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Solution quality requires that the optimizer: produce good 1 -strategies (strategies for a single
query or single-query strategies); identify many kinds of
commonalities (e.g., by predicate splitting, sharing relation scans);and searcheffectively to choosea good combination of l-strategies. Efficiency requires that the optimization avoid a combinatorial explosion of possibilities,
and that within those it considers, redundant work on
common subexpressions be minimized. ‘Finally, ease of
implementation is crucial - an algorithm will be practically
useful only if it is conceptually simple, easy to attach to
an optimizer, and requires relatively little additional soft-
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implementation.

We critically evaluate the current state of research in multiple
query opGrnization, synthesize the requirements for a modular
opCrnizer, and propose an architecture. Our objective is to
facilitate future research by providing modular subproblems and a
good general-purpose data structure. In rhe context of this
archiuzcture. we provide an improved subsumption algorithm. and
discuss migration paths from single-query to multiple-query
oplimizers.
The architecture has three key ingredients. First. each type of work
is performed at an appropriate level of abstraction. Segond, a
uniform and very compact representation stores all candidate
strategies. Finally, search is handled as a discrete optimization
problem separable horn the query processing tasks.

1.

WXC

Our goal is to suggesta way that researchon MQO can be
organized. Current state of research is not close to supporting a really satisfactory solution. At this early stage,it
seemsimportant that new techniques be modular, and that
critical data structures be separated from specific
algorithms. We also prefer to understandthe entire spaceof
legal solutions before developing heuristics that will limit
the search.

Problem Definition and Objectives

A multiple query optimizer (h4QO) takes several queries as
input and seeksto generatea good multi-strategy, an executable operator gaph that simultaneously computes answers to all the queries. The idea is to save by evaluating
common subexpressionsonly once. The commonalities to
be exploited include identical selections and joins, predicatesthat subsumeother predicates,and also costly physiThe multiple
cal operatorssuch as relation scans and SOULS.
query optimization problem is to find a multi-strategy that
minimizes the total cost (with overlap exploited). Figure
1.l shows a multi-strategy generatedexploiting commonalities among queries Ql-Q3 at both the logical and physical level.

To be really satisfactory, a multi-query optimization algorithm must offer solution quality, ejjiciency, and ease of

The paper is structured as follows. Section 2 argues that
there are many applications that generatequeries suitable
for MQO. The same techniques are likely to reduce optimization time spent by a physical databasedesigner. Section 3 surveys relevant previous work, and identifies the
needfor a stronger architectural framework. Section 4 provides an overview of the proposedarchitecture, describesa
uniform, compact representation for candidate strategies,
describes a new transformation that creates common
subexpressions, comments briefly on search issues and
discusses evolution paths from single query optimizers
(SQOs) to MQOs. Section 5 contains conclusions.
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Applications

The literature describessetsof queries whkre MQO yields
substantial savings. but doesnot indicate where such combinations could be expected.We identify here applications
scenarios that generate many overlapping queries, so that
the payoff from MQO is likely to be substantial.
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The following applications. though not formulated as an
MQO problem, can benefit from the use of MQO techniques.

zipcode)

2. Condition Monitoring: CCA is designing a High
PerformanceActive Database(HiPAC [DAYA88]) which
is capableof monitoring multiple conditions on a database.
A condition is encapsulatedin a rule which is a triple of
the form <event, condition, action>. where condition may
referenceinformation both in the event and in the database.
A signal is generated if the condition is non-null. We
expect that sets of conditions will often monitor different
aspects of a general situation, and hence will have
substantial commonality. When a set of conditions is first
imposed, they may be simultaneously evaluated on the
current state of the database. During monitoring, the
problem of evaluating all conditions triggered by the same
signal (e.g., new radar blip) can also benefit from
exploiting commonalities.

l

from CUST
where credit
Q2:

age,
qty)

name,

= 'bad'

select
*
from CUST
where age < 40
order by zipcode
select

l

from CUST, ORDER
where age < 50 and CUST.c# = ORDER.c#
order
by zipcode

02

Q3

application-oriented
3. Supporting
objects:
Application-oriented interfaces permit definition of
operations on objects in the user’s mental model. Under
the covers, a user object may be represented as sets of
database views. Evaluation of these views is likely to
generateoverlappingqueries.
For example, consider a transaction by which a
documentation group downloads specifications and drawings for someproduct. Supposethat in the stored database,
Documents and Drawings are associatedwith Parts and a
Product contains many Parts. To make things more manageable, views Prod-Specs(Prodn”,Speck, Author ) and
Prod-Drawings(Prod#, Draw#, Artist) have been defined,
e.g.,
View Prod-Specs
=
[Prod-Part(Part#,Prod#)join
Specs(Doc#,
Author,
Part#)

part#

The definition of Prod-Drawings is similar. Now the
download transactionfor product 1234is:

LY-.l
Figure 1.1

[Select
Select

1. Sequential File Processing: Traditional
data
processingoften batchesseveral requeststo be executedin
one pass over a sequential master file (e.g., CUST in
Figure 1.1). Such behavior is awkward to achieve with
current relational systems. To avoid issuing separate
queries(which Scanand Sort redundantly), one mustembed
all the reqtmstsin a host-languageprogram that scans the
master file and invokes all the types of additional processing. This requires knowledge of a host language,and
can be inefficient due to passingtuples between the DBMS
and programming language environments. Furthermore, it
places the optimization burden on the programmer.

(Prod-Specs1
(Prod-Drawings1

Prod*= 1234);
Prod#= 1234)

I

When expanded,the two views representqueries with very
substantialoverlap.
In this example, there is no natural way to combine the
two views into one relation - joining them yields a
Cartesian product of Specsand Drawings for eachPart. If
instead the two views were union compatible (i.e., had the
samecolumn attributes), one could have formed the union
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view. In this case, MQO techniques would need to be applied within u single query to detect common subexpressions.’
views: V i e w
4. Logic programs/database
definitions that are composed of union compatible
expressions (or equivalently intensionally defined predicates
in logic programs) are likely to have substantial overlap.
Evaluation of a query on such views (or predicates)can use
multiple query evaluation techniques for exploiting innaquery commonalities.
As an example, the query (select lEmployed wherenationality .not equal. US]) has substantial overlap when the
following definitions are used.

Personneltid,
name, nationality)
Faculty(id,
rank, compensation)
Staff(id,
rank, compensation)
View Definition:
join Personnel)
Personnel)

5. Database Design: In physical database design, the
cost of a user query must be determinedfor many different
decisions about supported accesspaths. The user wants a
set of separate l-strategies, not a multi-strategy. Our
interest is to reduce the optimization rime by using MQO
techniques to avoid repeating the analysis of common
s&expressions.
For each “logical” relation R, we create separaterelations
R1, R2. ... corresponding to the different options for
accesspath selection. Now evaluation of different design
choices means performing a set of single query
optimizations involving different Ri. We would expect
extensivecommonality among the different queries.
3.

Previous

Applicable Techniques from Previous
MQO Research

Most published MQO techniquescan be broadly classified
as: a) techniques for finding/exploiting commonality, and
b) search techniques for choosing a multi-query strategy.
This section distills useful techniquesfrom the literature; it
is not a historical survey.
Commonality Finding: This can be further broken
down into (i) finding subexpressionsthat are same(identical) among queriesand (ii) finding whether one expression
subsumesanother expression. (A query or subexpression
el subsumesexpression e2 if the result of e2 is contained
in the result of el.)
Most work on subsumption has focused on predicatesand
projections. [FINK821 compared an incoming query with
materializedresults (from earlier queries): in his application
there was no need to detect subsumption of subexpressions. [CIiAK86] identified equivalent and subsumingsubexpressions by analyzing the query graph of a query
[SELI79]. [SELL863 usesequivalence of subexpressionsat
the join level and subsumption at the selection level. Other
kinds of subsumptionsare possible - both logical (outerjoin subsumesjoin) and physical (Sort subsumesGroupby; a Sort on multiple attributes can subsumea Sort on a
single attribute).

Base relations:

Employed = (Faculty
union (Staff
join

3.1

Search techniques: Search for an optimum usually begins w&h a set of l-strategies, such as might be produced
by a mod&d single query optimizer, plus information
about equivalenceof subexpressions.One difficulty is that
the number of strategies can be large. State-spacesearch
algorithms are proposed in [GRAN80. SELL86], with
heuristics (e.g., the A* algorithm from artificial intelligence) to reduce the labor. In contrast, [CHAK86] uses
heur-istics to directly generate a strategy without search.
(In this work, multi-strategies are expressed directly as
pseudocode,rather than as an operator graph). Direct generation is very simple but is more likely to produce a sub
optimal strategy.
Techniques from single-query optimization will also be
useful in our work. In particular, we use an AND-OR operator graph IROSE82, ROSE861to representsalternative
strategiesand their commonalities, and divide the optimization process into explicit levels of abstraction (essentially the samelevels as are used in ([BAT087, FREY87,
GRAE871).

MTOrk

Multiple query optimization (also called global query optimization) hasbeen investigatedin both databaseand logic
programming. Section 3.1 summarizes important MQO
techniques in the literature. Section 3.2 discusses why
additional work is needed.

3 .Z

What More is Needed to Provide a
Robust MQO Architecture

In this section, we discuss some problems with existing
approaches, that need to be resolved before a powerful,
modular MQO could be built. The main focus of this paper
is an architecture with clear subproblems, so that results

1 Any MQO problem can be converted to an SQOproblem
by taking “outer union” of all query results: however, the
conversion doesnot seemto aid the solution.
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on those subproblems could eventually be combined into
an overall architecture.
Most existing approaches use a three-step procedure: 1)
generatea set of alternative l-strategies; 2) identify commonalities (exploiting equivalence and subsumption among subexpressions); 3) search for an optimum multistrategy. Each step tends to be indivisible, and to assume
that all operatorsand heuristics are at the samelevel of abstraction. Below, we describe reasons why this approach
cannot be fully satisfactory (Our main point of reference
will be [SELL86], since it proposesthe most completeand
appealingsolutions to date).
Modularity: It is hard to “mix and malch” to combine
techniquesfrom different papers.We needu) define natural,
limiled subproblemson which individual researcherscould
concentrate.We also needinterfacesand common representations that would permit results to be combined. For example, there is no common model in which one might
combine query-graph techniques for subsumption
[CHAK86] with sets of strategies in [SELL86]. And improving the search algorithm is difficult when it is intertwined with exploitation of commonalities, as in
[CHAK86] and most SQOs.
Organizing work by levels of abstraction: Figure
1.1 shows a multi-strategy that exploits commonalities in
both logical-level operations (e.g., selections) and physical
operations (sorts and scans). It is necessary to find both
types of commonalities. The problem of organizing this
processis not dealt with explicitly resulting in limited exploitation of commonalities [CHAK86, SELL86].

rithm for creating and merging common subexpressions.
Furthermore, we discuss how MQO architecturesrelate to
architectures for the “bread and butter” problem of single
query optimization.

4.

Architectural

4.1

Overview

Description

of Our Approach

to MQO

Our approachhas three key ingredients: multilevel decomposition by level of abstraction; an “AND-OR operator
graph” that provides an efflcienr represenradon of altemalive strategies and their commonalides; separation of
searchfrom the generation of the strategy set.
1. Multilevel
decomposition:
MQO must apply
heuristics and query transformations ar several levels of
abstraction. There is a logical level (or join-level), corresponding roughly to the implementable relational algebra.
The principal operators here are selection, projection, and
2-input joins. There is a physical level that includes relation scans and sorting, and distinguishes different implementationsof join. The initial queries can be consideredto
be at zero% level, at which each query is a single operator
and leaf nodes(baserelations) are merged.Other levels are
possible, to deal with higher level processing and optimizations (nested subqueries, high-level recursion operators), but will not be discussedhere.

Our idea is that each level of processing starts and ends
with a graph that contains (as subgraphs)all the interesting
l-strategies for all the queries. To passbetween levels, it is
necessaryto:

Existing algorithms do all their work at one level of abstraction. [CHAK86] detect commonalities only at logical
level. This results in ignoring sharing at the physical level
(e.g., tradeoffs about whether each scan and sort ought to
be shared). [SELL861 seemsto elaborate entirely to physjcal level. then detect/use commonalities resulting in
analysis over a vastly expanded graph and complex implementation.

Elaborate nodes to substrategiesat the next more

detailedlevel
Create additional alternatives. An MQO must consider types of l-strategies that would not be of
interest in SQO, e.g., to delay a selection in one
query to permit the result to be sharedwith another.
Another example is to exploit subsumption by
splitting an operation into two, one of which may
be shared.

Representation: Most existing work generates sers of
l-strategies. This is a natural representation when using
the results of an existing SQO, but has problems in convenienceand efficiency. First, algorithms need to deal’conceptually with two data Structures, since one needs an
associareddata suucUre to identify equivalent subexprcssions. Second, if one wants to perform a fairly complete
search, there is tremendous redundancy - a low-level
subexpressionmay be repeatedmany times.

Finding and merging identical subexpressions: By

merging them ar this level, we avoid the need fo
track the relationship at the next more detailed level.
We also avoid repeatedanalysis of the samesubexpression.
The above list of tasks is not intended as an algorithm.
Rather, at each level the implementer can choose any
algorithm appropriate for that level. For example, at the
physical level SQO techniques that group results by
“interesting order” may be used; at the logical level,

The architectural issues (above) are the focus of this paper,
and we hope our solution can amplify the effectivenessof
future research.We identify narrower, more specific problems for further research;the architecture helps ensurethat
the results will combine easily. We also give a new algo-
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[CHAK86] exploits the query graph [SELI79] to identify
sharedsubexpressions.
2. Efficient
representation
of alternative
strategies and their commonalities: We need an
efficient way to generateand represent (all l-strategies)
that minimizes redundancy. MQO algorithms constantly
needto recognizeequivalent subexpressionsand (ideally) to
avoid processingeachof the equivalentsseparately.

To summarize.our architecture requires: (i) use of ANDOR graphsfor representingsharing and alternate strategies;
(i) ability to generate l-strategies not considered in SQO.
(iii) ability to retain l-strategies that would be deleted as
suboptimal by SQO; (iv) Modularity - ability to replace
processing modules for any level of abstraction, or for
search.

We meet these requirements through an operator graph,
here called the AND-OR graph. It contains operator nodes
(ANDs, since all inputs are needed)and “OR” nodes that
representthe fact that any of a set of alternative inputs can
be used. (See section 4.2 for more details). Common
subexpressionsare representedjust once.

More details of the AND-OR graph are given in 4.2. Section 4.3 comments on transformations performed at each
level, and then presentsa new algorithm for creating common subexpressions.The combinatorial searchproblem is
discussedin Section 4.4. Section 4.5 discussesmigration
from an SQO to an MQO.
4.2

We intend to use the AND-OR graph at all levels. Each
node that appearsin an AND-OR graph appearsin one (or
more) l-strategies. In Section 4.4 we comparethe ANDOR graph with an explicit set of l-strategies, from the
point of view of searchalgorithms.

An AND-OR operator-data graph is an acyclic digraph
composedof operator nodes(e.g.,join, sort) and data nodes
(inputs to and results from operator nodes). During optimization, the currently-known situation is representedas
an AND-OR operatorgraph, denotedby G.

3. Search: Our main contribution on search is architectural - it is treated as a strictly combinatorial problem
decoupledfrom the query processingwork neededto generate the AND-OR graph. In an architectural context, the
contribution is that those search algorithms can be
compareddirectly with other pure searchalgorithms. A side
benefit is that the AND-OR graph gives a senseof the entire space,so one can judge how much is lost by various
searchheuristics.

A subgraphis well-formed if for eachof its operatornodes
(AND nodes) it contains all input edgesand for eachnonleaf data node (OR node) it includes one input edge,representing a choice of how to compute the result of the data
node. We will abbreviate by using “subgraph” for wellformed subgraph, and AND-OR graph for “AND-OR
operator-datagraph”. An elementary subgraph is a graph
with one operator node, its input and output data nodes,
and edges connecting them. Diagrams use rectangles for
data nodes, ovals for operator nodes. Data nodes (i.e., OR
nodes) of indegree 1 are shown only if they are query results.

The architecture is tied together by a very simple algorithm.
Create
an AND-OR operator
graph
level
zero for a set of queries.
Repeat

for

each

level

of

at

A l-strategy for query Q is a subgraph containing the result node for Q as the only node with out-degree 0; a
multi-strategy for Q1. Q2,... is a subgraph containing the
result nodesfor the indicated queriesas the only nodeswith
out-degree 0); it is analogous to a solution graph of an
AND/OR graph lNILS80]. * l-strategies for intermediate
nodeswill generally be called subexpressions.

abstraction

Elaborate
the graph to the next
(more
detailed)
level
of abstraction.
Include
transformations
that
create
subgraphs
for
new
alterna-tives
operator
movement
and split(e.g.,
ting).
Merge common subexpressions.
Until
(the
straction)
Evaluate
an optimal

most

detailed

operator
costs
multi-strategy

level
and

of

Search

AND-OR Operator Graph and
Multi-strategies

Figure 4.1 illustrates an AND-OR operator graph for three
queries (41-43 in Figure 1.1) at the logical level. For
economy,we have omitted most of the alternativesfor 43.
As is evident from the figure, shared subexpressionsneed
be representedonly once. Therefore the representation is
compac?,and no extra data structure is neededto represent
equivalencebetween subexpressions.The AND-OR graph
produced by an optimizer is an indication of the power of

abfor

2 In AI the edgeswould be directed down; in database,up.
Since we never use the direction, we show them without
arrows. For a closer analogy with AI AND/OR graphs, a
dummy AND node canreceive input from eachquery node.

3 For example, Figure 4.2 has 27 nodes representing 8 lstrategies, but 56 nodes would be needed if l-strategies
wereseparatelyrepresented.
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earlier work. Subsumptionof expressions(basedon opcrator semantics)can create additional sharedsubexpressions.
Earlier attempts do not exploit subsumption to the fullest
extent. Below we provide an algorithm for creating
additional subexpressions.
The join-level graph is then elaborated to the physical
level. At this level, operations like relation scansand sorts
are considered sharableamong queries as shown in Figure
4.2 for queries in Figure 1.1. (Most proposals do not consider such sharing). The benefits of sharing (or not sharing)
these low-level operators will be visible to and exploited
by the search process, which runs off the physical-level
AND-OR graph.
4.3 .l

CUST

ORDER

Our algorithm extends and generalizes the work of
-821.
In m82]
a test is made to detect whether a
given query is subsumedby a previously computed query
in order to utilize the temporary createdby the query. That
algorithm works at the query level and hence cannot make
use of subsumption at the subexpression level. On the
other hand, [SELL863 concentrateson the use of identical
subexpressionsand detects and uses subsumption only at
the selection level.

the optimizer. If operator costs have been computed,pruning heuristics can be applied.
Once the physical-level graph has been generated,search
for an optimal multistrategy is a separate subproblem.
Furthermore, the graph is usually much smaller than the
total number of nodes in all l-strategies (let alone the
number of multi-strategies), so there is relatively little extra cost in generating it explicitly. However, if for some
subexpressionit is known that no node can be sharedbetween two queries, then if the subexpressionis suboptimal
for its datanode the edgeinto the datanode can be ignored.
Transforms

to Exploit

for

This section presents a new algorithm that creufes large
shared subexpressions exploiting subsumption at the
smaller expression level. Although the algorithm is described at the logical level of abstraction, it is basedon the
general properties of operators involved and hence is
equally applicable at other levels also. As an example, at
the logical level selection conditions can be split and
propagatedbeyond join. As another example, at the physical level, selections can be moved beyond sorts 10identify
a large subexpression.

Figure 4.1

4.3

Subsumption
Based Algorithm
Creating
Shared
Subexpressions

Algorithm:
/* We assumethat any pair of operators can be tested.
At the logical level, this means that selecrion and
join conditions can be tested for equivalence and
subsumption. Similarly, at the physical level selection and sorts can be tested for equivalence and
subsumption. Furthermore, when an expression el
subsumese2, we assume that el/e2 which is the
remainder of el that differs from e2 is available. */

Commonality

Severaltypes of transformation are relevant at eachlev.elof
abstraction. The transformations (at any level of absuaction) can be broadly classified into: a) elaboration uansformations - that generate many alternative implementations b) algebraic transformations -that use properties of
the operator to improve strategies, and c) commonalityfinding transformations- that detect,createand mergecommon subexpressionsamong queries.

/* To simplify the presentation, we omit the steps that
detectand mergeequivalent subexpressions.*/
Perform the following transformations

Typical kinds of commonalities that are exploited at the
logical level are equivalence of subexpressionsand subsumption. Merging of equivalent subexpressions is the
simplest case of commonality and is exploited widely in

for eachpair of operatornodesnl and n2 (from distinct
queries) that are roots of an elementary subgraph and
sharecommon input datanodesdo
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Figure 4.2

case:
operatorsare unary (e.g., select):
let scl and sc2 be the selection conditions for nl
and n2 respectively.
If SC1 subsumessc2 then
createan elementarygraph with sc2 and create
a new operator node scl/sc2 which receivesthe
result of the node sc2.
operators are binary (e.g., join)’

let jl and j2 be the operators at the root nodes; let
SC11, SC12 and sc21, sc22 be the selection
condition, if any, along the two inputs (true is a
valid selection condition).
If sell subsumessc21 and jl subsumesj2 then
push scll/sc21 and jl/j2 beyond the join (j2)
and merge.If sc12 subsumessc22 and j 1
subsumesj2 then push sc12/sc22and jl/j2
beyond the join 02) and merge.
until no more transformationsare applicable
Figure 4.4 is obtained after the application of the above
algorithm to Figure 4.3. Two additional strategies(one for

* In practice the cases under the binary operator are
combined for efficiency; other subsumption possibilities
are omitted for the sakeof brevity.
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Figure 4.3

each query) are createdwhich sharea large subexpression
consisting of a join and wo selections. To summarize.the
algorithm progressively creates larger shared subexpressions applying the transformations outlined on elementary
sub_rfaphs.Conditions belonging to different queries are
split m order to detect a larger equivalent subexpression.
4.4

Search

The searchproblem is to take the AND-OR operatorgraph
produced above and find the cheapestsolution subgraph,
i.e., multi-strategy. This strictly combinatorial problem
can be attackedwithout complications from query elaboration and commonality detection.
The problem of finding an optimal multi-strategy is NYhard. (It is equivalent to finding a minimum-weight subgraph of an AND/OR graph [GARE79]). Hence we must
resort to heuristic solutions.
Sharing is the heart of the computational difficulty. Without sharedintermediateresults, the searchproblem could be
decomposedinto separatesearch for each query, and time
would be linear in the size of the AND-OR graph. Ttie
multi-query problem can be made more decomposableif
sharednodesare deleted from the graph - this can sometimes be achieved by examining bounds on costsof operators and subsuategies.

Figure 4.4

How Suitable
Search?

is

the

AND-OR

Graph

for

Some search algorithms run better on an AND-OR graph
than on a separatelist of (l-strategies that are subgraphsof
the AND-OR graph). The necessarycondition for a multistrategy search algorithm to run on the AND-OR graph is
that its stepsbe concernedonly with the cost of producing
a resulting data node, and not with knowing what vertices
were used within the subexpression. We have identified
several useful computations that compute bounds by
making extreme assumptions about sharing, e.g., that no
nodesare shared,or that all sharednodesare available free.
These bounds can then be used to determined that certain
nodes and edges do not appear in the optimum multistrategy, and hence may be deleted from the graph. (The
exact arguments are technical and too long for inclusion
here).
Otlnersearch algorithms need more information about the
interior of a subgraph.The complete set of 1-strategiescan
always be generated from G. As a middle g-round,a dynamic programming solution would need to know which
sharableintermediateresults had beenmadeavailable.

237

4 .S

Compatibility

with

SQO

Architectures

A single-query optimizer is a necessarypart of any DBMS
that supports a high-level language. If il is ever implemented, MQO will be an add-on. Hence, we fist propose
an SQO that can be easily extended to an MQO. We then
address the problem of extending currently available
uaditional [SELI79] and extensible optimizers [BAT087,
GRAE87, FREY871 to an MQO.
What

is the

Minimum

Extension

Required?

One approach is to add a front or back end to an existing
SQO [FINK82, SELL86J. This is easy to implement, but
will not always produce a good multi-strategy, since the
optimum multi-strategy may not be a composition of optimal l-strategies. In fact, the optimum may involve lstrategiesthat would not evenbe consideredby the SQO.
An MQO needsseveral capabilities that are not present in
an SQO - generationof additional 1-strategiesto increase
the opportunities for sharing, recognition and merging of
equivalent subexpressions,and searchalgorithms that examine l-strategies (in the context of the A.ND-OR graph)
to find the optimum multi-strategy.
To facilitate extension to MQO, an SQO would ideally be
divided into levels of abstraction matching the MQO design, and the interface af each level would be an explicit
AND-OR graph for the entire query. Creation of new lstrategies and recognition of commonaliiies need to be
addedat eachlevel.

its consumer.Unfortunately, this implies that each sueam
has a single consumer, violating the spirit of MQO (as in
Figure 1.1). Instead, MQO appears to need a more datadriven protocol including extensive buffering and synchronization.
Extending

At the physical level, new alternativesneed to be generated
reordered selections and sorts, and subsumptions among
multiattribute sorts. Also, it is natural for an SQO to
discard all but the cheapestpath into a data node. For MQO
the alternatives need to be retained if they contain intermediateresults that might be sharedwith other queries.
MQO also has implications for the run-time control of execution strategies. Many DBMSs use tuple streams to
buffer intermediate results. A simple control protocol is to
have each stream produce the next tuple on demand from

Optimizers

Traditional SQOs (as in System R [SELI79]) do not proceed one level at a time - instead, they use a depth-first
approach that elaboratesa logical-level node as soon as it
is generated.This depth-first approach is not compatible
with finding commonalities at the logical level - one
would need to apply all multi-query analysis io the graph
composedof physical operators.
One is forced to thoroughly rewrite the searchand conuol
routines to permit layering work in our levels. The
routines that elaborate to the join level, and also to the
physical level would survive pretty well, although they
would needthe extensionsfor new funcdonality (discussed
above). The model of operator costsshould also survive.
An altemalive is to just change the searchto retain suboptimal suategies. All strategies would be elaborated to the
physical level, and only then would inter-query
commonalities be processed. This approach is feasible,
though working at the physical level meansa cost in both
speedand complexity, as discussedin Section 3.2.
Extending

At the logical level, there would be two ways to implement the creation and merging of the new strategies.First,
one could take the AND-OR g-raphoutput by the logical
level of the SQO and apply transformationsto generateand
merge the new strategies.Alternatively, one could go inside the SQO routines for this stage. The algorithm that
analyzesthe query graph and producesjoin strategiesat the
logical level could be extendedto consider multiple queries
simultaneously, and generatethe ANTD-ORgraph with all
commonalities exploited. [CHAK86] shows how such an
algorithm can generarea single multi-strategy combining
all the queries; the algorithm could be extended to consider
all possibilities.

Conventional

‘Extensible’

Optimizers

A new generation of “extensible” optimizers are described
in [BAT087, FREY87, GRAE87, ROSE861.The idea is
that the optimizer has a general-purposecontrol algorithm,
plus an easily extended library of transformations.For example, one could write fransformarions that create new,
sharable subexpressions, and other transformations that
combine them.
But transformations must be executed in an ap-propriate
order, e.g., common subexpressions merged bc-fore the
next level of elaboration. Extensible optimizers’ control
algorithms generally do not allow additional control rules,
or have a convenient notion of level of abstraction or
priority.4 Another problem lies in the cost model, which
generally does not adjust for shared subexpressions.
Finally, it is not clear whether the transformations’ pauem
matchers will always be able fo search effectively for
commonalities - instead of searching for a lccal pattern,
th! searchmust comparepaitems.

4 Exodus has two levels, but the physical (“method”) level
is second class - one does not transform physical
suategies,but just createsthem [GRAE87].
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5.

Proc. of Twelfth International Conference on Very Large
Data Bases,Kyoto, Japan(August 1986).

As multiple query processingresearchis in its early stages,
it is important to have a framework which is modular and
accommodatesdifferent solutions to subproblems.We discuss here how the approach helps meet the Introduction’s
criteria for solution quality, and ameliorates the problems
identified in Section 3.2.

IFINK
S. Finkelstein. “Common Expression Analysis in Database Applications.” Proc. of the 1982 ACM-SIGMOD
Conference, Orlando (June 1982).

1. Allows mix and match of techniques: We have

separatedseveralindependentsubproblems- strategy generation at each level of abstraction,plus the
searchproblem. The AND-OR graph actsas the interfacebetweensteps.Specialtechniquesand data
structures(e.g., query graphs)can be applied at any
level.

FREY871
J. C. Freytag. “A Rule-Based View of Query Optimization,” Proc. ACM-SIGMOD Conference on Management
of Data, SanFrancisco, (1987)

3-.

Work at appropriate level of abstraction: Logical
commonalities are handled at the logical level (or
earlier), on a small graph without physical complications. SQO elaboration techniques can be applied
to obtain the physical level, and additional commortalities can be detected.

3.

Uniform and eficient representation: The AND-OR

operator graph provides a very efficient and convenient way to represent all useful information about
l-strategies and their common subexpressions.It is
very small compared with (all l-strategies) or (all
multi-strategies). It is suitable as an interface at all
levels, and is not restricted to SPJqueries. l-strategies can easily be generatedfrom our graph.
4.

6.

Quality and Optimizer Efficiency: The
main ingredients in finding a good solution are a
wide range of possibilities, and a search that is fast
enough to consider many of them. The approach’s
modularity helps in introducing new transformations
and new searchtechniques.Other aspectsthat speed
the search (and make possible a more thorough optimization) are being investigated.
Solution
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