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Abstract

Extensibility and Efficiency
of
Top-Down Query Optimizers

Klaus Julisch

Extensibility and efficiency are two key properties that every modern query
optimizer must have. Top-down optimizers have traditionally claimed to score
high with respect to extensibility. Since recently, they have also claimed to
achieve a degree of efficiency which was formerly only attained by bottom-
up optimizers. These claims were the impetus for the present thesis, which
examines the extensibility and efficiency of top-down optimizers.

This thesis attributes the extensibility of top-down optimizers to their ar-
chitecture. This architecture is based on sound software engineering principles
and therefore facilitates the implementation of extensions. However, the ma-
jor barrier to extending top-down optimizers is that they provide no guidance
on finding practically usable extensions. In defense of this claim, the present
thesis provides never before published treatment of duplicates and search space
complexity. Both of these topics are key issues in finding practical extensions
for top-down optimizers.

With respect to the efficiency of top-down optimizers, it will be shown that
clever changes in the source code can lead to substantial efficiency gains. The
presented efficiency increasing measures have been developed as part of the
Columbia project, but this thesis is the first text to systematically assess their
effectiveness.

iv



Chapter 1

Introduction

1.1 Motivation

Even after 20 years of research in the area of SQL query optimization, there are
still open problems to be solved. These problems emerged because user demand
has constantly changed over the years. SQL, for example, had to be extended
by object features which need to be supported by the query optimizer'. Paul
Brown gives in [4] an overview of the most common of these extensions and ar-
gues that there’s still a far way to go in order to completely satisfy user demand.
Furthermore, new index types such as materialized views [2], join indexes [2],
and bit indexes [27] have been used to speed up data warehouses. These in-
dexes, in order to fully develop their potential, have to be supported by the
query optimizer. Another clear development is that SQL queries have become
more and more complex. This is illustrated by Table 1.1 which measures query
complexity by the number of joins involved. Therefore, optimizer efficiency is
a matter of concern these days. To summarize, it has become very clear that
an up-to-date optimizer must meet the following two requirements:

(i) It must be extensible in order to keep up with new developments such as
object extensions to SQL and new indexes.

(ii) It must be efficient in order to handle the ever increasing complexity of
SQL queries.

The goal of this thesis is to scrutinize the extensibility and efficiency of top-
down optimizers. As a concrete framework for the study, I'll use a top-down
optimizer that is based on Cascades (see Chapter 2 for details on Cascades).
This is no limitation since optimizers based on Cascades are very typical for
modern top-down optimizers such as Microsoft SQL Server [15] or Tandem
DBMS [5]. Therefore the results derived within the framework of Cascades also
apply to top-down optimizers in general. To make this point very clear, special
sections will be dedicated to generalizing the results. Now here is the claim of
this thesis:

'T use the terms SQL query optimizer, query optimizer and optimizer interchangeably.
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Top-down optimizers are less extensible than commonly claimed,
but they can achieve a considerable degree of efficiency.

The defense of this claim takes the following shape: In the rest of this
chapter, I introduce the terminology and review optimization basics. Chapter 2
introduces Cascades. Chapter 3 shades light on extensibility issues of Cascades.
Chapter 4, finally, shows how the data structures of Cascades can be tuned for
efficiency. Chapter 5 examines the benefits of pruning for Cascades. Efficiency
gains in these two chapters will be measured by means of the TPC-D benchmark
queries [32]. The thesis is concluded by an overview of current research issues
involved in tuning Cascades for efficiency.

| Year | 1980 | 1985 | 1990 | 1995 | 2000 |

Max. no. of joins used in
commercial applications

4 6 10 16 23

Note: The given numbers were obtained by averaging the estimates of David
Maier (OGI) and Leonard Shapiro (PSU).

Table 1.1: Increasing query complexity over time

1.2 Terminology

This section introduces only the most basic terminology that is indispensable
for the understanding of this thesis. More precisely, the following keywords
are covered: property (logical and physical), operator (logical and physical),
operator tree (logical and physical), plan, expression, logical equivalence.

First of all, let’s introduce logical and physical operators: For that purpose,
please note that a relation in its mathematical sense is a multi-set (sometimes
called a “bag”) of tuples. Internal to a computer, however, it is represented as a
stream of tuples. A stream is the natural representation for a relation since the
step by step processing of a computer puts the tuples of a relation into some
order. This distinction between representation (i.e. stream) and represented
object (i.e. relation) motivates the definition of logical and physical properties:

(i) The logical properties of a stream are the properties of the relation that is
represented by the stream. Typical logical properties are the schema and
cardinality of the represented relation.

(ii) The physical properties of a stream are all its properties that are not
logical. These properties are stream-specific and do not apply to the
represented relation. The most typical physical property of a stream is
the order of its tuples.
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Next, let’s introduce logical and physical operators. The logical operators
are the operators of the relational algebra. They are defined by a formal de-
scription of how they map input relations onto output relations. SELECT,
PROJECT, and JOIN are examples of logical operators.

A physical operator, by contrast, is the (concrete) implementation of an
operator. This term was introduced to clearly distinguish between the math-
ematical concept of a logical operator and the computer related concept of its
implementation. Since physical operators come out of the world of bits and
bytes, they map streams onto streams, not relations onto relations. Therefore,
they might require the input streams to have certain physical properties. The
MERGE_JOIN operator, for instance, requires its inputs to be sorted on the
join attributes. Analogously, some physical operators guarantee certain phys-
ical properties for their output stream. Sort enforcers are an example of this
species: They take attributes of the input stream as parameter, and guarantee
the output stream to be sorted on these attributes. Other common physical
operators are HASH_JOIN, RELATION_SCAN, and INDEXED_RELATION_SCAN
[12, 21, 25].

I conclude this section with some further definitions: An operator tree is
a tree of operators in which the children of an operator produce the operator’s
inputs. An operator tree is logical or physical if its operators are exclusively
logical or physical 2, respectively. Physical operator trees are also called plans.
The term operator tree without any addition is used to designate a tree that
might contain both, logical and physical operators. An expression is the sym-
bolic representation of an operator tree. Thus an expression also can be logical,
physical, or “mixed”. Finally, I say that two operator trees (or expressions)
are logically equivalent if they produce identical output relations over any legal
database. They need not, however, produce identical output streams! Only the
relations represented by the streams must be identical.

1.3 Query Optimization Basics

This section gives an introduction to the field of query optimization. First, the
reason why query optimizers are needed is reviewed. After that, a taxonomy of
query optimizers is given. Two optimizer types in that taxonomy are particu-
larly interesting to us: The bottom-up optimizers and the top-down optimizers.
Therefore a description of these optimizer types will conclude the section.

To understand the need for query optimization, let’s consider what happens
when the user submits the following SQL-query to its database system:

SELECT *
FROM A, B, C
WHERE

*Note: Some authors define an operator tree to be logical or physical if its top operator
is logical or physical, respectively. I don’t follow their linguistic usage!
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After parsing the query, a relational database system will represent it in-
ternally as the join of the tables A, B, and C. (Please note that the Cartesian
product can be considered as a join with no join condition.) But there’s a prob-
lem: Because the join operator (X) is commutative and associative, the join of
A, B and C might be represented as

(A X B) X C, (1.1)

or as

(C X A) X B, (1.2)

or indeed in any of a number of other ways. If we make the simplifying
assumption that there is only one physical join operator, then there are still 12
different expressions that represent A X B X (. Each of these expressions
can be used to calculate the result of the query, but the computational costs
might vary quite a bit from one expression to another. Thus, choosing the
right expression as the basis for query evaluation is of utmost importance to
the performance of a database system. The module that makes this choice is
known as the query optimizer.

The query optimizer’s job is highly non-trivial! Indeed, for the query
Ry X --- X R, — the R; being relations — there are (2n — 2)!/(n — 1)! dif-
ferent expressions that can be used to evaluate it. This quantity grows at an
explosive, faster-than-exponential rate. To see where this quantity comes from,
please note that the relations Ry, -, R, can be permuted in n! different ways.
Furthermore, for each of these permutations, the number of possible ways to
parenthesize it is known as the n-th Catalan Number [18], which is equal to

1 2(n—1)

- . 1.3

(o) )
Multiplying n! and formula (1.3) yields the given result!

OK, now that it has been said why query optimizers are needed, let’s look at
how they work. Figure 1.1 shows my attempt to classify the different optimizers
that have been built over the years.

Purely heuristic optimizers [10, 12] were built until about 1985. They use
heuristics in a greedy way to transform the initial operator tree into a suppos-
edly cheaper one. Common heuristics are to avoid Cartesian products and to
push SELECT and PROJECT nodes down towards the leaves. Even though these
optimizers generally work well, there are cases where their effectiveness is poor.
This spurred research into cost-based optimizers. Optimizers of this type search
the space of all possible operator trees, and estimate their computational costs.
The cheapest operator tree is returned as the optimization result. Cost-based
optimizers might use heuristics in order to prune the search space, but they
never use heuristics exclusively! This optimizer type has got two important
subclasses: The bottom-up optimizers and the top-down optimizers.



CHAPTER 1. INTRODUCTION 5

Query Optimizers

Purely Heuristic Cost-Based
Optimizers Optimizers

Bottom-Up Top-Down
Optimizers Optimizers

Hard-Coded Rule-Based Hard-Coded Rule-Based

Figure 1.1: A taxonomy of query optimizers

The bottom-up optimizers [7, 31] are older than the top-down optimizers.
They are based on Bellman’s principle of optimality and dynamic programming.
Bellman’s principle of optimality is a very general approach to solving optimiza-
tion problems. Applied to the field of query optimization, Bellman’s principle
of optimality says that — in order to find an optimal operator tree — it is suffi-
cient to consider only trees whose subtrees are optimal. Dynamic programming,
finally, is a programming technique which is commonly used to implement Bell-
man’s principle of optimality. Figure 1.2 shows the bottom-up algorithm for
join-order optimization. To see how the algorithm works, let’s apply it on the
query A X B X C: First the (trivial) problems A, B, and C are optimized,
yielding opt({A}), opt({B}), and opt({C}). Next these optima are used to op-
timize A X B, A X C,and B X C. That yields opt({A, B}), opt({4,C}), and
opt({B,C}), which in turn is used to calculate opt({4, B, C}), the final result.
Obviously, bottom-up optimizers perform a bottom-up, breadth-first search!

Bottom-up optimizers can be further subdivided into hard-coded and rule-
based optimizers . To understand the difference, please notice that there has to
be some rule-set (implicit or explicit) that dictates how the optimal solutions of
small problems are fit together to yield the optimal solutions of bigger problems.
If this rule-set is implicit, i.e. if it is smeared all over the optimizer code, then
the optimizer is said to be hard-coded. If, in contrast, the rule-set is explicit,
i.e. if it has been separated into a module of its own, then the optimizer is
said to be rule-based. Obviously rule-based bottom-up optimizers are easier to
extend and modify. System R [31] is an example of a hard-coded bottom-up
optimizer; Starburst [19], on the other hand, is rule-based.

Bottom-up optimizers have one important problem: They are very difficult
to extend because, in the general case, it is not clear how a query can be split
into meaningful subproblems such that (1) the subproblems can be optimized
independently, and (2) their solutions can be reassembled into the optimal
solution of the initial query.
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Input: Ry X --- X R,, the R; being relations;
Output: opt ({R1,...,Ry,}), the optimal operator tree for
calculating Ry X .-+ X Ry;
Algorithm: // proceeds in bottom-up, breadth-first order
fori:=1tondo
for each set S C{Ry,...,R,}, |S| =i do
// find and save the optimal operator tree
// for joining the relations in S
opt(S) := not defined;
for each non-empty P C S do
consider tree t := opt(P) X opt(S — P);
if t is cheaper than opt(S) then
opt(S) :=t;
endif;
endfor;
endfor;
endfor;

Figure 1.2: Bottom-up join-order optimization

Top-down optimizers were meant to improve upon bottom-up optimizers in
this respect. Their basic idea is to use rewriting rules in a depth-first search
manner in order to explore the search space. The emphasized terms are central,
so let’s have a closer look at them:

Rewriting rules: These are rules of the general form before—pattern —
after—pattern. Their meaning is that, whenever the pattern
before—pattern is found in an operator tree, then it can be replaced by
after—pattern to get a new, logically equivalent operator tree. Well-known
rewriting rules are join-commutativity, i.e. A X B — B X A, and join-
associativity, i.e. (A X B) X C — A X (B X O).

Depth-first search: Depth-first search is the strategy that controls how the
rewriting rules are applied in order to generate new operator trees out of
old ones. Depth-first search traverses a given operator tree in post-order,
first applying rewriting rules to the children of a node, then to the node
itself.

Of course, all generated operator trees will be costed and the cheapest one
will be returned as the optimization result. I don’t give a pseudo-code descrip-
tion of top-down optimization here. That will be done in Chapter 2. One final
point worth mentioning is that top-down optimizers, just like their bottom-up
counterparts, can be hard-coded or rule-based. The distinctive feature is the
same as for bottom-up optimizers, with the only difference that the rule-set of
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a top-down optimizer is defined to be the set of all its rewriting rules. Vol-
cano [17] is a hard-coded top-down optimizer. Modern top-down optimizers
like Cascades [14] or Columbia [33, 37| are rule-based.



Chapter 2

Cascades

Cascades has been described at many different places [1, 13, 14, 21, 25, 34].
Still, I feel there’s no thorough description of the underlying principles, data
structures, and algorithms. The present chapter tries to fill this gab. To do so,
it proceeds in four steps:

— Section 2.1 explains Cascades’ philosophy to split an optimizer into two
parts: The model that specifies the SQL-dialect of the optimizer, and the
search engine, which constitutes a generic optimizer kernel that can be
linked to any given model to build an optimizer for the specified SQL-
dialect.

— Section 2.2 covers the data structures of Cascades.

— Section 2.3 describes the algorithm that Cascades uses to find the optimal
operator tree, i.e. the operator tree that should be used as the basis of
query evaluation.

— Section 2.4 contains an example that extensively uses the material covered
in the preceding three sections.

2.1 Cascades’ Architecture

In Section 1.3, Cascades has been classified as rule-based. To recap, “rule-
based” means that the code which implements the rewriting rules is strictly
separated from the code that uses them. This separation is achieved by using
the object-paradigm ! to implement the architecture shown in Figure 2.1. Next,
starting at the top, the depicted architecture will be discussed.

'"Notice: I’ll use the terms
class — object — method — attribute

to discuss object-oriented concepts [23]. The term class element is used as a generic name for
methods and attributes.
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Search Engine

“----_implementation.--- -~
. based

next_substitute() [SYNTH LOG PROP]
FUNCTION_RULE

opt_promise() CcOST

find_phys_prop()

condition()
ulaned

0

[ SYNTH_PHYS_PROP }

()doud
“Bo| puy

final cost

input_reqd_prop()

Figure 2.1: The architecture of Cascades

The search engine is a very complex piece of code. It’s job is to generate,
for a given query, all logically equivalent operator trees, cost them, and return
the cheapest one. In order to fulfill this task, the search engine must know the
operators it manipulates, as well as the rewriting rules that apply to them. This
knowledge is provided through the abstract interface classes: By implementing
(concrete) subclasses to these interface classes, all the necessary information is
made available to the search engine. The set of these subclasses is called the
model.

Here’s an alternative way of looking at Cascades’ architecture: The search
engine is an “optimizer kernel” that can be used to optimize any SQL-dialect
for any query execution system?. To build a full optimizer, the search engine
must be supplemented with the description of a concrete SQL-dialect and its
corresponding query execution system. This description is called the model.
The model consists of a set of subclasses to Cascades’ abstract interface classes.
These subclasses must abide by the specification of the interface classes, so
that the search engine can understand and use them. The search engine then
exploits objects of the subclasses to learn all it needs to know about the given
SQL-dialect and its query execution system. (Note: This way of using abstract
interface classes is known as polymorphism [23].)

2The query ezecution system of a DBMS is the module that executes the output of the opti-
mizer. Therefore, it determines the available physical operators, as well as their computational
cost.
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‘ Class element ‘ Overr. ‘ Semantics ‘

An attribute, used to store the before-

atte N
pattern © pattern of a rule.

A method returning an estimate for the
opt_promise() Yes | usefulness of a rule. Used to apply the
most promising rules first.

To apply a rule to an operator tree £, the
rule’s pattern must match a subtree of ¢,
and the method condition() must evaluate
to true.

This method calculates the after-pattern
next_substitute() | Yes | of a rule. This is more flexible than fixing
a priori an after-pattern.

condition() Yes

Table 2.1: Description of the class FUNCTION_RULE

The tricky part of this architecture is that, whenever the SQL-dialect or the
query execution system changes, all that has to be modified is the model; the
search engine stays the same. But the model is easy to modify since the abstract
interface classes are very simple. Therefore optimizers whose implementation is
based on Cascades (also called Cascades-based optimizers) have been claimed
to be extensible: Just modify the model to reflect the new requirements and
you're done! Chapter 3 will examine how true this claim is.

Now let’s have a closer look at the interface classes shown in Figure 2.1. The
first thing that needs to be said is that the depicted interface is a simplification
in two respects: Firstly, Cascades’ interface comprises more classes. Secondly,
for those classes in the figure, not all the class elements are shown. Nevertheless,
the figure contains the most relevant information about Cascades’ interface
classes. The remainder of this section will be dedicated to describing each of
the interface classes in Figure 2.1.

Each rewriting rule r is an object of a class R. R, for its part, is a sub-
class of the class FUNCTION_RULE. Table 2.1 shows for each class element of
FUNCTION_RULE whether it must be overridden in R or not. The semantics
column of Table 2.1 describes the usage of the class elements. For class ele-
ments that are overridden by R, it is the model programmer’s responsibility to
abide by these semantic specifications! Here’s an example to illustrate the new
concepts:

Example 2.1 Consider the join-associativity rule. It’s pattern is the expres-
sion (A Xp B) Mg C, P, and Q being predicates and A, B, and C being
so-called leaves. Leaves are variables that can be bound to any arbitrary opera-
tor tree. The rule’s after-pattern is not A Xp (B Mg C) since when moving
the parentheses, the predicates P and ) have to be revised, too. This is done
by the method next_substitute( which calculates a tailor-made after-pattern for
each binding of the before-pattern pattern. The method pt_pr ise( can be
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implemented as the model programmer sees fit. The method n iti n(, finally,
always returns true. n example of a rule with a non-trivial n iti n( is the
rule that commutes and ANXp (B)— (A Xp B). This
rule must not be applied if the project node calculates new, additional attributes
that are used in the join condition P. Thus, n iti n( only returns true if the
schema of B contains all the attributes needed by the join condition P.

Next, let’s consider the classes SYNTH_LOG_PROP, COST,
SYNTH_PHYS_PROP and RE D_PHYS_PROP. To this end, the differ-
ence between synthesized properties and required properties must be defined.
The synthesized properties of a stream are all its properties that Cascades can
derive (“synthesize”) from the operator tree and the database that produced
the stream. Thus, synthesized properties are derived from what Cascades
knows. Required properties, in contrast, describe what Cascades is heading
for: A set of required properties tells Cascades to look for an operator tree
whose output stream possesses these properties. Logical properties are always
synthesized. Physical properties might be synthesized or required.

Now let’s go back to the interface classes SYNTH_LOG_PROP, COST,
SYNTH_PHYS_PROP and RE D_PHYS_PROP. Cascades uses these classes (al-
most) without making any use of their internal structure (i.e. their class ele-
ments). Therefore the model programmer has a lot of freedom when subclassing
these interface classes. The only restriction is that each subclass must define
what is indicated by the name of its parent class, i.e. it must define either (syn-
thesized) logical properties, computational cost, synthesized physical properties
or required physical properties.

Example 2.2 equired physical properties arise, for example, in the case of the

_ operator. This operator requires its input streams to be sorted on
the join attributes. To establish this sorting, the sorting requirement which is
a required physical property is passed to the input trees of the _
operator. Later, when Cascades optimizes the input trees, the sorting require-
ment conveys the following message to Cascades The input trees must be opti-
mized so as to minimize their computational cost, and to guarantee their output
streams satisfy the sorting requirement.

Obviously, required physical properties propagate top-down (from the
MERGE_JOIN operator to its inputs). We’ll see later that synthesized prop-
erties (logical or physical) propagate bottom-up (from the leaves of an operator
tree to its root).

The last interface class to be discussed is the class OP_ARG. Each oper-
ator is an object of some subclass of the class OP_ARG. The class OP_ARG
possesses two types of methods: The methods na _cost(), nd_p s_prop(),
and input_re d_prop(), which only apply to physical operators, and the method

nd_o _prop(), which only applies to logical operators. Let’s have a closer look
at each of these methods.
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— Be 0 an operator. Feed the logical properties of o’s input streams into the

method nd_o _prop() and the logical properties of its output stream are
returned as a result. For a whole operator tree, the logical properties of
its output stream can be derived by using the method nd_o _prop() in a
bottom-up fashion: Starting at the leaves, calculate the logical properties
of each operator’s output stream and pass this information upwards in
the tree. Cascades has implemented this technique. (Now it becomes
clear why Cascades needs to know nothing about the internal structure
of the class that implements logical properties: Cascades just moves the
objects of this class to and from the nd_o _prop()-methods. All the real
work that requires an understanding of what logical properties really are
is done inside these methods.)

The method na _cost() calculates the computational cost of a physical op-
erator tree. Please notice that no cost is defined for an operator tree that
contains logical operators. This is because logical operators are mathe-
matical entities. There is no notion of executing logical operators; thus
no cost can be associated with them.

Be 0 a physical operator. Feed the logical and physical properties of 0’s in-
put streams into the method nd_p s_prop() and you get the synthesized
physical properties of 0’s output stream as a result. For a whole operator
tree, the physical properties of its output stream can be derived by the
same bottom-up procedure that has been described for nd_o _prop().

Be 0 a physical operator, for example the MERGE_JOIN operator of exam-
ple 2.2. Somehow Cascades must learn about the physical properties that
the operator o requires from its input streams. This is done by invoking
the method input_re d_prop() on the operator o. The method’s return
value are just the required physical properties.

As might be expected, objects of the classes SYNTH_LOG_PROP, COST,
SYNTH_PHYS_PROP and RE D_PHYS_PROP are used to pass logical proper-

ties, costs and physical properties to and from the above methods.

2.2 Cascades’ ata tructures

This section covers the five data structures that Cascades’ search engine uses:
The memo (class MEMO), the group (class GROUP), the multi-ezpression (class

EXPR_LIST), the context (class CONTEXT) and the winner’s circle (class

IN

NER). The class names of these data structures are given for completeness only.

No further implementation related aspects will be covered in this section.

The ER-diagram [12] in Figure 2.2 outlines the relationship between the
data structures. Subsection 2.2.1 describes groups, multi-expressions, and the

memo; Subsection 2.2.2 is dedicated to the context, and the winner’s circle.
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GROUP_BY

gby, agg_ops,
agg_attrs

> lattrs=rattrs

GROUP_BY
gby M right_schema,
agg_ops, agg_attrs

Conditions to rule application:
(i) agg_attrs < right_schema
(ii) rattrs < gby
(iii) left_cand_key < lattrs

Where:
® |attrs, rattrs = the left and right join attributes;
® right_schema = the schema of LEAF_1;
® |eft_cand_key = some key of LEAF_O;



Disable the rules

GROUP_BY

gby, agg_ops,
agg_attrs

GROUP_BY

gby, top_agg_ops,
top_agg_attrs

GROUP_BY
(gby M right_schema) U rattrs,
agg_ops, agg_attrs

Conditions to rule application:
(i) agg_attrs < right_schema
(i) The AVG-operator is not among the agg_ops
(iii) There’s no DISTINCT-qualifier in the agg_ops
(iv) The rule R5 cannot be applied
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no AVG operator
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a) The initial memo b) The memo after optimizing [ Ry, Ry, R3]
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¢) The memo after applying rule R6
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p =
/p1: }2\
R1 R1

Without loss of generality:
® BeR; aleave of sub-plan p ;.
® BeR] ,R1€{R1, ...,Rp}, any leave of the sub-plan p 5.

Then, the function ¢ is constructed recursively:

(1) Find the corresponding functions
¢1:{><i|><iep1}»{Ri |R; leaf of p 1 }\{R}}, and
021 {1 |21 €po}—={R] |Rj leafof p }\{R]}
for the sub-plans p 1 and p ».

(2) Define:
¢(D<]t0p) = Ri
¢ (i) =0 ,(><1)), Vi<lje py,

O () =02 (1 ).V, € pg,
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