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ABSTRACT

A query optimizer compares alternative plans in its search
space to find the best plan for a given query. Depending
on the search space and the enumeration algorithm, opti-
mizers vary in their compilation time and the quality of the
execution plan they can generate. We build a compilation
time estimator that provides a quantified estimate of the
optimizer compilation time for a given query. Such an esti-
mator is useful for automatically choosing the right level of
optimization in commercial database systems. In addition,
compilation time estimates can be quite helpful for mid-
query reoptimization, for monitoring the progress of work-
load analysis tools where a large number queries need to be
compiled (but not executed), and for judicious design and
tuning of an optimizer.

Previous attempts to estimate optimizer compilation com-
plexity used the number of possible binary join sequences as
the metric and overlooked the fact that each join sequence
often translates into a different number of join plans because
of the presence of “physical” properties. We use the number
of plans (instead of join sequences) to estimate query com-
pilation time and employ two novel ideas: (1) reusing an op-
timizer’s join enumerator to obtain accurate number of join
sequences, but bypassing plan generation to save estimation
overhead; (2) maintaining a small number of “interesting”
properties to facilitate plan counting. We prototyped our
approach in a commercial database system and our exper-
imental results show that we can achieve good compilation
time estimates (less than 30% error, on average) for complex
real queries, using a small fraction (within 3%) of the actual
compilation time.

1. INTRODUCTION

A query optimizer in a database system translates a non-
procedural query into a procedural plan for execution, typ-
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ically by generating many alternative plans, estimating the
execution cost of each, and choosing the plan having the
lowest estimated cost. The complexity of an optimizer is
mainly determined by a search space and an enumeration
algorithm enumerating plans in the search space. In gen-
eral, increasing the search space of an optimizer improves
the chances—but does not guarantee—that it will find a bet-
ter plan, while increasing the cost (compilation time) for
optimizing the query. In this paper, we study the problem
of estimating quantitatively how long it takes an optimizer
to compile a query. We first motivate the importance of this
problem in Section 1.1 and then outline our solution to the
problem in Section 1.2.

1.1 Motivation

A major challenge in the design of a query optimizer is
to ensure that the set of feasible plans in the search space
contains efficient plans without making the set too big to be
generated practically. For that purpose, most commercial
database systems often have multiple levels of optimization.
For example, a system can have a “low” level optimization
that employs a polynomial-time greedy method or a ran-
domized algorithm and a “high” level that searches all bushy
plans using a conventional dynamic programming enumera-
tion method [20]. “knobs” within an optimizer, such as lim-
its on composite inner size and whether Cartesian products
are allowed or not, essentially create many additional “in-
termediate” optimization levels. The higher the optimiza-
tion level, the better the chance of getting a good execution
plan, but the longer the compilation cost. Given a query,
the system should decide what the right optimization level
is. Traditionally, database administrators make such deci-



sions. To automate such decisions, we will need to design a
meta-optimizer (MOPT).

Just as we estimate plan execution costs in a query op-
timizer, an essential component in MOPT is a compilation
time estimator (CTE). Figure 1 describes how such an esti-
mator can be used in a simple MOPT choosing between two
levels of optimization. MOPT first compiles the query at the
low level and obtains an estimate (measured by time) of the
execution cost (call it E) of the best plan it finds. It then
calls CTE to obtain the compilation time estimate (call it
C) of the query at the high level. MOPT then compares E
with C to decide whether to reoptimize the query at the high
level. For example, if C is larger than FE, then there is no
point for further optimization since the query can complete
execution by the time high-level optimization finishes. It’s
not unconceivable that a query can take longer to compile
than to execute, especially when the query is very selective
or when users only want to see the top n rows. On the other
hand, if C' is much smaller than F, reoptimizing the query at
the high level gives the potential of further reducing £ with
only a relatively small cost (C'). A more advanced meta-
optimizer can be built by exploiting additional information
such as whether a query is static or dynamic (it’s worth-
while to spend more time optimizing a static query since
the query is likely to be executed repeatedly) and an esti-
mate of potential gains in plan quality for each optimization
level. Nevertheless, a quantified compilation time estimate
by itself is already quite useful.

A CTE can be used for many other applications. It is use-
ful in evaluating the need for mid-query reoptimization [15],
where an optimizer tries to generate a new plan in the middle
of execution if significant cardinality discrepancy has been
discovered. However, reoptimization itself takes time. A
wiser decision on whether to reoptimize or not can be made
by comparing the execution cost of the remaining work with
the estimated time to recompile.

Estimating the compilation time is also very useful for
workload analysis tools. Examples of these tools are advi-
sors for indexes [4, 22], materialized views [1], and partition-
ing [18] that have been built on top of commercial database
systems. All these tools spend most of their time compiling
(but not executing) a large number of queries in the input
workload as part of their tuning analysis, and may run for
hours or even days, depending on the workload. A CTE can
be used to forecast how long such a tool will take to finish
and possibly to show the progress of the tool as well.

Last, but not least, our study of compilation time discloses
what the “real” cost of compiling a query is and where the
time goes during optimization. Our results are useful for
database vendors evaluating different heuristic rules of cut-
ting down optimizer’s search space.

1.2 Solution

One straightforward solution to estimate the compilation
time is through caching. For each compiled query, we can
store its compilation time in a statement cache and use it as
our estimate for subsequent similar queries. However, this
approach is not suitable for dynamic ad-hoc queries, which
are the focus of this paper.

Compilation time estimation has been studied to a certain
extent, but not comprehensively in the literature. Most of
the studies relate optimization complexity to the number of
possible join sequences [17] (i.e., the compilation time should

be proportional to the number of join sequences considered
by the optimizer) and then try to efficiently count the num-
ber of join sequences. (For easy presentation, we refer “join
sequence” simply as “join” in the rest of the paper.) While
we concur with the observation that join optimization dom-
inates optimization cost, we’d like to point out two major
problems with this approach. First of all, counting the num-
ber of joins is hard for a general class of queries with cycles
in the join graph. Second, all existing studies ignored the
presence of “physical” properties (such as the order prop-
erty) kept by an optimizer which could disproportionally af-
fect the time spent on optimizing each join. We will discuss
these two problems in more details in Section 2.2.

This paper shows that a better way to estimate optimiza-
tion complexity is by estimating the number of generated
join plans, rather than the number of joins. To do this for
any possible query, we exploit the join enumerator in an op-
timizer to iterate all the joins and simply bypass plan gener-
ation. We accumulate a small number of relevant properties
during enumeration to calculate the number of generated
plans for each enumerated join. To validate our approach,
we prototyped our methods in IBM Universal Database for
Unix and Windows [5] (referred to simply as DB2 in the rest
of the paper). Our experimental results show that this ap-
proach provides compilation time estimates with an average
error of 30% (much lower in many cases), using less than 3%
of the actual compilation time.

For expository purposes, we focus our discussions on a
conventional dynamic programming style join enumerator
because it is widely used in both commercial and research
database systems. However, we believe that our approach is
applicable to many other kinds of enumeration as well.

The remainder of the paper is organized as follows. Sec-
tion 2 revisits the dynamic programming algorithm and de-
scribes the limitations of previous attempts to estimate op-
timization complexity. We present our general approach in
Section 3 and our experience of prototyping on DB2 in Sec-
tion 4, respectively. Section 5 summarizes our experimental
results on a wide range of workloads. We discuss other re-
lated work and potential extensions to our work in Section 6,
and conclude in Section 7.

2. BACKGROUND AND PREVIOUS WORK

In this section, we first give an overview of how dynamic
programming search algorithm works, and then explain pre-
vious attempts to estimate optimization complexity and why
they are not sufficient.

2.1 Dynamic Programming Revisited

Since the join operation is implemented in most systems as
a diadic (2-way) operator, the optimizer must generate plans
that transform an n-way join into a sequence of 2-way joins
using binary join operators. The two most important tasks
of an optimizer are to find the optimal join sequence as well
as the optimal join method for each binary join. Dynamic
programming (DP) was first used for join enumeration in
System R [20]. The essence of the DP approach is based on
the assumption that the cost model satisfies the principle
of optimality, i.e., the subplans of an optimal plan must be
optimal themselves. Therefore, in order to obtain an optimal
plan for a query joining n tables, it suffices to consider only
the optimal plans for all pairs of non-overlapping m tables
and n — m tables.
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Figure 2: Compilation Time Breakdown for a Cus-
tomer Workload on DB2

To avoid generating redundant plans, DP maintains a
memory-resident structure (referred to as MEMO following
the terminology used in [10]) for holding non-pruned plans.
Each MEMO entry corresponds to a subset of the tables
(and applicable predicates) in the query. The algorithm
runs in a bottom-up fashion by first generating plans for
single tables. It then starts enumerating joins of two tables,
then three tables, etc., up until all n tables. For each join
it considers, the algorithm generates join plans and incor-
porates them into the plan list of the corresponding MEMO
entry. Plans with larger table sets are built upon plans with
smaller table sets. The algorithm prunes a higher cost plan
if there is a cheaper plan with the same or more general
properties for the same MEMO entry. Finally, the cheapest
plan joining n tables is returned.

2.2 Previous Work and its Limitations

Researchers have long observed that most of the compi-
lation time is spent on join optimization (which includes
both join enumeration and plan generation). Our experi-
mental study on DB2 confirms such an observation. Figure 2
gives a breakdown of the compilation time for a real query
workload. More than 90% of the time is either directly or
indirectly spent on generating and saving join plans of dif-
ferent types. Ono and Lohman [17] introduced a key finding
that optimization complexity is not determined by the total
number of join trees that can be formed, but by the number
of distinct binary joins. This is because the principle of op-
timality allows smaller subplans (cached in MEMO) to be
“shared” by multiple larger plans. For example, for a query
joining four tables—A, B, C', and D—together, the plan for a
join between A and B can be used in join (AB, C) as well as
in join (AB, D). Consequently, previous work attempts to
estimate the compilation complexity of a query by the num-
ber of joins enumerated. The underlying assumption was
that the cost of optimizing each join is approximately the
same. These attempts suffer from the following limitations:

e Determining the number of joins from a general join
graph is a hard problem. Although there are closed for-
mulas for certain special classes such as the linear and
the star-shaped queries [12, 17] and polynomial-time
algorithms for counting the number of joins for queries
with an acyclic join graph [7], counting the number
of different joins with cycles in the join graph is as
hard as counting Hamiltonian tours in a graph. The
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Figure 3: Number of Joins vs. Number of Plans

problem is #P-complete, which is even harder than
NP-Hard [13]. Cycles are common in real queries be-
cause of automatic query generation tools as well as
implied predicates computed through transitive clo-
sure in commercial systems. To make matters worse,
optimizers in real systems are typically customized by
various “knobs” and may not implement a full dy-
namic programming algorithm. For example, an op-
timizer may limit the size of the composite inner of
bushy plans, or an optimizer may only support free-
reordering plans for outerjoins, but not full reordering
with compensation such as generalized outerjoins [8].
All these variants make estimating the number of joins
a very difficult problem.

e A more severe problem is that, even if we are able
to estimate the number of joins in a query correctly,
the cost per join is far from uniform. As a matter of
fact, each join typically generates a different number
of plans depending on various “interesting” properties
that need to be kept. Such properties are extensions of
the important concept of interesting orders [20] intro-
duced in System R. Suppose that we have two plans
generated for table R, one ordered on R.a (call it pl)
and the other is not ordered (call it p2). Also sup-
pose that pl is more expensive than p2. Normally,
pl should be pruned by p2. However, if table R is
later to be joined with table S on attribute a, pl can
actually make the sort-merge join between the two ta-
bles cheaper than p2 since it doesn’t have to sort R.
To avoid pruning pl, System R identified orders of
tuples that were potentially beneficial to subsequent
operations for that query (hence the name interesting
orders), and compared two plans only if they repre-
sented the same expression and had the same interest-
ing order. This causes the number of plans generated
for each join and stored in MEMO to vary. In Fig-
ure 3(a), we show a 3-way join query and the plans



kept in the corresponding MEMO structure. For each
MEMO entry, a list of plans are stored, each carrying a
different order property that is still interesting. We use
DC to represent a “don’t care” property value, which
corresponds to all retired orders (orders no longer use-
ful for subsequent operations such as joins) and no
order at all. The cheapest plan with a DC property
value is also stored in each MEMO entry if this plan
is cheaper than any other plan with interesting orders.
Modifying the query to that in Figure 3(b) by adding
an orderby clause increases the number of interesting
order properties that need to be kept in all MEMO
entries containing A. By comparing Figure 3(a) with
Figure 3(b), we can see that the number of generated
join plans changes even though the join graph is still
the same. We will elaborate more on plan properties
in Section 3.2.

3. OUR APPROACH

To overcome the problems illustrated in the previous sec-
tion, we build a CTFE that estimates the compilation time
in terms of the number of plans. We should stress that it
is the number of generated plans (which is much more than
those kept in the MEMO structure) that we want to esti-
mate. We focus our attention on only the number of join
plans for two reasons. First of all, non-join plans (e.g., table
scan plans and index scan plans) are typically much fewer
than join plans and thus, take much less compilation time
(a small fraction of the time in the “other” category in Fig-
ure 2). Commercial systems typically consider only a limited
number of index anding and oring plans for practical rea-
sons. Second, the number of non-join plans are much easier
to estimate. For example, there are typically two group-by
plans—one sort-based and one hash-based—for each aggre-
gation that needs to be performed in the query. The num-
ber of index plans can be estimated by counting the set
of applicable indexes (either because certain predicates can
be pushed to indexes or an index-only plan can be used).
Therefore, when necessary, we can always include non-join
plans in our model. In the rest of the paper, we will use the
term “plan” and “join plan” interchangeably.

Our goal is to be able to provide a reasonably accurate
estimate of generated plans without using too much time
and space. We first describe how to reuse an existing join
enumerator to obtain all enumerated joins in Section 3.1.
Next, we discuss physical properties that affect the number
of plans generated in Section 3.2. Section 3.3 outlines our
general approach of plan estimation considering a single type
of physical property. We extend our approach to support
multiple types of physical properties in Section 3.4. Finally,
we describe how to convert plan estimates to time estimates
in Section 3.5.

3.1 Reusing the Join Enumerator

While estimating the number of joins for any given query
is quite hard, a join enumerator of an optimizer certainly will
know how many joins it considers once it iterates through all
possible joins. So, it’s tempting to exploit the join enumer-
ator to do the join counting. However, we have to answer
two questions: (1) How expensive is a join enumerator? (2)
How feasible is it to exploit the join enumerator in a real
system?

Despite the fact that join enumeration time may grow

exponentially to the number of tables in a query, join enu-
meration itself only takes a small fraction of the total com-
pilation time. In Figure 2, join enumeration time is only
a small portion (less than 20%) of the “other” category.
Plan generation, on the other hand, dominates join opti-
mization time. Our analysis shows that a large amount of
time in generating a plan is spent on estimating the exe-
cution cost. Execution cost estimation is the foundation of
any cost-based optimizer, and commercial systems build so-
phisticated execution cost models to make sure that their
cost estimates are close to reality. Such developments as so-
phisticated disk drives, innovative buffer management, and
new types of histograms all contribute to the complexity of
a cost model. Therefore, as long as we bypass plan gener-
ation, reusing join enumeration is not as expensive as the
reader might expect.

Is the join enumerator still usable after bypassing plan
generation, i.e., do we still have the same set of joins enu-
merated as before? After all, we do miss certain information
without generating the plans. A join enumerator is reusable
as long as the number of joins enumerated doesn’t depend
on information present only in generated plans (such as es-
timated execution costs). Note that it is fine if a join enu-
merator only changes the relative order of joins enumerated
based on plan dependent information since this doesn’t af-
fect the compilation complexity. Fortunately, typical join
enumeration is performed on a logical basis, which is plan
independent. T'wo sets of tables are enumerated for a join
as long as they don’t overlap and there is at least one feasi-
ble join predicate linking the two sets (assuming Cartesian
product is not allowed).

Note that the design of many extensible optimizers [16,
10] decouples join enumeration from plan generation. The
separation between the two aspects allows for greater flexi-
bility and extensibility of the query optimizer. For example,
the join enumeration algorithm can be modified without af-
fecting how joins are implemented, and a new join method
can be easily introduced without touching any enumeration
code. There is only a thin interface between the enumera-
tion and the plan generation component. In such systems,
bypassing plan generation becomes much easier.

Reusing existing join enumeration gives us two advan-
tages: (1) We can estimate the compilation time of any
query without relying on any assumption about the shape
(linear, star, etc.) or connectivity of the query graph. (2)
The number of joins enumerated are consistent with all the
customizations of the enumeration algorithm, and thus can
reflect the real complexity of compiling a query.

3.2 Physical Plan Properties

The idea of interesting orders was later generalized to mul-
tiple physical properties in [11, 16] and is used extensively
in modern optimizers. Intuitively, a physical property is a
character of a plan that is not shared by all plans for the
same logical expression (corresponding to a MEMO entry),
but can impact the cost of subsequent operations. We reuse
the term physical property in a broader scope to refer to
any property that violates the principle of optimality; such
a property need not be physical. Thereafter, we may refer to
“physical property” simply as “property” when the meaning
is clear from the context.

The presence of physical properties can significantly affect
the number of join plans generated and stored in the MEMO



Physical Property Its Application

| What’s Interesting

order [20] optimizing queries relying on

sort-based operations

an order with columns matching the join column of a future
join, the grouping attributes (from the groupby clause), and
the ordering attributes (from the orderby clause)

optimizing queries in a parallel
database

(data) partition [9]

a partition with partitioning keys matching the join column
of a future join, the grouping attributes, and/or the ordering
attributes (depending on whether it’s a range partition or
a hash partition )

optimizing queries asking for
the first n rows

pipelinable

if pipelinable

data source [14] optimizing queries on hetero-

geneous data sources

any data source

expensive predicates [6] | allowing expensive predicates

to be applied after joins

any set of expensive predicates that have been applied

Table 1: Summary of Physical Properties

structure. The analysis in [9] shows that the number of
bushy join plans generated when taking physical properties
into consideration is on the order of O(kn®) for a linear-
shaped query and O(kn2") for a star-shaped query, where
n is the number of tables and k is the upper bound of phys-
ical properties associated with each join. Notice that k is
independent of n (e.g., the number of interesting orders is
determined primarily by the number of predicates, not by
the number of tables) and can be an important or even dom-
inant factor for relatively small n (less than 100), which is
typical for join queries. This is especially true when multiple
types of physical properties are kept together, which creates
a combinatorial explosion. In contrast, “logical” proper-
ties such as cardinalities, keys, and functional dependencies
(FDs) in general have the same value for the same logical
expression, and therefore don’t increase the number of plans
for a join. Logical properties can affect the time needed to
generate a plan though. For example, a plan with many
keys and FDs might take longer to generate than a plan
with no keys and no FDs at all. However, since we only
need to compute a logical property once for each MEMO
entry (through property caching) instead of for each join,
this impact is amortized.

We summarize a list of representative physical properties
and their applications in the first two columns of Table 1.
Similar to interesting orders, each physical property has its
own concept of being interesting. This is described in the
third column in Table 1. Interesting properties can “retire”,
i.e., they are no longer useful for any of the remaining op-
erations. In Figure 3, we can see that retired orders are not
carried around in the MEMO structure any more. Two im-
portant aspects of interesting properties are how they are
generated during planning, and how they are propagated by
various join methods. Both the property generation policy
and the propagation character affect our plan estimation as
we will see in the next section.

We distinguish between two kinds of property generation
policies. An interesting property can be generated in a lazy
fashion, in which it is only generated naturally, or an eager
fashion, in which the optimizer tries to force the generation
of a property if it is not naturally present. Take the order
property as an example. Under a lazy policy, interesting or-
ders generated include those that result from an index scan
or a sort-merge join. In contrast, under an eager policy, if
an interesting order does not exist naturally, the optimizer

Join Method/ Property | Order | Partition
NLJN full full
MGJN partial | full
HSJN none full

Table 2: Property Propagation Classification

will add a sort operator on top of a plan to force that order
to exist. There are tradeoffs between the two policies. The
eager one considers a larger search space, but may signifi-
cantly increase optimization time. The lazy policy reduces
the number of plans generated at the risk of missing good
plans. The decision of which policy to take is system depen-
dent and is typically made heuristically by considering the
cost of enforcing a property and the potential benefit it can
bring.

Interesting properties are propagated differently by differ-
ent types of join method. Again, take the order property for
example. A nested-loops join (NLJN) can always propagate
the order from its inputs (the order carried by the outer in-
put, to be specific). Since a sort-merge join (MGJN) requires
both inputs to be sorted, it can only propagate orders cor-
responding to join columns of this particular join. Hash join
(HSJN) in general destroys any order property, unless the
inner table fits entirely in memory, which is hard to guaran-
tee at compilation time. Accordingly, we categorize the way
that a join method propagates properties into three classes:
full, partial and none. Table 2 summarizes the propagation
characterization of some physical properties.

3.3 Estimating the Number of Plans with One
Type of Physical Property

In this section, we describe how to estimate the number
of generated plans, assuming that there is only one type
of physical property P. For each join being enumerated,
the number of join plans generated depends on the number
of distinct interesting properties of P in both join inputs.
One straightforward way to count the number of interesting
properties for each enumerated join is to always recompute
on the fly from a collection of all possible property values of
P by filtering out retired properties. Even though this ap-
proach doesn’t use any additional space beyond the MEMO
structure itself, it is not efficient because it performs a lot
of redundant computation. Observe that a property retired
by a logical expression can never be interesting again for a



subsuming logical expression. To exploit that feature, we in-
stead accumulate an interesting property value list for each
MEMO entry bottom-up, and use the list from lower MEMO
entries to compute the list for upper MEMO entries. This
requires some additional space overhead and is a classical
technique of trading space for time. Compared with the size
of a full plan (typically in the order of hundreds of bytes),
each property takes a much smaller amount of space (typi-
cally 4 bytes).

Initially, we have to populate the interesting property
value list for MEMO entries for a single table. This ac-
tually depends on the property generation policy. If a lazy
policy is used, we need to collect natural physical proper-
ties based on the physical configuration (such as indexes
and partitions defined) of the underlying table. Otherwise,
we will go through the logical expression of the query and
push interesting properties down to base tables, which can
normally be done in one top-down traversal of the internal
representation of the query ([21] described such an approach
of pushing interesting orders to base tables).

For each join (S, L) (both S and L are table sets) enumer-
ated, we propagate interesting property values of MEMO en-
tries for S and L to that of the MEMO entry for SU L. We
first make sure that a property value p from the input can be
propagated by at least one join method and then make sure
that it is not retired by the join. Finally, we check to see if p
is redundant by testing its “equivalence” with other proper-
ties already in the interesting property list of S U L. Notice
that joins can change property equivalence. For example,
two distinct orders on R.a and on S.a become equivalent
after the join predicate R.a = S.a is applied. Therefore,
equivalence needs to be checked for each enumerated join.

Instead of keeping one count for all join plans, we keep
a separate count for each type of join method. This is be-
cause: (1) each type of join may generate a different number
of plans, depending on its own property propagation policy;
and (2) the cost of generating a join plan may not necessarily
be the same for all join methods in real systems. For each
join enumerated, if a join method fully propagates P, we
will use the number of distinct interesting properties from
the join inputs as an estimate for the number of join plans.
We further increment its count by one assuming that one
additional plan will be generated for the DC property value
we introduced in Section 2.2. If a join method partially
propagates P, we estimate the plans using a subset of inter-
esting properties from the inputs (namely, those that can be
propagated). Finally, for a non-propagating join, we always
add its count by one.

One issue arises because of property subsumption [21]. We
define a subsumption operator < between two properties pl
and p2: pl < p2 if p2 is more general than pl. For exam-
ple, an order on (R.a,R.b) (ol) is more general than that
on R.a (02) and therefore 02 < ol. Property subsumption
is relevant because of join methods partially propagating
properties. Take for instance a MGJN between R and S
using a join predicate R.a = S.a. Normally, only 02 can be
propagated by the sort-merge join. However, if a subsum-
ing interesting order property ol is present (e.g., because
of orderby), ol will be propagated as well. This is because
when the sort-merge join requests a plan ordered on 02, a
plan ordered on ol (since it is more general than 02) will
be returned as well. As a result, two MGJN plans, instead
of one, will be generated. To account for this, for a partial

initialize(S)
input S: a MEMO entry
begin

Allocate an interesting property list for S.

If (S is for a single table)

populate interesting property list for S based on
the generation policy of P

end

accumulate_plans(S, L, J)
input S,L: MEMO entries of two table sets to be joined
output J: MEMO entry of the joined table sets
begin
define lists, list; and list; to be the interesting
property list of S, L and J respectively
For each property p in lists and list,
if (p can be propagated by at least one join method)
if (p has not been retired by the join AND
p is not equivalent to any property in list;)
add p to list;
For each join type ¢
if (¢ fully propagates P)
joing+ = |lists U list|
joing+ =1 (for DC property)
if (¢ partially propagates P)
list, = {p|p € lists Ulist;,t propagates p}
liste = {p2|pl < p2,pl € listy, p2 € lists Ulist; }
(list. is the coverage list)
joing+ = |list, U list.|
if (¢t doesn’t propagates P)
joing+ =1
end

Table 3: Estimate Number of Plans Considering
One Type of Physical Property P

join, we compute a coverage list, which includes all inter-
esting property values subsuming those propagatable by the
join. The number of plans generated by the partial join is
then increased by the length of the computed coverage list.

We are now ready to summarize our general framework in
Table 3. We introduce two new functions initialize(), and
accumulate_plans(). The first function is called every time
the join enumerator creates a new MEMO entry. It allocates
space for an interesting property list of P and initializes the
list for single-table MEMO entries based on the generation
policy of P. The second function is called for each enumer-
ated join (S,L) (assume that both S and L can serve as
the outer for now). The function first tries to propagate
interesting property values from the inputs. A property is
propagated if it is propagatable by at least one type of join
method, has not been retired by the join, and is not equiv-
alent to any property already propagated. The algorithm
then accumulates plan counts for each type of join, based on
how it propagates properties. Even though our algorithm is
based on a MEMO structure for a single query block, it can
be easily extended to handle multiple query blocks for more
complex queries.

3.4 Handling Multiple Types of Physical Prop-
erties

We now extend our general framework to estimate gener-
ated plans with the presence of multiple physical properties.



One simple solution is to treat multiple physical properties
as a single “compound” property, and our algorithm in Ta-
ble 3 can easily be reused. In the algorithm, instead of
storing single property values in the MEMO structure, we
store vectors containing multiple property values, each cor-
responding to a different type of physical property. A com-
pound property is retired only when all values in the vector
are retired. The interesting property lists in the MEMO
structure become longer because of the combinatorial effect
of multiple properties.

We observe that certain types of physical properties are
orthogonal to one another. Take the order property and
the partition property in a shared-nothing parallel database
system as an example. While the partition property des-
ignates how data is distributed across all the nodes, the
order property specifies how data is sorted on each individ-
ual node. An interesting order property value can always
coexist with any interesting partition property value and
vice versa (we can always first redistribute data satisfying a
specific partition followed by sorting data at each node to
satisfy a specific order). In this situation, one improvement
can be made by maintaining two separate interesting prop-
erty lists, one for each orthogonal type of physical property.
The benefit is savings in both time and space during plan
estimation, since we avoid generating and storing property
combinations. The number of plans can then be estimated
by multiplying the length of two interesting property lists.
One problem with this approach is inconsistent property re-
tiring. Since we keep separate interesting property lists, no
individual retired property value can exist in the MEMO
structure. However, when property combinations are gener-
ated, a retired individual property can survive if it is bound
to an interesting property of a different type in the same vec-
tor. Thus, the improved approach tends to underestimate
the number of plans. We will see in Section 5 that this isn’t
a serious problem in general.

3.5 Converting Estimated Plans to Estimated
Time

To translate the estimated number of plans to an esti-
mate of the compilation time, we assume a simple model:
T = Tinst X Y_(Ct X P;), where Tinst is the time per instruc-
tion (a machine-dependent parameter), Ct is a constant rep-
resenting the number of instructions to generate a join plan
of type t, and P; is the estimated number of join plans of
type t. In order to obtain C%, we can collect the real counts
of generated join plans together with the actual compilation
time for a set of training queries, and then calculate C; by
running regression on our model. Note that we should rerun
the regression to obtain a new set of C; for new releases of
a database system, since the time to generate a join plan is
likely to change.

4. IMPLEMENTATION EXPERIENCE ON
A REAL SYSTEM

In order to validate our approach, we prototyped the meth-
ods described in the previous section on DB2. We share some
of our experiences in this section, as they might be applica-
ble to other systems as well.

DB2 uses a conventional bottom-up dynamic programming
join enumeration algorithm. It has a serial version and a
parallel version. Without losing generality, we focused on

two most important kinds of physical properties: order and
partition. In the serial version, we consider order as the
only type of physical property. In the parallel version, we
consider physical properties of both order and partition. To
count the number of plans generated, we introduced a new
plan-estimate mode in the optimizer and instrumented the
code in the join enumerator to call the initialize() and the ac-
cumulate_plans() functions, instead of the normal plan gen-
eration function in this mode. We first summarize all the
issues on the serial version.

1. DB2 uses an eager policy for generating order properties
and precomputes a list of interesting orders for base
tables. We naturally reuse the precomputed results
to initialize the interesting order list for single-table
MEMO entries.

2. When computing the coverage list for a partial join
(MGJN), we distinguish between an orderby coverage
and a groupby coverage, because the relative column
positions are important for the former, but not for the
latter. Therefore, prefix subsumption is used to com-
pute an orderby coverage list, whereas set subsumption
is sufficient for groupby coverage.

3. Because of the presence of outer joins and correlations,
not all the table sets can be used as the “outer” in a
join. The eligibility of a table set being an outer is de-
termined logically and marked by the join enumerator.
A join method typically propagates the order property
of its outer. To avoid overestimating, we only include
order properties from the input marked as “outer en-
abled” to count join plans in accumulate_plans() de-
scribed in Table 3.

4. In the general framework, the propagation of inter-
esting properties is performed for each join enumer-
ated. We observe that order properties propagated to
the same MEMO entry are hardly changed from join
to join. For example, join (RS,T) propagates to the
MEMO entry for table set {R, S, T} roughly the same
set of orders as that propagated through join (R, ST).
The only differences are a small number of orders with
columns from multiple tables. We therefore can sim-
plify and speed the computation by propagating or-
der property values for just the first join for a MEMO
entry. This simplification cuts down our estimation
overhead without losing too much precision on plan
counts.

5. DB2 employs a 1-row-Cartesian-product rule in its op-
timizer, i.e., it allows Cartesian product between two
sets of tables if the estimated cardinality of one of the
inputs is 1. This rule reduces the number of joins enu-
merated and therefore our formula will overestimate
the number of plans generated. To resolve this issue,
we keep cardinality estimates in the MEMO structure
for the join enumerator to make joins enumerated con-
sistent. Cardinality is a logical property, and thus
needs to be computed only once for each MEMO entry.

The parallel version of DB2 uses a typical shared-nothing
architecture [2]. We treat the order property and the par-
tition property as independent and keep two separate inter-
esting property lists in the MEMO structure. The partition
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property is generated lazily and thus we use the physical
partition of each table to initialize the interesting partition
value list of its MEMO entry. One subtlety arises during
our implementation. Because of a heuristic rule exploited
in DB2, additional interesting partitions can sometimes be
generated. Consider a join between two tables R and S. If
neither R nor S is partitioned on the join column, the op-
timizer will try to repartition R and S on the join column
and therefore create a new partition property value. To de-
termine whether repartitioning might happen for a join, we
test if any join column is used as the partitioning key in any
of the interesting partition property values from the inputs.
We propagate additional partitions on join columns if the
test fails.

DB2 supports all three types of join methods we mentioned
earlier. We ran regression tests based on the model de-
scribed in Section 3.5 to obtain two sets of Ct, one for the
serial version and the other for the parallel version because
generating a plan is typically more expensive in the latter.
In the current release of DB2, the ratio of Cp, : Cr : Cp, (Cn
for MGJN, C,, for NLJN and Cj for HSJN) is 5 : 2 : 4 for
the serial version and 6 : 1 : 2 for the parallel version.

S. EXPERIMENTAL RESULTS

‘We present our experimental results on DB2 in this section.
Our tests are conducted on a level of optimization that uses
dynamic programming with certain limits on the composite
inner size of a join. All experiments were performed on a
UNIX machine with two 400 MHz processors and 1GB of
RAM. The parallel version was set up on four logical nodes,
all running on the same machine. We conducted tests on a
wide range of workloads, but selected a representative subset
to present here. The following summarizes the workloads we
selected.

Synthetic Workloads: We generated workloads with two
predefined join graphs: linear-shaped and star-shaped queries
(we refer to these two workloads as linear and star respec-
tively). In the linear workload, N tables are joined in a
sequential fashion (first table is joined to the second table
and the second table is joined to the third, etc.). In the star
workload, one table serves as the center table and all other
tables are joined to the center table. In each workload, we
vary the number of tables, the number of join predicates,

and the number of columns in the orderby clause and the
groupby clause. In the following experiments, we select 15
queries from each workload. The queries are in three batches
of five. Each batch joins the same number of tables, but
varies the number of join predicates from 1 to 5. The num-
ber of tables joined for the three batches are 6, 8, and 10.

Real Workloads: We selected two real customer work-
loads. The first one consists of 8 queries (we call it reall)
and the second one consists of 17 queries (we call it real2).
Queries from both workloads are complex data warehouse
queries with inner joins, outerjoins, aggregations and sub-
queries. To get a sense of query complexity, one query from
the real2 workload consists of 14 tables, 3 views, 21 local
predicates and 9 groupby columns that overlap with the join
columns.

Randomly Generated Workloads: We employed a ran-
dom query generator used for testing the robustness of DB2.
The tool creates increasingly complex queries by merging
simpler queries defined on a given database schema (schema
from real! was used in our test), using either subqueries or
joins, until a specified complexity level is reached. One im-
portant feature of the generator is that it tries to join two
tables with a foreign-key to primary-key relationship or hav-
ing columns with the same name. As a result, the queries
produced are relatively close to real customer queries. We
refer to this workload as random.

Benchmark Workloads: We chose from the TPC-H [3]
benchmark 7 queries that have the longest compilation time.

In the rest of this section, we apply postfixes of “s” and
“_p” to the name of each workload to refer to a workload
being tested on the serial and the parallel version of DB2,
respectively.

5.1 Plan Estimation Overhead

We first evaluate the overhead of our CTFE compared to
the actual compilation time. In Figure 4, we show the com-
parison between the two for three workloads. Figure 4(a)
and Figure 4(b) give the results for linear and real2, re-
spectively, both on the serial version. The time spent on
CTE is between 1% and 3% of the actual compilation time.
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The overhead includes both the join enumeration cost and
the cost of maintaining the interesting property value list
in the MEMO structure. Figure 4(c) shows the result for
the reall workload on the parallel version. The overhead is
even smaller in the parallel version because of two reasons.
First of all, plan generation becomes more complicated in
the parallel version and hence is more time consuming. Sec-
ondly, since we accumulate the partition property separately
from the order property, we avoid the generation of all (par-
tition,order) combinations during real optimization. This
will affect our plan estimation though, as we will see in the
next section. Although not shown here, the results on other
workloads have similar overhead percentage. To summa-

rize, our results prove that join enumeration, together with
property accumulation, although of exponential complexity,
is not the primary consumer of time in query optimization.
With this small amount of overhead, we can get much more
accurate estimation of the number of joins and the number
of plans for any given query.

5.2 Accuracy of the Estimated Number of Plans

In this section, we evaluate the accuracy of estimating
the number of generated plans for each join method, us-
ing the approach outlined in Section 3.3. We first present
the results on the serial version running the star workload
in Figures 5(a)-5(c). Our estimates are exact in the case



of HSJN plans (Figure 5(c)). This is because we enumerate
the same number of joins by reusing the join enumerator and
HSJN plans, since they don’t propagate interesting orders,
are twice the number of enumerated joins. The estimated
number of NLJN plans and MGJN plans are still close to
the actual ones—less than 30% error for NLJN and less than
14% error for MGJN estimates. One problem affecting our
estimates for NLJN and MGJN is a plan “sharing” prob-
lem between two property values, one more general than
the other. Consider the following example. Suppose that
table R has two interesting orders: (R.a) and (R.a, R.b).
We will assume that two plans will be generated for NLJN
(and for MGJN if (R.a) is a join column). However, if the
cost of a plan (for R) ordered on (R.a, R.b) is cheaper, it will
actually prune a plan ordered on R.a (assuming everything
else is the same) because the former is more general than
the latter. We can think of the problem as the order on R.a
sharing the same plan as the order on (R.a, R.b). The net
result is that fewer join plans are actually generated than
we estimate based upon just the number of interesting or-
ders. Since we bypass plan generation and thus do not have
plan cost, it’s difficult for us to tell whether a plan might be
pruned. This explains why we overestimate the number of
MGJN plans (Figure 5(a)), but not our estimates for NLJN
plans (Figure 5(b)), which turn out to be lower than the
actual numbers. We discovered that this was because of cer-
tain implementation defects in DB2, which caused redundant
NLJN plans being generated during the actual optimization.
Once the implementation is fixed, we expect that the actual
number of NLJN plans will better agree with our estimates.
Finally, we want to point out the big difference between the
number of MGJN (NLJN) plans and the number of HSJN
plans among queries in the same batch, even though they
all have the same number of joins (Figures 5(a) and 5(b),
vs. Figure 5(c)).

Next, we present plan estimates and actuals for the ran-
dom and reall workloads in the parallel environment in Fig-
ures 5(d)-5(f) and Figures 5(g)-5(i), respectively. The re-
sults in both sets of figures are quite similar. Notice that in
both cases, our HSJN numbers are no longer the same as the
actual ones. This is because the cardinality estimation we
employed in plan-estimate mode is “simpler” than that used
in real compilation. For example, it doesn’t take into consid-
eration the effect of keys and functional dependencies (since
we don’t propagate them in plan-estimate mode). Remem-
ber that joins enumerated in DB2 are affected by cardinality
estimates due to heuristic rules such as allowing Cartesian
products when one of the inputs has only one row. There-
fore, sometimes we don’t get the exact number of joins in
plan-estimate mode, which directly translates into estimate
errors of HSJN plans (between —2% to 24%). NLJN plans
and MGJN plans are also affected, to a certain extent. In
addition, because we maintain the order property and the
partition property separately, we ignore plans generated car-
rying only an interesting order, but not an interesting par-
tition, and vice versa. However, such errors tend to be rela-
tively small. Finally, in Figure 5(e), NLJN has a few outliers
where errors are more than 50%. These are the few cases
where various kinds of errors accumulate, rather than cancel
one another.

5.3 Accuracy of Compilation Time Estimation

‘We now present our compilation time estimation, based on

the plan estimates using the model described in Section 3.5.
Figures 6(a)-6(c) show the time estimates on the serial ver-
sion, for the star, reall and real2 workloads, respectively. All
estimates are within 30% of the actual compilation time, but
are much better in many cases. Observe that in Figure 6(a)
for the star workload, the actual compilation time signifi-
cantly differs among queries within each batch, and yet our
estimates are able to correctly predict the trend. Had we
estimated compilation time using the number of joins only,
we would have had errors of 20 times larger, no matter how
we chose the time per join, because such a metric cannot
distinguish queries within the same batch. Our plan-level
metric provides much more accurate estimation.

Finally, Figures 6(d)-6(f) show our results on the parallel
version for the TPC-H, random and reall workloads. While
we get less than 30% estimation error in the first two work-
loads, the estimates have larger errors in the reall workload
(up to 66%). Recall that in Figures 5(g)-5(i), we get less that
30% error in estimating the number of generated plans for
the same workload. This discrepancy is caused by a larger
variation in the time to generate individual plans in the
parallel environment. We plan in the future to investigate
building a more sophisticated model to estimate the cost
of generating a plan by taking into account other relevant
factors such as the number of join predicates. Nevertheless,
our estimation errors are still much lower than any estima-
tion at the join level and, depending on the application, may
still be acceptable. For example, an estimated plan execu-
tion cost can sometimes have comparable errors and thus
our estimates are reasonable for the meta-optimizer.

5.4 Summary of Experiments

The experiments presented in this section show consistent
and promising results. Our plan estimation is very close for
both synthetic workloads and more complex random and
real customer workloads. The formula that we used to con-
vert the number of plans to time estimates, although simple,
is quite effective for most of the workloads we tested. We
want to emphasize the fact that our results reflect a com-
mercial optimizer in two different environments.

We do observe errors in our estimates. Some of them are
errors from the join enumerator and others are errors from
how properties are used to estimate plans and how plans
are converted to compilation time. Some of these errors are
harder to correct than others because they depend on the
estimates of execution cost of individual plans, which we
don’t generate. We summarize those errors below (a “+”
sign meaning that we overestimate and a “-” sign meaning
that we underestimate).

+ /- inconsistent cardinality estimation affecting joins enu-
merated, because of cardinality-sensitive heuristic rules

+ plan sharing between a more general property and a
less general one

- non-interesting properties surviving when multiple types
of physical property are present (in the parallel ver-
sion).

+ /- variation of time to generate a plan of a specific join
method

Finally, we observed during our experiment that the num-
ber of indexes present does not significantly affect the num-
ber of plans generated, because DB2 uses an eager policy
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for order propagation. On the other hand, how data is ini-
tially partitioned in a parallel environment does affect plans
generated and the compilation time because a lazy policy is
employed for the partition property.

6. DISCUSSION

In this section, we first discuss related work, and then the
possibilities of extending our work.

6.1 Other Related Work

[23] studied the problem of counting and sampling ex-
ecution plans in a cost-based optimizer. The work tries to
count the number of complete plans from counts of subplans
stored in the MEMO structure. The authors proposed their
work mainly for stress tests of an optimizer and they do not
bypass plan generation as we do.

Researchers have studied how to reduce the search space
of a dynamic programming enumerator by taking advan-
tage of a quickly precomputed initial plan for the query (a
“pilot-pass” approach) [19]. During dynamic programming
optimization, any generated subplan may be pruned if its es-
timated execution cost exceeds that of the full initial plan.
This can affect our estimates on the number of plans gener-
ated, since our approach bypasses plan generation and thus
doesn’t estimate the execution cost of any subplan. How-
ever, this kind of pruning may not be very effective even
when the initial solution is quite good since the cost of a
(good) full plan typically exceeds that of most partial plans.

Our preliminary analysis on DB2 shows that no more than
10% of plans are pruned by the initial plan in real workloads.

6.2 Extension

Our model can be extended to optimization with materi-
alized views as well. If materialized views are selected on a
cost basis, optimization will take roughly the same amount
of time as that without materialized views, if pruning is not
very effective (same argument as in the previous paragraph).
When materialized views are chosen heuristically in query
rewrite phase, our model can be used to estimate the com-
pilation time for optimizing the rewritten query. In either
case, we need to take into consideration the time spent on
matching materialized views. We plan to investigate this in
the future.

It’s possible to estimate the compilation time of multiple
levels of optimization in a single pass as long as the search
space of the highest level subsumes that of all other levels.
For example, when estimating the compilation time for a
level that considers all bushy trees, we can piggyback the
estimation for a level that only considers left deep tree or
that limits the size of composite inners. Such information
is useful for a the meta-optimizer can choose the right opti-
mization among multiple levels. The overhead of estimating
compilation time is also amortized.

Our work can also be extended to estimate memory con-
sumption during optimization. Assuming that each plan
takes roughly the same amount of space, the total amount



of memory needed in a MEMO structure can be estimated
by summing the length of the interesting property lists of
all MEMO entries and multiplying that by space per plan.
Note that this is a lower bound of the memory required by an
optimizer. If it is already larger than the currently available
memory, there is no point to start optimizing at that level
of optimization since it is very likely to run out of memory.

In this paper, we focus on a bottom-up dynamic program-
ming style join enumerator. A transformation-based opti-
mizer [10] also uses a MEMO structure. However, MEMO
entries can represent more logical expressions (not just joins)
and are not necessarily filled bottom-up, i.e., an entry for a
larger logic expression might be populated before that for a
smaller expression. Because of this, a transformation-based
optimizer has to store many more generated plans in the
MEMO structure, not just the best plan for each interesting
property, as with the bottom-up approach. On the other
hand, it can obtain a complete plan much earlier, and thus
has the ability to stop optimization at any given time. Since
the decision of when to stop optimization may depend on es-
timates of execution costs, this can affect the estimates of
compilation time using our general framework. We’d like to
investigate this problem further in the future.

7. CONCLUSION

In this paper, we presented how to build a CTF to accu-
rately estimate the compilation time of a query optimizer.
Our work is based on the main observation that most of the
compilation time is spent on generating join plans carrying
interesting physical properties. To overcome the limitations
of previous work, we reused the join enumeration process
to get a close estimate of the number of joins, and maintain
interesting physical property value lists in the MEMO struc-
ture to facilitate counting join plans. Our approach avoids
generating the actual plans and collects only a small set of
relevant properties. As a result, it can provide good compi-
lation time estimates using only a small fraction of the actual
optimization time (less than 3% in all workloads). We con-
ducted comprehensive experimental study on a wide range of
queries in a real system. The results show that our estimates
are typically within 30% error compared with the actual
compilation time. We believe that our work is important for
many applications including meta-optimization, mid-query
re-optimization, monitoring workload analysis tools, and the
design and tuning of an optimizer. In the future, we plan to
account for more physical properties in our CTE.
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