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Abstract

Sincethe introduction of cost-basedquery optimization, the performance-critical
role of interesting orders has beenrecognized.Somealgebraic operators change in-
teresting orders (e.g. sort and select), while others exploit interesting orders (e.g.
merge join). The two operations performed by any query optimizer during plan
generation are 1) computing the resulting order given an input order and an alge-
braic operator and 2) determining the compatibilit y between a given input order
and the required order a given algebraic operator can bene�cially exploit. Since
these two operations are called millions of times during plan generation, they are
highly performance-critical. The third crucial parameter is the spacerequirement
for annotating every plan node with its output order.

Lately, a powerful framework for reasoning about orders has been developed,
which is based on functional dependencies. Within this framework, the current
state-of-the-art algorithms for implementing the above operations both have a lower
bound time requirement of 
( n), where n is the number of functional dependencies
involved. Further, the lower bound for the spacerequirement for every plan node is

( n).

We improve theseboundsby newalgorithms with upper time boundsO(1). That
is, our algorithms for both operations work in constant time during plan generation,
after a one-time preparation step. Further, the upper bound for the spacerequire-
ment for plan nodes is O(1) for our approach. Besides,our algorithm reducesthe
search spaceby detecting and ignoring irrelevant orderings. Experimental results
with a full 
edged query optimizer show that our approach signi�cantly reducesthe
total time neededfor plan generation. As a corollary of our experiments, it follows
that the time spent for order processingis a non-neglectablepart of plan generation.

1 In tro duction

In their seminalpaper Selingeret al. madeseveral important contributions to the areaof
query optimization|or, more speci�cally, its subareaof plan generation[5]. They intro-
ducedcost-basedquery optimization. Basedon somecost model, every plan is annotated
with its expected execution costs. Among all plans generated,the cheapest is then se-
lected for execution. Another important contribution was the introduction of dynamic
programming for systematic plan generation. Today, most seriousplan generatorsuse
dynamic programming (e.g. [3]) or its top-down counterpart memoization(e.g. [1]). The
third important contribution|whic h will be the focusof this paper|w asthe introduction
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of interesting orders. An ordering is interesting for the query optimizer if it is generated
by somealgebraicoperator (e.g.a (clustered) index scanor a sort operator) or if it canbe
bene�cially exploited by somealgebraicoperator (like a group or merge-join operator).
Last, an ordering is interesting if it is the result orderingdemandedby the query. Keeping
track of interesting orderscan greatly reducequery executioncostssincethe plan gener-
ator can economizeon sort operators. Let us call the subareaof plan generationthat is
concernedwith handling interesting ordersorder optimization.

To seethat there are more intricacies in order optimization than plain bookkeeping
of produced and consumedorderings, consider a tuple stream that is sorted on some
attribute a. After a selectionwith predicatea = b hasbeenapplied, we can infer that the
tuple streamis alsoorderedon the attribute sequence(a;b) and (b;a) or evenon the single
attribute b. We call the �rst ordering on (a) the physical ordering of the tuple stream.
The inferred orderingsare called logical orderings. As we have seen,algebraicoperators
(e.g. selectoperators) are able to changethe set of logical orderings implied by a given
physical ordering. Order optimization now involves not only bookkeepingof orderings,
but also order inference. Simmen et al. introduced a powerful and 
exible framework
for order inference[6]. It is basedon functional dependenciesand proved to be quite
powerful. Hence,we will adopt it here.

Let us take a closerlook at the requirements a plan generatordemandsfrom the order
optimization component. The plan generatoris mainly interestedin e�cien tly answering
the following two questions:

1. Does the output of a subplan (operator) satisfy a certain ordering (demandedby
someother operator the plan generatorwould like to add to the plan)?

2. How doesthe set of logical orderingschangewhen an operator is applied?

The last question needssomeexplanation. In principle, it would be possible to keep
track of just the physical ordering of a tuple stream and to do the inferenceon demand.
However, this approach is quite ine�cien t. It implies a lot of recomputationsof inferred
logicalorderingssincesubplansarehighly shared.Hence,typical plan nodes(i.e. operators
in a plan) materializethe setof logicalorderingsthat canbe inferred from a givenphysical
input order (see[6]). Then, whenever an operator is applied that changesthis setof logical
orderings, the following happens. With every operator a set of functional dependencies
is associated. With thesethe order optimization component can infer additional logical
orderings. The inferred (new) logical orderingsare addedto the existing onesto give the
result logical orderingsfor that operator. Obviously, this requiresa conciserepresentation
of the set of logical orderings: sinceeven for a medium sizedquery there are millions of
plans and several millions of operators in the plans, this representation must be small to
save storagecosts. Further, the above questionsmust be answered very e�cien tly, since
the accordingfunctions are called millions of times during plan generation. (For search
spacesizeestimatesseethe paper by Ono and Lohman [4].) We call the function that
computesthe answer to the �rst questioncontains and the onethat computesthe answer
to the secondquestion inferNewLogicalOrderings.

Simmenet al. provide algorithms for contains and inferNewLogicalOrderingsbut leave
out someessential details that a�ect runtime. However, we can still calculate the lower
time bound 
( n) for both algorithms. Here, n is the total number of functional depen-
denciesrelevant for the whole query. Further, their ordering representation consumesat
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least 
( n) storageper plan node. Our contributions are implementations for both algo-
rithms that after a perparationn step have time bounds O(1) and a representation for
the set of logical orderings for a plan node that consumesonly O(1) (4 bytes) storage.
At the coreof our approach is an algorithm that transforms the order inferenceproblem
into state transitions of a deterministic �nite state machine (DFSM) where every state
represents a set of logical orderings. Hence,plans only needto be annotated by a state.
Another advantage of our transformation approach is that it prunes'ordering' which are
not relevant for the query. This reducesthe search spaceof the plan generator.

The rest of the paper is organizedasfollows. In Section2, we introducesomenotations
and formalize the problem of order optimization. Section3 describesrelated work. This
is followed by a rough sketch of our approach in Section4. The detailed transformation
algorithm is described in Section5. Finally, examplesillustrate the transformation algo-
rithm in Section6. Here, we also experimentally evaluate our algorithm. Section7 then
contains more experimental results comparingour algorithm to Simmen'salgorithm. All
experiments are performedwith a query optimizer. The resultsshow that the in
uence of
order optimization on total plan generationtime is very high. By our improved algorithm
for order optimization, total plan generationtime can be cut by a factor of 2 for simple
chain querieswith �v e relationsand 60 larger queriescontaining 10relations. Conclusions
are drawn in Section8. A proof of correctnessof our transformation algorithm is given
in Appendix A.

2 Problem De�nition

Sincethe term order optimization is not usedunambiguously, this sectionstateswhat is
meant by it hereand what the expectations of a plan generatorfor this component are.
For illustration purposes,we assumea bottom-up query optimizer as described e.g. by
Lohman [3]. But the techniquesdeveloped herearenot limited to a certain plan generator
type.

The orderings that are relevant for query optimization are called interesting orders1

[5]. The set of interesting orders for a given query consistsof

1. all orderingsrequired by an operator of the physical algebrathat may be usedin a
query executionplan for the given query,

2. all orderingsproducedby an operator of the physical algebrathat may be usedin
a query executionplan for the given query.

Note that the latter alsoincludesthe orderingsdemandede.g.by the order by clauseof a
SQL query, sincethis ordering can potentially be producedby a sort operator. We treat
interesting orders as logical orderings. This meansthat they specify a condition a tuple
stream must meet to satisfy the given ordering. This condition is formally stated below.
In contrast, the physical ordering of a tuple stream is the actual successionof tuples in
the stream. We already saw in the introduction that the logical ordering a tuple stream
satis�es can changealthough the physical ordering doesnot.

1The term interesting ordering is preferable,but sinceinteresting order is a well-known term, we stick
to it. However, otherwise we speak of orderings.
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Someoperators, like sort , actually in
uence the physical ordering of a tuple stream.
Others, like select , only in
uence the logical ordering. Deduction of logical orderings
can be described by using the well-known notion of functional dependencies(FD) [6]. In
the example presented in the introduction, we used the dependencya ! b which can
easily be derived from a = b. Providing a framework for ordering inferenceis the great
contribution of Simmenet al. [6]. In general,the in
uence of a given algebraicoperator
on a set of logical orderingscan be described by a set of functional dependencies.

To exploit available logical orderings,the plan generatorneedsaccessto the order op-
timization component, which we describe asan abstract data type (ADT). An instanceof
this abstract data type LogicalOrderings represents a setof logical orderings,and wher-
ever necessary, an instanceis embeddedinto a plan node. Note that it must represent a set
of logical orderingsand not just a singleone,sincea tuple stream typically satis�es sev-
eral logicalorderings. The two main operationsthe abstract data typeLogicalOrderings
must provide are

1. a membership test (called contains(LogicalOrdering) ) which tests whether the
set contains the logical ordering given as a parameterand

2. an inferenceoperation (called inferNewLogicalOrderings( set < FD> ) ). Given a
set of functional dependencies,it computesa new set of logical orderings a tuple
stream satis�es.

The intuitiv e approach is to explicitly maintain the set of all logical orderingscompat-
ible with the given physical ordering, and to update this set accordingto new algebraic
operators applied to a tuple stream. For example,if a sort operator sorts a tuple stream
by (a;b), the result is compatiblewith logical orderingsf (a;b); (a)g. After a selectionop-
erator with selectionpredicatex = const is applied, the setof logical orderingschangesto
f (x; a;b); (a;x; b); (a;b;x); (x; a); (a;x); (x)g. Sincethe sizeof the set increasesquadrat-
ically with every additional selectionpredicate of the form v = const, a naive represen-
tation as a set of logical orderings is not useful in practice. This led Simmen et al. to
introducea more conciserepresentation, which is discussedin the next section.

We now formalize the problem. Let R = (t1; : : : ; t r ) be a stream(orderedsequence)of
tuples in attributes A1; : : : ; An . Then R satis�es the logical ordering o = (Ao1 ; : : : ; Aom )
(1 � oi � n) if and only if for all 1 � i < j � r the following condition holds:

(t i :Ao1 � t j :Ao1 )

^ 81 < k � m (91 � l < k(t i :Aol < t j :Aol )) _

(( t i :Aok � 1 = t j :Aok � 1 ) ^

(t i :Aok � t j :Aok ))

Next, we need to de�ne the inferencemechanism. Given a physical ordering p =
(Ao1 ; : : : ; Aom ) of a tuple streamR, then R obviously satis�es any logical ordering that is
a pre�x of p including p itself.

Let R be a tuple stream satisfying both the logical ordering o = (A1; : : : ; An ) and the
functional dependencyf = B1; : : : ; Bk ! Bk+1

2. Then R alsosatis�es any logicalordering
derivedfrom oasfollows: addBk+1 to oat any position such that all of B1; : : : ; Bk occurred

2Any functional dependencywhich is not in this form can be normalized into a set of FDs of this form.
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beforethis position in o. Let O0 be the set of all logical orderingsthat can be constructed
this way from o and f after pre�x closure. Then, we usethe following notation: o ` f O0.
Let e be the equation A i = A j . Then o ` e O0 whereO0 is the pre�x closureof the union
of the following three sets. The �rst set is O1 de�ned as o ` A i ! A j O1, the secondis O2

de�ned aso ` A j ! A i O2, and the third is the set of logical orderingsderived from o where
a possibleoccurrenceof A i is replacedby A j or vice versa. Let e be an equation of the
form A = const. Then O0 (o ` e O0) is derived from o by inserting A at any position in o.
This is equivalent to o ` ;! A O0.

Let O be a set of logical orderings and F be a set of functional dependencies(and
possiblyequations). We de�ne the setsof inferred logical orderings
 i (O; F ) as follows:


 0(O; F ) := O


 i (O; F ) := 
 i � 1(O; F ) [
[

f 2 F;o2 
 i � 1(O;F )

o0 with o ` f o0

Let 
( O; F ) be the pre�x closure of
S 1

i=0 
 i (O; F ). We write o ` F o0 if and only if
o0 2 
( O; F ).

Assuming that the ADT represents a set of logical orderings O, contains( o) for a
single logical ordering must check whether o 2 O. And inferNewLogicalOrderings( F )
must computea representation for O0 = 
( O; F ).

Last, let us seewhy we do not needan extra operation in casethe physical ordering
changes.Assumean operator changesthe physical ordering of a tuple stream to p. Then
the ADT must compute the set of logical orderingsderivable from p, that is 
( f pg; F )
whereF is the set of functional dependenciesthe tuple streamsatis�es. That is, the ADT
alsoneedsan e�cien t constructor. However, this constructor is far lessoften called than
the other two operations. Nonetheless,our constructor works in O(1).

3 Related work

There exist only very few papers on order optimization. As already mentioned, the
seminalpaper by Selingeret al. [5] is the �rst one, introducing the problem area. They
also coined the term interesting orders. Later papers usually concentrate on techniques
to exploit, push down or combine orders, not on the abstract handling of orders during
query optimization.

A more recent paper by Simmenet al. [6] introducesthe already presented framework
basedon functional dependenciesfor reasoningabout orderings. While we reusetheir
framework, our essential contribution is that we introducemore e�cien t algorithms.

Let us sketch their representation and algorithms. For a plan node they keep just a
single (physical) ordering. Additionally , they associate all the applicable functional de-
pendencieswith a plan node. Hence,the lower bound spacerequirement for this represen-
tation is essentially 
( n), wheren is the number of functional dependenciesderived from
the query. Note that the set of functional dependenciesis still (t ypically) much smaller
than the set of all logical orderings. In order to compute the function contains(o) ,
Simmenet al. apply a reduction algorithm on both the ordering associated with a plan
node and the ordering given as an argument to contains . Their reduction roughly does
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the opposite of deducing more orderings using functional dependencies. Let us brie
y
illustrate the reduction by meansof an example. Assumethe physical ordering a tuple
streamsatis�es is (a) and the required ordering is (a;b;c). Further assumethat there are
two functional dependenciesavailable: a ! b and a;b ! c. The reduction algorithm is
performedon both orderings. Since(a) is already minimal, nothing changes.Let us now
reduce(a;b;c). We apply the secondfunctional dependency�rst. Using a;b ! c, the
reduction algorithm yields (a;b) becausec appears in (a;b;c) after a and b. Hence,c is
removed. In general,every occurrenceof an attribute on the left-hand sideof a functional
dependencyis removed if all attributes of the right-hand sideof the functional dependency
precedethe occurrence. Reduction of (a;b) by a ! b yields (a). After both orderings
are reduced,the algorithm tests whether the reducedrequired ordering is a pre�x of the
reducedphysical ordering. Note that if we applied a ! b �rst, then (a;b;c) would reduce
to (a;c) and no further reduction is possible.Hence,the rewrite systeminducedby their
reduction processis not con
uent. This problem is not mentioned by Simmen et al.,
but can have the e�ect that contains returns false whereasit should return true. The
result is that someorderings remain unexploited; this could be avoided by maintaining
a minimal set of functional dependencies,but the computation costswould probably be
prohibitiv e. This problemsdoesnot occur with out approach. On the complexity side,
every functional dependencyhas to be applied by the reduction algorithm at least once.
Hence,the lower time bound is 
( n).

In caseall functional dependenciesare introduced by a single plan node and all of
them have to be insertedinto the set of functional dependenciesassociated with that plan
node, the lower bound for inferNewLogicalOrderings is also 
( n).

Overall, Simmenet al. proposedthe important framework for order optimization uti-
lizing functional dependenciesand nicealgorithms to handleorderingsduring plan gener-
ation, but the spaceand time requirements are unfortunate, sinceplan generationmight
generatemillions of subplans.

4 Idea

The set of logical orderingscompatible with a given physical ordering producedby some
subplan can be quite large. However, for plan generation the ADT LogicalOrderings
does not need to o�er accessto the set of orderings: it only allows to test if a given
interesting order is in the set and changesthe set accordingto new functional dependen-
cies. Hence,it is not required to explicitly represent this set; an implicit representation is
su�cien t as long as the ADT operations can be implemented atop of it. In other words,
we neednot be able to reconstruct the set of logical orderingsfrom the state of the ADT.
This givesus room for optimizations.

The idea of our approach is to represent setsof logical orderingsas states of a �nite
state machine (FSM). Roughly, a state of the FSM represents a current physical order-
ing and the set of logical orderingsthat can be inferred from it given a set of functional
dependencies.The edges(transitions) in the FSM are labeledby setsof functional depen-
dencies.They leadfrom onestate to another, if the target state of the edgerepresents the
set of logical orderingsthat can be derived from the orderingsthe edge'ssourcenode rep-
resents by applying the set of functional dependenciesthe edgeis labeledwith. We have
to use sets of functional dependencies,since a single algebraic operator may introduce
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f b ! dg f b ! dg

f b ! dg

�

�
ab

�
�

a

abdabdc

abcd

abc

�

Figure 1: PossibleFSM for orderings

abdc
abd,abcd,
a,ab,abc

a,ab,abc
f b ! dg

Figure 2: PossibleDFSM for the NFSM in Figure 1

more than one functional dependency.
Let us illustrate the idea by a simple exampleand then discusssomeproblems. In

Figure 1 an FSM for the interesting order (a;b;c) and its pre�xes (remember that we
need pre�x closure) and the set of functional dependenciesf b ! dg is given. When
a physical ordering satis�es (a;b;c), it also satis�es its pre�xes (a;b) and (a). This is
indicated by the � transitions. The functional dependencyb ! d allows to derive the
logical orderings(a;b;c;d) and (a;b;d;c). This is handled by assumingthat the physical
ordering changesto either (a;b;c;d) or (a;b;d;c). Hence,thesestates have to be added
to the FSM. We further add the transitions inducedby f b ! dg. Note that the resulting
FSM is a non-deterministic �nite state machine(NFSM).

Assumewe have an NFSM as above. Then the state of the ADT is a state of the
NFSM and the operations of the ADT can easily be mapped to the FSM. Testing for a
logical ordering can be performedby checking if the node with the ordering is reachable
from the current state by following � edges. If the set must be changed becauseof
a functional dependency the state is changed by following the edge labeled with the
functional dependency. Of course,the non-determinismis in our way.

While remembering only the activestateof the FSM avoidsthe problemof maintaining
a set of orderings, the FSM is not really useful from a practical point of view, sincethe
transitions are non-deterministic. Nevertheless,the FSM can be consideredas a special
non-deterministic �nite automaton (NFA), which consumesthe functional dependencies
and "recognizes"the possiblephysical orderings. Further, an NFA can be converted into
a deterministic �nite automaton (DFA), which can be handled e�cien tly. Remember
that the construction is basedon the power set of the NFA's states. That is, the states
of the DFA are sets of states of the NFA [2]. We do not take the deviation over the
�nite automaton but instead lift the construction of deterministic �nite automatonsfrom
nondeterministic onesto �nite state machines. Sincethis is not a traditional conversion,
we give a proof of this step in the appendix.

Yet another problem is that the conversion from an NFSM to a deterministic FSM
(DFSM) can be expensive for large NFSMs. Therefore,reducingthe sizeof the NFSM is
another problem we look at. We introduce techniquesfor reducing the set of functional
dependenciesthat have to be consideredand further techniquesto prune the NFSM.

Another problem occurs. On the onehand, the conversionfrom a nondeterministic to
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1. Determine the input
(a)Determine interesting orders
(b)Determine setsof functional dependencies

2. Construct the NFSM
(a)Construct the nodesof the NFSM
(b)Filter functional dependencies
(c)Add edgesto the NFSM
(d)Prune the NFSM
(e)Add arti�cial start node and edges

3. Convert the NFSM into a DFSM
4. Precomputevalues

(a)Precomputethe compatibilit y matrix
(b)Precomputethe transition table

Figure 3: Preparation stepsof the algorithm

a deterministic FSM aggressively mergesnodes,and the deterministic FSM is typically
much smaller than the non-deterministic. For example, the DFSM in Figure 2 is the
counterpart of the NFSM in Figure 1. On the other hand, we needto keeptrack of those
orderingsthat can be producedby an algebraicoperator like sort . This is necessaryfor
an e�cien t implementation of the ADT constructor. However, this information may get
lost during the NFSM to DFSM conversion. We introducespecial measuresto avoid this
problem.

Someoperators, like sort, changethe physical ordering. In the NFSM, this is handled
by changingthe state to the node corresponding to the newphysical ordering. Implied by
its construction, in the DFSM this newphysicalorderingtypically occursin several nodes.
For example,(a;b;c) occurs in both nodesof the DFSM in Figure 2. It is, therefore,not
obvious which node to choose.We will take careof this problem during the construction
of the NFSM (seeSection5.3).

The DFSM for real queries(e.g.thosein TPC-R) is much smallerthan the NFSM. The
reasonis that mostnodesin the NFSM arearti�cial nodesthat canbemergedaggressively
(seeSection 5.3). However, theoretically a DFSM can be exponential in the sizeof the
NFSM it is constructedfrom. We brie
y comeback to this problem in Section8.

5 Detailed Algorithm

5.1 Overview

Our approach consistsof two phases. The �rst phase is the preparation step taking
placebefore the actual plan generationstarts. The output of this phaseis then usedto
implement the ADT. Then the ADT is usedduring the secondphasewherethe actual plan
generationtakesplace. The �rst phaseis performedexactly onceand quite involved. Most
of this sectioncoversthe �rst phase.Only Section5.6dealswith the ADT implementation.

Figure 3 gives an overview of the preparation phase. It is divided into four major
steps. The di�erent stepsarediscussedin the following subsections.Subsection5.2brie
y
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b

a,b

a,b,c

Figure 4: Initial NFSM for samplequery

reviews how the input to the �rst phaseis determined and, more importantly, what it
looks like. Section5.3 describes in detail the construction of the NFSM from the input.
The conversion from the NFSM to the DFSM is only brie
y sketched in Section5.4, for
details see[2]. From the DFSM somevaluesare precomputedwhich are then used for
the e�cien t implementation of the ADT. The precomputation is described in Section5.5,
while their usageand the ADT implementation are the topic of Section5.6. Section5.7
contains someimportant techniquesto reducethe sizeof the NFSM. They are applied in
Steps2 (b) and 2 (d). During the discussion,we illustrate the di�erent stepsby a simple
running example. More complexexamplescan be found in Section6.

5.2 Determining the Input

Sincethe preparation step is performedimmediately beforeplan generation,it is assumed
that the query optimizer already has determinedwhich indicesare applicableand which
algebraicoperators can possiblybe usedto construct the query executionplan.

Beforeconstructing the NFSM, the set of interesting ordersand the setsof functional
dependenciesfor each algebraic operator are determined. We denote the set of sets of
functional dependenciesby F . It is important for our algorithms to work that we note
which of the interesting orders are (1) produced by somealgebraicoperator or (2) just
tested for. Note that the interesting orderswhich satisfy (1) may additionally be tested
for aswell. We denotethoseorderingsunder (1) by OP , thoseunder (2) by OT . The total
set of interesting orders is de�ned as OI = OP [ OT . The orders produced are treated
slightly di�erently in the following steps. For details on this step we refer to [5, 6].

To illustrate subsequent steps,weassumethat the setof setsof functional dependencies

F = ff b ! cg; f b ! dgg

and the interesting orders

OI = f (b); (a;b)g [ f (a;b;c)g

have beenextracted from the query. We assumethat thosein OT = f (a;b;c)g are tested
for but not producedby any operator, whereasthosein OP = f (b); (a;b)g may beproduced
by somealgebraicoperators.

5.3 Constructing the NFSM

A regular NFSM consistsof a tuple (� ; Q; D; qo), where
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�

�

a

b,c

a,b,c

a,b

b

�

f b ! cg

f b ! cg

Figure 5: NFSM after adding edges

� � is the input alphabet,

� Q the set of possiblestates,

� D � Q � (� [ f � g) � Q is the transition relation and

� q0 the initial state.

This de�nition has to be changedslightly for the algorithm. As we will seelater, it is
important to know which statesrepresent interesting orders(QI ) and which are arti�cial
states that are only required for the algorithm itself (QA ). Additionally , we have an
arti�cial start node q0. Summarizing,we de�ne Q = QI [ QA [ f q0g with QI \ QA = ;
and q0 62QI [ QA .

The interesting orders have been partitioned into those orderings which can be di-
rectly producedby an operator (OP ) and thosewhich are only tested for (OT ). For each
interesting order, we introduce a state representing that order. The resulting state sets
are called QP

I and QT
I , respectively. Then QI = QP

I [ QT
I whereQP

I \ QT
I = ; . The FSM

constructedfor the exampleso far is shown in Figure 4.
The arti�cial nodesare constructedby consideringfunctional dependencies

QA = (
( OI ; F ) n OI ):

The input alphabet � consistsof the setsof functional dependenciesand the labelsof
the arti�cial edgeswhich link to the statesQP

I that represent the (produced) interesting
ordersOP :

� = F [ QP
I :

We will usearti�cial edgesasentry points to allow a fast constructor implementation
for the ADT. In order to support arti�cial edges,we de�ne the domain of the transition
relation D as

D � ((Q n f q0g) � (F [ f � g) � (Q n f q0g))

[ (f qog � QP
I � QP

I )

The edgesare formed by the functional dependenciesand the arti�cial edges:

DF D = f (o;f ; o0) j o 2 Q; f 2 F [ f � g; o0 2 Q; o ` f o0g

DA = f (q0; o;o) j o 2 QP
I g

D = DF D [ DA
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�

a

a,b,c

a,b

b

�

f b ! cg

Figure 6: NFSM after pruning arti�cial nodes

(b)

(a,b) �

b

a,b

a,b,c

a

�

*

f b ! cg

Figure 7: Final NFSM

First, edgescorresponding to functional dependenciesare added. In our example, this
results in the NFSM shown in Figure 5. Note that the functional dependencyb ! d has
beenpruned, sinced doesnot occur in any interesting order. The NFSM can be further
simpli�ed by pruning the arti�cial node(b;c) which cannot leadto a newinterestingorder.
The result is shown in Figure 6. A detailed description of both pruning techniquescan
be found in Section5.7.

The arti�cial start node q0 has emanating edgesincident to all nodes representing
interesting orders in OP

I . The �nal NFSM for the example is shown in Figure 7. Note
that the node representing (a;b;c) is not linked by an arti�cial edgesinceit is only tested
for, as it is in QT

I .

5.4 Constructing the DFSM

The construction of the DFSM from the NFSM follows the standard power set construc-
tion that is usedto translate an NFA into a DFA [2]. A formal description and a proof
of correctnessis given in the appendix. It is important to note that this construction

3:(a),(a,b),(a,b,c)

2:(a),(a,b)

1:(b)

*

(b)

(a,b)

f b ! cg

Figure 8: Resulting DFSM
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node (a) (a,b) (a,b,c) (b)
1 0 0 0 1
2 1 1 0 0
3 1 1 1 0

Figure 9: Precomputedvaluesfor contains

node f b ! cg (a;b) (b)
* * 2 1
1 1 1 1
2 3 2 2
3 3 3 3

Figure 10: Precomputedvaluesfor constructor and inferNewLogicalOrderings

preservesthe start node and the arti�cial edges.The resulting DFSM for the exampleis
shown in Figure 8.

5.5 Precomputing values

To allow for an e�cien t precomputationof values,every occurrenceof an interestingorder
or functional dependencyis replacedby a handle. This allows comparisonsin constant
time (equivalent entries get the samehandle). Further, the DFSM is represented by an
adjacencymatrix.

The precomputation step itself computes two matrices. The �rst matrix denotes
whether an NFSM node in QI , i.e. an interesting order, is contained in a speci�c DFSM
node. This matrix can be represented asa compactbit vector. For our running example,
it is given (in a more readableform) in Figure 9. The secondmatrix contains the tran-
sition table for the DFSM relation �. Using it, edgesin the DFSM can be followed in
O(1). For this example,the transition matrix is given in Figure 10.

5.6 During Plan Generation

During plan generation, larger plans are constructed by adding algebraic operators to
existing (sub-)plans. Each subplan contains the available orderings in the form of the
corresponding state in the DFSM. Hence,the state of the DFSM, a simple integer, is the
state of our ADT LogicalOrderings .

When applying an operator to subplansthe ordering requirements are testedby check-
ing whether the DFSM state of the subplancontains the requiredorderingof the operator.
This is doneby a simple lookup in the �rst precomputedmatrix.

If the operator introducesa new set of functional dependencies,the new state of the
ADT is computedby following the accordingedgein the DFSM. This is performedby a
quick lookup in the secondprecomputedmatrix.

For \atomic" subplanslike table or index scansthe ordering is determinedexplicitly
by the operator (either an empty ordering or the ordering resulting from the operator).

12



The state of the DFSM is determinedby a lookup in the transition matrix with start state
� and the edgeannotated by the producedordering. For sort operators the state of the
DFSM is determinedby following the edgeasbeforeand then anotheredgecorresponding
to the set of functional dependenciesthat currently hold.

In the example, a sort by (a;b) results in a subplan with ordering 2 (the node 2 is
active in the DFSM), which satis�es (a) and (a;b). After applying an operator which
inducesb ! c, the ordering changesto 3, which alsosatis�es (a;b;c). The transitions and
tests can easilybe computedusing the tables in Figure 9 and Figure 10.

5.7 Reducing the Size of the NFSM

Reducingthe sizeof the NFSM is important for two reasons:First, it reducesthe amount
of work neededduring the preparation step, especially the conversion from NFSM to
DFSM. Even more important is that a reducedNFSM results in a smaller DFSM. This
is crucial for plan generation,sinceit reducesthe search space:Plans can only be com-
pared and pruned if they have comparableordering and a comparableset of functional
dependencies(see[6] for details). Reducing the sizeof the DFSM removes information
that is not relevant for plan generationand, therefore,allows a more aggressive pruning
of plans.

At �rst, the functional dependenciesare pruned. Thesefunctional dependenciesthat
can never lead to a new interesting order are removed. For convenience,we extend the
de�nition of 
( O; F ) and de�ne


( O; � ) := 
( O; ; )

Then the set of prunable functional dependenciesF P can be described by


 N (o;f ) := 
( f og; f f g) n 
( f og; � )

FP := f f jf 2 F ^ 8o 2 OI :

(
(
 N (o;f ); F ) n 
( f og; � )) \ OI = ;g

Pruning functional dependenciesis especially useful since it also prunes arti�cial nodes
that would be created becauseof the dependencies. In the example, this removed the
functional dependencyb ! d, sinced doesnot appear in any interesting order. This step
also removesthe arti�cial nodescontaining d.

The arti�cial nodesare required to build the NFSM, but they are not visible outside
the NFSM, therefore they can be pruned and mergedwithout a�ecting plan generation.
Two heuristics are usedto reducethe set of arti�cial nodes:

1. All arti�cial nodes that behave exactly the same(that is their edgeslead to the
samenodesgiven the sameinput) are mergedand

2. all arti�cial nodesthat can reach important nodesonly through � edgesare pruned
and replacedwith corresponding links to the important nodes.

More formally, the following pairs of nodescan be merged:

f (o1; o2) j o1 2 OA ; o2 2 OA ^ 8f 2 F :

(
( f o1g; f f g) n 
( f o1g; � )) =

(
( f o2g; f f g) n 
( f o2g; � ))g

13



The following nodescan be replacedwith the next node reachable by an � edge:

f o j o 2 OA ^ 8f 2 F :


(
( f og; � ); f f g) n f og =


(
( f og; � ) n f og; f f g)g

In the example,this removed the node (b;c), which wasarti�cial and only led to the node
(b).

These techniques reduce the size of the NFSM, but still most nodes are arti�cial
nodes, i.e. they are only createdbecausethey can be reached by consideringfunctional
dependencieswhen a certain ordering is available. But many of these nodes are not
relevant for the actual query processing. For example,given a set of interesting orders
which consistsonly of a single ordering (a) and a set of functional dependencieswhich
consists only of a ! b, the NFSM will contain (among others) two nodes: (a) and
(a;b). The node (a;b) is created since it can be reached from (a) by considering the
functional dependency, however, it is irrelevant for the plan generation, since (a;b) is
not an interesting order and is never created nor tested for. Actually, in the example
above, the whole functional dependencywould be pruned (since b never occurs in an
interesting order), but the problem remainsfor combinations of interesting orders: Given
the interesting orders(a), (b) and (c) and the functional dependenciesf a ! b;b ! a;b !
c;c ! bg, the NFSM will contain nodes for all permutations of a, b and c. But these
nodesare completelyuseless,sinceall interesting ordersconsistonly of a singleattribute
and, therefore,only the �rst entry of an ordering is ever tested.

Ideally, the NFSM should only contain nodeswhich are relevant for the query; since
this is di�cult to ensure,a heuristic can be used which greatly reducesthe size of the
NFSM and still guarantees that all relevant nodes are available: When consideringa
functional dependencyof the form a ! b and an ordering o1; o2; : : : ; on with oi = a for
somei (1 � i � n), the b can be inserted at any position j with i < j � n + 1 (for the
special caseof a condition a = b i = j is also possible). So, an entry of an ordering can
only a�ect entries on the right of its own position. This meansthat it is unnecessaryto
considerthoseparts of an ordering which are behind the length of the longestinteresting
order; sincethat part cannot in
uence any entries relevant for plan generation,it can be
omitted. Therefore,the orderingscreatedby functional dependenciescan be cut o� after
the maximum length of interesting orders,which results in lesspossiblecombinations and
a smaller NFSM.

The spaceof possibleorderings can be limited further by taking into account the
pre�x of the ordering: before inserting an entry b in an ordering o1; o2; : : : ; on at the
position i , check if there is actually an interesting order with the pre�x o1; o2; :::oi � 1; b
and stop inserting if not interesting order is found. Also limit the new ordering to the
length of the longestmatching interesting order; further attributes will never be used. If
functional dependenciesof the form a = b occur, they might in
uence the pre�x of the
ordering and the simple test described above is not enough. Therefore a representativ e
is chosenfor each equivalenceclasscreatedby thesedependenciesand for the pre�x test
the attributes are replacedwith their representativ es. Sincethe set of interesting orders
with a pre�x of o1; : : : ; on is a supersetof the set for the pre�x o1; :::on ; on+1 this heuristic
can be implemented very e�cien tly by iterating over i and reducing the set as needed.
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id

jobid

salary

id,name

jobid,id

id,name,jobid

jobid,name,id

id,jobid*

id,jobid,name

jobid,id,name

jobid,name

id=jobid

epsilon

artifical

Figure 11: NFSM for a simple query

6 Examples

This sectioncontains two examplequeries.The �rst is usedto illustrate the transforma-
tion algorithm detailed in the previoussection. We give the completeNFSM and DFSM.
The secondquery is a more complex query taken from TPC-R. It is used to illustrate
the runtime behavior of the transformation algorithm and the gains of the introduced
heuristics on a realistic query.

6.1 Simple Query

Considerthe following query:

select *
from persons,jobs
where persons.jobid=jobs.id and

jobs.salary>50000
order by jobs.id, persons.name

The interesting ordersare

QP
I = f (id); (j obid); (id; name)g

QT
I = f (salary)g

The set of functional dependenciesconsistsof

F = ff j obid! id; id ! j obidgg:

Figure 11 shows the NFSM for the query. Note that the NFSM takes into account that

a = b is stronger than f a ! b;b ! ag, e.g. the edge(id)
id= j obid

! (j obid) is added,which is
not possibleif only the functional dependenciesare considered.Also note that the state
for salary cannot be reached; sincethe ordering (salary) is only in QT

I (no operator will
generate(salary)), no edgefrom the start node is added. In the DFSM, the node does
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*

(id),(id,name) (id)

(jobid) (id),(jobid),(jobid,id),(id,jobid)

(id),(id,name),(jobid),(jobid,id,name),(jobid,id),
(id,jobid),(jobid,name),(id,jobid,name),

(id,name,jobid),(jobid,name,id)

Figure 12: DFSM for NFSM in Figure 11

not appear. Here,we assumedthat sorting for a selectiondoesnot pay o� and that there
is no index on salary.

The correspondingDFSM is shown in Figure 12. The DFSM is smallerthan the NFSM
sincethe di�erent permutations of id, jobid and namearemerged;whenthe corresponding
DFSM node is active, all of them are available.

6.2 TPC-R Query 8

To illustrate the time and spacerequirements of the algorithm for larger input sizes,we
chosea more complexquery from the well-known TPC-R benchmark ([7]):

select
o year,
sum(casewhen nation = '[NATION]'

then volume
else0

end) / sum(volume) as mkt share
from

(select
extract(year from o orderdate) as o year,
l extendedprice* (1-l discount) asvolume,
n2.n nameas nation

from part,supplier,lineitem,orders,customer,
nation n1,nation n2,region

where
p partkey = l partkey and
s suppkey = l suppkey and
l orderkey = o orderkey and
o custkey = c custkey and
c nationkey = n1.n nationkey and
n1.n regionkey = r regionkey and
r name= '[REGION]' and
s nationkey = n2.n nationkey and
o orderdatebetweendate '1995-01-01'and

date '1996-12-31'and
p type = '[TYPE]'

) asall nations
group by o year
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order by o year;

When consideringthis query, all attributes used in joins and group by clausesare
addedto the set of interesting orders. This results in the sets

OP
I = f (o year); (o partkey); (p partkey);

(l partkey); (l suppkey); (l orderkey);

(o orderkey); (o custkey); (c custkey);

(c nationk ey); (n1:n nationk ey);

(n2:n nationk ey); (n regionkey);

(r r egionkey); (s suppkey); (s nationk ey)g

QT
I = ;

If appropriate operators of the physical algebra are available, it might be useful to add
OT

I = f (r name); (o orderdate)g; a selectionoperator never sorts but might exploit or-
dering.

The set of functional dependencies(and equations) contains all join conditions and
constant conditions:

F = ff p partkey = l partkeyg; f; ! p typeg;

f o custkey = c custkeyg; f; ! r nameg;

f c nationk ey = n nationk eyg;

f s nationk ey = n2:n nationk eyg;

f l orderkey = o orderkeyg;

f s suppkey = l suppkeyg;

f n regionkey = r regionkeygg

On an AMD Athlon XP 1800+ usingthe gcc3.2, the completepreparationstephasthe
following spaceand time requirements, the results with and without pruning techniques
(seesection5.7) are shown.

w/o pruning with pruning
NFSM size 376nodes 38 nodes
DFSM size 80 nodes 24 nodes
total time 16ms 0.2ms
precomputeddata 3040bytes 912bytes

7 Exp erimen tal Results

We now considerhow order processingin
uences the time neededfor plan generation.
Therefore, we implemented both our algorithm and the algorithm proposedby Simmen
et al. [6] and integrated them into a bottom-up plan generatorbasedon [3].

To get a fair comparison,we tuned Simmen'salgorithm asmuch aspossible.The most
important measurewas to cache results in order to eliminate repeated calls to the very
expensive reduce operation. Second,sinceSimmen'salgorithm requiresdynamic memory,
we implemented a specially tailored memory management. This alone gave us a speed
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n #Edges t (ms) #Plans t/plan t (ms) #Plans t/plan % t % #Plans %. t/plan
5 n-1 2 1541 1.29 1 1274 0.78 2.00 1.21 1.65
6 n-1 9 7692 1.17 2 5994 0.33 4.50 1.28 3.55
7 n-1 45 36195 1.24 12 26980 0.44 3.75 1.34 2.82
8 n-1 289 164192 1.76 74 116562 0.63 3.91 1.41 2.79
9 n-1 1741 734092 2.37 390 493594 0.79 4.46 1.49 3.00
10 n-1 11920 3284381 3.62 1984 2071035 0.95 6.01 1.59 3.81
5 n 4 3060 1.30 1 2051 0.48 4.00 1.49 2.71
6 n 21 14733 1.42 4 9213 0.43 5.25 1.60 3.30
7 n 98 64686 1.51 20 39734 0.50 4.90 1.63 3.02
8 n 583 272101 2.14 95 149451 0.63 6.14 1.82 3.40
9 n 4132 1204958 3.42 504 666087 0.75 8.20 1.81 4.56
10 n 26764 4928984 5.42 2024 2465646 0.82 13.22 2.00 6.61
5 n+1 12 5974 2.00 1 3016 0.33 12.00 1.98 6.06
6 n+1 69 26819 2.57 6 12759 0.47 11.50 2.10 5.47
7 n+1 370 119358 3.09 28 54121 0.51 13.21 2.21 6.06
8 n+1 2613 509895 5.12 145 208351 0.69 18.02 2.45 7.42
9 n+1 27765 2097842 13.23 631 827910 0.76 44.00 2.53 17.41
10 n+1 202832 7779662 26.07 3021 3400945 0.88 67.14 2.29 29.62

Figure 13: Plan generation for di�erent join graphs, Simmen'salgorithm (left) vs. our
algorithm (middle)

up by a factor of three. We further tuned the algorithm by thoroughly pro�ling it until
no more improvements were possible. For each order optimization framework the plan
generatorwas recompiled to allow for as many compiler optimizations as possible. We
alsocarefully observed that in all casesboth order optimization algorithms producedthe
sameoptimal plan.

We �rst measuredthe plan generation times and memory usagefor TPC-R Query
8. The result of this experiment is summarizedin the following table. Sinceorder op-
timization is tightly integrated with plan generation,it is impossibleto exactly measure
the time spend just for order optimization during plan generation. Hence,we decidedto
measurethe impact of order optimization on the total plan generationtime. This hasthe
advantage that we canalso(for the �rst time) measurethe impact order optimization has
on plan generationtime. This is important sinceonecould arguethat we areoptimizing a
problemwith no signi�cant impact on plan generationtime, hencesolvinga non-problem.
As we will see,this is de�nitely not the case.

In subsequent tables, we denoteby t(ms) the total executiontime for plan generation
measuredin milliseconds,by #Plans the total number of subplansgenerated,by t/plan the
time (in microseconds)neededto introduce one plan operator, i.e. the time to produce
a single subplan, and by Memory the total memory (in KB) consumedby the order
optimization algorithms.

Simmen Our algorithm
t (ms) 262 52
#Plans 200536 123954
t/plan (� s) 1.31 0.42
Memory (KB) 329 136

From thesenumbers,it becomesobviousthat orderoptimization hasa signi�cant in
uence
on total plan generation time. It may come as a surprise that fewer plans need to be
generatedby our approach. This is due to the fact the (reduced)FSM only contains the
information relevant to the query, resulting in fewer states. With Simmen'sapproach, the
plan generatorcan only discardplans if the ordering is the sameand the set of functional
dependenciesis equal (respectively a subset). It does not recognizethat the additional
information is not relevant for the query.
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In order to show the in
uence of the query on the possiblegains of our algorithm,
we generatedquerieswith 5-10relations and a varying number of join predicates|that
is, edgesin the join graph. We always started from a chain query and then randomly
addedsomeedges.For small querieswe averagedthe results of 100queriesand averaged
10 queriesfor large queries. The results of the experiment can be found in Fig. 13. In
the secondcolumn, we denote the number of edgesin terms of the number of relations
(n) given in the �rst column. The next six columns contain (1) the total time needed
for plan generation(in ms), (2) the number of (sub-) plans generated,and (3) the time
neededto generatea subplan (in � s), i.e. to add a singleplan operator, for (a) Simmen's
algorithm (columns 3-5) and our algorithm (columns 6-8). The total plan generation
time includes building the DFSM when our algorithm is used. The last three columns
contain the improvement factors for these three measuresachieved by our algorithm.
More speci�cally, column % x contains the result of dividing the x column of Simmen's
algorithm by the corresponding x column entry of our algorithm.

Note that we areable to keepthe plan generationtime below onesecondin most cases
and three secondsin the worst casewhereaswhen Simmen'salgorithm is applied, plan
generation time can be as high as 200 seconds. A lot more could be said about these
numbers, but for spacereasonswe restrict ourselvesto draw two important conclusions:

1. Order optimization hasa signi�cant impact on total plan generationtime.

2. By using our algorithm, signi�cant performancegainsare possible.

For completeness,we also give the memory consumption during plan generation for
the two order optimization algorithms (seeFig. 14). For our approach, we also give the
sizesof the DFSM which are included in the total memory consumption. All memory
sizesare in KB. As one can see,our approach consumesabout half as much memory as
Simmen'salgorithm.

8 Conclusion

The framework presented in this paper allows a very e�cien t handling of order optimiza-
tion during plan generation. After a preparation step with reasonableperformance,the
plan generationcan changeand test for orderingsin O(1) using only O(1) spaceper sub-
plan. Experimental results have shown that this can signi�cantly reducethe time needed
for plan generationby both reducingthe time neededper subplanand reducingthe search
space,which is essential for handling large queries. Summarizing, using FSMs to keep
track of the available orderingsallows a very e�cien t handling of orderingsduring plan
generation.
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A Pro of of correctness

The algorithm described in this paper �rst constructsa non-deterministic FSM and con-
verts it to a deterministic FSM. For this conversion, the NFSM is treated like an NFA
which is converted to a DFA. It has to be shown that the DFSM resulting from the
conversion is equivalent to the initial NFSM:

A.1 De�nitions

An NFA [2] consistsof a tuple (� ; Q; D; qo; F ), where � is the input alphabet, Q the set
of possiblestates,D � Q� (� [ f � g) � Q the transition relation, q0 the initial state and F
the set of acceptingstates. All nodesreachable from a given set of nodesQ by following
� edgescan be described by

E0
D (Q) = Q

Ei
D (Q) = f q0j9q 2 Ei � 1

D (Q); (q; �; q0) 2 Dg

ED (Q) =
1[

i =0

Ei
D (Q)

Then the NFA acceptsan input w = w1w2:::wn 2 � � if Sn \ F 6= ; where

S0 = ED (qo)

Si = ED (f q0j9q 2 Si � 1 : (q; wi ; q0) 2 Dg):

Similarly, a DFA [2] consistsof a tuple (� ; Q; � ; qo; F ) where

� � Q � � � Q

^ 8a;b;c 2 Q; d 2 � :

((a;d;b) 2 � ^ (a;d;c) 2 �) ) b= c:

So a DFA is an NFA which only allows non-ambiguousnon-� transitions. The de�nition
of acceptingis analogousto the de�nition for NFAs.

An NFSM is basicallyanNFA without acceptingstates. It consistsof a tuple (� ; Q; D; qo),
where � is the input alphabet, Q the set of possiblestates,D � Q � (� [ f � g) � Q the
transition relation and q0 the initial state. While an NFSM doesnot have aby accepting
states it is usually important to know which state is active after a given input, so in a
way each state is accepting.

Likewise,a DFSM basically is a DFA without acceptingstates. It consistsof a tuple
(� ; Q; � ; qo) where�, Q,� and qo are analogousto the DFA. Again, while there is no set
of acceptingstates, it is important to know which one is active after a given input.
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A.2 The transformation algorithm

The commonly usedalgorithm to convert an NFA into a DFA (see[2]) can also be used
to convert an NFSM into a DFSM. Since the acceptingstates are not required for the
algorithm, the NFSM can be regardedas an NFA and converted into a "DFA", which is
really a DFSM. The correctnessof this transformation is shown in the next section.

The algorithm converts an NFSM (� ; Q; D; qo) in a DFSM (� ; Q0; � ; q0
0) with Q0 � 2Q.

It �rst constructsa start node q0
0 = ED (f q0g) and then determinesfor all DFSM nodesq0

all outgoing edges� 0 by expandingall edgesin the contained NFSM nodes:

� (q0) = f (q0; � ; q0
2j� 2 � ; q0

2 6= ; ;

q0
2 = fED (q2)j(q; � ; q2) 2 D; q 2 q0gg:

This results in the DFSM (� ; Q0; � ; q0
o) with

Q0
0 = f q0

0g

Q0
i =

[
q02 Q0

i � 1
f q0

2j9� 2 � : (q0; � ; q0
2) 2 � (q0)g

Q0 =
[

1
i=0 Q0

i

� =
[

q02 Q0� (q):

A.3 Correctness of the FSM transformation

Proposition: Given an NFSM (� ; Q; D; qo), the DFSM (� ; Q0 � 2Q; � ; q0
0) constructedby

using the transformation algorithm for NFA to DFA described in [2] behavesexactly like
the NFSM, i.e.

1) 8w 2 � � ; q 2 Q; q0
w! q 9q0 2 Q0 : q0

0
w! q0^ q 2 q0

2) 8w 2 � � ; q0
a 2 Q0; q0

b 2 Q0; qa 2 q0
a; qb 2 q0

b :

(qa
w! qb) i� (q0

a
w! q0

b)

Proof: Proposition 1) trivially follows from the de�nition of the transformation algo-
rithm, seethe de�nition of � 0 and Q0 in SectionA.2.

The proof for proposition 2) canbederived from the proof in [2], Chapter 2.3: there, it
is shown that for all w 2 � � , given a node q in the NFA and a node q0 in the transformed
DFA with q 2 q0, a node f 0 in the DFA contains a node f in the NFA if and only if q w! f
and q0 w! f 0. Since the DFSM is constructed using the samealgorithm, this results in
proposition 2).

Therefore, the conversionalgorithm usedto convert an NFA into a DFA can be used
to convert the NFSM describing the ordering transitions to a DFSM that behaves the
sameway as the NFSM.
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