered values, only the cornparison operators in the set {=, ,1) can be 

applied to that attribute. 

In general, the result of a select operation can be determined as follows. The 

selection predicate, p, is âpplied independently to each tuple t in the relation R. This 

is done by substituting each occurrence of an attribute Ai in the selection predicate 

with its value in the tuple t[Ai]. If the condition evaluates to be true, then the tuple 

t is selected. AU the selected tuples appear in the result of the select operation. The 



relation resulting from the select operation has the same attributes as the relation 

specified in the selection operation. 

In this work, tve assume the selection predicates contain only a single clause. First 

of dl, this is done for ease of analysis. Although this may appear to be of just academic 

value, e4xtending Our work to any arbitrary number of clauses is straight forward. 

Finding the estimation for the result sizes of various selection predicates requires 

finding the estimates, E(ax=x, ( R ) )  : E(~,Y<x,  ( R ) ) ,  E ( ~ > x ,  ( R )  ), E(ox5x, ( R ) ) ,  

E ( o ~ > , ~ ,  ( R ) )  and E(oxfh  (R )  ) . Using the theoretical resuits we obtained earlier 

in this chapter, we can find estimation bounds for each of these six conditions. But 

instead of computing each of these six estimates independently, ive shall find only the 

estimation bounds for the estimates E(axcxQ ( R ) )  and E ( O ~ = ~ ,  ( R ) ) .  The estimation 

bounds for the other four selection conditions can be obtained from the following 

relat ionships between the various selection conclit ions. 

3.8.2 Relationships between Selection Conditions 

We briefly discuss the various relationships between the select ion condition below. 

Understanding these relat ionships would enable us to obt ain the estimation results 

for every selection condition from the two estimates, E ( O , ~ < ~ ,  - (R) ) and E (ox=x, (R)). 
These relationships are given in the form of lemmas here. Their proofs are omitted 

in the interest of brevity as they are easy to derive. 

Lemma 3.10 If N zs the total number of tuples for the attribute, then for every X 

the follourzng conditions hold: 



Lemma 3.11 If Xmi, and -;Y,, are the minimum and m a x i m u m  values for the at- 

tribute respectively, then, 

Lemma 3.13 For every X,, 

E(as=x, (4) P O. 

The following corollary gives some further properties, which can be inferred from the 

above lemmas. 

Corollary 3.1 For any  arbitrary attribute value X and a giuen attn'bute value X,, 
we have, 

Hence from the above lemmas and corollary, using the estimates E(a,y,,ya (R)),  and 

E(u~<,., (R)), we can obtain the estimates for the other four selection predicates as 



Earlier in this chapter: we discussed the error estimates for equality match and range 

match in the context of probability distributions. In the following sections we shall 

derive the estimates for the sizes of both equality select (E(CT~,~,  (R))) and range 

select (E(oxSxa(R))) operations using the R-ACM and the T-ACM. 

3.8.3 Result Estimation of Equality Select Using the R-ACM 

Let us consider a relational query with an equality select predicate, X = Xa, whereX, 

is a constant value in the domain of attribute X. We want to find the estimate of 

the result size of the query, ax=xa(R) where the attribute value X ,  is in position a 

of the kth R-ACM sector. This is given by the following lernma. 

Lemma 3.14 An estimate obtained by asing the expected value analysis for the result 

of the equality select query, ~ , Y = , Y ,  (R), using an R-ACM zs, 

where nk is the number of hples in the kth R-ACM sector and II .  is the namber of 

distinct attribute values (or .wzdth) of the kth sectot respectzvely. 

Proof: This result is a direct consequence of Theorem 3.2. Cl 

In future, because of the fact that the estimate using the expected value and the 

maximum likelihood estimate are essentially identical, we shdl  refer to the estirnate 

as the maximum likelihood estimate. When estimating the result size of the above 
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query using the R-ACT& obviously we are also interested in the associated worst-case 

and average-case errors. These errors are shown in Figure 3.9 (b) and ( c ) .  

n2 

Lemma 3.15 If the value X, falls in the kth sector of a n  R-ACM? then the .worst- 

case error in estimating the nurnber of tuples of X, by  using its maximum likelihood 

estimate is,  

- lk-- 

where né and lk are the nvrnber of tuples and the sector width of the kth sector. 

R3 nx; 

Proof: This is a direct result from Theorem 3.4. 13 

1 

:; 
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% 
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Lemma 3.16 The average case error uiith a rectangular ACM in estimating the 

equality select query, UX=X,(R) b y  using i t s  expected value i s  3r, where r i s  the 

tolerance value used to  build the R-ACM. 

72.4 
. * - 



Proof: This is a direct result of Theorem 3.7. O 

3.8.4 Result Estimation of Range Select Using the R-ACM 

As mentioned earlier: among the various selection predicates, it is sdficient to find the 

estimate for the range select query a,yc,y,(R). With this estimate and the estimate 

we found above for a,y,,~ (R), we can find the estimates for all other range predicates. 

To obtain this we present the folfowing theorem. 

Theorem 3.9 The maximum lzkelzhood estirnate for the range select query crx<xa - ( R )  
using the R-ACM is giuen by,  

where the attribute value X, is in  the kth sector of the R-ACM and zs the ;Ah attribute 

value in the sector. 

Proof: The attribute values which satisfy the query ax<x, - (R) occupy the first k - 1 

R-ACM sectors and upto and including the zih location of the kth R-ACM sector. 

Hence the query result size is found by summing up the number of tuples in the first 

k - 1 sectors of the R-ACM and the rnaxiniu~n likelihood estimate of the tuples for 

the first attribute values in the kth sector of the R-ACM. First of d l ,  we stress 

that there is no estimation error in the first k - 1 sectors. We find the maximum 

likelihood estimate of the tuples for the first z, attribute values in the kth sector as 

below . 

Let us assume that the frequencies of the first i, attribute values in the kth R-ACM 

sector are XI, ~ 3 ,  . . . , x=,. We can obtain a likelihood function on these frequencies 

by considering their join probability mass hnctions. But instead, without loss of 

generality, we consider the join probability mass function for the first two attribute 



values. Due to their üncorrelatedness, the likelihood function can be written as, 

Taking natural logarithm on both sides of the likelihood function, we have, 

Now using the well known identity, 

and simplifying the above log likelihood function we find, 

ln L (xlI x?) = -2 ln r (nk  + 1)  + (xl + x2) ln p + [2nk - (xl + x2)] in(1 - p )  + 
l n ( x l + 1 ) + l n ( r i + 2 ) +  . . .+ I n n +  

h ( n k  - xl + 1) + ln(ne - xl + 2) + . . - f Inn 

ln(xn + 1)  +ln(x? + 2 )  +.  .. + I n n  + 
ln(nk - x2 + 1) + ln(nn - x2 + 3) + .  . . +Inn  

Now taking the partial derivative of lnC(xl, x?) with respect to XI, we obtain, 



obtained as, 

or arguing as in Theorem 3.1, we get, 

Similady, finding " ( ' ~ ~ I ' ) ~  and setting it to zero, we find the maximum likelihood 

estimate for x2 as  ÎML = y. Hence considering the join probability mass function 

of al1 other attribute values in this sector, ive can show that each of their rnaximurn 

likelihood estimate is equal to Z M L  = z. Thus the maximum likelihood estimate of 

the number of tuples for the first z, attribute values is equal to, 

Hence the maximum likelihood estimate for the range select query ox<x, - (R) is given 

by, 

Hence the t heorem. 

As mentioned earlier (see Section 3.6.2) ,  we note that when estimating the range 

select queries, we have to consider three distinct cases. As we argued in that section, 

it is sufficient to consider the second case only. Let us consider the selection query 

~x,~x<x, (R), where the attribute values ,Ya and XXU fa11 within the kth R-ACM 

sector and a: < p. So we have the following theorern. 

Theorem 3.10 Using the R-A CM, the maximum likelihood estimate of the range 



x a  
(a) Range Select with R-ACM (Shaded region represents the result) 

xcr 
(b) Worst-case Error 

Xe 
(c) Average-case Error 

Figure 3.10: Estimation of Range Select Using the R-ACM 

selection query OX,<,.~~, - - (R), where the attribute values X ,  and Xû fall completely 

within the kth R-A CM sector is given by: 

Proof: Using Theorem 3.9, we obtain, 
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The theorem follows. Cl 

In Theorem 3.15, considering a monotonicalIy decreasing R-ACM sector, we found 

the worst-case error bound for an arbitrary attribute value as: 

The following lernma gives a bound for the worst-case error (shown in Figure 3.11 

(a)) in the above select operation. 

Lemma 3.17 The worst-case error. E :  in estimating the qzlery O , ~ ~ < ~ < ~ , ( R )  - by using 

th.e maximum lzkelihood estirnate, .when both X, and X8  fd l  completely within the kth 

sector of the R-A CM is given by, 

Proof: This follows directly from Theorem 3.6. 

The following lemma gives a bound for the average-case error (shown in Figure 

3.11 (b)) in the above select operation. 



Lemma 3.18 The  average case error awith a rectangular ACM in estimating the range 

select query, ox, c x s , ~  ( R) b y using i t s  m a x i m u m  likelihood estimate,  when  both X, 

and X f l  Jall completely wi thin  the kth sector of the R-ACM W given by, 

vrhere ,B > a and T is the tolerance .value used to  build the R-ACM 

Proof: This is a direct result of Theorem 3.8. CI 

3.9 Size Estimation of the Join Operation Using 
the R-ACM 

The join operation, denoted by the symbol is used to combine related tuples from 

two relations into single tuples. This operation is very important for any relational 

database system with more than a single relation, because it allows us to process 

relationships among relations. Also joins are among the most expensive operators in 

relational DBMSs. In fact, a large part of query optimization consists of determining 

the optimal ordering of join operators. Since estimating the result size of a join is 

very essential to finding a good QEP, we shall discuss here the result size estimation 

of joins using the R-ACM. 

3.9.1 Introduction to Processing Joins 

The general form of a join operation with an arbitrary predicate on two relations 

R(&. . . , A,) and S(B1, .  . . . B,) is, 

where predicate is the join condition. A join condition is of the form, 

< condi t ion > A N D  < condition > A N D  . . . A N D  < condi t ion > 



where each condition is of the form AiOBj. Ai and Bj have the same domain and 

6 is one of the comparison operators {=, <, 5, >, 2, #). A join operation with such 

a general join condition is called a theta join. The most common join involves join 

conditions with equality comparisons only. Such a join, where the only comparison 

operator used is =, is called an equijoin. kVe consider only the equijoin in this work, 

and propose to consider the other theta join operations in future research endeavors. 

As mentioned earlier in this chapter, the approximate da ta  distribution corre- 

sponding to an ACM can be used in the place of any actual distribution to estimate 

a required quantity. Specifically, the approximate data distributions can be derived 

using the techniques developed earlier for ail joining relations. When the value do- 

main is approximated in a discrete fashion (uniform spread assumption or storing 

the entire set of values) the result size can be estimated by joining these data dis- 

tributions using, Say, a merge-join algorit hm. Essentially, for each dis tinct value in 

the approximate value domains of the ACMs, its frequencies in all the ACMs are 

multiplied and the products are added to give the join result size. It is clear that, 

in addition to approximating the frequency dornain with high accuracy. an accurate 

ACM for this case should also approximate the value domain with high accuracy in 

order to correctly identify the joining values5. 

3.9.2 Assumption of Attribute Value Independence 

Several queries in practice contain multiple attributes from the  same relation. The 

result sizes of such queries depend on the joint data distributions of those attributes. 

Due to the large number of such attribute value combinations, determining the prob- 

abilistic a t  tribute dependencies is very difficult . In fact , most commercial DBMSs 

adopt the attribute value independence assumption6 [ ID] .  Under this assumption, 

5The case when the join operation invoIves multiple attribute predicates requires the rnulti- 
dimensional version of the R-ACM, which is a promising area for future research. 

6Unfortunatelyl real-life data rarely satisfies the attribute mlue independence assurnption. For 
instance, functional dependencies represent the exact opposite of the assumption. For example, it 
is natural for the salary attribute of the Employee relation to be 'strongly' dependent on the age 
attribute (i.e: higher/lower salaries mostly related to older/younger people). Making the attribute 
value independence assumption in these cases may result in very inaccurate approximations of joint 



the data distribut ions of individual at tributes in a relation are statisticallyï indepen- 

dent of each other. 

In this section we assume that the join attributes are independent of each other. 

Later, we will consider attribute value dependencies between the join attributes and 

obtain a more realistic result. 

The following lemma provides an estimation of the result for joining two sectors 

of the R-ACMs of domain compatible attributes X and Y. 

Lemma 3.19 We consider the equality join of two domain compatible attributes X 

and Y .  If the ith sector from the R-ACM of attribute X has a matching uttribute 

values with the jth sector Jrom 

tuples resulting from joining the 

the R-ACM of attribute Y ,  the expected nurnber of 

two sectors is, 

where ni, and ni, are the number of tuples in  the ith sector of attribute X and jth 

sector of attribute Y respectiuely. 

ProoE From Lemma 3.2 we know, that the expected frequency of a given attribute 

value in the it" R-ACM sector is given by, 

where ni is the number of tuples in the ith R-ACM sector and li is the sector width 

of the ith R-ACM sector. Hence we find tliat, if a matching values (which need not 

be contiguous) are in the sectors, each of thern will yield the same expected value. 

Thus the total join size is, 

- - - - - - - - - 

data distributions and therefore inaccurate query result size estimations [Z]. 
- - 

' ~ h e  reader muçt differentiate here between "independence" as used in t h e  normal lorm definition 
of the relations and the  concept of statistical independence. 



where xk and yk are the frequencies of the attribute values Xk and Yk. We assume 

that the attributes X and Y are independent of each other8 and using the expressions 

for E(xk)  and E(yk) ,  the above becomes, 

whence, 

Since the term inside the summation above is the same for d l  the ûr attribute values: 

the lemma follows. Cl 

Corollary 3.2 For the special case, when the sectors of the join attributes have equal 

sector wzdths, li, = Z,, = 1 = a,  then the estimated size of the sector join zs, 

3.9.3 Estimated Result Sizes 

Consicler an equijoin R S where attributes X and Y are from relations R and 

S respectively. Assume that the R-ACMs for both attributes X and Y are available. 

We consider a more general case, where a sector from the R-ACM for attribute X 

has matching values with more than one sector from the R-ACM for attribute Y. We 

want to estimate the size of the join R S. 

We note that the attribute values in the R-ACMs are in a n  ascending order. Let us 

consider the i th sector from the R-ACM for the attribute X. Suppose it has matching 

values in the R-ACM for attribute Y with al1 the sectors in the range from sector 

j to sector k.  Assume that there are cr matching values from the jth sector and 0 

'cV~ don't need indepeod&ce; uncorrelatedneçs is sufficient. 
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matching values from the kth sector. We also assume that al1 the values in sectors 

j + 1 to Ir - 1 of Y have inatching values from sector i of X. See Figure 3.12. 

Hence the estimated join size resulting from joining sector i of X to the matching 

sectors of Y, 

Hence the estimated join size of R wx,y R is the sumrnation of all such îi; i.e: 

îi = C:zi ( where s, is the nurnber of sectors in attribute X. 

Similarly, in order to estimate the size of the entire join of relations R and S: we 

make use of Lemma 3.19 for every intersecting sector of the R-ACM of attribute X 

and the R-ACM of attribute Y. This is given by the following theorem. 

Theorem 3.11 Considenng an equijoin R S of two relations R and S ,  with 

domain compatible attributes X and Y ,  the maximum likelihood estimate for the size 

of the join using an R-ACkI is, 

where sx is the number of sectors in the R-A CM of attribute X and a, is the number 



of intersecting valves of the ith sector of the R-A CM of X and the jth sector of the 

R-ACM of Y .  Ti is the number of sectors from the R-ACM of Y which intersect the 

ith R-ACM sector of X. 

Proof: The proof follotvs directly from Lemma 3.19. 

FVe note that the estimation of join sizes using an ACM is similar to the rnerge 

phase of the sort-merge join algorithm. Since the attribute values in the ACM are 

already in a sequentidy ascending order, unlike the sort-merge join algorithm, the 

sorting step is not required for an ACM. When estimating the join size using two 

ACMs, if the nurnber of distinct values in the srnaller ACM is L, then the join 

estimation only requires L number of integer multiplications and an equal number of 

additions. 

3.9.4 Estimation of Join Error 

The estimation error resulting from an equality join of two attributes is usually much 

higher than the estimation errors resulting from the equality select and range select 

operations. 

Lemma 3.20 Considering the equality join of two domain compatible attributes X 

and Y with Xi = Y, ,  2f the expected result sire of the equality selection query, ax=.u,. 

ming an ACM i s  li and that of av=q is iji, then the maximum error resulting from 

joining the attributes X and Y on the values Xi and is gzuen by, 

luhere E~ and are the estirnated errors resulting from the equality selection queries 

o,.=xi and o,.=~, respectiuely. 

Proof: Assume that the actual frequency values of Xi and Y,  are xi and yj respec- 

tively. Hence the actual size of the join contribution from these values is, 



But the expected size of the join contribution from the above values is, 

Thus the maximum error resulting from joining the values X = Xi and Y = Y, is. 

The possible values for xi can be either (zi - E,) or (!ti + E , ) .  Similarly the possible 

values for y j  can be either (Gj - c y )  or ( y j  + E , ) .  We note that out of the 4 possible 

value combinations of these expected values, only (2 ,  + E , )  (Qj + E ~ )  gives the largest 

error. Hence the maximiim error becomes, 

The lemma follows. 

Considering al1 the values of attributes X and Y, it is possible to find the cumula- 

tive error in the estimation of a join. Hence using the results on estimation errors we 

obtained earlier, we can find the join errors for both the worst-case and average-case 

situations in R-ACM and T-ACM. 

Corollary 3.3 The  error resulting frorn a n  eq*uality join of two domazn compatible 

attributes X and Y ,  i s  giuen by, 

where k i s  an  index on  the R-ACM of Y sach that Xi = Yk and e l i ,  eBr are the errors 

resulting from the equality selection queries crx,,~, and ov=v, respectiuely. 

Proof: The proof follows from the previous lemma. Cl 



Lemma 3.21 Considering the equality join of two domain compatible attributes X 

and Y with Xi = Y, ,  if the expected result size of the equality selection query, ox=,vi, 

using an R-ACM is gi and that of ov=q ïs Yj7 then the worst-case error resultzng 

from joining the attnbutes X and Y on the values Xi and Y ,  is given by, 

where T, and r, are the tolerance values used to generate the R-ACMs of attributes X 

and Y respectivekg and 1, and 1, are the sector widths of the R-ACiWs corresponding 

to the uttribute values Xi and Y ,  respectively. 

Proof: It follows from Lemma 3.20 that the maximum join error when joining the 

values Xi and Y ,  is equal to, 

But from Theorem 3.5, the worst-case error in estimating the selection query, a,,=xi 

is equal to, 

e, = 1% [In (A) - 11 1 ,  for i > 1. 

Sirnilarly, the worst-case error in estimating the selection query, ou=q is equal to: 

Hence we find that the worst-case error in joining the attribute values Xi and Y ,  can 

be written as, 
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Figure 3.13: Join Estimation Error and the Positions of Attribute Values 

and the lemma follows. O 

Since the worst-case error in estimating the selection queries a,,=x, and av=q  

is dependent on the positions of the attribute values Xi and Y,- within the corre- 

sponding R-ACM sectors, we note that the worst-case error in the above join is also 

dependent on the positions of the attribute values being joined. Figure 3.13 shows 

the relationship of the worst-case join estimation error and the positions i, j of the 

attribute values Xi and Y, within the R-ACM sectors. Note that the join estimation 

has the lowest worst-case error when both Xi and Y,  are the last attribute values in 

t heir corresponding sectors. 

Having formulated the properties of the R-ACM, we are now in a position to test 

the analytical results using simiilations. To achieve this we shall briefly describe the 

data distributions that ive will be using in our experiments throughout this work. 

3.10 Data Distributions for the Experiments 

The synthetic data from a random number generator invariably produces a uniform 

distribution. Sirice real-world data is hardly uniformly distributed, any simulation 
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results from using such synthetic data will, obviously, be of limited use. Hence we 

have resorted to the use of two powerful mathematical distributions, namely the Zipf 

distribution and the mdti- fractal distribution. Since t hese distributions can generate 

frequencies with wide range of skews, they provide us with more realistic simulation 

results. In the interest of continuity we provide below a brief overview of these ttvo 

distribut ions. 

3.10.1 Overview of Zipf Distributions 

Nature is full of phenomena which seem to obey a few laws. Some, such as falling 

apples, can be explained satisfactorily based on certain laws of physics or mechanics. 

On the other hand, there are some events, such as those occurring in chaotic systems, 

which do not exhibit any apparent regularity. There is another type of phenomena 

which exhibit empiricdly observable regularities, but do not directly yield to expla- 

nation using simple laws of nature. These empirical phenomena have been observed 

in domains as diverse as population distributions, frequency distributions of words, 

income distributions and bioIogical genera and species. 



G.K. Zipf first proposed a law, called the Zipf's law, which he observed to be 

approximately obeyed in many of these domains [143]- Zipf's law is essentially an 

algebraically decaying function describing the probability distribution of the empirical 

regularity. Zipf's law can be mathematically described in the context of our problem 

as follows. 

For an attribute value X of size N with L distinct values, the frequencies generated 

by the Zipf distribution are given by, 

I l i '  
f i  = iV. , for 1 5 i 5 L. xzL1 l / i 2  

The skew of the Zipf distribution is a monotonically increasing function of the r 

parameter, starting from z = 0, wliich is the uniform distribution. We have plot ted 

the frequency sets of several Zipf distributions with different z values in Figure 3.14. 

These frequency distributions were all generated for N = 2000 and L = 10. 

One of the cornmon claims in database literature is that many attributes in real- 

world databases contain a few attribute values with high frequencies and the rest 

with low frequencies [Z],  and hence can be modeled satisfactorily by Zipf distribu- 

tions. Statistical literature abounds with information on modeling real-life data by 

Zipf distributions. Due to this reason, in Chapters 5 and 6 we shall resort to using 

Zipf distribution to generate frequencies for the value domains in the U.S. CENSUS. 

NBA performance statistics and TPC-D benchmark databases to validate the results 

presented in this chapter and the following. 

3.10.2 Overview of Multi-fractal Distributions 

The relationship of multi-fractals with the " 80-20 law" is very close, and seem to 

appear often. Several real-world distributions follow a rule reminiscent of the 50-20 

rule in databases. For example, photon distributions in physics, or commodities (such 

as gold, water, etc) distributions on earth etc., follow a rule like "the first half of the 

region contains a fraction p of the gold, and so on, recursively, jor each sub-region. " 

Similarly, financial data and people's income distributions follow similar patters. 



Figure 3.15: Generation of a Muiti-fractal Distribution - First three steps 

With the above rule, we assume that the attribute value domain is recursively 

decomposed at  k levels; each decomposition halves the input interval into two. Thus, 

eventiially we have 2"ub-intervals of Length Tk. 

We consider the following distribution of probabilities, as ilhstrated in Figure 

3.15. At the first level, the left half is chosen with probability (1 - p )  while the right 

half is with p; the process continues recursively for k levels. Thus, the left half of 

the sectors will host (1 - p )  of the probability m a s ,  the left-most quarter will host 

(1 - p)? etc. 

For Our e-qeriments we will use a binomial multi-fractal distribution with !V tuples 

and parameters p and k: with 2"ossible attribute values. Note that when p = 0.5: 

we have the uniforrn distribution. For a binomial multi-fractal, we have 

Relative Frequency 

In other words, out of the Pddistinct attribute values, there are Ct distinct attribute 

values, each of which will occur N * p("a) (1 - tirnes. Thus, for exampie, out of 

the 2k distinct attribute values, there is Ct = 1 attribute value that occurs p%rnes. 



3.11 Experiments Using Synthetic Data 

Having derived the analflic properties of the Rectangular ACM in the previous sec- 

tions, we shall now present a number of experimental results on the R-ACM using 

synthetic data. A more extensive set of benchmarking experiments on real-world data 

is described in Chapter 5. In order to demonstrate the validity of our theoretical 

results on the R-ACM, we conducted three distinct set of experiments as follows. 

In the first set of experiments? we found the actual estimation errors of both 

selection and join operations using the R-ACM on various synthetic data distributions 

such as 

1. uniform data distribution, 

2. Zipf data distribution, and 

3. rnulti-fractal data distribution. 

Using these experiments, we verified the performance of the R-ACM, in terms of the 

result size estimation accuracy, under various frequency skews. 

In the second set of experiments, we studied the performance of the R-ACM 

under various tolerance values, r. Using t hese experiments, we also inves tigated the 

relationship between the variance of the R-ACbI and the query result size estimation 

errors. 

Finally, in the third set of experiments, we compared the performance of the R- 

-4CM to t hat of the traditional equi-width and equi-dept h histograrns under various 

synthetic data distributions for both select and join operations. 

It should be noted that even though our experirnents are conducted under var- 

ious frequency distributions, the value domains of all the attributes involved are 

constructed using a uniform spreadg . 

9 ~ n  a uniform spread, the difference between the consecutive attribute values is equal. This does 
not impIy that  the distribution in the attribute domain is uniform. 



CHAPTER 3. RECTANGULAR ATTRIBUTE CARDINALITY MAP 

3.11.1 Queries Used in the Experiments 

The select and jozn operations are the two most frequently used relational operat ions 

in database systems. Thus for our experiments we will use queries that use these two 

operations. 

For estimating the result sizes of select operations, rve will actually use two types 

of select operations, narnely the exact-match select and the range select. The exact- 

match select operation, denoted a,y,x, (R) , retrieves al1 the tuples from the relation 

R, for which the attribute X has the vdue Xi. The range select operation retrieves al1 

the tuples falling within an attribute value range. For example, the query axCx,(R), - 

retrieves al1 the tuples from the relation R, for which the attribute value X has values 

less than Xi. For the join operation, we will use the most fiequently encoirntered equi- 

join operation. The equi-join operation, denoted R S, combines d the tuples 

in the relations R and S whenever the value of attribute X from relation R is equal 

to the value of attribute Y from relation S. 

3.11.2 Estimation Accuracy of the R-ACM under Various 
Synthetic Data Distributions 

As we discussed in Section 3.2, whenever there is a steep frequency change in a 

data distribution, there will be a proportional increase in the number of sectors in 

the corresponding portions of the R-ACM. In other words, generally speaking, r cc 

8 ,  where S is the storage requirement for the given tolerance value, r. Hence for 

an R-ACM to map a data distribution with a large number of frequency skews, 

the scheme would require proportionally large storage requirements to maintain the 

desired estimation accuracy. Thus, a fair cornparison study of the performance of the 

R-ACM under various data distribution should be based on the storage requirements 

for the R-ACM as opposed to the tolerance values. Consequently, we have used a 

h e d  size for R-ACMs in this group of experiments. This is done by increasing or 

decreasing the tolerance values as required for each of the data distributions under 

s tudy. 



Table 3.3: Estimation Accnracy of the R-ACM under Uniform Distribution 

Percentage Error 

3.33% 
Operation 
Equi-select 

Table 3.4: Estimation Accuracy of the R-ACM under Zipf Distribution 

In this set of e-qeriments, we computed the relative estimation errors for the 

select ion and join operations under the above mentioned data distributions. The 

Actual Size 

96 

Percent age Error 

S. 70% 

relative estimation error is obtained as a ratio by subtracting the estimated size from 

Estimated Size 

99.2 

Estimated Size 

354.4 
Operation 
Eq ui-select 

the actual result size and dividing it by the actual result size. Ob~iously~ the cases 

Actual Size 

326 

where the actual result sizes were zero were not considered for error estimation. The 

results were obtained by averaging the estimation errors over a number of e-qeriments 

and are shown in Tables 3.3, 3.4, and 3.5 for the three different frequency distributions. 

A uniform at tribute value domain was consistently used for t his group of experiments. 

AIthough the superiority of the R-ACM is clear, this will be further discussed in the 

Table 3.5: Estimation Accuracy of the R-ACM under Multifractal Distribution 

Operation 
Equi-select 
Range-selec t 

Estimated Size 
138.7 

2 134.6 

Actual Size 
131 

2058 

Percentage Error 

5.91% 
3.72% 
14.50% Equi-join 600632 1 659525.5 



analysis of the results in Section 3.11.5. 

3.11.3 Estimation Accuracy of the R-ACM and T 

In this set of experiments, we compared the result size estimates from the R-ACM 

for t hree different tolerance values. Again the experiments were conducted with 

the uniform, Zipf and multifractal frequency distributions. As in the first group of 

experiments, the comparisons were done for simple (a) equality-select queries (b) 

range-select queries and ( c )  equi-join queries. The percentage estimation error cor- 

responding to each tolerance value was computed as an average over a number of 

experiments and ;tre shown in Tables 3.6, 3.7 and 3.8. 

Table 3.6: Result Estimation Using R-ACM: Uniform Frequency Distribution 

Operation 

To present the results related to the variances, we also computed these variances 

of the R-ACM corresponding to each tolerance value under the uniforrn frequency 

distribution for equality-select operations in the above set of experiments. The per- 

centage estimation errors and the corresponding variance of the R-ACM are given in 

Table 3.9. Observe that the percentage estimation error corresponding to the vari- 

ance V = 1325 is only 2.1%, but the percentage estimation error corresponding to the 

Actual Size 

-- - 

Table 3.7: Result Estimation Using R-ACM: Zipf Frequency Distribution 

/ Operation 

Estimated Result 
r = 4  1 r = 6  1r=8 

Percentage Error 
r = 4  ) r = 6  1 ~ = 8  

Actual Size Estirnated Result 
r = 4  1 r = 6  1 r = 8  

Percentage Error 
r=4  1 r = 6  1 r = S  



1 1 I 1 1 

Equi- j O in 517566 1 548775 1 595097 1 661087 1 6.03% 1 14.98% / 27.73% ] 

1 Operation 

Table 3.8: Result Estimation Using R-ACM: Multifractal Frequency Distribution 

variance V = 1537 is more than 10%. 

Actual Size 

Table 3.9: Variance of the R-ACM and the Estimation Errors 

Estimated Result 
T - 4  I r = 6  I r = 8  

Actual Size 

33 

3.11.4 R-ACM and the Traditional Histograms 

Percentage Error 
r = 4  I r = 6  I r = 8  

This final set of experiments were conducted on both the traditional equi-width and 

equi-depth histograms and the R-ACM. In order to provide a fair comparison, we 

used a fixed amount of storage for all three techniques, thus varying the build pa- 

rameters for the structures as required. The build parameters for the equi-widt h and 

the equi-depth histograms are the sector-width and the number of tuples per sector 

EstimatedResdt 
V = 1328' 

84.8 

Percentage Error 

1 Operation 

Table 3.10: Cornparison of Equi-width, Equi-depth and R-ACM: Uniform Frequency 

V = 1328 
2.1% 

Range-select 
Equi-j oin 

Distribution 

V = 1461 

86-54 

Actual Size 

V = 1461 
4.63% 

77 = 1537 

9 1.58 

V = 1537 
10.34% 

Equi-width 
Size 1 Error 

1 

28567 
698436 

Equi-dept h 
Size 1 Error 

1.25% 
8.61% 

30832.4 
562565 

K.-AClM 
Size 1 Error 

28924.1 
755571 

7.93% 
23.5% 

29741.1 
511583 

4.11% 
16.2% 



Table 3.11: Comparison of Equi-width, Equi-depth and R-ACM: Zipf F'requency Dis- 
tribution 

Operation 

1 Range-select 1 
1 9 1 1 I I 1 

29076 1 31721.9 1 9.1% 1 30995.0 1 6.6% 1 29811.6 1 2.53% 1 

Actual Size 

Table 3.12: Comparison of Equi-width, Equi-depth and R-ACM: Multifractal Fre- 
quency Distribution 

R-ACM 
Size 1 Error 

Operation 

respectively. The build parameter for the R-ACM is the tolerance value, r. As before 

we computed the percentage estimation errors for the three type of queries, namely, 

(a) equality-select (b) range-select and (c) equi-join. The experiments were again 

conducted for the uniform, Zipf and multifractal frequency distributions. An analysis 

of the results follows. 

. Equi-widt h 
Size 1 Error 

3.11.5 Analysis of the Results 

Actual Size 

The results from the first set of experiments show that the estimation error with the 

uniform data distribution is the smallest and that with the Zipf data distribution is 

the largest . This is consequent to the fact that a rnuch smaller toIerance value was 

used for the uniform data distribution than that for the Zipf data distribution, thus 

result ing in higher estimation accuracy. 

The results from the second set of experiments show that the estimation accuracy 

is inversely proportional to the tolerance value, T .  Even with a highly skewed Zipf 

Equi-dept h 
Size 1 Error 

I 

R-ACM 
Size 1 Error 

Equi-widt h 
Size 1 Error 

Equi-dept h 
Size 1 Error 



distribution, a tolerance value of r = 4 provides a relatively small percentage estirna- 

tion error of 7.92% for equality-select operations. As in the first group of experiments, 

it is evident that the estimation errors are the smallest with the uniform frequency 

distribution and are the largest with the highly skewed Zipf frequency distribution. 

In addition, the experimental results, summarized in Table 3.9, demonstrate that the 

variance of the R-ACM is inversely related to the estimation error. For example, the 

percentage estimation error corresponding to the variance V = 1328 is only 2.1%, but 

the percentage estimation error corresponding to the variance V = 1537 is more than 

10%- 

The third group of experiments demonstrate the superiority of the R-ACM over 

the traditional equi-width and the equi-depth histograms for query result size estima- 

tion. The result from this set of experiments show that the estimation error resulting 

from the R-ACM is a fraction of the estimation error from the equi-width and the 

equi-depth histograms. For example, from Table 3.10, the percentage estimation error 

with the R-ACbl for equi-select operation on uniform fkequency distribution is only 

3.21%, whereas for the same operation, the equi-width and equi-depth histograms 

result in 26.7% and 23.9% estimation errors respectively - which is an order of mag- 

nitude larger! This disparity is more evident and striking for the highly skewed Zipf 

distribution. As can be seen from Table 3.11, the percentage estimation error for the 

equi-select operation using the R-ACM is only 9.23%, whereas for the same operation, 

the equi-width and equi-depth histograms result in an unacceptably high 61.4% and 

53.2% respectively. The power of the R-ACbl is obvious! 

3.12 SummaryofWorkDone 

In t his chapter we have introduced a new histogram-like approxin~ation strategy, 

cdled the Rectangular Attribute Cardinality Map. for query result size estimation. 

Since this technique is based on a user-specified tolerance value for partitioning the 

sectors, its worst-case and average-case errors are assured to be within a desired 

bound, and thus it is more accurate t h m  the traditional histograms. By proving 

a Binomial distribution to represent frequency variations within sectors, we have 



provided theoreticai results to compare their accuracy to that of the traditional his- 

tograrns, both in the average-case and worst-case. Our argument tha t  the R-ACM 

can be used as a fundamental tool for queiy result-size estimation is fully supported 

by a formal maximum likelihood analysis, an expected-case analysis of the variance, 

and the resulting worst-case and average-case errors. 

In addition, we have also conducted a number of experiments using synthetic 

data to support the validity of our theoretical results. Since we resorted to cornputer 

simulations to validate our results, we also presented a brief overview of the two most 

popular distributions, namely, Zipf and multi-fractal distributions, which were used 

for generating frequencies in the above e'rperiments. 

The theoretical results h-om this chapter will appear in the Proceedzngs of the 

International Database Engineering and Application Symposium (IDEAS'99) to be 

held in Montreal, Canada in August: 1999 [106]. Some of the results from a set of 

prototype vdidating experiments conducted on real-world data have been published 

in t.he Proceedzngs of the BIS'S9 Conference held in Poznan. Poland in April, 1999 

[l32]. 

We anticipate that due to its high accuracy and low construction costs, the R- 

ACM (along with the T-ACM to be introduced in the next chapter) could prove to 

be a standard tool for query result size estimation in friture database systems. 



Chapter 4 

Trapezoidal Attribute Cardinality 

In Chapter 3, we introduced a non-parametric statistical mode1 called the Rectan- 

gular Attribute Cardinality Map that can be used to obtain more accurate estimation 

results than the traditional equi-width and equi-depth histograms. In t his chapter 

we introduce the second major contribution of this thesis, namely the Trapezoidal 

Attribute Cardinality Map (T-ACM) , which is anot her non-parametric hist ogram- 

like estimation technique based on the trapezoidal-rule of numerical integration. The 

T-ACM generalizes the R-ACM from a "step" representation to a "linear" repre- 

sentation. As in the case of the R-ACM, we introduce the T-ACM in this chapter 

as a fundamental tool for query result-size estimation and provide a mathematical 

foundation for its use. \Ve also investigate the use of the T-ACM in the result-size 

estimation of various relational operations. Also, as in the case of the R-ACM, we 

propose to store and maintain the T-ACM in the DBMS catalogue. 

4.1 Definition 

A trapezoidal ACM is a modified form of the equi-widtki histogram where each his- 

togram partition is a trapezoid instead of a rectangle. In fact, the trapezoidal ACM 

'The theoretical aspects of the work done in this chapter are currently being reviewed for pub- 
lication, and can also be found as a Carleton University Technical Report, TR-99-04 [IOSI. 



is obtained by replacing each of the rectangular sectors of the equi-width histogram 

by a trapezoid. The beginning and ending frequency values of each trapezoid sector 

is chosen so that the area of the resulting trapezoid will be equal to the area of the 

"rectangle" of the histogram it is replacing. 

Definition 4.1 A One dimensional Trapezoidal ACM: Let V = {vi : 1 5 i 5 IVI}, 

where vi < 'uj when i < j ,  be the set of .values of an attribute X in relation R. Let 

the valzle set V be aubdiuided in to  s equi-width sectors, each having sector width, 1. 

W e  approximate each equi-midth sector by a trapezoid in which t he  jth trapezoid i s  

obtained by  connecting the sturting value, a j ,  to  the terminal ualue, b j ,  where the 

quantities a j  and bj satisfy: 

(a )  The  starting value al is e user-defined parameter. 

(b) For al1 j > 1,  the starting ,value of the jth trapezoid, a,, i s  the  terminal value of 

the ( j  - 1)" trapezoid,, bj-1- 

(c)  The  area of the jth trapezoid exactly equals the area of the jLh equi-width sector 

from which the exact computation of the quantity, bj7 i s  possible. 

T h e n  the Trapezoidal At tnbute  Cardinality Map of attribute X dwith initial attribute 

value X I  and width 1 i s  the set { ( a i ,  bi) 1 1 5 i 5 s )  . 

Example 4.1 Figure 4.1 shcws the equi-width histogram and the trapezoidal ACM of 

the Age attribute of a relation Emp(SIN, Age , Salxry)  between Age = 30 and Age 

= 49. Note that the actual frequency for  euery age value i s  s h o w t  in the histogram 

as  sh.aded rectangles. A s  can be noticed, the starting and ending frequencies of each 

trapezoidal sector i s  chosen so that the area under  the trapezoid zs equivalent to the 

area of the correspondzng rectangular sector of the histogram. From the trapezoidal 

ACM, the nvmber  of tuples in the relation v i t h  ages in the range of 35 5 Age < 40 

i s  283 and the estimate for the number o j  employees having Age = 48 is 6. Compare 

this with the rectangular A CM in Example 3.1. 



Age 
(a) Equi-width Histogram for the Employe Age Distribution 

35 40 45 50 

(b) Corresponding Trapezoidal ACM 

Figure 4.1: An Example for Constructing the Trapezoidal Attribute Cardinality Map 



Our motivation for proposing the trapezoidal ACM for density approximation 

(and the query result size estimation) originates from considering the various tech- 

niques used in numerical integration. Finding the result size of a selection query on a 

range-predicate can be considered as a discrete case of finding the area under a curve. 

Thus any numerical integration technique used to find the area under a curve wiU fit 

our purpose well. Though more accurate and sophisticated methods such as Simp- 

sods Rule exist, since the trapezoidal method is relatively easy to use in a DBMS 

set ting and is much superior to the traditional equi-widt h and equi-dept h histograms 

currently in use: we have opted to use the trapezoidal method. In addition to provid- 

ing more accurate result estimation on selection queries on range predicates: it also 

gives better results on equality-match predicates. 

4.1.1 Generating Trapezoidal ACM 

Unlike the R-ACM, where the sector widths are variable, the sector widths of a T- 

ACM are al1 equal. Each sector or cell of a T-ACM stores the modeled fi-equency 

values of the first and last attribute values in that sector, which naturally leads to 

the number of tuples in the sector. Algorithm Generate-T-ACM partitions the value 

range of the attribute X into s equal wiclth sectors of the T-ACM. The input to the 

algorithm is the number of partitions, S. The frequency distribution is assumed to 

be available in an integer array A, which has a total of L entries for each of the L 

distinct values of X. Note that the input can also be an equi-width histograni. For 

simplïcity, we assume that the attribute values are ordered integers from O to L - 1. 

The output of the algorithm is the T-ACM for the given attribute value set. Since 

choosing the starting frequency value of the first trapezoidal sector is important for 

obtaining the subsequent aj's and bj's, we briefly discuss it below. 

Determining the First Frequency Value, al 

As we shall see later from Lemmas 4.1 and 4.2, if the frequency of the first attribute 

value of the first sector of a T-ACM is known, the subsequent aj's and bj7s can be 

easily obtained. The problem of obtaining an optimal st arting frequency for building 



a T-ACM is still open and is currently being investigated. Below we have listed some 

of the methods that can be used to obtain this quantity: 

(1) al is a user-defined frequency value. 

(2) al is obtained using the average of ail the frequencies in the given attribute 

value domain. 

(3) Use the frequency value kom (2) above as the starting frequency of the first 

sector and compute ail the aj's and bj7s in a left-to-right manner. Again use 

the frequency value from ( 2 )  above as the terminal frequency of the last sector 

and compute al1 the ai's and bj?s in a right-to-lefl manner. One possibility is 

to assign al to be the average of the first frequency values resulting from these 

two methods. 

Before presenting the Generat e-T-ACM algorithm that generates a T-ACM, we shd1 

first present two lemmas that are used in this algorithm. 

Lemma 4.1 For each sector in  the T-ACM, the number of tuples, nj, zs equal to, 

dwhere a ,  b are the frequencies of the Jrst and last attribute value in the sector and 1 

is the number of distinct values in the sector. 

Proof: This can be easily shown using the geometry of the trapezoidal sector. O 

This lemrna is important because ensuring that nj is close to (a + b)2/2 would 

provide us the desired accuracy using trapezoidal approximation. 

Let aj be t.he frequency of the first attribute value in the jth sector. The first 

frequency value of the first sector, al can be chosen to be either the actual frequency 

of the attribute value (Le: al = xl) or the average frequency of the entire attribute 

value range (Le: al = $). The subsequent values for aj, 2 5 j 5 sl  do not need to be 

stored explicitly and can be obtained from Lemma 4.2. 



Algorithm 4.3 Generate-T-ACM 
Input : No of s e c t o r s ,  s ,  frequency d i s t r i b .  of X as A[O . . . L - 11 

Alternat ive ly ,  input can also be an equi-width histogram. 
Output : T-ACM 
begin 

InitializeACM; /* se t  a l 1  e n t r i e s  i n  ACM t o  zero */ 
L 1 

ACM[l].a := A[ '1;  /* se t  al t o  average frequency */ 
for j := 1 to s do /* f o r  every s e c t o r  */ 

for i := 1 to 1 do /* f o r  every a t t r i b .  value */ 
ACM b1.n := ACM [j].n + A[(j  - 1) * 1 + il ; 

end; { f o r  } 
if ( j  > 1) then ACM[j].a := ACMb - 11.6; 
ACM[j].b := 2 * ACM[j].n/l - ACM[j].a; 

end; { for } 
end 

EndAlgorithm Generate-T-ACNI; 

Lemma 4.2 If the frequency of the first attribzlte value of the first sector of a T- 

ACM is a l ,  then the frequency of the first attribute ualue of the jth T-ACM sector, 

aj l  2 5 j 5 s7 zs gzven by, 

where ni zs the nurnber of tuples in  the kth sector. 

Proof: Given the frequency of the first attribute value in a T-ACM sector, the 

frequency of the last attribute value in that sector can be obtained by using Lemma 

4.1. Hence we have the following first and last frequency values aj's and 6,'s for a 

T-ACM. 

Hence the lemma. 



In practice, we can obtain aj easily hom aj-i as s h o w  in the Algorithm 4.3. We 

also obtain a l  by averaging the frequency values of the entire attribute range. Note 

that each entry of the ACM array is a record with three fields, namely n, a, b, which 

store the number of tuples, the frequency of the first value and the frequency of the 

las t value in the sec tor respectively. 

It is obvious that the algorithm, Generate-T-ACM generates the T-ACM corre- 

sponding to the given frequency value set. Assuming the frequency distribution of X 

is already available in array A, the running tirne of the algorithm Generate-T-ACM is 

O ( L )  where L is the number of distinct attribute values. 

4.2 Density Estimation Using Trapezoidal ACM 

Consider a trapezoidal ACM sector of sector width 1 with nj tuples. We assume that 

the tuples in this sector occur according to a trapezoidal probability distribution. In 

other words, the number of occurrences of the attribute values is not uniform, but it 

increases (decreases) from the left most value a to the right most value 5 in the sector 

in a linear fashion as shown in Figure 4.2 (a). 

- 
x, x, - .  - Xl 

Attribute Values 
(a) Trapezoidal ACM Sector 

Attribute Values 
(b) Correspoilding pmf 

Figure 4.2: Trapezoidal ACM sector and its corresponding probability mass function 

Since the probability of a given attribute value Xi occurring is the number of 



occurrences of Xi divided by the total number of tuples nj, the probability mass 

function (pmf) pxi (xi) c m  be sketched as shown in Figure 4.2 (b). 

Lemma 4.3 The  probabilit.g of a given value Xi occurring in the trapezoidal sector 

is, 

where aj is the frequency for the f i s t  attribute value in the jth sector. 

Proof: From the geometry of Figure 4.3 (b), ive know that 

But, 6, = (j - o j )  frorn Lemma 4.1. 

This proves the lemma. Cl 

Lemma 4.4 The probability mass distribution for the frequencies of the attribute 

values in a T-AChi i s  a Binomial distribution .with parameters (n, pxi (xi)). 

Proof: Consider an arbitrary permutation (or arrangement) of the n tuples in the 

sector. Suppose the value Xi occurs exactly xi number of times, then al1 other (1 - 1) 

values must occur a combined total of (n  - xi) times. Since the probability of Xi 

occurring once is pxi (xi), where p,yi (xi) is given by Lemma 4.3, the probability of this 

value not occurring is (1 - px, (ri). From hereafter, let us denote px, (xi) simply as pi 

for convenience. Hence the probability of an arbitrary permutation of the n tuples, 

where the value Xi occurs exactly xi number of times is, 

There are (zi) different permutations of the n tuples in the sector where Xi occurs 

exactly xi number of times and al1 other values occur a combined total of (n - xi) 



times. Hence we find that the probability that an arbitrary value Xi occurs exactly 

xi number of times is, 

In other words, we note that each of the attribute values X I ,  X2, . . . , Xl forms â 

binomial distribution Binomial (n, pi) with a parameter deterrnined by its location in 

the trapezoidal sector. O 

4.3 Maximum Likelihood Estimate Analysis for 
the Trapezoidal ACM 

In the previous section ive showed that the frequency distribution of an attribute 

value in a T-ACM sector is a Binomial distribution whose parameters change with 

the location of the attribute value. With this knowledge, we shall now derive a maxi- 

mum likelihood estimate for the frequency of an arbitrary at tribute value in a T-ACM 

sector. Again, as in Section 3.4, contrary to the classical estimation theory, where 

we are interested in estimating the parameters, such as the mean, of a distribution 

of one or more random variables, in our problem, we are interested in estimating the 

value of the occurrence of the random variable (the frequency xi) which we assume is 

" inaccessible7'. As in the case of the R-A4Cb13 we do this in terms of an observation of 

one or more accessible random variables (Le: the total number of tuples, n; and the 

slope and width of the T-ACM sector). In order to do this, we shall derive the max- 

imum likelihood estimate, which maximizes the corresponding likelihood function. 

The analysis closely follows the R-ACM proofs and so the details will be omitted to 

avoid repetition. 

Theorem 4.1 For a one-dimensional trapezoidal ACM, the max imum likelihood es- 

timate of the number of tuples for a given value X, of atMbute X in the kth T-ACM 
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sector zs giuen by,  

.where n k  is  the number of tuples in  the kth T-ACM sector, ar; i s  the frequency of the 

first attribute value in the kth sector, 1 i s  the number of distinct attribute values (or 

dwidth) of the T-ACM sectors and X, is  the tLh sualue in the T-ACM sector. 

Proof: The proof of the theorem follows ciosely the analysis given for Theorem 3.1. 

The difference however is that the parameters of the Binomial distribution Vary with 

the location of the attribute values. However this is, technically speaking, a minor 

irritant, since the quantity p would be replaced by pi, and the rest of the proof wodd 

follow directly. The details are omitted in the interest of brevity. 

Thus using the arguments given in the proof for Theorem 3.1, Z M L  of x is obtained 

a, 

But we have already seen in Lemma 4.3 that,  the probability of the zLh attribute 

value, X,, occurring in a T-ACM sector is given by, 

where ak is the freqiiency of the first attribute value in the kth sector. So we have, 

Hence the theorem. O 

In most of the cases, the maximum likelihood estimat.e, ?,vL = np, which we 

derived using the Gamma function above is not an integer. In fact, as we discussed 

in the case of the R-ACM, the m ~ ~ m u m  likelihood estimate reaches its upper limit 



of np at  integer values only in very special cases. If we are interested in the integer 

maximum Iikelihood value which is related to the above maximuni likelihood estimate, 

we have to discretize the space. Thus, considering the analogous discrete case, we 

have the following t heorem. 

Theorem 4.2 For a one-dimensional trapezoidal ACM the maximum likelihood es- 

timate of the number of tuples for a given ualue Xi of attribute X falls within the 

range of, 

where ak is  the frequency of the first attribute ualue in the kth sector. nk is the nwnber 

of tuples in the kt" sector containing the .value Xi and 1 zs the ,width of that sector. 

Proof: Again the proof of this theorem follows closely that of Theorem 3.2, so the 

details are omitted in the interest of brevity. Using the arguments from the proof of 

Theorem 3.2, we find that 

ak 2(nk - aal)  
Since p = - + .za, the theorem follows. 

n k  nkZ( l -1 )  

4.4 Expected and Worst-Case Error Analysis for 
the T-ACM 

The maximum likelihood estimation of the frequency of an attribute value tells us 

that the attribute value would have a frequency of with high degree of certainty 

when compared to the other possible frequency values. But even though the attribute 

value occurs with the maximum likelihood frequency with high probability, it can also 

occur with other frequencies with smailer probabilities. Hence, as we did in the case 

of the R-ACM, when we need to find the worst-case and average-case errors for the 



result size estimations, we need to obtain the expected value of the frequency of a 

given attribute value. We use our Binomial mode1 for the T-ACM sector to find the 

expected vaIue of the frequency of an attribute value as given in the following Iemma 

and develop a series of results regarding the corresponding query result-size estimates. 

Lemma 4.5 Using a trapezoidnl approximation! the expected nurnber of tuples for a 

given value X i  of attribute X is, 

where nj is  the murnber of tuples in the sector which contains value Xi and Z zs the 

sector width. The  quantity aj is the number of occurrences of the first attribz~te value 

in the jth sector. 

Proof: The frequency distribution of attribute values in a T-ACM sector is a binomial 

distribution with parameters (n, pi) where pi is given by Lemma 4.3. Hence the 

expected value E ( X i )  is its mean, 

and the lemma follows. 

4.4.1 Estimation Error with the Trapezoidal ACM 

In this section, we discuss the techniques for obtaining the estimation errors using the 

T-ACM. These results are similar to the ones we obtained for the R-ACM in Section 

3.5.1. 

Lemma 4.6 The variance of the frequency of a n  attribute value Xi in sector j o j  a 

trapezoidal A CM is ,  

aj 2 ( n j  - a j l )  . 
V a r ( X i )  = njpi(l - pi), where pi = - + .2 

nj n j l ( l  - 1)  



ProoE The frequency distribution in a T-ACM sector is a binomial distribution with 

parameters (n,, pi), where pi is given by Lemma 4.3. Hence the variance is n jp i ( l  -pi). 

Lemma 4.7 The sector variance of the jt" trapezoidal ACLU sector zs, 

where aj is the frequency of the jrs t  attribute value in the sector, nj is the number of 

tuples in the sector and 1 zs the sector width. 

Proof: Since the frequency values in the sector are assumed independent, summing 

up the variances of all frequency values in the sector will give us the expression for 

the variance of the entire sector. So we have, 

Simplifying the above expression gives us, 

and the lemrna follows. 

Lemma 4.8 The variance of a T-ACM 2s given by, 

where s is the number of sectors in the T-ACM. and V a r j  is the sector variance given 

in Lemma 4.7.  



Proof: The lemma follows directly from the fact that the frequency values in each 

sector are independent of each other and thus summing up the variances of all the 

sectors will give the overail variance which is also an estimate for the estimation error. 

O 

4.4.2 Self-join Error with the Trapezoidal ACM 

Since query result sizes are maximized for self-joins. as in the case of the R-ACM, 

in this section we consider self-join and error estimation with the T-ACM. -4ssuming 

that the duplicate tuples after the join are not eliminated, we have the following 

lemma. 

Lemma 4.9 The  e r o r ,  E ,  resulting from a self-join of relation R o n  attn'bute X 
using a trapezoidal ACM is given by ,  

where s i s  the number of sectors in the T-ACM. and nj is the number of tuples in  the 

jth sector and Varj i s  the variance of the jth sector given in Lernrna 4.7- 

Proof: Since there are L = sl distinct values for attribute X, the actual value: J and 

expected value f ;  of the join size can be estimated as follows. 

The Frequency of an arbitrary attribute value is cornputed from the T-ACM as the 

expected value E ( x i ) ,  which is the average frequency of the T-ACM sector. Hence 

the result of self-joining this attribute value would be [E(xi)lz.  Hence the size of the 



join computed by the T-ACM, K ,  is, 

But the variance of the jth sector Varj is: 

V a r ,  = C njp i ( l  - pi) = nj - nj C 
- - 

V a r j  
So, Cp: = 1 - -. 

i=O n~ 

Substituting the above expression in Equation (4.4), we obtain, 

tc 

Hence the error in estimation of 

< - K  = 

and the lemma is proved. 

self-join is, 

Corollary 4.4 T h e  error. E ,  resulting from a self-join of relation R o n  attribute X 

using a trapezoidal ACM is  given by, 



where aj is the frequency of the first attmbute value in the jth sector. 

Proof: The proof follows frorn substituting Varj in the previous lemma with the 

expression obt ained in Lemma 4.7. CI 

4.4.3 Worst Case Error with the Trapezoidal ACM 

We have already seen that Trapezoidal AC?& give s m d e r  errors than the histograms. 

In this section we s h d  find estimates for these errors in the worst-case for both an 

equality-match and a range-select operations. 

Theorem 4.3 The worst-case error, E ?  in estimating the frequency of a n  arbitrary 

attribute uahe  Xi in a trapetoidal A CM is, 

Proof: The expected frequency of the attribute value Xi reported as a result of the 

T-ACM is, 

2(nl -ail) 
where ( 2  + nji(i-i) i) is the probability that attribute value Xi occurs in the T- 
ACM sector. But the actual frequency E of attribute value Xi can be anywliere in 

the range of, 

O i c a n j .  

Hence the maximum worst case error is, 

E = rnax(<, nj - 0. 



It is easy to observe that whenever < 2, the maximum worst case error occurs 

when the actual frequency E is equal to nj. The maximum worst case error in this 

case is nj - î. Whereas whenever f 2 2, the maximum worst case error occurs when 

the actual frequency E = O. The maximum worst case error in this case is of course 

î. We note that whether the expected frequency value i is smaller or larger than 

2 depends on the location of the attribute value Xi within the T-ACM sector. The 

location of the attribute value when the expected frequency i is equal to 2 can be 

ob tained by solving, 

and is equal to, 

The theorem follows from the above. 17 

As we disciissed in Chapter 3, when estimating the surn of frequencies in an attribute 

value range, we have to consider t h e e  distinct cases. These are namely the cases 

when, 

1. The attribute value range 

2. The attribute valiie range 

3. The attribute value range 

spans across one T-ACM sector. 

falls completely within one T-ACM sector. 

spans across more than one T-ACM sector. 

In the first case, estimation using the T-ACM gives the accurzte result (nj) and there 

is no estimation error. The estimation error in the second case is given by the theorem 

below. The estimation error in the third case can be obtained by noting that it is in 

fact the combination of the first and second cases. 

Theorem 4.4 The worst-case error, E, in estimating the sum of frequencies between 



the attribute values of X = X, and X = Xo, when these attribute values full com- 

pletely within a T-A CM sector, is gzuen by, 

where A is the s u m  of the expected frequencies between the attribute values X, and 

/Yo and Zs equal to, 

Proof: The sum of the expected frequencies between the attribute values & and 
Xo within a T-ACM sector is, 

But the actual sum of frequencies 5 between the attribute values X, and Xed can be 

anywhere in the range of, 

Hence the maximum worst case error is, 

E = max(A, nj - A). 

It is easy to observe that whenever A < 2, the maximum worst case error occurs 

when the actual sum of frequencies, c, is equal to nj.  The maximum worst case error 

in this case is nj - A. Whereas whenever J1 2 2, the maximum worst case error 

occurs when the actual sum of frequencies, < = O. The maximum worst case error in 



this case is of course A. Hence the theorem. 

4.4.4 Average Case Error with Trapezoidal ACM 

In this section we give an estimate for the average-case error with a trapezoidal ACM. 

As we shall see, the average case error is much srnailer than the worst-case error that 

we derived in the previous section. The average-case is synonymous with a truly 

random sector in which aU attribute values have the same (or approximately same) 

frequency value equal to the mean sector frequency, 1. The average case error in 

estimating the frequency of an arbitrary value Xi can be obtained by two different 

methods, depending on how the frequencies of the at tribute values are averaged. In 

the 6rst case, the expected Fequency of a l  attribute values in the sector is obt ained by 

averaging over the entire sector. In the second case, we obtain the average frequency 

of an attribute value by averaging all the possible frequencies that this particular 

attribute value can assume. The average case errors in these two situations are given 

below . 

Theorem 4.5 Assurning that the T-ACM sector has been obtained by processing a 

histogram bucket of size 1 swith nj tuples, the average error in estirnating the frequency 

of an arbitrary attn'bnte ualue Xi. obtained by averaging over al1 uttribute values in 

this sector of the trapezoidal ACM is exactly zero. 

Proof: The expected frequency of the attribute values in the sector computed by the 

T-ACM can be obtained by averaging over the entire sector as, 

2(n --a - L) where (2  + n,41-;) i is the probability that attribute value Xi occurs in the T-ACM 1 
sector. But, if we assume that the T-ACM sector hm been obtained by processing 

an equivalent histogram bucket of size 1 with ni tuples, then the actual frequency ci 



n - of attribute value Xi in the average case is equal to, ci = y. Hence the average case 

error obtained by averaging over the entire range is equal to, 

The theorem follows. 

Note that in the case of an R-ACM: the actual frequencies of the attribute values 

are controlled by the tolerance, r. That  is why in the R-AChll (unlike the T-ACM), 

the average case error is not equal to zero. In a T-ACM: due to the geometry of the 

T-ACM sector, each of the negative estimation errors in the right half of the sector 

cancels out with the corresponding positive estimation error on the left half of the 

sector, thus resdting in an overall zero average case error when the expectation 

operation is carried out by averaging over the entire sector. Note that this 

will not be the case if we perform the expectation a t  any one particular attribute 

value, and this is discussed in the theorem below. 

Theorem 4.6 The upper bound of the average-case errer? E ,  in estimating the fre- 

quency of an arbitrary attrïbute value Xi in a trapezoidal A CM zs, 

Proof: The expected frequency of the attribute value computed by the T-ACM is, 

where (5 + 2(nj  -aj l )  
njl(l-l) i ) is the probability that attribute value Xi occurs in the T-ACM 

sector. But assuming that the T-ACM sector has been obtained from an equivalent 

histogram bucket of size 1 with nj  tuples, we note that, due to the uniformity as- 

sumption within the histogram bucket, the frequency ci of attribute value Xi in this 
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Figure 4.3: Average Case Error in T-ACM 

n . histogram bucket is equal to, ci = y. Hence the average-case error is equal to. 

The theorem follows. O 

As before in the worst-case error analysis, when estimating the sum of frequencies in 

an attribute value range, we have three distinct cases. The theorem given below deals 

with the case of the average-case error when attribute value range falls completely 

within one T-ACM sector. The case when the attribute valiie range spans across one 

entire T-ACPVI sector is trivial and does not result in any estimation error. The case 

when the attribute value range spans across more than one T-ACM sector can be 

solved by decomposing it into the first two cases. 

Theorem 4.7 The average-case error. e7 in estimating the sum o f  frequencies be- 

tveen the attribute values of X = X, and X = X B ,  when these ualues full completely 

within a T-A CM sector, is given b y, 

Proof: 111 a random T-ACM sector, d l  the frequency values are equal (or close) to the 

mean frequency value. This is shown in Figure 4.3 d o n g  with the T-ACM frequency 



distribution t hat is used to approximate the actual frequency distribution. We note 

t hat the shaded area between the actual and approximate frequency distribution 

represents the cumulative estimation error. Also we see that both lines intersect at 

the center of the sector or at  i = 9. Hence an estimate for the estimation error is, 

+ c (a, + 2 ( n j  - a j l )  

i- i -  1 
l(1 - 1) 

-Y 

and the theorem follows. 

4.5 Comparison of Trapezoidal ACM and Equi- 
Width Histogram 

The rationale for the trapezoidal ACM is that the trapezoidal rule for numerical in- 

tegration provides a more accurate estimation of the area under a curve than the 

left-end or right-end histogram (or rectangular rule) based methods. This is formally 

given by the following lemrna. 

Lemma 4.10 If the estimation error for compzlting the s u m  of frequencies of al1 the 

attribute values falling between X = a and X = b, using the trapezoidal ACM is  

Errorr and that of using the histogram method zs ErrorH, then Errorr  < ErrorH. 

Proof: Without loss of generality, let us consider a continuous function f (2). (See 

Figure 4.4.) Let A' and A** be the approximations to the area under the function 

f (x) between x = a and x = b by these two methods respectively. Also let €1 and 

€2 be the errors introduced by the trapezoidal ACM and histogram methods in the 



Figure 4.4: Cornparison of Histogram and Trapezoidal ACM 

estimated areas A* and A** respectively. Hence, 

il = A* - Jr6 (+iz 

6 

and r:, = A** - f (x)dx. 

The histogram method, also known as the rectangular rule, and the trapezoidal ACM, 

also known as the trapezoidal rule are two weU known numerical integration tech- 

niques to approximate the area under a curve. It can be shown [77] that using the 

trapezoidal rule: the es tirnation error, el, has the following bounds. 

Similarly it can be shown that using the rectangular rule, the estimation error: €2: 

has the following bo~mds. 

In both bounds, the quantities M;, Ml are the smallest and largest values for the 

first derivative of f and Ad& MZ are the srnallest and largest values for the second 

derivative of f between x = u and x = b. Hence it follows that ErrorT < ErrorH. O 

Claim 4.1 If the frequency estimation error for an arbitrary attribute value using 
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the trapezoidal ACM 2s Errorr and that of using the equi-width histogram with the 

sam,e number of sectors is ErrorH, then ErrorT < ErrorH.  

Rationde: Assume the actual frequency of an arbitrary attribute value Xi is <. Let 

the fiequencies computed by an equi-width histogram and a T-ACM with the same 

number of sectors be & and iT respectively. We use E[(E - î)'] as the measure for 

comparing the errors resulting from the histogram and the T-ACM. So we have, 

where p H  is the probability of seIecting one of the 1 attribute values in the histogram 

sector and is equal to ). Similarly, 

where PT, is the probability of selecting the kth attribute value in a trapezoidal sector 
2(n-a l )  and is equal to + - .k. 

Analytically proving t hat 

is difficult. But extensive simulations demonstrate that this is true, and we hope that 

one can use a symbolic mathematical package such as Mathematica or Maple to show 

this to be true. However we believe it is true due to the well acclaimed superiority 

of the trapezoidal rule over the rectangular rule in numerical integration, indicating 



4.6 Size Estimation of Selection Operations Using 
the T-ACM 

In this chapter, we introduced a new catalogue based non-parametric histogram-like 

technique called Trapezoidal At t ribute Cardinality Map. We also provided some the- 

oretical analysis to show that their result size estimatims are more accurate than 

the traditional histograms. Our analysis in the previous sections was mainly in the 

context of probability density estimations of data distributions. In this and the fol- 

lowing sections, we discuss the actual application of the T-ACM for query result size 

estimation in a relational database system. In particular, we discuss how the T-ACM 

can be used for estimating the result sizes of select and join operations which are the 

most preùominant operations in query processing. 

4.6.1 Result Estimation of Equality Select Using the T-ACM 

Let us consider a relationd query with an equality select predicate, X = X,: where 

X, is a constant value in the dornain of attribute X. We are interested in finding the 

estimate of the result size of the query, o,,=x. (R), where the attribute value X, is in 

position a of the kth T-ACM sector. The following lemma gives us this estimate. 

Theorem 4.8 An estimate obtained by using the expected value analysis for the sire 

of the equality select query, ~ x = , y ~ ( R ) ,  using a T-ACM is, 

where nk zs the number of tuples in the kth T-ACM sector, a k  zs the frequency of the 

first attribute value in the kth sector, 1 zs the number of distinct attn'bute vatues (or 

width) of the T-ACM sectors and X, is the zih ualue in the T-ACM sector. 



Equality Select with T-ACM 

Figure 4.6: Equality Select Using the T-ACM 

Proof: This is a direct result from Theorem 4.1. 

Since the result size estimates using the expected value and the maximum likeli- 

hood estimate are essentially identical, in the subsequent derivations, we shall refer 

to the estimate as the maximum likelihood estimate. As before, we are interested in 

both the worst-case and average case errors in the above equality select estimation. 

\ire c m  now make use of the results we have already obtained earlier in this chapter 

for the probability density estimation in the T-ACM sector. The following lemma 

gives the worst-case error in an equality select operation. 

Lemma 4.11 The .worst-case error, E ,  in estimating the equalzty select operution, 

ox=x, ( R )  in a T-A CM using the maximum likelihood estimate i s  gzven by, 

where the uttribute ualue X, is in the zLh position within the kth T-ACM sector. 

Proof: This is a direct result fsom Theorem 4.3. 

As discussed in earlier in the chapter in the context of probability density esti- 

mation using the T-ACM, the average-case error in estimating the result size of the 

equality selection query, O ~ = , ~ ~ ( R )  can be obtained by two different methods, de- 

pending on how the hequencies of the attribute values are averaged. In the first case: 



the expected frequency of aLi attribute values in the sector is obtained by averaging 

over the entire sector. In the second case, Ive obtain the average frequency of an 

at  tribute value by averaging dl the possible frequencies t hat t his particular at tribute 

value can assume. These are given in the following lemmas. 

Lemma 4.12 Assuming that the T-ACM sector has been obtained by processing a 

histogram bzlcket of size 1 with nj tuples, the average error in estimating the result 

size of the equality selection query, ux=xo (R ) ,  obtained by averaging over al1 attnbute 

values in this sector of the T-ACM is exactly zero. 

Proof: This is a direct resdt from Theorem 4.5. 

Lemma 4.13 The upper bound of the auerage-case error, E ,  in the maximum likeli- 

hood estimate of the equality selection que?, O,Y=,~,(R) in a trapezoidal ACM is  given 

by, 

where a k  zs the frequency of the first attribute value in the  kth sector and X ,  is in the 

zih position of the T-ACiM sector. 

Proof: This is a direct consequence of Theorem 4.6. O 

4.6.2 Result Estimation of Range Select Using the T-ACM 

As we derived earlier for the case of R-ACM, here we shall find the estimate for the 

range query SnfL (ux<,,, (R)). With this result estimate and the estimate we found 

above for SLVL (ox=xe (R)) , we can find the estimates for al1 otlier range predicates. 

The following theorem finds the required estimate. 

Theorem 4.9 The maximum likelihood estimate for the range select query QCX, - (R )  
using a T- A CM is  given b y, 



where ak is the frequency of the f i s t  attribute value in the kth sector. 

Proof: The attribute values which satisfy the query a,y<x, - (R) occupy the first k - 1 

T-ACM sectors and up to and includîng the ath location of the kth T-ACM sector. 

Hence the query result size is found by su~nrning up the number of tuples in the first 

k - 1 sectors of the T-ACM and the estimate of the number of tuples for the first 

a attribute values in the kth sector of the T-ACM. We find the maximum likelihood 

estinlate of the tuples for the first 2, attribute values in the kt" sector as belom. 

Let us assume that the frequencies of the first z, attribute values in the kth R-ACM 

sector are xi ,  xî, . . . , x,,. We c m  obtain a likelihood f~mction on these kequencies 

by considering their join probability m a s  functions. But instead, without loss of 

generality, we consider the join probability m a s  function for the first two attribute 

values. So Our likelihood function can be written as: 

Taking natural logarithm on both sides of the likelihood function and then taking 

the partial derivative of lnL(xl ,  x2) with respect to XI, we obtain (after omitting the 

tedious algebraic details) , 

setting "'nt(xL'xd' a51 = O, md noting that C::;;, k < ln (-) , of x l  is 

obtained as, 



Range Select with T-ACM (Shaded region is the result of select) 

Figure 4.7: Result Estimation of Range SeIect Using the T-ACM 

Sirnilarly, finding a{1na(=:'x2i} and setting it to zero, we find the maximum likelihood 

estimate for x? as = 2. Hence considering the join probability mass function 

of al1 other attribute values in this sector, ive can show that each of their maximum 

likelihood estimate is equal to 2LLfL = 2. Thus the maximum likelihood estimate of 

the number of tuples for the first z, attribute values is equal to, 

Hence the maximum likelihood estimate for the range select query o,yc,b - (R) is given 

by, 

Hence the theorem. O 

Using Theorem 4.4, we can find that  the above estimate for the range select 

operation has the following worst-case estimation error. 



where A is the estimated number of tuples that are less than the attribute value, X,, 

and is equal to, 

where ar: is the frequency of the first attribute value in the kth sector. 

Similady, using Theorern 4.7, we obtain the following estimate for the average-case 

error. 

where ak is the frequency of the first attribute value in the kth sector. 

in the next theorem, we consider the selection query, a,~,~,Y<x, (R)?  where the 

attribute values X, and X p  fa11 within the kth R-ACM sector and a < 8. 

Theorem 4.10 The  maximum iikelihood estimate of the result szze for the range 

selection query a,.,5,y<xs(R)7 where the attribute values X, and XB fall completely 

within the kth T-ACM sector is given by; 

where ak is the frequency of the first attBbute value in the kth sector and 0 > a. 

Proof: The maximum likelihood value of the number of tuples in the i th attribute 

value Xi of the kth T-ACM sector is @en by, 



Hence the maximum likelihood number of tuples fd ing  in the range of X ,  5 X 5 X p  

is, 

and the t heorem follows. 

The following lemmas give estimates for the worst-case and average-case errors in 

the above select operat.ion. 

Lemma 4.14 The ,worst-case error in estimating the result size of the selection query: 

ou J e _  <,u<,yJ(R), - where the uttribute -values X, and Xo fa11 completely wzthzn the fith 

T-A CM sector i s  given by, 

where Ji i s  the expected nurnber of tuples between the attribute t values X, and Xo and 

2s equal to, 

Proof: This is a direct consequence of Theorem 4.4. 

Lemma 4.15 The average-case error in estirnating the result size of the selection 

query, axa - <x<xo - (R), where the attribute values X, and Xo fa21 completely within the 

kth T-ACM sector is given by, 
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Proof: This is a direct consequence of Theorem 4.7. 

4.7 Size Estimation of the Join Operation Using 
the T-ACM 

In Chapter 3, we discussed how the R-ACM can be used to estimate the result size 

of the join of two relations. In this section we shall see how the T-ACM can be used 

for the same purpose. Specifically, we shall use the maximum likelihood estimate 

obtained for the equality select operation in the T-ACM, to obtain an estimate for 

the join result size. Unlike the R-ACM, where the expected frequencies for the values 

within a sector are all equal, the expected frequency for every value in a T-ACM is dif- 

ferent depending on the location of the attribute value, thus adding more complexity 

to the size estimation. 

Let Lx and Ly be the number of distinct attribute values in attributes X and 

Y respectively. Evaluating the equi-join operation, R S involves finding the 

matching attribute value Y,  of relation S for every attribute value X,, 1 5 p 5 L,., of 

reIation R. Since the attribute value domain in the T-ACM is already in a n  ascending 

order, this turns out to be a linear operation. 

Algorithm 4.4 LocateNatching-aple (Xi, j )  
Input :  A t t r i b u t e  va lue ,  Xi, from t h e  f i r s t  T-ACM and l o c a t i o n  j 

of t h e  c u r r e n t  p o i n t e r  i n t o  t h e  second T-ACM. 
Output: Loca t ion ,  j ,  of the matching a t t r i b u t e  va lue ,  Y j ,  

from the second T-ACM. 
begin 
while (Xi < V[j]) and ( j  5 Ly) do 

j + +; 
if X, = Vlj] then 

return ( j )  ; /* l o c a t i o n  of matching t u p l e  */ 
else return (-1) ; /* t h e r e  is no matching t u p l e  */ 

end; 
EndAlgorit hm LocateNatching_Tuple; 



The algorithm LocateMat ching-Tuple (Xi) , given below, returns the location of 

the matching attribute value in the joining T-ACM. The array VIO . . .Lu] maintains 

the value domain of the joining attribute Y. Note that the search for the matching 

tuple does not have to start from the first location of the T-ACM. Since the current 

attribute value Xi ,  i > O, is always larger than the previous attribute value Xi-i, it is 

s d c i e n t  to begin the search for the matching tuple from where the previous search 

ended. Indeed, the philosophy of the traversal is analogous to merge-sort, where the 

"sortedness" of the individuai values is taken advantage of. 

We c m  now estimate the size of R S, where X and Y are dornain com- 

patible attributes, using the following algorithm, Estimate-Join-Using-T-ACM. This 

algorithm works in the following manner. For every attribute value, Xp! of attribute 

X in relation R, the matching attribute value, Y,, of attribute Y is found using 

the algorithm, LocateJfatching-Tuple. The corresponding sector index k and the 

location f i  of the attribute value Y, within this sector are computed, and then the 

estimated result size of the selection queries E(G~, ,~ , )  and E((T~,~~) are cornputeci. 

The correctness of the algorithm is omit ted as it is straightforward. 

AIgorit hm 4.5 Estirnate-Join-Using-T-ACM 
Input : T-ACMs f o r  a t t r i b u t e s  X and Y .  
Output: Estirnated jo in  s ize  of the query R Mx,y S.  
begin .. 
CXY = O;  
for p = 1 to Lx do 

j = p div ZAY ; /* index of the sector  where Xp f a l l s  */ 
o = p  mod l x ;  /* locat ion of X, within t h e  sector  */ 

k = q  div l y ;  /* index of the sector  where Y, f a l l s  */ 
,û = q mod l y ;  /* locat ion of Y, within t h e  sector  */ 

- . -  
î x u  = &Y + îx x ( y ;  

endfor; 
end; 

EndAlgorithm Estimate-Join-Using-T-ACM; 



4.7.1 Estimation of Join Error 

As in the case with the R-ACM, the estimation error resulting from the size estimation 

using a T-ACM of an equality join of two attributes are usually much higher than 

the estimation errors resulting from the equality select and range select operations. 

We earlier derived in Lemma 3.20 that this estimation error E is equal to, 

where E ,  and are the estimated errors resulting from the equality seIection queries 

ax,xt and ax=q respectively. Substituting the average-case and worst-case errors of 

equaiity selection queries that we obtained earlier for E ,  and E , ,  we can obtain the 

average-case and worst-case errors of equi-join estimations. 

4.8 Case for ACM as a Better Estimation Tool 

As discussed earlier, the current state of the art estimation techniques use either 

parametric techniques or sarnpling based techniques, including probabilis t ic and non- 

parametric techniques. In all brevity we shall now argue why the ACM is a better 

estimation tool for query optimization in database systems compared to the current 

state of the art schernes. The reader should notice that the arguments presented here 

are to advocate the use of both the R-ACM and the T-ACM over traditionai methods. 

4.8.1 Cornparison of ACM and the Current State of the Art 

Parametric vs ACM 

Estimations based on ACM is superior to parametric techniques, because ACM does 

not make any assumptions about the underlying data distribution. Parametric tech- 

niques, on the other hand, approximate the actual data distribution by a param- 

eterized mathematical distribution, such as the uniform distribution, multivariate 

distribution or Zipf distribution. Obviously the accuracy of the approximation de- 

pends heavily on the similarity between the actual and parameterized distribution- 



Since real data often does not resemble any simple mathematicai distribution, such 

approximations are prone to cause higher inaccuracies. 

For example, System R query optimizer assumes that the data distribution is 

uniform over the entire value domain 23. Example 4.2 compares the selection2 results 

based on the System R's uniform parametric mode1 and that of rectangular ACM 

for a srnall relation. One can note that  the estimation using the rectangular ACM is 

cioser to the actual result, 3, since the uniformity assumption is made only within a 

sector. 

With the Rectangular ACM, in addition to the assumption that the data distri- 

bution is uniform only within each sector, the frequency values within each sector are 

assured to be wit hin a given tolerance value to the running mean. This eliminates the 

problem of widely different frequency values within a sector. With the trapezoidal 

ACM, data distribution is assumed to take a trapezoidal probability distribution, 

following the actual distribution very closely within each sector. In addition to our 

analytical results discussed in this chapter, Our e,xtensive experiments also confirm 

that both the rectangular and trapezoidal ACMs provide a much more accurate result 

size estimations both in selection and join queries, as we will see in the nedxt chap- 

ter. Thus by appropriately choosing a suitable tolerance value in the case of R-ACM 

and a suitable number of sectors in the case of T-ACM, one can obtain a very close 

approximation to the underlying data distribution and the desired accuracy in the 

result estimation. 

Example 4.2 Consider a small relation R(A, B )  with total number of tuples, NR = 

11, selection cardinality of attn'bute A, p(A, R) = 1.38, and number of distinct values 

of attn'bute A, b(A, R) = 8.  If we estimate the number of tuples with A = 5' using 

both p(A, R) and its rectangular ACM, we get resz~lts as given below. Note that in 

this example the Rectangular ACM happens to be an equi-width rectangular ACM. 

'This study will be done in geater  detail in the forthcotning chapter for both synthetic and 
real-world data. 



Sampling vs L 

Using p(A, R), the nurnber of values 
when A = 5 is 1.35 

Using the ACM, there are 5 tuples for the 
values of A = 5 and 6. Hence the expected 
value of A = 5 is 5/2 = 2.5 

Estimations based on ACM is superior to sampling techniques. Sampling based meth- 

ods are mainly designed for run time. Because of this they incur disk IfOs and CPU 

overheads during query optimization. Moreover the information gathered is not pre- 

served across queries and hence they may incur the costs repetitively. The accuracy 

of the results mainly depends on the sampling rnethod used and the size of the sam- 

pled population. ACM, both rectangular and trapezoidal, on the other hand, maps 

the entire tuples over the value range of the attribute(s) hence is much more accurate 

than any sampling method. Since the ACMs of the base relations are not built during 

run-time, they do not incur the disk I/Os and CPU overhead at the time of query 

op tirnization. 

As argued in the entire body of this chapter, estimation based on ACM is superior 

to histogram based techniques. Both R-ACM and T-ACM are improved histogram- 

like strategies. By using a tolerance value, the frequency values in each R-ACM 

sector are guaranteed to be close to the running mean frequency. Sirnilarly, in the 

T-ACM, the trapezoidal sectors very closely follow the actual data distribution, so 

the estimation errors are rninimized. In addition, histograms are usually constructed 



based on sampling the data distribution, and their accuracy heavily depends on the 

type of sampling methods and the size of sampling population used. But ACMs 

are constructed to map the entire data distribution, providing further accuracy. The 

following example illustrates why the R-ACM is better than the equi-width histogram. 

Example 4.3 Let us consider a hypothetical distribution of attribute age in a relation 

with hi = 100 tuples. Assume that age ranges from 20 to 70. Let us construct an 

equi-width histograrn for this relation with m, = 10 equi-width sectors as shown in 

the figure below. 

From the figure, we can observe that the selectivity (2.e: the percentage of 

the employees who are gounger than 37) is, 

The actual fraction of tuples with. age < 37 can be anywhem between 0.42 to 0.80. If 

the estimate of<age.3Ï is assurned to be the rnid-point of this range (i-e: 0.61), then 

it is obvious that the estimate can be wrong by nearly 0.19. 

In general, the maximum error in estimating the result size of <x<A, tuhere A is n 

constant, is half the value of the sector in ,which X falls. For an unhcky  distribution 

of attn'bute values Pwhere the cell with the largest value contains alrnost 100% of the 

tuples), a selectivity estimate from an  equi-wzdth histogram can be wrong by almost 

0.5. It shovld be noted that such a situation is  very comrnon with real world databases. 

Hence fram this example, we see that the way to control the maximum estimation 



Table 4.1: Comparison of Histogram Errors 

error is to control the number of tuples (or height) in each sector so as to maintain 

Average-case Error 

max (nj - ni 1 7 5)  1  

li 
2Lj 

27 

2(n, -ajf) nj 
a j f  1(1 -1 )  i 

His t ogram Type 

Equi-width 

Equi-dep t h 

R-ACM 

T-ACM 

the frequencies of every ,value close to a certain height. This can be easily achieued 

Worst-case Error 

max (nj - ), ?) 
3ni 
3Lj 

( 2(nj-ail) . 2(nj -a j l )  i) 
f l ( l -11 2,nj - a, - i ( i - 1 )  

by choosing a mitable tolerance value and forcing the values in every sector to not  

exceed it, as is done in the rectangular A CM. 

We compare the worst-case and average-case estimation errors of the traditional equi- 

width, equi-depth histograms and the new histogram-like techniques proposed here 

in Table 4.1. 

4.9 Maintaining ACMs in the DBMS Catalogue 

A major drawback of traditional histograms is that they are mostly generated at run- 

time during query optimization incurring a high 110 cost. We believe that one of the 

practical advantages of ACMs is that both the types of ACMs defined in this chapter 

can be easily created and maintained in the DBMS catalogue with only a minimal 

amount storage requirement. Looking from an implementation point of view, storing 

an integer array with a few hundred or thousand entries require only a few kilobytes 

of disk storage. Unlike the late 1970s and early 80s when most of the database 

technology was developed when the disk storage was considered to be a premium, the 

1990s have seen technology yielding unprecedentedly huge storage capacities along 

with a dramatic drop in the cost of disk storage. 



Since a relation with several million tuples can be mapped to an ACM with a 

few hundred or few thousand entries, and considering that our current technology 

has made very large capacity and low cost disks possible, ACMs for an entire DBMS 

can be easily materialized in the catalogue. Even for a complex database, with 100 

relations and say 500-1000 distinct attributes, the cost of storing the ACMs would 

be less than one megabyte, which is less than 0.01% of the size of a typically large 

database with ten gigabytes of data. 

In most commercial database systems, the DBMS catalogue is designed as part of 

the query optimizer module. Thus storing ACMs in the DBMS catalogue is a natural 

choice as it would reduce the communication costs. For the intermediate relations 

resulting from relational operations, the query optimizer can construct the ACMs in 

the main memory for further optimization. 

4.10 Experiments Using Synt hetic Data 

In this section, we provide a number of experimental results on the T-ACM using 

synthetic data. These experirnental results demonstrate the validity of the theoretical 

results that were presented throughout t k s  chapter, and also prove the superiority 

of the T-ACM over the traditional eq~u-width and equi-depth histograms. We shall 

present a more extensive set of benchrnarking experiments on real-world data. includ- 

ing a set of experiment using the TPC-D qüeries and database, in the next chapter. 

We conducted three distinct set of e'rperiments on the T-ACM as follows. In the 

first set of experiments, ive computed the actual estimation errors of both the selection 

and join operations using the T-ACM on various synthetic data distributions such as: 

1. uniform data distribution, 

2. Zipf data distribution, and 

3. multi-fractal distribution. 

In the second set of experiments, we computed the variance of the T-ACM and 

the corresponding percentage estimation errors for various equi-select, range-select 

and equi-join operations. 



The scope of the third set of experiments included a performance cornparison 

study of the T-ACM and the traditional equi-width and equi-depth histograms. As 

in the case of the experiments with the R-ACM, we conducted this set of experiments 

with various synthetic data distributions for both select and join operations. 

4.10.1 Queries Used in the Experiments 

As in the case of the experiments with the R-ACM' the following experiments on the 

T-ACM, included queries that use both the select and join operations. 

For estimating the result sizes of select operations, ive actually used two types 

of select operations, namely the exact-match select and the range select. The exact- 

match select operation, denoted CT,~ ,~ , (R) ,  retrieves al1 the tuples from the relation 

R, for which the attribute X has the value Xi. The range select operation retrieves all 

the tuples falling within an attribute value range. For example, the query oxsx,(R), 

retrieves al1 the tuples from the relation R, for which the attribute value X has values 

less than Xi- For the join operation, we used the most hequently encountered equi- 

join operation. The equi-join operation, denoted R Mx,v S, combines al1 the tuples 

in the relations R and S whenever the value of attribute X from relation R is equal 

to the value of attribute Y from relation S. 

4.10.2 Estimation Accuracy of the T-ACM under Various 
Synthetic Data Distributions 

In this set of experiments, we computed the relative estimation errors for the selec- 

tion and join operations under the above mentioned data distributions. The relative 

estimation error was obtained as a ratio by subtracting the estimated size from the 

actual result size and dividing it by the actual result size. Obviously, the cases where 

the actual result sizes were zero were not considered for error estimation. The results 

were obtained by averaging the estimation errors over a number of experiments and 

are shown in Tables 4.2, 4.3, and 4.4 for the three different frequency distributions. 

A uniform attribute value domain uras consistently used for this group of experiments. 



Table 4.2: Estimation Accuracy of the T-ACM under Uniform Distribution 

1 Operation 1 Actual Size 1 Estimated Size 1 Percentaee Error 1 

Operation 

Equi-select 

- -- 

Table 4.3: Estimation Accuracy of the T-ACM under Zipf Distribution 

Actual Size 

107 

Es timated Size 

112.15 

4.10.3 Estimation Accuracy and Variance of the T-ACM 

Percentage Error 1 
4.81% 

We computed the variance of the T-ACM under the uniform frequency distribution 

for equality-select, range-select and equi-join operations and the corresponding per- 

centage estimation errors in this set of experiments. The percentage estimation errors 

and the corresponding variance of the T-ACM are given in Table 4.5. Note that the 

row numbers 1, II, and III correspond to equality-select, range-select and equi-join 

operations respectively. 

-- - -- - 

Table 4.4: Estimation Accuracy of the T-ACM uader Multi-fractal Distribution 

Operation 

Es ui-select 
Actual Size 

98 
Estimated Size 

104.24 

Percentage Error 

6.37% 



Table 4.5: Variance of the T-ACM and the Estimation Errors, where 1, II, and III 

No 

1 
II 
III 

denote the equi-select, range-select and equi-join operations respectively. 

Size 

72 
318 
163 

Table 4.6: Cornparison of Equi-width, Equi-depth and T-ACM: Uniform Frequency 
Distribution 

4.10.4 T-ACM and the Traditional Histograrns 

This group of experiments were conducted on bot h the traditional equi-width and 

equi-depth histograms and the T-ACM. In order to provide a fair cornparison, we used 

a fixed amount of storage for all three techniques, thus varying the build parameters 

for the structures as required. The build parameter for both the equi-width histogram 

and the T-ACM is the sector width, whereas the build parameter for the equi-depth 

histogram is the number of tuples within the sector. As before we computed the 

percentage estimation errors for the t hree type of queries, namely, (a) equality-select 

(b) range-select and (c) equi-join. The experiments were again conducted for the 

uniforrn: Zipf and multi-fractal frequency distributions. An analysis of the results 

follows. 

Estimated Result 

Equi-dept h 
Size ( Error 

Equi-widt h 
Size 1 Error 

Operation 

Percentage Error 
V = 1007 

74.36 
297.55 
171.67 

T-ACM 
Size 1 Error 

Actual Size 

Y = 1007 

3.28% 
V = 1196 

75.60 
343 -79 
175.06 

V = 1196 

4.99% 

V = 1493 

78.66 
360.90 
323.72 

W = 1493 

9.25% 
13 -49% 
9 -86% 

6.43% 
5.32% 

8.11% 
7.40% 



Table 4.7: Comparison of Equi-widt h, Equi-dept h and T-ACM: Zipf Frequency Dis- 

Operation 

tribution 

- - - -- - 

Table 4.8: Comparison of Equi-width, Equi-dept h and T- ACM: Multi-fractal Fre- 
quency Distribution 

T-ACM 
Size 1 Error 

Actual Size 

4.10.5 Analysis of the Results 

Operation 

As in the case of the R-ACM, the results from the first group of experiments show 

that the estimation errors with the uniform data distribution are smaller than the 

corresponding errors with the Zipf and mult i-fractal distributions. For example, the 

percentage estimation error for the equi-select operation using a uniform distribution 

is 4.51% (Table 4.2), whereas the percentage estimation errors for the sanie operation 

under the Zipf and multi-fractal distributions are 9.20% (Table 4.3) and 6.37% (Table 

4.4) respectively. This is obviously due to the fact that extreme frequency variations 

within the sectors of uniform data distribution are much Iower than that with the 

Zipf and multi-bactal distributions. The frequency variations are the largest wit h 

the Zipf distribution, and consequently the estimation errors from the T-ACM are 

proportionately larger t han that with other distributions. 

The results from the second set of experiments show that the estimation accuracy 

is inversely proportional to the variance of the T-ACM for all three types of query 

Equi-width 
Size 1 Error 

Equi-widt h 
S ize 1 Error 

Actual Size 

Equi-dep t h 
Size 1 Error 

Equi-dept h 
Size 1 Error 

T-ACM 
Size 1 Error 



operations considered. For example, considering the range-select query in row II of 

Table 4.5, we see that the percentage estimation error from the T-ACM with the 

variance of V = 1007 is only 6.43%: whereaç the percentage estimation error from the 

T-ACM with the variance of V = 1493 is equal to 13.49%: which is more than a 100% 

increase! 

The result from the third group of experiments show that the estirnation error 

result ing from the T-AChd is consistently much smaller than the estimation er- 

rors from the equi-width and the equi-depth histograms. For example, from Table 

4.6, the percentage estimation error with the T-ACM for equi-select operation on 

uniform frequency distribution is only 4.33%, whereas for the same operation, the 

equi-widt h and equi-depth histograms result in 23.53% and 22.18% estimation errors. 

This demonstrates that the estimation errors from the T-ACM are indeed a fraction 

of the estimation errors from the equi-width and equi-depth histograms and proves 

the superiority of the T-ACM over the traditional histograms. This behavior c m  

be observed with both the Zipf and multi-fractal distributions as well, and can be 

seen from the Tables 4.7 and 4.5. This is consequent to the fact that by rendering a 

trapezoidal approximation valid, the slope of the trapezoid would lead to a structure 

superior to the traditional equi-width and equi-depth histograms where the slope has 

no bearing. Furthermore the experimental results show that the degree of approxi- 

mation is much better with the T-ACM than the other techniques, since the average 

error (error averaged over the entire sector) can be arbitrarily small. The superiority 

of the T-ACM over the traditionâl histogra~ns is obvious! 

4.11 Summary of Work Done 

In this chapter we have introduced a new histogram-like approximation strategy, 

called the Trapezoidal Attribute Cardinality Map, for query result size estimation. 

Since this technique is based on the philosophy of numerical integration, it is much 

more accurate than the traditional histograms. As in the case with the R-ACM which 

we discussed in Chapter 3, by proving a Binomial distribution (whose parameters 

V a r y  wit h the  location of the attribute value) to represent frequency variations within 



sectors, ure have provided theoretical results to  compare the accuracy of the T-ACM 

to that of the traditional histograms, both in the average-case and worst-case. As in 

the case of the R-ACM, we have provided a rigorous maximuni likelihood analysis, an 

expected-case analysis of the variance, and the resdting worst-case and average-case 

errors to support our argument that the T-ACM can indeed be used as a fundamental 

tool for query result size estimation. 

In addition, we have also conducted e-xtensive experiments using synthetic data 

to support the validity of our theoretical results. Although we discussed a few simple 

methods to obtain the starting frequency for building the T-ACM, the problem of 

finding an optimal starting frequency for a given da ta  distribution remains open. 

The t heoret ical results from t his chapter are current ly being reviewed for publica- 

tion. Some of the results from a set of prototype validating experiments conducted on 

real-world data have been published in the Proceedzngs of the ICEIS799 Conference 

held in Setubal, Portugal in March, 1999 [133]. 

In summary, due to its superiority over the traditional histograms in query result 

size estimation and its relatively Iow construction costs, we hope that the T-ACM 

(along with the R-ACM which we discussed in Chapter 3) could prove to be a standard 

tool for query optimization in future database systems. 



Chapter 5 

Prototype Validation of the 
Attribute Cardinality Maps 

Introduction 

Modern-day database management systems (DBMS) provide cornpetitive advantage 

to businesses by allowing quick determination of answers to business questions. In- 

tensifymg cornpetition in the business marketplace continues to increase the sizes of 

databases as well as the level of sophistication of queries against them. This has 

resulted in a greater focus (both academically and in the industrial world) to de- 

velop systems with superior DBMS functionalities that n-ould, in turn, minimize the 

response times for business and other queries. Current business database systems uti- 

lize histograms to approximate frequency distributions of at  tribute values of relations. 

These are used to efficiently estimate query result sizes and access plan costs and thus 

minimize the query response time for business (and non-commercial) database sys- 

tems. In Chapter 3 and Chapter 4, we proposed two new forms of histopam-like 

techniques c d e d  the Rectangular and Trapezoidal Attribute Cardinality Maps re- 

spectively that give much smaller estimation errors t han the traditional equi-widt h 

'Sorne prelirninary results about the work on the prototype validation of the R-ACM from 
this chapter have been published in the Proceedings of the International Conference on Business 
Information Systems (BIS'99), Poznaa, Poland, April, 1999 11321. Similady, some preliminary 
results about the work on the prototype validation of the T-AC31 frorn this chapter have been 
published in the Proceedings of the International Conference on Enterprise Information Systems 
(ICEIS'99), Setubal, Portugal, March, 1999 [133]. 
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and equi-depth histograms currently being used by many commercial database sys- 

tems. We also provided a fairly extensive mathematical analysis for the average and 

worst case errors of the R-ACM and T-ACM for their frequency estimates which was 

verified for synthetic data. 

The goal of this chapter is to demonstrate the power of these ACMs for query re- 

sult size estimation by extensive e-xperiments on real-world data (described presently) 

using synthetic queries. The aim of this exercise is to justïfy the claim of our ana- 

lyticd resdts that the ACMs are superior to the current state-of-the-art techniques 

used in the commercial database systems. Specifically, we provide prototype valida- 

tions of the Attribute Cardinality Maps for query optimization in two popular real- 

world databases: namely, the U.S. CENSUS database and the NBA Player Statistics 

database. 

First of al l  we briefly describe the real-world data distributions and the queries 

used in our experiments. PVe then provide a number of prototype validation results 

that have been obtained using the R-ACM and the T-ACM with the above set of 

databases and some synthetic queries. This is followed by an analysis of the experi- 

mental results. 

In the above experirnents we also rnake use of the well-known Zipf distributions 

and multi-fractal distributions2 to generate frequencies for the attribute values from 

real-world databases. As mentioned earlier, these mathematical distributions are 

so powerful that when used in conjunction with real-world attribute value domains, 

they provide "infinite" possibilities of "simulated" real-world data distributions for 

o u .  experirnents. 

5.2 Databases Used in the Experiments 

Because synthetic data is usually generated as random numbers or on the basis of some 

mathematical distributions, it is impossible to simulate real-world data distribut.ions 

using s p t  hetic data. Consequently, we have resorted to conduct our experiments 

2We refer the  reader to Sections $3.10.1 and 53.10.1 where we earlier gave a brief overview of 
both the Zipf and multi-fractal distributions. 



Figure 5.1: Frequency Distributions of Selected Attributes from the US. CENSUS. 

on two real-world databases, namely, the United States CENSUS database and the 

database on the performance statistics of NBA players. 

5.2.1 U.S. CENSUS Database 

The CENSUS database contains information about households and persons in the 

United States for the years 1993 to 1995 [135]. Most of the relations in this database 

contains hundreds of attributes, both scalar-typed (such as a person's sex and type 

of job) and numerical (such as salary and age). The Data Extraction System (DES) 

at the U.S. Census Bureau allows extracting records and fields from very large public 

information archives such as governmental surveys and census records. The DES 

produces custom extracts in selectable data file formats that can be later analyzed 

by s t at is t ical packages. 

Tables 5.1 and 5.2 describe the set of relations and attributes chosen from this 

database for Our experiments. The data distributions of some of the selected attributes 

from CENSUS are plotted in Figure 5.1. The queries for our experiments consisted 

of either (a) equality join (b) equality selection or (c) range selection operators. 



1 pums905h 
- I 

1 528932 1 Decennial Census Microdat a Samples 

Description 
P o ~ d a t i o n  survev for 1993 - Person 

Relation Name 
c ~ s m 9 3 ~  

L 

cpsm94p-1 
cpsm94p3 
cpsm95f 
cpsm95h 

Table 5.1: Relations in the CEKSUS Database 

No of Tuples 
155197 

1 Relation 1 Attribute 

industry 

1 iI 

wages 

83455 
150943 
63756 
72152 

l cpsm95f 1 income 
Dersons 

Population survey for 1994 (Set 1) - Person 
Population survey for 1994 (Set 2) - Person 
Population survey for 1995 - Family 
Population survey for 1995 - Household 

1 cpsm95h 1 state 

32026 1 Annual income 1 

No of Distinct Values 1 Description 
95 
48 
31321 
5143 

Table 5.2: Attributes in the CENSUS Database 

No of hours worked/week 
Industry code 
Person7s wages 
Total income 

15 
51 
10496 
34668 

5.2.2 NBA Performance Statistics Database 

No of persons/family 
State code 
Total wages 
Total wages 

Due to the unusually high interest exhibited by the American basketball fans, there 

is a proportiondy large amount of statistical analysis done on the basket bal1 players 

and games, especially in the news media. These statistics have been cornpiled by 

various people for various rasons,  such as prediction of player behaviors etc. The 

database on the NBA players that we use for our experiments is a performance statis- 

tics of NBA players for the year 1991-92 [100]. This database contains a relation with 

50 attributes and 455 tuples. We have given the distributions of a few attributes from 

this relation in Figure 5.2. 



O 0.1 0.2 0.3 0.4 
Attribute Values X and Y 

O 30 60 90 120 150 180 
Attribute Value Z 

Figure 5.2: Frequency Distributions of Selected Attributes from the NBA Statistics. 

5.3 Queries Used in the Experiments 

Since the select and join operations are the two most frequently used relational o p  

erations in database systems, we used only those queries consisting of these two 

operations for o u  experiments. 

For estimating the result sizes of select operations, we essentially used two types 

of select operations, namely the exact-match select and the range select. The exact- 

match select operation, denoted ox=,v,(R), retrieves al1 the tuples h-om the relation 

R, for which the attribute X has the value Xi. The range select operation retrieves al1 

the tuples falling within an attribute value range. For example, the query ax<,v, - ( R ) .  
retrieves all the tuples from the relation R, for which the attribute value X has values 

less than Xi. For the join operation, we used the most frequently encountered equi- 

join operation. The equi-join operation, denoted R W,y=Y S: combines all the tuples 

in the relations R and S whenever the value of attribute X from relation R is equal 

to the value of attribute Y from relation S. 

All the queries used in these set of experiments were synthetic queries, involving 

only one of the above elementary relational operations at a tirne. The attribute values 

for the matching conditions in the queries were generated for the specific attribute 

value domain using a random number generator. 

Having described the database sets and the query patterns to be used in our 
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experiments, we shall now discuss the actual prototype validation on the R-ACM and 

T-ACM in the following sections. 

5.4 Prototype Validation of the R-ACM 

In this section, we describe in detail the prototype validating experiments that we 

conducted on the R-ACM using the real-world databases described earlier. Before 

proceeding, we emphasize that even though the following e.qeriments rvere carried 

out on typical real-world databases, the query sets used were synthetic ones involving 

the elementary relational operations described earlier. 

5.4.1 Experiments on U.S. CENSUS Database 

The prototype validation of the R-ACM on the US.  CEWSUS database involved three 

distinct sets of experiments detailed below. The rationale for these experiments is to 

provide a performance comparison of the R-ACM and the traditional histograms, as 

well as to study its behavior under various distribution criteria and tolerance values. 

The first group of experiments were conducted on equi-width, equi-depth his- 

tograms and the R-ACM. In each of our experimental runs, we chose different build- 

parameters for the histograms and the R-ACM. The build-parameters for the equi- 

width and equi-depth histograms are the sector width and the number of tuples within 

a sector respectively. The build-parameter for the R-ACM is the tolerance value, r. 

We obtained the relative estimation error as a ratio by subtracting the estimated 

size from the actual result size and dividing it by the actual result size. Obviously, the 

cases where the actual result sizes were zero were not considered for error estimation. 

We implemented a simple query processor to compute the actual result size. The 

results were obtained by averaging the estimation errors over a number of experiments 

and are shown in Table 5.3. 

In the second group of experiments, we generated frequencies using the Zipf and 

multi-fractal distributions and àppiied t hem randomly to the value domains of the 

relations from the CENSUS database. Again the results were obtained by averaging 



Table 5.3: Comparison of Equi-width, Equi-depth Histograms and R-ACM: US. 
CENSUS Database 

R-ACM 
Size ( Error 

Operation 

Table 5.4: Comparison of Equi-width, Equi-depth Histograms and R-ACM: US. 
CENSUS Database, using frequencies from the Zipf and Multifractal distributions. 

the estimation errors over a number of experiments and are shown in Table 5.4. 

In the third group of experiments, we cornpared the result estimates from the R- 
ACM for three different tolerance values. Again we considered (a) exact match select 

Actual Size 

R-ACM 
Size 1 Error 

Operation 

queries (b) range select queries and (c) equi-join queries and obtained the average 

estimation errors by comparing the estimates to the actual resuIt sizes. The results 

Equi-width 
Size 1 Error 

Actual Size 

are given in Table 5.5. We also repeated these experiments by applying the frequency 

values generated by the Zipf and rnultifract al distributions to the at  tribute value 

domains of the CENSUS database. The results of these experiments are given in 

Table 5.6. 

Equi-dep th 
Size 1 Error 

Analysis of the Results 

Equi-widt h 
Size Error 

The results from the first two sets of experiments show that the estimation error 

resulting from the R-ACM is consistently much lower than the estimation error 

from the equi-width and equi-depth histograms. This is consequent to the fact the 

Equi-dept h 
Size 1 Error 
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Table 5.5: Result Estimation Using R-ACM: Data - US. CENSUS Database 

frequency distribution of an attribute value within an R-ACM is guaranteed to be 

close to the sector mean since the partitioning of the sectors is based on a user specified 

tolerance value and the deviation from the runnùig sector rnean. Thus we see that 

in the equi-select operation in Table 5.3, the percentage estimation error from the R- 

ACM is only 5.23%, but that of the equi-width and equi-depth histograms are 28.8% 

and 23.4% respectively, dernonstrating an order of magnitude of superior performance. 

Such results are typical with both synthetic data and real-world data. The power of 

the R-ACM is obvious! 

The Third set of experiments illustrate that the accuracy of the R-ACM is in- 

versely proportional to the tolerance value. Since smaller tolerance value results in a 

proportionally larger number of sectors in the R-ACM, there is obviously a trade-off 

of estimation accuracy and the storage requirernents of the R-ACM. From Table 5.5, 

we see that for the tolerance value r = 4, the percentage error for the range-select 

query is only 2.09% whereas when the the tolerance value is increased to T = 8, 

the percentage error for the same operation becomes 17.48%. Such results are again 

typical. 

Our results from these three sets of experiments confirm our theoretical results, 

summarized in Table 4.1, and clearly demonstrate that the estimation accuracy of the 

R-ACM is superior to that of the traditional equi-widt h and equi-depth histograms. 

Percentage Error 
~ = 4  1 r = 6  1 r = 8  

1 Operation 
I 

Estimation Errors and Variance of the R-ACM 

n - 

The variance of the R-ACM was shown in Chapter 3 as Var(R-ACM) = N-C3=, 1;L, 
where N is the total number of tuples mapped by the R-ACM, nj is the number of 

Actual Size 
Estimated Result 

r = 4  I T = ~  1 r = 8  
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Table 5.6: Result Estimation Using R-ACM: Data - U.S. CENSUS Database. uçing 
frequencies from the Zipf and Multifractal distributions for different tolerance values. 

Operation 

tuples within the jth R-ACM sector and l j  is the sector width of the j th R-ACM 

sector. One of our major results in Section 3.5.2 is that the R-ACM with smdler 

variance produces better query result size estimations. To demonstrate t his results, 

we conducted a number of experiments on the U.S. CENSUS database for various 

attribute values and computed the variances of the R-ACM and the estimation errors. 

The errors between the estimated and actual size of random equality select queries are 

plotted against the computed variance of the ACM, and shown in Figure 5.3. These 

resdtsl in addition to confirming the relationship between the variance of an R-ACM 

and the estimation errors, also confirm that the R-ACMs with lower tolerance values 

produce lower estimation errors. 

5.4.2 Experiments on NBA Performance Statistics Database 

Actual Size 

Our prototype validation on the XB A Performance Statistics database involved two 

different sets of experiments. The first set of experiments were conducted to compare 

the performance of the R-ACM to that of the trrtditional histograms. As opposed 

to this, the second set of experirnents were conducted to study the behavior of the 

R-ACM under various t olerance values. These experiments are discussed in det ail 

below . 

In the first group of experiments, we compared the result estimations from equi- 

width, equi-depth, and the R-ACM. We considered (a) exact match select queries (b) 

range select queries and (c) equi-join queries. For the join queries, since the NBA 

database consists of a single relation, we generated various frequency values with 

Es timat ed Result 
r = 4  1r=6 1 r = 8  

Percent age Error 
r = 4  1 r = 6  1 r = 8  
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20 25 30 
Var ( ACM) 

Figure 5.3: Estimation Error Vs Variance of the R-ACM: U.S. CENSUS Database 

Table 5.7: Comparison of Equi-width, Equi-depth and R-ACM: NBA S tatistics 
1991/92 

Operation 
1 

Equi-s ele c t 
Range-selec t 

the Zipf and multifractal distributions using the same value domaio of the joining 

attribute from the NBA relation as the second relation and joined it  with the corre- 

sponding attribute from the WBA relation. As in the case with the experiment on 

the CENSUS database, for each of our experimental rms,  we chose different build- 

parameters for the histograms and the R-ACM. 

As before we obtained the relative estimation error as  a ratio by subtracting 

the estimated size from the actual result size and dividing it by the actual result 

size, ignoring the cases where the actual result sizes were zero. Actual query result 

sizes were computed using a simple query processor. The results were obtained by 

Equi-depth 
Size 1 Error 

Result Size 
R-ACM 

Size 1 Error 
38 
119 

Equi-widt h . 
Size 1 Error 

23.3 
111.0 

35.68% 
6.7% 

26.5 
113.7 

4.7% 
3.18% 

I 

30.26% 
4.4% 

36.2 
116.4 
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Table 5.8: Result Estimation Using R-ACM: Data - NBA Statistics 1991-92 

averaging the estimation errors over a number of e-xperiments and are shown in Table 

5.7. 

In the second group of experiments, we compared the result estimates from the 

R-ACM for three different tolerance values. As in the case with the U.S. CENSUS 

database, we considered (a) exact match select queries (b) range select queries and 

(c) equi-join queries and obt ained the average estimation errors by comparing the 

estimates to the actual result sizes. The results are given in Table 5.5. 

Percentage Error 
r = 4  1 r = 6  1 r = 8  

Analysis of the Results 

Estimated Result 
r = 4  1 r = 6  1 r = 8  

Operation 

As in the case of the U S .  CENSUS database, t.he results from the first set of experi- 

ments show that the estimation error resulting from the R-ACM is a fraction of the 

estimation error from the equi-widt h and equi-depth histograms, again demonstrat- 

ing the superiority of the R-ACM over the traditional histograms for query result 

size estimation. As we can see the percentage estimation error with the R-ACM for 

equi-select operation is only 4.7%, whereas for the same operation, the equi-midtli 

and equi-depth histograms result in 38.68% and 30.36% estimation errors - which is 

an order of magnitude larger! 

As before, we see that Our second set of experiments show that the accuracy 

of the R-ACM is inverse.). proportional to the tolerance value. The choice of the 

tolerance value is usually lefi to the database administrator as he/she would have 

the knowledge of how much trade-off the database system can afford in terms of the 

disk storage to achieve the desired response time for queries. In our experiment with 

the NBA database, we see that the R-ACM with the lowest tolerance value (r = 4) 

ResuIt Size 
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gives the smallest estimation error, 5.9% for the equi-select operation. When the 

tolerance value is increased to i- = 6, we see that the estimation error for the equi- 

select operation is much higher at  11.11% which increases to 17% when T = 8. Such 

results are typical. 

5.5 Prototype Validation of the T-ACM 

In the last section, we discussed the prototype validation of the R-ACM. In this 

section: we discuss the prototype validating experiments that we conducted on the T- 

ACM. As in the case of the experiments with the R-ACM, these prototype validating 

experiments also make use of the two real-world databases that were described eariier. 

We also reiterate that even though the frequency distributions used were from actual 

red-world databases, the query sets used for the experirnents were al1 synthetic queries 

involving elementary relational operations. Before proceeding, we first present an 

implementation schenie for the T-ACM that dramatically improves the estimation 

accuracy using a s m d  cumputational overhead for preprocessing, but not involving 

any additional storage overhead. As we s h d  see, this performance increase is achieved 

by computing the frequencies of the middle attribute values in each sector using the 

actual number of tuples contained in the sectors. 

5.5.1 Implementing T-ACMs for the Experiments 

Even though the algorithm, Cenerate-T-ACM (See Section 4-1.1): explains how to 

generate a T-ACM corresponding to the given frequency domain, there are a few 

implementation " tricks" which can be used to dramatically improve the computa- 

tion accuracy in the actual experirnents. The following algorit6m Implement-T-ACM 

describes t his irnplementation process. 

Let us assume that TA is the T-ACM derived from the equi-width histogram, 

HA. Also assume that the frequencies of the starting attribute value of every second 

histogram sector are available. Observe that this can be computed in O(s) time (as 

opposed to O (L)), where s is the number of sectors. Then we can generate a T-ACM 
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which has a sector width that is haZf of the sector width of and is much more 

superior than the initial T-ACM, TA. The strategy to achieve this is given in the 

algorithm, Implement -T-ACM. 

Algorithm 5.6 Implement-T- ACM 

Input: ( i )  Equi-width h i s t o g r m  Ha with s e c t o r  width 1 .  

( i i )  S t a r t i n g  frequencies of every znd s e c t o r .  

Output: T-ACM with sec to r  width 112. 

begin 

Merge every  two adjacent s e c t o r s  of HA t o  g e t  Hg; 
Generate T-ACM, TA f rom H B .  

E s t i m a t e  frequencies of TAJs middle a t t r i b u t e  va lues .  

Generate TB from T4 using frequencies  obtained from l a s t  s t ep .  

Estimate frequencies of T B J s  middle a t t r i b u t e  va lues .  

Generate Tc from TB using frequencies  obtained from last s t ep .  

end ; 

EndAlgorit hm Implement T-ACM 

Since the trapezoidal rule of numerical integration is more accurate than the left- 

end or right-end rectangular rule of numericd integration, it is obvious that by virtue 

of the construction of the T-ACM, f i  is more accurate than the equi-width histogram 

Hg. We note that the area of a sector in TA may not be exactly equal to the actual 

number of tuples falling in that sector. Hence, using the actual number of tuples 

within the sectors and computing the frequency of the rniddle attribute value in the 

sector, we can partition the sectors to o b t a i ~  the T-ACM, TB, where the sector areas 

represent the actual number of tuples more accurately. Using the same arguments7 we 

obtain the T-ACM, Tc, from SB.  The T-ACM: Tc, can be expected to be more ac- 

curate than the T-ACM, TB, as its boundary frequencies are more accurate estimates 

based on the actual number of tuples falling within the sectors. 

Thus, by invoking a small preprocessing step, ure have generated a T-ACM that is 

rnuch more accurate than the original T-ACM derived directly from the corresponding 

histogram. An example highlighting the steps taken by the above algorithm is shown 



Figure 5.4: Construction of a T-ACbf 

in Figure 5.4. 

Exarnple 5.1 In this exumple, the input to the algorithrn zs an epui-width histogram 

with two sectors as shown in Figure 5.4(a). The number of tuples in the sectors 

are n = 24 and n = 36 respectively. Also the starting frepency ualue of the first 

sector is 9 and the terminal frequency of the second sector is 15. The first step of the 

algorithm merges these two sectors to create a single histogram sector shoewn in Figure 

5 4 b ) .  The next step generates a trapezoidal sector equzualent to this larger histogram 

sector. Since the trapezoidal sector is only un approximation of the number of tuples 

represented by the rectangular sector, its area may not refEect the actual number of 

tuples (n  = 60)  falling within that sector. Hence in the ne& step of the algorithm: 

ure estimate the rniddle frequency (i.e: x3 = 8) by considering the total nurnber of 

tuples in  that sector. The resulting T-ACM sectors are shoawn in Figure 5.4(dJ. Since 

the actual narnber of tuples contained i n  these two T-AC-M sectors are already known 

(they are n = 24 and n = 361, the next step of the algorithm, using the number of 

tuples within the sectors, estimate the middle frequencies of these two sectors. The 

result is the T-ACM shown in Figure 5.4 (e). 
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Table 5.9: Cornparison of Equi-width, Equi-depth and T-ACM: US.  CENSUS 
Database. 

/ Operation 

5.5.2 Experiments on the U.S. CENSUS Database 

Our experirnents on the T-ACM using the U S .  CENSUS database consisted of three 

different groups. The first group of experiments were conducted as a performance 

cornparison study of the traditional histograms and the T-ACM, using the row at- 

tribute values from the U S .  CENSUS database. The second group of experiments 

involved the use of Zipf and multifractal distribution with the US. CENSUS database 

and were conducted to study the behavior of the histograms and the T-ACM under 

various data distributions. The third group of experiments were conducted to verify 

the variance of the T-ACM and the estimation accuracy. We discuss each of these 

experiments in detail below. 

The first group of experiments were conducted on equi-width? equi-depth his- 

tograms and the T-ACM. We chose different build-parameters for the histograms and 

the T-ACM in each of our experirnental r u s .  The build-parameter for the equi- 

width histogram and the T-ACM is the sector width. The build-parameter for the 

equi-depth histogram is the number of tuples within a sector. 

4 s  in the case of the R-ACM, we obtained the relative estimation error as a ratio 

by subtracting the estimated size from the actual result size and dividing it by the 

actual result size. Obviously, the cases where the actual result sizes were zero were not 

considered for error estimation. We implemented a simple query processor to compute 

the actual result size. The results were obtained by averaging the estimation errors 

over a nurnber of experiments and are summarized in Table 5.9. 

The second group of experiments involved using the frequencies generated from the 

Actud Size 
Equi-width 

Size 1 Error 
Equi-dept h 

Size IError 
T-ACM 

Size 1 Error 



Table 5.10: Cornparison of Equi-width, Equi-depth and T-ACM: U S .  CENSUS 
Database, using frequencies from the Zipf and Multifractal dis tribut ions. 

Operation 

1 1 1 I I 1 III 1 163 1 171.67 1 175.06 1 323.72 1 5.32% / 7.40% 1 9.86% 1 

Equi-wid t h - 
1 Error 

Actud Size 

Table 5.11: Variance of the T-ACM and the Estimation Errors: U.S. CENSUS 
Database 

Percentage Error 
V = 1007 I V = 1 1 9 6  I V = 1493 

No 

Zipf and the rnult ifract al distributions. These frequency values were applied randomly 

to the value domains of the relations from the CENSUS database to generate a wide 

range of different data distributions. As before we considered (a) exact match select 

queries (b) range select queries and (c) equi-join queries. Again the results were 

obtained by averaging the estimation errors over a number of experiments and are 

shown in Table 5.10. 

In the third group of experiments, we computed the variance of the T-ACM under 

different build-parameters for equality-select , range-select aad equi-join operations 

and the corresponding percentage estimation errors in this set of experiments. The 

average percentage estimation errors and the corresponding variance of the T-ACM 

are given in Table 5.11. Note that the row numbers I! II, and III correspond to 

equality-select , range-select and equi-join operat ions respectively. 

Equi-dep th  
Size 1 Error 

7 T-ACM 
Size 1 Error 

Size . 
Estimated Resdt 

V =  1007 I V = 1196 I V =  1493 
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Analysis of the Results 

The prototype validating experiment results using the US. CENSUS database show 

that the estimation errors resulting from the T-ACM is consistently much lower 

than the estimation errors from the equi-width and equi-depth histograrns. As al- 

luded to earlier, this is consequent to the fact that the trapezoidal rule of the numer- 

ical integration technique is more accurate than the right-end or le&-end histogram 

approximation techniques. Thus, for example, we see in the equi-select operation in 

Table 5.9: the percentage estimation error from the T-ACM is only 3.98%, but that 

of the equi-width and equi-depth histograms are 25.98% and 22.06% respectively, 

demonstrating an order of magnitude of superior performance. A similar pattern can 

be observed in Table 5.10 as well. Such results are typical with both synthetic data 

and real-world data. The power of the T-ACM is obvious! 

One of our major results in Chapter 4 is that the T-ACM with smaller variance 

produces better query result size estimations. The results from the third group of 

experiments confirm this result. For example, as can be seen from Table 5.11, for 

the equi-select operation ( Query 1) ? the percentage estimation error corresponding to 

the T-ACM variance of 1007 is only 3.28%. Whereas for the same operation, the 

percentage estimation corresponding to the T-ACM variance of 1493 is 9.25%, which 

is almost a three fold increase. 

5.5.3 Experiments on NBA Performance Statistics Database 

In the experiments on the NBA database, as in the case of the U S .  CENSUS database, 

we compared the result estimations from equi-width, equi-depth, and the T-ACM. 

We considered (a) exact match select queries (b) range select queries and (c) equi-join 

queries. For the join queries, since the NBA database consists of a single relation, 

we generated various frequency values with the Zipf and multi-fractal distribut ions 

wing the sarne value domain of the joining attribute from the original NB-4 relation. 

The resulting relation was, in turn, joined with the corresponding attribute from the 

NBA relation. As in the case with the experiments on the CENSUS database, for 

each of our experimental runs, we chose different build-parameters for the histograms 
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Table 5.12: Cornparison of Equi-width, Equi-depth and T-ACM: WBA S tatistics 
1991/92. 

and the T-ACM. 

As before we obtained the relative estimation error as a ratio by subtracting the 

estimated size from the actual result size and dividing it by the actual result size. The 

cases where the actual result sizes were zero were not considered for error estimation. 

Actual result sizes were computed using a simple query processor. Agùn the results 

were obtained by averaging the estimation errors over a number of experiments and 

are sumrnarized in Sable 5.12. 

T-ACM 
Size 1 Error 

Andysis of the Results 

Operation 

These prototype validating experiments conducted using the NBA statistics database 

confirm our theoretical claim that the estimation error resulting from the T-ACM is 

a fraction of the estimation error from the equi-width and equi-depth histograms. As 

in the case of our experimental results with the US.  CENSUS database, these results 

again demonstrate the superiority of the T-ACM over the traditional histograms. For 

example, as we can see, the percentage estimation error with the T-ACM for equi- 

select operation is only 4.61%; whereas for the same operation, the equi-width and 

equi-depth histograms result in 38.78% and 28.78% estimation errors - which is again 

an order of magnitude larger! 

Our results from these experiments on both databases confirm Our theoretical re- 

sults, summarized in Table 4.1, and clearly demonstrat e that the estimation accuracy 

of the T-ACM is superior to that of the traditional schernes. 

Result Size Equi-width 
Size I Error 

Equi-dep t h 
Size 1 Error 
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5.6 Summary of Work Done 

In this chapter, we have conducted a number of prototype validating experiments 

using the Rectangular and Trapezoidal Attribute Cardinality Maps. These experi- 

ments involved the use of two popular real-world databases, namely the US.  CENSUS 

database and the NBA Player Performance Statistics database. Using the raw data 

from these databases and combining the value domains of these databases with the 

Zipf and multifractal distributions, we carried out a number of experiments involving 

the traditional equi-width, equi-depth histograms and our new methods. The results 

from all of our q e r i m e n t s  consistently demonstrate that the R-ACM and the T- 

ACM are superior to t he traditional histograms in terms of estimation accuracy, given 

the same storage requirements. 

Some of the prototype validating experiments conducted on the R-ACM and the 

T-ACM have been published in the Proceedings of the International Conference on 

Business Information Systems, Poznan, Poland in April: 1999 and in the Proceedings 

of the International Conference on Enterprise Information Systems, Setubal, Portugal 

in March, 1999 respectively. 

In summary, the prototype validating and testing experiments discussed in this 

chapter have justified the analytical results presented in Chapter 3 and Chapter 4, and 

have demonstrated the superiority of the R-ACM and the T-ACb1 over the trâditional 

histograms which are currently used in many commercial database system. 



Chapter 6 

Benchmarking the Attribute 
Cardinality Maps 

6.1 Introduction 

In the last chapter, we presented a set of prototype vdidating experiments using two 

popular real-world dat abases. Alt hough t hese experiments used typical real-world 

databases, t hey utilized only synt het ic queries involving simple elementary relational 

operations. In this chapter, we present the benchmarking (as opposed to prototype 

validation and testing) results frorn some of the experiments that were conducted 

using the industry-popular TPC-D benchmark specification. The TPC-D benchmark 

is a popular industry-standard decision support specification which includes a "sirn- 

ulated" scalable real-world database, and a set of cornplex "simulated real-world 

query types, representing a business enterprise. Using the results from these rigorous 

benchmarking experiments, we demonstrate that the ACh4 structures introduced in 

Chapter 3 and Chapter 4 are well suited for real-world database application environ- 

ment wit h general query patterns, and codd  replace the traditionally used equi-width 

and equi-depth histograms due to their superior estimation accuracy. 

Benchmarking is an important step in the developmental cycle of any new software 

'Some of t he  work on the TPC-D benchinarking of both the R-ACM and T-ACM is currently 
being reviewed for publication and can be found as a Carleton University Technical Report, TR-99-07 
[lO5]. 
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strategy as it validates the fmctional properties of the new software in a typical real- 

world environment. It also enables the user to compare the performance of various 

similar methods against a single standard. But benchmarking is often a challenging 

and a very complex problem, because it is difficult (if not impossible) to test, validate 

and veriS. the results of the various schemes in completely different settings. This 

is even more true in the case of database systems because the benchmarking also 

depends on the types of queries presented to the databases used in the benchmarking 

experiments. In this chapter, we study the benchmarking of the two new query 

optimization strategies, namely the R-ACM and the T-ACM, t hat we introduced in 

Chapter 3 and Chapter 4. 

First of all we present an overview of the relevant parts of TPC-D benchmark 

specification that are used in Our benchmarking experiments. These include the TPC- 

D benchmark database and the query types. We then list a nurnber of experimental 

results obtained using the TPC-D database and query sets, and provide an analysis 

of the experimental resülts. 

6.1.1 Purpose of Benchmarking 

The purpose of the TPC-D benchrnarking is to provide to industry users relevant 

objective performance data about any new system. The TPC-D benchmarking scheme 

is elegant because it has two distinct components. First of all, it provides the '' testing 

platform" with a database which is both scalable and yet easily modeled. Secondly: 

it provides the platform with an easy and convenient query generator, from which 

queries of "arbitrary" complexity can be generated and tested against the database. 

Thus, the platform works with a set of real-1%-orld like business queries designed to 

run on a carehlly selected complex business database. 

Due to its closeness to the real-world model, and its industry-wide acceptnnce as 

a standard database system benchmark, TPC-D becomes an ideal test-bed to vali- 

date our analyticd results of the R-ACM and the T-ACM. In addition, unlike the 

stand-alone elernentary relational operations t hat were used in the prototype validat- 

ing experiments, the queries used in the TPC-D benchmarking are liighly complex. 



The queries are also designed in such a way so that they examine a large percentage 

of available data, but are implemented with sufficient degree of ease. These query 

patterns, which are catalogued in Table 6.2, consist of a wide range of relational o p  

erations and represent the type of queries that are usually posed by DBMS users in 

a business environment. This enables us to rigorously test the ACMs with various 

types of queries and confirm their superiority over the traditional histogram based 

estimation techniques. More over, the DBGEN program supplied by the TPC-D d o w s  

us to generate scalable databases reflective of a true business enterprise. This again 

permits us to  conduct a set of robust experiments so that an industry acceptable fair 

comparison of our new structures (or for that matter, any new strategy) can be pre- 

sented against the traditional histograms currently in use. Since the TPC-D queries 

and databases can be accurately generated according to the TPC-D specification doc- 

ument [134], the results presented in this paper can be easily duplicated and verified 

by interested researchers. 

6.1.2 Benchmarking Versus Prototype Validation 

Any new system or strategy that is proposed hm to be validated and thoroughly 

tested before it c m  be effectively used in the industry. This, of course: involves 

three distinct phases: the validation of the prototype, the testing of the prototype, 

and more importantly, the benchmarking of the strategy against inclustry-acclaimed 

benchmark standards. Although t hese issues are significant for any software solution, 

this is particularly important when a new database solution (for example, a query 

processor) is in question. This, indeed, is because it not only involves the database 

itself. It also involves the queries that are put against the database. Consequently, 

although it is possible to test a new strategy against a "real-worlcl" database, the 

question of testing against families of query patterns is fax from trivial, since the 

query patterns are usually obtained from the users themseives. 

In this regard, we would like to mention that the prototype validation and testing 

phases of the two schemes which we proposed (the R-ACM and the T-ACM) were 

earlier studied for the real-world databases, namely the U.S. CENSUS and NBA player 
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statistics databases. However, the issue of testing the schemes against families of 

query patterns for a scdable database remalned open. This zs exactly the contribution 

of  this chapter. 

To achieve this fundamental goal of this task, we were posed with two issues. 

First of all we have to develop a database which was scalable and which represented 

a real-life scenario. Secondly, and more importantl_v, we were to be able to  generate 

"red-life" queries without actually relying on a human interface. It is here that the 

TPC-D benchmarking platforrn has provided us with invaluable support. 

As mentioned earlier, our previous experimental works related to the R-ACM and 

the T-ACM involved prototype validation and testing using two real-world dat abases, 

namely, the US. CENSUS database and the NBA player statistics database [132, 1331. 

Even though these databases were representative of the real-world data distributions, 

the scope of their use was rather limited to the specific attribute value domains (or 

data environments) under consideration. More over, the query types used for these 

specific databases were relatively primitive and included only one of the elementary 

relational operations (such as equi-join, equi-select and range-select ) , a t  a time, in 

a given query. Consequently, the query types used in these previous experiments 

conducted in Sections 5.4 and 5.5 cannot be argued to represent any typical real- 

world user queries, and thus, we do not feel that it is fair for us to extrapolate our 

results from the Sections 5.4 and 5.5 to the real-world query types. 

In contrast to the above, the TPC-D benchmarking experiments presented in this 

chapter consist of two distinct components. First of all, the databases used for the 

experiments are scalable simdated real-world data  that are typically found in a busi- 

ness enterprise. Secondly, the query types used are representative of a large collection 

of business oriented queries with broad industry-wide relevance. The query types, as 

can be seen from Table 6.2, are usually complex and involve multiple relational op- 

erations. Hence we expect the experimental results with these TPC-D benchmark 

database/query types to closely represent the behavior of the ACMs in a real-world 

database environment. More detailed discussion on the TP C-D queries and dat abases 

are found in Section 6.2. 
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6.2 TPC-D Benchmark Specificat ion 

The TPC Benchmark D (TPC-D) has been proposed by the Transaction Processing 

Performance Council (TPC) as a decision support benchmark. TPC-D models a 

decision support environment in which cornplex ad hoc business-oriented queries are 

submitted against a large database. The queries and the data populating the database 

have been chosen to have broad industry-wide relevance while maintaining a sufficient 

degree of ease of implementation. We briefly describe the TPC-D benchmark queries 

and its database mode1 below. A 

requirements , including audit ing 

11341. 

detail description about the complete benchmarking 

can be found in the TPC-D specification document 

6.2.1 TPC-D Benchmark Queries 

The TPC-D benchm~rk queries typically involve, multi-table joins, extensive sort- 

ing, grouping and aggregation and sequential scans. The purpose of TPC-D is to 

assess cost/performance of a particular commercial system which supports t-he above 

queries. Since Our objective is to study the performance of the ACMs in terms of their 

estimation accuracy, unlike a commercial DBMS, we do not require a fully functiona1 

DBMS for Our experiments. Most of the TPC-D queries contain relational operators 

other than selection and equality join, and thus are not directly suitable for r~mning 

on ACMs. Consequently, for Our testing purposes, we shall use a slightly modified 

form of TPC-D queries by systematically eliminating the inapplicable operations such 

as grouping and aggregations etc., which are not supported by Our current research 

work. Eliminating queries cont aining views, and modifying the remaining queries, we 

obtained a total of 11 query types from the original 17 query types specified in the 

TPC-D specification. These query types are given in Table 6.2. 

For each of the reIevant query types listed in Table 6.2, we construct an operator 

tree and estimate the result size of these operator trees in a bottom-up fashion. This 

bottom-up query execution strategy works as follows. First, we estimate the result 

sizes and distributions of leaf-level operators using the ACMs on the base relations. 

Then we construct the ACMs on the result distributions and use these ACMs for 
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LineItern. OrderKe y 
= Order. OrderKe y 

/ 
Part Supp 

Figure 6.1: Operator 

Supplier Nation 

Tree for Query 99: Product Type Profit Measure Query 

estimating the result size and distributions of the operators in the next level of the 

tree. This process is repeated until the result size of the root node of the operator 

tree is estimated. We also compute the exact result size of the query by ac tudy  ex- 

ecuting the simplified queries on the same data using a simple query processor which 

we implemented. Using these we compute the error from the result size estimation 

using the ACMs. For example consider the query 49 from Table 6.2.  This query 

determines how much profit is made on a given line of parts. 

select * 
from supplier, partsupp, lineitem, order, nation 

where partsupps.suppkey == 1ineitem.suppkey and 

order.orderkey == fineitem.orderkey and 

supplier.suppkey == 1ineiten.suppkey and 

supplier. nat ionkey == nation. nationkey 

Observe that the query itself involves joining the relations supplier, partsupp, 

lineitem, order and nation based on the equality predicates: 

(i) part supp . suppkey = line it am. suppkey, 
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(ii) order-orderkey = lineitem.orderkey, 

(iii) supplier. suppkey = lineitem . suppkey and 

(iv) supplier. nationkey = nation. nationkey. 

Each of them, in turn, is joined by an and clause which is finally used to select d l  

the tuples from the resulting relation. Note that this join is actually a multi-table 

equi-join with a multi-clause predicate. An operator tree corresponding to the query, 

99, is given in Figure 6.1. 

All of the TPC-D benchmark queries involve business oriented questions using 

standard SQL syntax, conforming to SQL-92 specification. Table 6.1 describes each 

query in plain Enghsh. 

6.2.2 TPC-D Benchmark Database 

The TPC-D database schema consists of eight tables detailed in the TPC-D speci- 

fication. This schema models a database for a worldwide distributor that purchases 

parts from suppliers and sells them to customers. The two largest tables are the 

master-detail pair of Order and LineItem? which togetlier constitute about 85% of 

the database. The other tables describe the business's parts, suppliers and customers. 

AL1 tables except the two small Nation and Region tables scale linearly with the size 

of the database. The TPC-D database can be scaled upto a size of lOOOGB in order 

to support high-end systerns. For our experiments, we use a prototype version of this, 

namely, a test database with a size of approximately 100MB. The TPC-D database 

itself is generated using the data generation utility, DBGEN, supplied by the TPC. The 

DBGEN program generates mainly uniformly distributed data. Since, we are interested 

in modeling skewed data distribution as well, we have opted to popdate the database 

in three different ways listed below. 

In the first method we simply use the data from the DBGEN program. This typicdy 

results in uniform data. 

In the second method, we generate frequencies from a Zipf distribution with an 

appropriately chosen skew parameter, z ,  while retaining the original value domain 
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Query N o  

Q2 

N a m e  1 Description 
Minimum Cost 1 Find which supplier should be selected to 

Q3 

1 - - 

Q6 1 Forcasting Revenue 1 QuantiS the amount of revenue increase 

Q5 

Supplier Query 
Shipping Priority 

place an order for a part in a given region 
Retrieve the 10 unshiped orders with the 

Quew 
Local Supplier 
Volume Query 

Q7 

highest vdue 
List the revenue volume done through 
local suppliers 

629 

Change Query 
Volume Shipping 

1 Mesure  Query 
QI0 / Return Item 

in a given year 
Determine the value of goods shipped 

 que^ 
Product Type Profit 

given line of parts 
Identify custorners who might be having 

QI1 

between certain nations 
Determine how much profit is made on a 

QI2 

Reporting Query 
Identification of 

Q14 

1 Order Query 1 filled for small quantities of certain parts 

problems with parts shipped to them 
Find the most important subset of 

Stock Query 
Shipping Mode 

Q17 

Table 6.1: Description of the TPC-D Queries 

suppliers' stock in a given nation 
Determine whet her selecting less expensive 

Query 
Promotion Effect 

and relation sizes. We combine the attribute values in various attributes in each 

relation randomly to generate the tuples for that relation, according to the frequencies 

obtained from the Zipf distribution. 

It is claimed that the multi-fractals distributions occur more frequently in the real 

world data 1361. So in our third rnethod, we generate frequencies using multi-fractal 

distributions with various b i s  values for the original value domain from the TPC- 

D database. The frequency values resulting from the multi-fractal distributions are 

combined with the values from the TPC-D database to generate the tuples for the 

new relations. 

modes of shipping affect priority orders 
Monitor market response to a promotion 

Query 
Small-Quantity 

such as a TV advertisement 
Determine revenue lost if orders where not 



TPC-D Query 
select s-acctbal, saame,  naame 
from part, supplier, partsupp, nation, region 
where rregionkey == 3 and 

nregionkey == rregionkey and 
saationkey == nnationkey and psize == 40 and 
ps-partkey == p-partkey and pssuppkey == ssuppkey 

select 1-orderkey, oshippriority 
from lineitem, order, customer 
where 1-orderkey == O-orderkey and c-custkey == O-custkey 
select n a a m e  
from order, lineitem, customer, supplier, nation, region 
where O-orderkey == 1-orderkey and lsuppkey == 

ssuppkey and cnationkey == smationkey 
and saationkey == naationkey and 
n~egionkey == rregionkey and rlegionkey == 1 

select * from lineitem 
where 1-quantity 5 25 
select suppnation, cust nation 
from lineitem, order, customer, supplier, nation 
where ssuppkey == lsuppkey and 

1-orderkey == O-orderkey and c-cust key == O-cust key 
and nnationkey == caationkey and naationkey == 3 

select * 
from supplier, partsupp, lineitem, order, nation 

O-orderkey == 1-orderkey and ssuppkey == 
Isuppkey and saationkey == naationkey 

select c-cus tkey, cnarne, c-acct bal, nname 
from lineitem, order, customer, nation 
where c-custkey == O-custkey and I-orderkey == 

O-orderkey and caationkey == nnationkey 
select ps-partkey from partsupp, supplier, nation 
where pssuppkey == ssuppkey and 

saationkey == naationkey and nnationkey == 3 
select * from order, lineitem 
where O-orderkey = Lorderkey 
select * from part, lineitem 
where p-partkey == 1-partkey 
select * from fineitem, part 
where p-partkey = 1-partkey and 

p h a n d  = 'Brand4' 

Table 6.2: Simplified TPC-D Benchmark Queries 
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Since the second and third methods of populating the databases of our experiments 

involve the Zipf and mdti-fractal distributions, the reader is referred to Section 3.10 

for an overview of them. 

6.3 TPC-D Benchmark Experiments 

Unlike the prototype validating experiments which were discussed in Sections 5.4 

and 5.5, the TPC-D benchmarking experiments involve arbitrarily iarge and com- 

plex query types. Consequently theïe are often thousands or more possible query 

evaluation plans (QEPs) for executing them. Since our objective is to compare the 

query result size estimation accuracy of various techniques as opposed to choosing 

the optimal QEP, we randomly selected an arbitrary QEP for a given query type and 

constructed the corresponding operator tree. The result size of this operator tree was 

then estimated in a bottom-up fashion from the leaves of the tree to the root of the 

tree. It is important to note that, unlike the case of a primitive relational operation, 

with these simulated " real-life" query types, it was necessary to construct the ACMs 

and histograms for al1 the resulting intermediate relations. What follows is the details 

of the results ure obtained. 

The experiments we conducted with the TPC-D benchmark database involved 

three distinct groups. In the first set of experiments, we used the uniform distri- 

bution data that was generated by the DBGEN program from TPC. We computed 

the estimation errors from the equi-widt hl equi-dept h histogranis, the R-ACM and 

the T-ACM for the set of TPC-D queries from Table 6.2. We conducted ten dif- 

ferent set of experiments using the histograms and the ACMs with different build- 

parameters. The build-parameter for the equi-width histogram and the T-ACM is 

the sector width, the build-parameter for the equi-depth histogram is the nurnber of 

tuples per sector and the build parameter for the R-ACM is the tolerance value, r. 

For each attribute involved in the query, we generated the equi-width and equi-depth 

histograms wit h different sector-widt hs and different number of tuples/sector respec- 

tively. The corresponding T-ACMs were also generated with the same sector widths 

that were chosen for the equi-width histograms. The T-ACLLls were generated using 
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Table 6.3: Estimation Error with Histograms, R-ACM and T-ACM on Uniform TPC- 
D Database 

TPGD Query 

Q2 

the Implement-T-ACM algorithm described in Section 5.5, which is a much improved 

version of the original Generat e-T-ACM algorithm given in Section 4.1.1. Similarly for 

918 

each attribute involved in the query, we generated the R-ACM with a different value 

for the tolerance, r. In order to obtain a fair cornparison, the build-parameters for 

Error with Uniform TPC-D Database 

al1 different techniques were chosen such that the resulting storage requirements were 

the same, regardless of the method. The result sizes and consequently the computed 

T-ACM 
3.72% 

estimation errors were averaged over these set of experiments. The results are shown 

R-ACM 
3.21% 

Equi-width 

10 -94% 

in Table 6.3. 

EqG-depth 

9.60% 

In the second set of experiments, we used Zipf data distributions with three dif- 

ferent skew values ( z  = 3,z = 4, z = 6) on the value domains of the various attribute 

values of the TPC-D database and computed the estimation errors from the equi- 

width, equi-depth histograms, the R-ACM and the T-ACM. Again we conducted 

ten different set of experiments using different build-parameters for the equi-width, 

equi-depth histograms, the R-ACM and the T-ACM. Due to the steep frequency vari- 

ations of the Zipf distributions used, the R-ACM partitioning resulted in a very large 

number of sectors. In order to avoid this, we were forced to choose somewhat larger 
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Table 6.4: Estimation Error with Histograms, R-ACM and T-ACM on Zipf TPC-D 
Database 

TPC-D Query 

Q2 
Q3 
Q5 
Q.6 

tolerance values for the R-ACM partitioning. As with the first set of e-xperiments, in 

Result Size 

528 
26210 
132450 
19204 

Error with bfulti-fractai-TPC-D Database 

order to  make a fair cornparison of the various techniques, the build-parameters were 

chosen so that the resulting storage requirements were same for the histograms and 

the ACMs. The experiments were conducted for the set of TPC-D queries listed in 

Table 6.2. We averaged the results for the three Zipf distributions and computed the 

estimation errors. The results are given in Table 6.4. 

Equi-widt h 
30.49% 
29.83% 
40.63% 
30.20% 

The third set of experiments involve using the multi-fractal distributions. A sin- 

R-ACM 
. 15.42% 

14.58% 
12.72% 
14.32% 

Equi-dep th 
28.26% 
24.68% 
36.27% 
26.11% 

gle scan through the data generated by the DBGEN program returns the number of 

T-ACM 

17.22% 
16.26% 
10.67% 
11.71% 

distinct attribute values for each of the attributes involved. We selected three differ- 

ent bias values (p = 0.1, p = 0.3, p = 0.4) that resulted in three completely different 

multi-fractal distributions. The frequencies from these mult i-fractal distribut ions were 

applied randomly to the value domain of the attributes in the TPC-D database to 

generate a new set of relations. As before we conducted ten difkrent set of experi- 

ments with different build-parameters for the equi-widt h, equi-depth histograms, the 

R-ACM and the T-ACM, using the same storage requirernents. Again the experi- 

ments involved applying the TPC-D queries from Table 6.2. We averaged the results 
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Table 6.5: Estimation Error with Histograms, R-ACM and T-ACM on Multi-fractal 
TPC-D Database 

TPC-D Query 

&2 
Q3 
Q5 

for the t hree multi-fractal distributions and computed the estimation errors. The 

results are given in Table 6.5. 

6.3.1 Analysis of the Experimental Results 

16271 17.20% 14.65% 9.33% 6.85% 

Result Size 

161 
26428 
38630 

Our results from these three set of TPC-D benchmark experiments confirni Our theo- 

retical results, summarized in Table 4.1, and clearly demonstrate that the estimation 

accuracy of the R-ACM and the T-ACM structures is superior to that of the tradi- 

tional equi-width and equi-depth histograms. 

As we c m  observe, the estimation errors for the histograms and the ACMs are the 

lowest for the experiments with the original TPC-D database, which was generated 

by the TPC supplied DBGEN program. For example, for the TPC-D query Q2, the 

estimation errors for the original TPC-D database from Table 6.3 are 10.94%, 9.60%, 

3.21% and 3.72% for the equi-width, equi-depth, R-ACM and T-ACM respectively. 

Wlereas, as can be seen from Table 6.5, the estimation errors for query Q2 with the 

multi-fractal TPC-D database are 27.46%, 24.30%! 9.62%, and 11.83% in the same 

order. The estimation errors for the ZipE TPC-D database, given in Table 6.4, are 

Error with Zipf-TPC-D Database 
Equi-width 

27.46% 
29.75% 
19.07% 

R-ACM 
9.62% 
12.87% 
9.46% 

Equi-depth 

24.30% 
26.42% 
17.29% 

T-ACM 
11.83% 
12.90% 
10.94% 
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even higher. The reason for the lowest error with the original TPGD database is, that 

it is uniformly distributed. Similarly the reason for the largest estimation errors with 

the Zipf TPC-D database is obviously due to the steep hequency changes by virtue 

of the underlying Zipf distribution. Another reason why the estimation errors for the 

R-ACM are larger than for the first set of experiments is our choice of comparatively 

larger tolerance values to avoid generating R-ACMs with large number of sectors. The 

estimation accuracy of the R-ACM and that  of the T-ACM are almost comparable 

except for range-select queries, where the T-ACM out-performs the R-ACM. This is 

due to the fact that the trapezoidd rule of numerical integration is more accurate than 

the right-end or the left-end rectangular rule of numerical integration for cornputing 

the area under a cuve .  

The resdts from all three sets of experiments show that the estimation errors 

resulting from the R-ACM and the T-ACM are consistently much lower than the 

estimation errors hom the equi-depth and equi-depth histograms. This is consequent 

to the fact the frequency distribution of an attribute value within an R-AC1L.I is 

guaranteed to be close to the sector mean since the partitioning of the sectors is 

based on a user-specified tolerance value, and the deviation from the running mean. 

Similarly, the t rapezoidal rule of the numerical integrat ion technique is more accurate 

than the right-end or left-end histogram approximation techniques. Thus, these set of 

experiments with the TPC-D benchmark qaeries and databases demonstrate that the 

R-ACM and T-ACîvI s t  rategies exhibit a dist inctively superior performance over the 

tradit ional equi-width and equi-dept h histograms. Such results are typical with both 

synthetic data and real-world data. The power of the ACNI structures is obvious! 

6.4 Summary of Work Done 

In this chapter, we have conducted a set of benchmarking experiments using the 

Rectangular and Trapezoidal Attribute Cardinality Maps and shown how these ex- 

periments differ from those conducted in Chapter 5. Our benchmarking experiments 

involved the use of the industry-popular TPC-D benchmark database and query sets. 

Using a simulated real-world database and a set of complex simulated real-world query 
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sets, we conducted a performance cornparison study of the ACM structures and the 

traditional equi-width and equi-depth histograms. The TPC-D database used in the 

experiments was a scalable database simulating a real-world business enterprise. We 

also made use of the Zipf and multifractal distributions to generate a wide range 

of fkequency distributions for our e-xperiments, retaining the same attribute value 

domains from the TPC-D database. 

As we have seen from the results of these benchmarking experiments, the estima- 

tion accuracy of the R-ACM and T-ACM is consistently superior to the equi-width 

and equi-depth histograrns regardless of the type of queries used, and again d i -  

date our theoretical results from Chapters 3 and 4. In addition, by using a scalable 

database, as well as query types from the industry-popular TFC-D benchmark speci- 

fication, we have demonstrated the suitability of the ACM techniques in a real-world 

database system. 

Some of the results from this chapter are currently being reviewed for publication. 

They can also be fomd as a Carleton University Technical Report. TR-99-07 [105]. 

FVe anticipate that due to their superior estimation accuracy and low implemen- 

tation overheads, the at tribute cardinality maps will replace the traditional equi- 

width and equi-depth histograrns in the future database systems. A few commercial 

database vendors are currently investigating the possibility of using some of the con- 

cepts introduced in this work. 



Chapter 7 

(Near) Optimal Attribute 
Cardinality Maps 

The ability of a query optimizer to correctly identify an optimal QEP heavily 

depends on how accurately the query result sizes are computed. Obviously this, in 

turn, depends on how accurately the attribute cardinatity maps, that are used to 

rnap the at tribute values, reflect the underlying data distributions. Approximation 

to the underlying data distribution can be improved by changing the various build- 

parametors of the ACMs. These include, the tolerance value, T in the case of an 

R-ACM and, the sector width and slope of the trapezoids in the case of a T-ACM. 

In this chapter we present a few methods by which the ACMs can be made to 

perform close to optimal in a relatively static database environment? This is achieved 

by choosing appropriate build-parameters for the ACbfs as discussed in this chapter. 

First we present a cost model of the problem. This cost model can serve as a pa- 

rameter that c m  be minimized to generate a nearly optimal ACM. Shen we present 

two different strategies by which a T-ACM structure can be made close to optimal. 

Finally in Chapter 8 we propose a hybrid attribute cardinality map that is generated 

by combining both the R-ACM and T-ACM. It will be argued that this can be used 

to further improve the estimation accuracy of the query result-sizes. 

ISorne of the work done in this chapter are currently being compiled for publication. 
2Generating optimal ACMs for a highly dynamic database systern, considering the changing 

frequency distributions and query patterns, requires the use of adaptive techniques such as the use 
of learning automata. This is an ambitious and prornising areô of research. 



7.1 Cost Mode1 

Estimation accuracy of a query result size using an ACM depends on many inter- 

related factors such as, 

1. Estimation error, 

2. Storage requirement for the ACM, 

3. Data distribution being mapped, and 

4. Type of queries being posed. 

The first two factors, narnely the estimation error and the storage requiremenls 

are inversely related to each other. For example, an ACM with larger number of 

sectors would obviously result in higher estimation accuracy than an ACM with fewer 

sectors. The third factor, the type of data distribution is a n  important one in the result 

estimation accuracy. For example, a uniforrn data distribution is invariably associated 

with small estimation errors, whereas a Zipf or a rnulti-fractsl data distribution tends 

to produce large estimation errors. Since the information about the underlying data 

distribution is not hou-n  a priori, the ACM design process c a n o t  make use of this 

knowledge. The last factor listed above is actually the interaction of the environment 

(in the form of DBMS users) and the DBMS itself, and is obviously difficult to model 

as human behavior is difficult to predict. Hence, for reasons of simplicity and ease of 

implementation, we will assume a fixed storage space and model the cost function, (3, 

as  a function f (E) of the estimation error as: 

where k is a constant. 



7.2 (Near) Optimal Rectangular ACMs 

Considering first an R-ACM, the f~mction, f (E) , of the estimation error can be either 

the cumulative worst-case error of the ACM, EWmst,  or the variance of the ACM. 

The cumulative worst-case error of an R-ACM, EWmst, is the theoretical maximuni 

worst-case error that is possible for a given R-ACM. Since we know Erom Theorem 

3.5 that the worst-case error, ci, in estimating the frequency of an arbitrary attribute 

value, Xi, is equd to, 

the maximum possible worst-case error in the jth sector is, 

Hence the cumulative worst-case error 

(A) - l] di. 

for the entire R-ACM becomes, 

Similarly, from Theorem 3.3, we know that the variance of the R-ACM is given by, 

Hence for an R-ACM, we can mode1 the cost hnction by one of the following expres- 

sions: 

[e = %,st 
Cost Function = 



Using the cumulative worst-case error, Ewwst, as f ( E ) ,  we see that the smallest pos- 

sible tolerance value, r, that satisfies the given storage requirement will result in the 

minimum value for the cost function, e. Hence, generally ignoring other factors, we 

see that by arbitrarily reducing the tolerance value up to the ceiling imposed by the 

available storage space, we can correspondingly improve the estimation accuracy of 

R-ACM. 

This thus concludes the strategy by which we can increase the estimation accuracy 

of the R-ACM - we merely decrease the tolerance value, T ,  till we get the desired 

accuracy. 

7.3 (Near) Optimal Trapezoidal ACMs 

We now consider the case of generating (near) optimal T-ACMs. In this case, the 

worst-case error in estimating an equality-select operation lies in the range of O 5 
E 5 nj, where nj is the number of tuples in the jth T-ACM sector. Since this is not 

a narrow range (as in the case of an R-ACM), the cumulative worst-case error for a 

T-ACM will not help LE to derive a rneaningful cost function. Hence we shalI define 

the cost function in this case as a function of the variance of the T-ACM itself. 

We know from Lemma 4.6, that the variance of the frequency of an attribute value 

Xi in sector j of a T-ACM is, 

where pi is given by, 

Let Oj be the slope of the jth trapezoid. Rom the geometry of the trapezoid we see 

that, 

2(nj - ajZ) 
tan Bj = 

njl(l - 1) ' 



Hence the probability pi can be written in terms of O j  as, 

But the variance of the entire T-ACM is given by, 

Hence we have, 

a,? 
V , ~ ( A c , z l )  = ( - - + (nj  - ?aj)i  tmOj - 

j= l  i = l  ni 

It is thus clear that the variance of a T-AChd is dependent on the slopes of the 

individual trapezoids of the T-ACM. Consequently the variance can be expressed as 

a hnction, p( tan8)  of tano. The cost function of a T-ACM can thus be expressed 

a: 

where k is a constant. 

This shows that by choosing slopes of the individual trapezoidal sectors appro- 

priately, we can minimize the value of the cost function and improve the estimation 

accuracy of the T-ACM. We s h d  now look at  two different methods to find the 

optimal trapezoidal slopes, in the following sections. 

7.3.1 (Near) Optimal T-ACMs: Average Estimation Errors 

In this section, we discuss a method to optimize the T-ACRiI generated using the 

algorithm Implement-T-ACM presented in Chapter 5. As we shall see this optimiza- 

tion process has the effect of minirnizing the cost function (2 = kv(tan O )  where, as 

explained earlier , tan 0 is the dope of a trapezoid. In optimizing a trapezoidal sector, 



T-ACM generated fiom Fmplement -T-ACM 

T-ACM optimized by AvgIrror-Opt imaLE3ounda.r i e s  

Figure 7.1: Generation of a (near) Optimal T-ACM 

our aim is to find t.he slope of the trapezoid such that the estimation error is mini- 

mized for the equality select estimate of every single at  tribute value in that sector. In 

other words, in finding the best possible slope of a trapezoid, our aim is to minimize 

the estimation error for every single attribute value within that sector. Since the 

variance of the frequency of an attribute value is an indicator of how far away the 

act ual frequency value deviat es from the mean frequency, minirnizing the estimation 

error for every single attribute value, in turn, has the effect of minimizing the cost 

function. 

In the interest of simplicity, in this work we shall assume a stationary data distri- 

bution. We also assume that the T-ACM to be optimized has already been generated 

using the Implement-T-ACM algorithm from an equi-widtli histogram. The strategy 

works on every two adjacent T-ACM sectors as follows. 

We assume that for every such pair of sectors, the kequencies of the first attribute 

value of the first sector and the terminal attribute value of the second sector are fixed 

(or rather known a pRo7-i). Our airn now is to find the optimal slopes for these 



two sectors such that the estimation errors for the equality-select operation on each 

attribute value, within the sectors, are collectively (or rather simultaneously) minimal. 

To achieve this end, we will strive to estirnate an optimal frequency for the attribiite 

value that lies a t  the boundary of these two T-ACM sectors. The criterion function 

that we are interested in mininiizing is the average error for the frequencies of the 

entire attribute values within the sector. In other words, we wish to find the straight 

line (that represents the roof of the trapezoid) that minimizes the overall average 

estimation errors. Our strategy is explained below. 

Without loss of generaiity, we assume that the starting point of this straight line 

is at the origin (0,  o ) ~ .  Hence our objective is to find the slope, m, of the straight line 

x = ma,  where we assume that A = {a l ,  a?, . . . , ai) is the set of attribute values in 

the sector and that the attribute value ai occurs xi times. The following lemma gives 

an optimal value for the slope ml where the criterion for optimization is the average 

error over the entire sector. 

Lemma 7.1 Let A = { a l ,  a2, . . . , ai) be the set of al1 attribute values in the sector 

under consideration. Also let xi be the frequency of the attribute .value ai. Given 

1 points in the AX-plane4, the slope, m, of the straight line ~which goes through the 

first point ( a l ,  xi )  = (0,O) and minimires the sum of the vertical distances (frequency 

estimation emors) of the points to this straight line is giuen by, 

where the distances between the successiue ai, 1 < i 5 1: are the same, and e p a l  to 

n. 

ProoE: Consider an arbitrczry point Pi (ai, xi) on the AX-plane. From Figure 7.2, 

31f this is not the case, it  can be obtained by a simple transformation. Thus, in the argument we 
set X I  to O. 

"The AX-plane or the Attribute-Frequency plane is a 2-dimensional plane, where the A-axis 
represents the attribute value domain and X-mis represents the frequency domain. 



the vertical distance of Pi = (ai, xi) from the straight line x = ma is; 

This vertical distance ci represents the estimation error for the frequency of the 

Figure 7.2: Minimizing the Average Estimation Error. 

attribute value ai. The sum of al1 such distances (estimation errors) in the sector 

(noting that there is no error in the estimation of the frequency of the first attribute 

value, al - Le: the straight line passes through this point), is: 

The average frequency estimation error for an arbitrary attribute value can thus be 

given as the average of the above sum and is equal to, 

Ideally we would Iike to see that the above error equates to be zero. Setting this vdue 



CHAPTER 7. (NEAR) OPTIMAL ATTRIBUTE CARDINALITY MAPS 

to be zero, we find that, 

The lemma folIows. 

New to proceed with our original task of finding the optimal boundary value for 

two adjacent sectors, let us consider two such sectors, Tl and T2. Assume that the 

optimal slopes for the sectors Tl and T2, using Lemma 7.1, are a and ,û respect ively. 

Using the optimal slope, a, obt ained for the sector, Tl,  a boundary frequency value x', 

for the attribute value in the boundary of the two sectors can be obtained. Similarly, 

using the optimal slope, 0, obtained for the sec tor, T2 : an optimal boundary frequency 

value, x:, can be obtained. But in order to obtain a pair of continuous trapezoidal 

lines for both sectors, we need to find a common (near) optimal boundary value xb 

from the above optimal boundary values x; and xa of the individual sectors Tl and T2 

respectively. We shall now show that the average of x', and xa is a suitable boundary 

value that minirnizes the frequency estimation errors in both sectors simult aneously. 

Lemma 7.2 The average of the boundary values x', and  x;: which are optimal for the 

respective individual sectors, minimizes the estimation errors for both T-ACM sectors 

simultaneously. 

Proof: In the absence of any better information, we assume that the straight lines 

x = cru and x = Pa (resulting in the boundary values XI, and xi) obtained from 

Lemma 7.1 produce zero estimation errors in their respective T-ACM sectors. 



Figure 7.3: Finding Optimal T-ACM Sectors. 

The lines A B  and CD in Figure 7.3 denote the optimal straight lines obtained from 

Lemma 7.1. The lines BQ and DQ thus denote the optimal boundary frequencies 

for the sectors Tl and TZ respectively. We also note that  lBQ 1 = xa and IDQI = xb. 

We are interested in finding an optimal point P on B D  so that we could generate 

a pair of continuous trapezoidal sectors witli straight Line segments AP,  and PC 

while minirnizing the frequency estimation errors for the two sectors simultaneously. 

Assume that such an optimal point P lies on the line BD a t  distance p from point D 

as shown in Figure 7.3. Hence the shaded triangular areas ABP and C D P  represent 

the estimation errors resulting from choosing the lines A P  and CP as the trapezoidal 

roofs instead of the initial lines A B  and CD which were optimal for their respective 

individual sectors. 

Let the areas Al and A., denote the areas of the shaded triangles ABP and CD P 

respectively. We are interested in finding an optimal point P on line BD such that 

the total area A = Al + A?, representing the overall estimation error, will be minimal. 

From the geometry of the triangles, we find that , 



or the total area is equal to, 

We thus find that the total estimation error resulting from choosing the Lines A P  and 

CP as the roofs of the respective trapezoids does not depend on the value p. Hence 

we are free to choose any arbitrary point P on the Line BD. But we shall choose 

P as the mid-point of BD, for the simple reason that we do not want either of the 

new lines A P  and CP to be too far away from the initial optimal lines, A B  and CD 

respectively. Hence the lemma follows. CI 

The algorithm AvgIrror-Opt imalJ3oundaries cornputes a (near) optimal T- 

ACM dzrectly from an equi-width histogram. The only additional information re- 

quired is the frequency of the staring value of every second histogram sector. Since 

we do not require any additional information about other frequencies, we do not need 

an initial T-ACM and can thus by-pass the process of generating a T-ACM using the 

Implernent -T-ACM presented in Chapter 5 .  

Algorithm 7.7 AvgError-OptimalBoundaries 
Input : An equi-width histogram. 
Output : A (near) optimal T-ACM. 
begin 

for ( j = l ; j < s ; j + 2 ) ;  /* f o r  every 2nd sector */ 

xi = aj + Cuj * 1; /* f i r s t  est imate f o r  boundary f r e q  */ 

II xb = aj+i +.oj * 1; /* second es t imate  forboundary f r e q  */ 
zgtxy: - 

Xb = 2 2 /* average boundary frequencies */ 
update-boundaryf requency (xb, j )  ; 
end ; 

end ; 
EndAlgorithm AvgZrror-Opt imalSoundaries ; 



Figure 7.4: Optimizïng the T-ACM sectors 

Even though Lemma 7.1 uses actual frequency of every attribute value within the 

sector to compute the optimal slope, in practice we do not need this information. 

As can be seen fiom the algorithm Avgxrror-DptimalBoundaries, we can easily 

compute the dope of the trapezoid only witli the knowledge of the total number of 

tuples within the sector, and the frequency of the first attribute value of the sector. 

The entire optirnization process can be easily illustrated with an example given 

below. 

Exarnple 7.1 Let us consider the followzng example with two T-ACM sectors, shown 

in  Figure 7.4. The actual frequencies of each of the attn'bvte values are denoted in 

the Figure. Also the total number of tuples falling within these two T-ACM sectors 

is n = 78. We assume that the starting frequency of the first sector and the t eminal  

frequency of the second sector are fized. Let us now look ut how we can minimize 

the estimation error l o r  each of the attnbute uahes Xi, i = 1. .  - 7  using the above 

T- ACM. 

Considering the sector Si, since the frequencies of the attribute value X1 is fixed, 

the T-ACM wilE return the actual frequency value as the estimate for XI. Thus lhere 



zs no estimation error in this case. 

Let a be the slope (tangent of the angle) which the trapezoidal roof sector Tt makes 

with the positive X -  m - s  in order to provide minimal estimation error for the attr-ibute 

values within the sector Tl. From Lemma 7.1, we can obtain the optimal slope as, 

Let x: be the frequency of X4 such that the slope of AB = y. Hence, 

Similarly, let ,û be the slope (tangent of the angle) which the trapezoidal roof sector 

TZ makes u i th  the negative X - axis in order to provide minimal estimation error for 

the attr-ibute values within the sector. Again from Lemma 7.1, ,we can obtain the 

optimal slope as: 

Let x;> be the frequency o f X 4  such that the slope of  CB = y. So we have, 

Hence the optimal frequency of the boundary attribute value X4 that would minimize 

the estimation errors simuitaneously for al1 the 7 attribute values in the sectors Tl 

and TÎ is the average of x; and xi;, and is, 
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Frequency of the Boundary Attribute Value (X*) 

Figure 7.5: Percentage Estimation Error Vs Boundary Frequencies 

A plot of percentage estimation errors for equality-selec t operations against the fre- 

quency of the boundary attribute value, X4, in the above example is shown in Figure 

7.5. Observe that the percentage estimation error is near 5% when the frequency of 

the boundary attribute value is near zero. As the frequency increases, the percentage 

estimation error graduaily decreases and reaches its minimum at  the frequency value 

of l7&. The percentage estimation error increases as the frequency increases beyond 

this optimal value. 

7.3.2 Experimental Results 

We conducted a number of experiments to study the effect of optimizing a T-ACM 

using the method of optimal boundary values discussed in the previous section. -4s 

one would have e4xpected the estimation accuracy of the res~dts from the (near) op- 

timal T-ACM is superior to that of a regular T-ACM generated using the original 

Implement-T-ACM algorithm. In this section we present a number of experirnental re- 

sults which highlight the performance increase due to the above optimization. Since 



T-ACM Optimal T-ACM 

Figure 7.6: Cornparison of the Range of Errors between Various Techniques 

al1 of the experiments presented in this section are almost identical to the ones de- 

scribed in Chapters 5 and 6: we shall not delve into the details of their experimental 

setups, but merely summarize the results and provide appropriate analyses whenever 

required. 

Experiments with Synthetic Data 

In the first set of experirnents, we compared the percentage estimation errors of the 

equi-widt h, equi-depth histograms, a T-ACM generated using the Implement -T-ACM 

algorithm presented in Chapter 5 and a T-ACM optimized by the above algorithm, 

AvgIrror-OptimaL3oundaries. The experiments urere condiicted using a number 

of synthetic data distribut ions, including (a) random (b) ZipE and (c) multi-fractal 

frequency distributions with simple equi-select operations. The results have been 

plotted in Figure 7.6, showing the range of errors for each of the above techniques. 

As can be seen korn Figure 7.6, the range of errors for the original T-ACM is 4.9 5 
E 5 17.0, tvhereas the range of errors for the optimized T-ACM is only O 5 E 5 8.3. 

Needless to say that the range of errors for the equi-width and equi-depth histograms 

are much higher than the T-ACM techniques. 



Table 7.1: Estimation Accuracy of the AvgXrror Optimal T-ACM: U S .  CENSUS 

Operation 

Equi-select 
Range-select 

Operation 

Equi-select 

Table 7.2: Estimation Accuracy of the AvgError Optimal T-ACM: NBA Statistics 

AvgError-Optimal-T-ACM 1 
3.97% 
2.18% 

Equi-width 

25.30% 
S. 5 7% 

Prototype Validation Using Real-world Data 

Equi-width 1 Equi-depth 1 T-ACM 

32.07% 1 29.63% 1 9.59% 
i 

In the second set of experiments, we compared the percentage estimation errors 

of the equi-width, equi-depth histograrns, a T-ACM generated using the original 

Implement-T-ACM algorithm presented in Chapter 5 and a T-ACM optimized by 

the AvgSrror-Opt imal3oundaries algorithm. The experiments were condiicted 

on simple equi-select, range-select and equi-join operations using some selected at- 

tributes from the US. CENSUS database and the NBA Player Performance Statistics 

database. The results are shown in Tables 7.1 and 7.2. As can be seen from both Table 

7.1 and Table 7.2, the percentage estimation errors £rom the (near) optimal T-ACM 

are much lower than the errors from the original T-ACM. For exainple, the percent- 

age estimation error for the equality-select operation with the original T-ACM from 

Table 7.1 is more than 7%. But the corresponding quantity for the same operation 

with the optimized T-ACM is only 3.97%. 

Equi-depth 

2 1.48% 
7.11% 

AvgError-Optimal-T-AChI 
4.27% 

I 

7.26% 1 2.98% 
35.40% 1 15.27% 

Range-selec t 
Equi- j oin 

Benchmarking (Near) Optimal T-ACMs 

T-ACM 

7.16% 
3.09% 

2.33% 
9.85% 

8.90 % 
38.44% 

In the third set of experiments, we compared the percentage estimation errors of 

the the equi-width, equi-depth histograms, a T-ACM generated using the original 



Table 7.3: Estimation Error wit h Histograms, Original T-ACM and AvgXrror Op- 
timal T-ACM on Multi-fractal TPC-D Database. The column T-ACM-1 denotes 
the results for original T-AChd and the column T-ACM-2 denotes the results for 
AvgXrror optimal T-ACM. 

TPC-D Query 

Implement -T-ACM algorithm presented in Chapter 5 and a T-ACM optimized by the 

AvgZrror-OptirnalJ3oundaries algorithm, using the TPC-D benchmark database 

and queries. This group of experiments tvere conducted to investigate the performance 

increase of the T-ACM in a simulated scalable real-world database using a set of 

complex simulated real-world query types. The results are shown in Table 7.3. Again 

the results indicate that the percentage estimation errors are much lower for the 

AvgBrror optimal T-ACM generated through the AvgIrror-Opt imal_Boundaries 

algorithm. For example, the percentage estimation error for the TPC-D query, Q9; 

using the original T-ACM is more than 9%, but the corresponding value for the same 

query using the optimized T-ACM is only 4.69%, which is nearly a 50% improvement. 

Result Size 
Error with Multi-fractal TPC-D Database 

Equi-width ] Equi-depth 1 T-ACM-1 1 T-ACM-2 



7.3.3 (Near) Optimal T-ACMs: Least Squares Errors 

In this section, we discuss a second method to optimize the T-ACM generated using 

the algorithm Implernent-T-ACM presented in Chapter 5. Again, as in the previous 

met hod, our goal is to minimize the cos t function e = kv (tan O ) .  To achieve t his, we 

shall use the well-known method of least squares approximation to curve fitting. 

As we mentioned earlier, our aim is to fbd the best trapezoidal appr~~emat ion  to 

the frequency values wïthin a T-ACM sector. Since are dealing with two variables 

(attribute value ai and the corresponding frequency value xi) where one is a random 

variable (frequency xi) and the other is an independent variable, our problem is 

analogous to  a regression analysis problem. In regression analysis one is interested in 

the dependence of the random variable (frequency, Y = xi, also called the criterion 

variable) on the independent variable (attribute value; X = ai). 

Principle of Least Squares 

The objective of regression [77] is to evduate the coefficients of an equation relating 

the criterion variable to one or more other variables, which are called the independent 

variables. The  most frequently used linear rnodel relates a criterion variable Y to a 

single independent variable X by the equation, 

in which c = the intercept coefficient and m = the slope coefficient; c and rn are called 

regression coeficients because they are obtained from a regression analysis. Because 

Equation (7.1) involves two variables, X and Y ;  it is sometimes referred to as the 

bivariate rnodel. The intercept coefficient represents the value of Y when X equals 

zero. The slope coefficient represents the rate of change in Y with respect to change 

in X. Whereas c has the same dimensions as Y, the dimensions of m equal the ratio 

of the dimensions of Y to .Y. 



The linear multivariate model relates a criterion variable to two or more indepen- 

dent variables: 

in which p =the number of independent variables, Xi = the i th independent variable, 

mi = the ith slope coefficient, and c is the intercept coefficient, where i = 1,2,  . . . ,p. 

The values of the dope and intercept coefficients of Equations (7.1) and (7.2) can 

be computed using the principle of least squares. The principle of l e s t  squares is a 

process of obtaining best estimates of the coefficients and is referred to as a regression 

method. Regïession is the tendency for the expected value of one or two jointly 

correlated random variables to approach more closely the mean value of its set than 

any other. The principle of least squares is used to regress Y on either X or Xi values 

of Equations (7.1) and (7.2), respectively. To express the principle of least squares, it 

is important to define the error, E ,  as the difference between the estimated and actual 

values of the criterion variable: 

in which = the i f h  estimated value of the criterion variable, Y,  = the i th  actual 

value of Y, and = the ith error. The objective function for the principle of least 

squares is to minimize the sum of the squares of the errors: 

3 = min C(R - k;.)' 

in which n is the number of observation on the criterion variable. 

After inserting the rnodel of ?, the objective fimction of Equation (7.4) can be rnin- 

imized by taking the derivatives with respect to each unknown, setting the derivatives 

equal to zero, and then solving for the unknowns. The solution requires the model 

for predicting Y, to be substitutecl into the objective function. 

To illustrate the solution procedure, the model of Equation (7.1) is substituted 



into the objective hinction of Equation (7.4), which yields 

3 = min Y(mxi + c - K ) ~ .  

The derivatives of the sum of squares of the errors witG respect to the unknowns 

c and m are respec tively, 

Dividing each equation by 2, separat ing the terms in the summations, and rearranging 

yield the set of normal equations: 

The summations in the above equations are calculated over al1 values of the sam- 

ple. The two uiiknowns c and m can be evaluated by solving the two simultaneous 

equations as follows: 

(Near) Optimal T-ACMs Using the Principle of Leaçt Squares 

In order to appIy the above method of least squares, our problem can be forrnulated 

as follows: 



Given 1 points in the AX-plane (attrïbute-frequency plane), fit a strazght line 

through the given points so that the sum of the squares of the distances of those points 

from the straight line is minimum, where the distance is rneasured in the vertical 

direction. 

The following lemma gives an optimal value for the dope m of a straight line, 

where the criterion for optimization is the sum of squares of error over the entire 

sector. 

Lemma 7.3 Let A = {al, a?, . . . , al) be the set of al1 attribvte values in the sector 

under consideration. Also let xi be the jrequency of the attn'bute valve ai. Gzuen 1 

points in the AX-plane, the dope, m: of the straight line which goes through the first 

point ( a l ,  x i )  = (0,O) and minimites the sum of the squares of the vertical distances 

(frequency estimation errors) of the points to thzs straight line zs given by, 

Proof: Consider an arbitrary point Pi (ai ,  x i )  on the AX-plane. As in the first 

method, we assume without loss of generality that this straight line passes through 

the origin ( a l ,  xl ) = (0, O).  From Figure 7.7, the vertical distance of Pi r (ai, xi) from 

the straight line x = m a  is, 

The sum of the squares of these distances is, 

Using the method of least squares we choose m such that E is minimum. Since the 

least square error E depends on m, a necessary condition for E to be minimum is, 



a 
ai 

Figure 7.7: Least Squares Estimation Error. 

This results in, 

and the lemma follows. O 

Having found an optimal slope for the roof of a trapezoidal sector, as we did in the 

case of the previous method described in Section 7.3.1, we can proceed to compute an 

optimal boundary frequency for the attribute value in the boundary of two adjacent 

sectors. The process involves computing the optimal slopes cr and P for a pair of 

adjacent trapezoidal sectors and obtaining the optimal boundary values, xb and x: 



for the respective individual sectors boom them. The question of whether the mean 

of xi and xa> yields the overall (near) optimal solution for both the sectors remains 

open. But as this mean is easily computed we have tested it to verify that it is, 

indeed, an excellent solution to defining the overall (near) optimal solution. However, 

it seems intuitively clear that since the errors do not cancel, (as we consider the 

squared errors), this solution will be superior to the average error solution described 

earlier. 

Algorit hm 7.8 LSE-OptimaLBoundaries 
Input :  A T-ACM generated from Implement-T-ACM algori thm. 
Output: A (near)  optimal T-ACM. 
begin 

for ( j =  l ; j < s ; j + 2 ) ;  /* f o r  every 2nd s e c t o r  */ 
aj = O ;  
for (i = 2; i 5 1; i + +) ; /* optimal d o p e  f o r  s e c t o r  Tj */ 

i * A * xji 
Ckj = Ckj $- /* optimal d o p e  */ 

' 
x ; = a j + a j * 1 ;  /* f i r s t  es t imate  f o r  boundary f r e q  */ 
Oj = O ;  
for (i = 2; i 5 1; .i + +) ; /* optimal siope f o r  s e c t o r  Titi */ 

i * A * x(jil)i 
Pj = Pj + I /* optimal s lope */ ( z A ) ~  . , 

X: = aj+l + Pj * 1: /* second est imate  f o r  boundary f r e q  */ 
x: + x;. 

X b  = 
C )  ' /* average boundary frequencies */ 

end ; 
end ; 

EndAlgorithm LSE-OptimalBoundaries ; 

The algorithm LSE-OptirnalJ3oundaries cornputes a (near) optimal T-ACM di- 

rectly from a T-ACM generated using the Implement -T-ACM presented in C hapter 5 .  

It is important to note that, unlike the previous method described in Section 7.3.1, 

our algorithm requires the frequency value of every single attribute value in order 

to perform the optimization using the l e s t  squares method. The frequencies of the 

attribute values can be obtained in a single scan of the attribute value domain from 



the DBMS catalogue periodically whenever such optimization is deemed necessary. 

In Algorithm 7.8, a frequency value is denoted by xji, where the first subscript j 

denotes the sector where the attribute value lies, and the second subscript i denotes 

the actual frequency value. 

Nosv referring to the previous example, Example 7.1, an optimal boundary value 

for the two sectors c m  

An optimal slope a 

be obtained using the method of least squares as follows. 

for the first sector is, 

Hence an optimal boundary value IL for the hvo sectors is xb = 10 + * 3 = 156. 

Similarly an optimal slope ,B for the second sector is, 

Hence an optimal boundary value x: 

Hence using an argument similar 

for the two sectors is ze = 6 + y * 3 = l 4 f .  

to the one provided in Lemma 7.1, we can esti- 

mate an optimal frequency of the boundary attribute value /Y4 that would minimize 

the estimation errors simultaneously for al1 the 7 attribute values in the sectors Tl 

and T2. As mentioned earlier this value is the average of xL and x:, and is equal to, 

Figure 7.5 is a plot of the percentage estimation errors for the above example, using 

equality-select operations against the frequency of the boundary attribute value, X4. 

Comparing this with the plot given in 7.5, we see that the boundary value estimation 

using the method of least squares errors is marginally more accurate than using the 

method of average errors. 
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Figure 7.3: Optimal Boundary Frequencies: Least Square Error Method. 

7.3.4 Experimental Results 

This section presents a number of experimental results that compare the performance 

of the traditional histograms, the T-ACM generated using the Implement-T-ACM al- 

gorithm and the (near) optimal T-ACM generated iising the method of least squares. 

These results clearly show that the (near) optimal T-ACMs generated using the least 

squares error method is superior to the regular T-ACM generated using the original 

Implernent T-ACM algorithm. In t his section we present a nurnber of experiment al 

results which l-iighlight the performance increase due to the above optimization. We 

omit the details about the experimental setups as they are very similar to the exper- 

irnents conducted in Chapters 5 and 6. 

Experiments with Synthetic Data 

As in the case of the previous optirnization method, in this group of experirnents 

we compared the the percentage estimation errors of the equi-width, equi-depth his- 

tograms, a T-ACM generated using the Implement-T-ACM algorithm presented in 

Chapter 5 and a T-ACM optimized by the LSE-OptimaU3oundaries algorithm. The 



Table 7.4: Estimation Accuracy of the LSEOptimal T-ACM: Synthetic Data 

Operation 
Equi-selec t 
Range-select 
Eaui-ioin 

e-xperiments were conducted using a nurnber of synt hetic data distnbut ions, includ- 

ing (a) random (b) Zipf and (c) multi-fractal frequency distributions wit h equi-select , 

range-select and equi-join operations. The  results are summarized in Table 7.4. These 

experirnental results indicate that the estimation accuracy of the optimized T-ACM 

is much superior to the original T-ACM as well as the traditional histograms. For 

example, for the equi-select operation, the errors resulting from the equi-width, equi- 

depth, and the original T-ACM are 21.49%, 18.32%, and 7.20% respectively. But the 

estimation error resulting from the optimized T-ACM for the same operation is only 

3.64%. We can also observe that this is a marginal improvement in accuracy over the 

average error optimization strategy presented in Section 7.3.1. 

Prototype Validation Using Real-world D a t a  

Equi-widt h 
21.49% 
9.36% 
32.80% 

The second group of experiments were conducted using two real-world databases, 

namely the U S .  CENSUS and the NBA Player Performance Statistics databases. We 

cornpared the percentage estimation errors of the equi-width, equi-depth histograms, a 

T-ACM generated using the original Implement-T-ACM algoritlim presented in C h a p  

ter 5 and a T-ACM optimized by the LSE-Opt imalBoundaries algorit hm, in addition 

to comparing the estimation errors from the traditional histograms. The  experiments 

were conducted on simple equi-select , range-select and equi-join operations using some 

selected attributes from the above rnentioned databases. The results are summarized 

in Tables 7.5 and 7.6. The results from this set of experiments again confirm that 

the optimization using the least squares method indeed results in superior estimation 

accuracy. For example, as can be seen from the Table 7.6, the estimation error for 

the equi-select operation using the original T-ACM is 8.42%, but the estimation error 

Equi-depth 
18-32% 
5.18% 
27-55% 

T-ACM 
7.30% 
3.17% 
13.28% 

LSE-Optimal-T- ACM 
2.64% 
1.48% 
7.33% 



Table 7.5: Estimation Accuracy of the LSE0ptima.l T-ACM: U.S. CENSUS 

Operation 

Equi-selec t 
Range-select 

for 

Equi-width 

23.47% 
9.58% 

Operation 

Equi-selec t 
Range-select 

Table 7.6: Estimation Accuracy of the LSEOptimal T-ACM: NBA Statistics 

the same operation using the LSEOptimal T-ACM is only about 3%. 

LSE-Optimal-T-ACM 

2.91% - 

1.38% 

Equi-depth 

20.32% 
5.90% 

Benchmarking (Near) Optimal T-ACMs 

T-ACM 

9.02% 
3.42% 

The third group of experiments were conducted to study the performance increase 

of the (near) optimal T-ACM in a simulated scalable real-world database using a 

set of complex simulated real-world query types. Using the industry-popular TPC-D 

benchmark database and query sets, we compared the percentage estimation errors 

of the the equi-width, equi-depth histograms, a T-ACM generated using the original 

Implement-T-ACM algorithm presented in Chapter 5 and a T-ACM optimized by the 

LSE-Optimal_Boundaries algorithm. The results are summarized in Table 7.7. As 

can be seen from this table, the estimation accuracy of the (near) optimal T-ACM 

is obviously superior to the regular T-ACM and to the equi-width and equi-depth 

his t ograrns . 

Equi-widt h 1 Equi-depth 

Average Error Versus Least Squares Error 

T-ACM 
8.42% 31.81% 

7.19% 

Having presented two strategies to optimize the T-ACMs in the previous sections, it 

is natural to provide a comparison between the two rnethods. 

LSE-Optimal-T-ACM ] 
3.02% 28.00% 

6.15% 3.33% 1 1.65% 



Qll 
l 1 I 1 I 

327 1 30.15% 1 27.39% 8.24% 1 3.20% 1 

Table 7.7: Estimation Error with Histogranis, Original T-ACM and LSE Optimal T- 
ACM on Multi-fractal TPC-D Database. The colurnn T-ACM-l denotes the results 
for original T-ACM and the column T-ACM-2 denotes the results for LSE optimal 
T-ACM. 

TPC-D Query 

Q2 
Q3 

The optimization strategy using the average error method, computes the optimum 

dope of the trapezoid by considering the surn of the overall estimation error within 

a T-ACM sector. Obviously, this strategy does not distinguish between negative 

estimation errors and positive estimation errors. Consequently, t his results in some 

loss of accuracy due to the cancellation effect of the possible addition of some negative 

and positive estimation errors. On the other hand, this optimization strategy does not 

require the knowledge of the frequencies of every single attribute value in the relation. 

In addition to the total number of tuples in a sector, which is already available from 

an eq~ii-wiclth histogram: we only require the frequencies of the starting attribute 

value of every second T-ACM sector. This is indeed a tremendous saving on the 

computational and storage requirement . 

As opposed to the first method, the optimization strategy using the Ieast squares 

error method, computes the optimum slope of the trapezoid by considering the surn of 

the squares of the estimation error for every attribute value within a T-ACM sector. 

Since the estimation error a t  every attribute value is squared in this method, there 

Result Size 

1032 
33574 

Error with Multi-fractal TPC-D Database 
Equi-width 

25.32% 
23.10% 

T-ACM-1 
9.44% 
8.27% 

Equi-depth 
20.12% 
2 1.42% 

T-ACM-2 
4.21% 
3.98% 1 



is no loss of accuracy due to the cancellation effect that was seen in the previous 

method. Comparison of the estimation errors fiom the previous method (see Tables 

7.1, 7.2, and 7.3) and the method of least squares (see Tables 7.4, 7.5, 7.6, and 7.7), 

clearly shows that the method of least squares is marginally more accurate for both 

synthetic and real-world data distributions. For example, comparing the estimation 

results conducted on the US. CENSUS database which are summarized in Tables 

7.1 and 7.5, we see that the estimation error for the equi-join operation using the 

average error optimization method is nearly 9.0%, but the estimation error for the 

same operation using the least squares error optimization method is nearly %O%, 

which is slightly superior. But the downside of the method of Ieast squares is that 

we need the frequency of every single attribute value in the attribute value domain 

to compute the overall least squares error. This can be prohibitively expensive for a 

relatively large at  tribute value domain. 

7.4 Summary of Work Done 

In this chapter we discussed a few strategies to improve the performance of the rect- 

angular and trapezoidal attribute cardinality maps. We initially presented a cost 

mode1 and showed that the estimation accuracy of the R-ACM can be arbitrarily 

improved by decreasing the tolerance value, T .  As discussed, this strategy requires 

proportionally large amount of storage for the resulting R-ACM structure. 

We then discussed two different strategies to improve the estimation accuracy 

of the T-ACM. These strategies are respectively based oc rninimizing the average 

error and l e s t  squares error when fitting a straight line through the points which 

represent the frequencies of the corresponding attribute values. The strategy based 

on the average error method is less accurate due to the fact that sorne of the positive 

estimation errors may be canceled out by some of the negative estimation errors. 

Nevertheless this estimation strategy is very useful in a practical settings as it does 

not require the knowledge of every single attribute vaiue in the relation. The only 

additional information required for implementing this strategy is the frequency value 

of the starting attribute value of every second T-ACM sector. 



The second optimizat ion strategy is based on the popular le& squares estimation 

method, which uses regession analysis to fit a straight line to a set of points so as to 

minimize the sum of squares of the errors. 

Numerous experimental results validating the accuracy of these two optimization 

strategies have also been included. 



Chapter 8 

Conclusions 

Estimation of the size of query results is an important functionality of the query 

optimizer in a DBMS. The steadily intensifying cornpetition in the marketplace has 

been the cause of increasing the sizes of databases, as well as of escalating the level 

of sophistication of queries made against them. The reader can well understand 

that these have the effect of increasing the accuracy requirements of the estimation 

techniques. Ir, spite of this, many cornmerciai database systems stiil continue to 

use the traditional statistical techniques for estimation purposes even though their 

accuracy is hard to optimize. 

In this thesis, we have focused on some novel histogram-like techniques for esti- 

mating the result sizes of the two most cornmonly used relational operations, namely, 

selections and equality-joins. Alt hough histograms are used in mos t of the commercial 

database systems for the last two decades, very Little attention has been paid (both 

academically and in the industrial world) to their accuracy and forma1 mathematical 

properties. Our main goal in this research work hm been to develop more accurate 

classes of histogram-like techniques than the current state-of-the-art ones. Some of 

the results presented in this thesis are currently being considered by a few database 

vendors for possible inclusion in t heir produc ts. 



8.1 Contributions of the Thesis 

Our main contributions of this research work are summarized below. 

I. Proposal of Two Major Estimation Techniques 

We have introduced two new histogram-like techniques called the Rectangular At- 

tribute Cardinality Map (R-ACM) and the Trapezoidal At tribute Cardinality hlap 

(T-ACM). They were formally introduced in Chapters 3 and 4 respectively. These 

techniques aim to approximate the density of the underlying attribute values using 

the philosophies of numerical integration. In the R-ACM, the densi0 function within 

a given sector is approximated by a rectangular cell, where the height of the cell is 

obtained so as to guarantee that the actual probability density differs fkom the ap- 

proxirnated one by a maximum of a user-specified tolerance r. As opposed to this, in 

the T-ACM, the density function within a given sector is approximated by a trape- 

zoidd ceIl, in which the slope of the trapezoid is obtained so as to guarantee that the 

actual probability mass within the cell equals the true probability m a s .  

II. Analytic Results Regarding the R-ACM and T-ACM 

We have shown in Chapter 3 that the frequencies of attribute values within the sectors 

of the R-ACM are Binomially distributed. This has permitted us to derive a number 

of important analytical results which are listed below. 

1. Maximum likelihood estimates for the frequency of any arbitrary at  tribute value. 

2. Variance of the frequency of an attribute value: variance of the frequency within 
the sector, and the variance of the R-ACM. 

3. Self-join estimation error. 

4. Average-case and worst-case error bounds for both equality-select and range- 
select queries. 

Similar (analogous but more involved) results have also been developed in Chapter 

4 for the T-ACM. 



III. Proofs of Superiority of the ACMs 

Using theoretical analysis we showed in Chapters 3 and 4 that the R-ACM and the 

T-ACM are superior to  the traditional equi-width and equi-depth histograms. Our 

experimental results, using synthetic data for aU select and equi-join queries, also 

confirm Our theoretical analysis and often yield an order of magnitude s m d e r  esti- 

mation errors in the query result size estimates. 

IV. Prototype Validation and Bench-rnarking Tests 

We also conducted an extensive set of e.xperiments (both prototype validations and 

bench-marking tests) on t hese new techniques. These experiments used two popular 

real-world databases and the TPC-D database and queries. We also augrnented these 

real-world databases wit h frequencies generated from the Zipf and mult i-fracta1 dis- 

tributions. Even though we used real-world databases, namely the U.S. CENSUS and 

NBA Player S t atistics databases, the prototype validating experiments presented in 

Chapter 5 only used simple synthetic queries. To augment this, the benchmarking 

experirnents presented in Chapter 6 used a simulated real-world scalable database 

and many cornplex simulated real-world query types based on the industry-standard 

Transaction Processing Performance Council's TP C-D specifications. 

V. Techniques for Obtaining Build-Parameters 

Since the estimation accuracy of the R-ACM and the T-ACM mainly depends on 

their build-parameters, namely the tolerance value, r and the dope of the trapezoidal 

sectors respectively, we have provided a few techniques to obtain these quant ities. 

The estimation accuracy of the R-ACM can be arbitrarily increased by reducing the 

tolerance value, r. But this will, of course, require proportionally larger storage space 

for the R-ACM. But in the case of a T-ACM, for a given storage space, the estimation 

accuracy can be improved by choosing suit able values for the trapezoidal slopes. We 

presented two different strategies for obtaining the trapezoidal slopes in Chapter 

7. These strategies include minimizing the sum of the average estimation errors and 

minimizing the sum of the squares of the estimation errors, which is based on the weU- 

known principle of least-squares method in curve fitting. Our experiinental results 



indicate that the build-parameters obtained using these techniques consistently yield 

an even superior estimation accuracy. 

8.2 Novel Preliminary Solutions: 
Hybrid Attribute Cardinality Maps 

Throughout this thesis we concentrated on the R-ACM and the T-ACM as two fun- 

damental and distinct schemes for query result size estimation. There is no reason 

why Rie cannot incorporate these into a single scheme which has the advantages of 

the superior properties of both of them. In this section we intend t o  propose one such 

scheme. Even though we have some preliminary results on this new scheme, since it 

is a promising new area of research, we believe it is appropriate to describe it here. 

The reader will observe the the R-ACM and the T-ACM were introduced as two 

fundamental tools for query result size estimation in database systerns. In this section, 

we propose (and submit some preliminary ideas for) a potential new area of research, 

namely the developnient of an adaptive hybrid method, where a learning scheme 

(possibly an automaton or a neural network) combines both the R-ACM and the 

T-ACM to generate a hopefully superior hybrid structure. 

Using this zpproach, the automaton can decide to partition one or more sectors 

of an R-ACM with smaller tolerance values generating a new structure with multiple 

tolerance values. This approach could be useful whenever there is a need for a higher 

degree of estimation accuracy for a particular attribute valiie range. This idea is 

easily explained with an example. 

Consider an R-ACM (See Figure 8.1) which has been partitioned using a toleraace 

value T = TI. Suppose that using this R-ACM in a practical-setting, we find that 

the attribute values in the range of 63 to 118 (belonging to  sector 3) are retrieved 

more heavily than the other attribute values. We decide that a higher estimation 

accuracy for this attribute value range would improve the performance of the query 

optirnizer. The obvious approach would be to partition the entire value domain using 

a smaller tolerance value 7 2  < TI. But this would, of course, require proportionately 



P r i m q  partitioning; r = TI n 

Figure 8.1: Primary Partitioning of an Attribute Value Domain 

Primary partitioning; T = TI 

Secondary partitioning for sector 3; T = r .  < TL n 

Figure 8.2: Secondary Partitioning of the Value Domain in Sector 3 

Iarger storage space. Instead we partition only that individual sector (sector 3 in this 

example), using a tolerance value T? < TI. This is shown in Figure 5.2. Here, using 

the secondary partitioning yields a finer granularization in five smaller sectors, (in 

this case 31, 33, 34 and 35. respectively), thus increasing the estimation accuracy for 

the queries hitting the attribute values in this domain. 

This shows us that by using this hybrid approach instead of a single regular R- 

ACM sector, we will be able to generate a structure that gives higher estimation 

accuracy with modest storage requirements, if we appropriately choose a secondary 

partitioning schema (or tclerance values) for heavily used primary sectors. 

We also propose that the automaton (or learning mechanism) can simultaneously 



decide to partition some of the sectors using a trapezoidd partitioning method result- 

ing in a new structure that combines the properties of the R-ACh4 and the T-ACM 

in a hierarchical manner. As discussed earlier, our goal is to increase the estimation 

accuracy for the attribute value range which is used more frequently than the others. 

Since an approximation based on the trapezoidal method would closely reflect the ac- 

tual data distribution, this strategy would obviously provide a lower estimation error 

in this interval. Figure 8.3 shows an example where one of the heavily used sectors 

(sector 3) is partitioned using the trapezoidal rnethod. The number of sectors for the 

secondary partitioning shodd be based on the avdable storage. 

Primary partitioning; r = TI 

Secondary partitoning for sector 3 using 
trapezoidal rule with s = 6 

Figure 5.3: Secondary Partitioning of the Value Dornain in Sector 3. 

By extending these ideas and generalizing, we can also conceive of a way by whidi 

we can partition one or more sectors of an ACM based on both tolerance values and 

trapezoids. This would result in another structure where the secondary sectors can be 

either R-ACMs or T-ACMs. The decision to partition a sector bmed on a tolerance 

valued R-ACM or a trapezoid could be based on the learning mechanism's learning 

process. In other words, during the process of building the ACM, the learning mecha- 

nism can choose either an R-ACM or a T-ACM for partitioning the next sector, based 

on its current knowledge about the data distribution and the estimation accuracy. 



8.3 Avenues for Future Work 

1. Optimal Build-Parameters in a Static Database System 

In Chapter 1 we stated that the selection of an optimal query evaluation plan (QEP) 

heavily depends on the query optimizer's ability to obtain result size estimates of the 

relational operations as accurately 2s possible. Obviously this, in turn, depends on 

how accurately the attribute cardinality maps, t hat are used to represent the attribute 

values, reflect the underlying data distributions. .4pproximations to the underlying 

data distribution can be improved by changing various parameters that make up the 

ACMs. For example, the appro.uimation accuracy can be increased by reducing the 

sector widths of the ACMs. But obviously this will require proportionately larger 

memory and secondary storage requirements, and thus it is not practical in a real- 

world environment. Hence we see that there is a need to find an optimal sector width 

(or tolerance value in the case of an  R-ACM) that balances well with the available 

storage in the DBMS catalogue. In the T-ACM, in addition to reducing the sector 

widths, we can also change the slope of the individual trapezoids to obtain an opti- 

mal ACM that closely refiects the underlying data distribution. The  techniques for 

finding these optimal build-parameters remains open, although we believe that it is 

relatively not very difficult in a static database. 

II. Optimal Build-paramet ers in a Dynamic Database System 

Real-world databases are no t static. They constantly undergo dynamic changes such 

as deletions, insertions and updates of records, often changing the pattern of the 

underlying data  distributions. Thus the ACM parameters computed as being optimal 

today may not be optimal tomorrow. The question then is the following: How do ive 

address the (more realistic) problern of query optimization in a dynamic environment? 

In Chapter 7:  we discussed that the build-parameters for the R-ACM and the 

T-ACM can be obtained using the access probabilities of the attribute values in a 

database system. By considering the various factors influencing the design of an 

ACM and deriving a suitable cost model, the above work can be extended to incor- 

porate a learning automaton, which ca.n be either deterministic or stochastic. We 



can conceivably corne up with a scheme which uses learning automata to compute 

the optimai build-parameters of the ACM models in a dynamic real-world database 

system environment. These automata should, hopefully, learn the environment (data 

distributions, types of queries etc) and compute the optimal parameters for generat- 

ing the ACMs for the attributes in the relations involved. We also believe that the 

automata can continuously Iearn the data distribution and irnprove the behavior of 

the ACMs in two possible ways listed below. 

In the first method, the automaton uses the result size estimations from the queries 

posed by the DBbWs users. The errors between the actual res~dt sizes and estimated 

result sizes from the ACMs are used as a measure to either reward or penalize the 

learning automata, and to adjust the current "optimal" parameters. This can ob- 

viously happen during the day time, in the regular business hours of an enterprise. 

In the second method, the system manager can randomly generate selection and join 

queries and estirnate and compare the result obtained by the learning automata. 

Again the error values obtained can then be used as a measure to reward or penalize 

the learning automata; and to thus adjust the current optimal parameters. As op- 

posed to the first method this can be implemented to take place during the idle times 

of the DBMS, u s u d y  during the night. 

The current state of the art query estimation techniques are, to the best of oiir 

knowledge, relatively static. This is also true of the techniques introduced in Chapter 

3 and Chapter 4. The information maintained in the DBMS catalogue, although 

updated during major changes to the database, is never improved on a continuous 

manner based on the current estimation errors. Hence one promising direction of 

research may be that of extending the work presented in this thesis to incorporate 

adaptive feedback techniques to learn the underlying data distribution. 

Even though incorporating adaptive techniques will probably help us to find op- 

timal build-parameters for the ACM, as mentioned earlier, practical considerations 

such as the storage requirements of the ACMs often conflict with the appropriate 

choice of these parameters. Hence when constructing the ACMs, we need to  wisely 

balance these two conflicting goals: optzmalzty, so that generated estimates have the 

least error, and practicality, so that the ACMs can be constructed and maintained 



efficient ly. 

III. Optimal Build-Parameters for Queries with Any Relational Operator 

Our theoretical analysis of both the R-ACM and the T-ACM only considered the 

relational operations, select and join and the design of the ACMs was mainly aimed 

a t  reducing the estimation errors for queries containing only these operators. Even 

though select and join are the most fiequently encountered operators, other oper- 

ators such as aggregate operators (aug, co,unt etc) also occur in relationd queries. 

Hence a tolerance value which results in acceptable estimation error for certain types 

of queries rnay produce ao unacceptably large estimation errors for another type of 

queries. Hence another avenue for further research is to t ry to find a tolerance value 

that would produce acceptable estimation errors for a wide range of queries, or at  

least for the type of queries which are mainly used in a given database system. One 

can also study whether learning automata, neural networks or any other machine 

learning scheme has the capacity to sufficiently learn such a complex environment 

(data distributions and type of queries) and so as to efficiently tackle the problem. 

IV. Adaptive Techniques Using Hybrid Attribute Cardinality Maps 

Another avenue of research rnay include an adaptive technique which combines the 

superior properties of both the R-ACM and the T-ACM to form hybrid structures 

during the process of optimization. These structures could be extrernely useful when- 

ever the storage is a prenium and the user-queries are predominantly heavy for certain 

parts of the attribute value domain. At every step of the generation of a hybrid-ACM, 

the adaptive technique, possibly using a learning automaton, can choose to use either 

an R-ACM or a T-ACM, depending on the current knowledge of the underlying data 

distribution and the query types. Although we do have some initial results about 

this, we opt to rather leave this as a possible avenue for further research. 

V. Optimizing ACMs Using Access Probabilities of Attribute Values 

The optimization strategies presented in Sections 7.3.1 and 7.3.3 for the T-ACM 

made the implicit assumption that al1 the attribute values are accessed equally. This 



Figure 8.4: Frequency Estimation Using an R-ACM 

assumption holds when the queries posed to the system are generated in a truly 

randorn marner. But when the ACMs are actually used in a database environment, 

the above assumption is no longer valid as they are subject to the way the attribute 

values are themselves accessed by the user-queries. In other words, in designing an 

ACM for the purpose of query optimization, it is beneficial to improve the estimation 

accuracy of the set of attribute values which are accessed more frequently even at 

the sacrifice of the estimation accuracy of the ones which are accessed less frequently. 

This ensures an even more superior performance for the overall query optimization 

system. 

We briefly describe below a proposed avenue of research showing how an R-ACM 

and a T-ACM can be optimized based on the access probabilities of the attribute 

values of underlying data distribution. 

The estimation accuracy of a Rectangular ACM is dependent on the tolerance 

value, r,  used to partition its sectors. Using such a tolerance value to partition 

an attribute value domain ensures that the frequency values within a given R-ACM 

sector are close to each other and more importantly close to the mean frequency value 

of the sector. We propose a new avenue of research for developing an optirnization 

strategy to improve both the average and worst-case estimation errors of an R-ACM 

based on the access probabilities of the underlying attribute value domain. 

Let us consider a hypothetical R-ACM sector with sector widt h 1 = 6 and tolerance 

value r = 5, depicted in Figure 8.4. Let us assume that during a sample session of 



100 queries, the attribute values, a l ,  a;?, a3, a*, as and a6 are accessed 5, 5, 40, 40, 

5, and 5 times respectively. Hence the estimate of the access probabilities of these 

attribute values are 0.05,0.05,0.4,0.4,0.05 and 0.05 respectively. Since the attribute 

values ag and a4 are accessed more frequently than the other attribute values, an 

estimation strategy which provides a frequency estimation that is closer to the actual 

frequencies of these attribute values, at the sacrifice of some estimation accuracy to 

the less accessed attribute values, is obviouçly better than a strategy which treats 

every at t ribute value equally. 

The R-ACM scheme which was discussed in Chapter 3 returns the mean frequency 

(in this case, p = 19) of the sector as the frequency estimation for every at tribute value 

within a given sector. Obviously in the above example, the overall estimation accuracy 

can be improved by returning a frequency estimation which is closer to the actual 

frequencies of the attribute values a3 and a4 (in this case 22 and 24 respectively), than 

merely returning the running mean frequency. In practice, the access probabilities 

can be obtained by logging the access information over a long period of time. The 

estimation errors for individual attribute values can be usually obtained from the 

query processor module. This is done by comparing the estimated result size from 

the query optimizer and the true result size generated during the actual emcution 

of a query. Indeed, if 6 = ~ r = ~ ~ ~ é ~ ~  it can be rnaintained for each R-ACM sector, 

dong with the total number of tuples, and periodically updated to reflect the curent  

values of access probabilities. 

Consiclering the op timization of a T-ACM, the optimization strategy based on 

the least squares error method requires the frequencies of every attribute values in a 

T-ACM sector in order to compute the sum of the squares of estimation errors. In 

practice, it is very difficult to maintain the true frequencies of every attribute value. 

Thus one approach is to use the frequencies of only those attribute values which are 

accessed more frequently. This requires finding the optimal slope of the straight line 

which minimizes the least squares errors for only those points which represent the 

frequencies of the attribute values which are accessed more frequently. 

Similady, the optimization strategy based on the average error met hod can also 

be improved using the access probabilities of the underlying attribute values. 



VI. Discretization of Continuous Attribute Value Domains 

Our research work in this thesis is only applicable to discrete attribute value domains. 

Consequently, many continuous attribute value domains (such as a person's weight, 

or blood glucose level etc.) that are encountered in real-world database applications 

need to be discretized before they can make use of the attribute cardinality maps. 

Many recent research works in the field of Artificial Intelligence have resulted in a 

nurnber of techniques that can be uçed to efficiently partition continuous attribute 

value domains. 

Among the many techniques from the AI field, a method proposed by Fayyad 

and Irani [3 71 based on classification learning for mult i-int erval discret izat ion of 

continuous-valued attributes is particularly appealing for the above purpose. Their 

method is based on a so called Minimum Description Length (MDL) principle [ l l4] ,  

where the discretization rule is viewed as a classifying theory in itself, that in turn uses 

a single attribute and that associates a class with each sub-interval. Another related 

potential avenue of future research may include combining the above discretization 

(or classification) technique and an adaptive technique such as the use of a learning 

automaton that improves the estimation accuracy using a feed-back mechanism. 

In summary, in this thesis we have introduced some novel techniques for estirnating 

the result sizes of an important subset of query operators in database systems. These 

techniques are both highly efficient and significantly more accurate than the state-of- 

the-art estimation techniques currently in use, and can be implemented with minimal 

cost. Due to these reasons, we anticipate they could prove to be standard tools for 

query result size estimation in future database systems. 
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