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Abstract

Sincethe intro duction of cost-basedquery op-
timization by Selinger et al. in their semi-
nal paper, the performance-critical role of in-
teresting orders has been recognized. Some
algebraic operators change interesting orders
(e.g. sort and select), while others exploit
them (e.g. mergejoin). Likewise, Wang and
Cherniack (VLDB 2003)showed that existing
groupings should be exploited to avoid redun-
dant grouping operations. Ideally, the reason-
ing about interesting orderings and groupings
should be integrated into one framework.

Sofar, no complete, correct, and e cien t algo-
rithm for ordering and grouping inferencehas
been proposed. We Il this gap by propos-
ing a general two-phase approac that e -
ciently integrates the reasoningabout order-
ings and groupings. Our experimental results
show that with a modest increaseof the time
and spacerequiremerts of the preprocessing
phase both orderings and groupings can be
handled at the sametime. More importantly,
there is no additional costfor the secondphase
during which the plan generator changesand
exploits orderings and groupings by adding
operators to subplans.

1 Intro duction

The most expensive operations (e.g. join, grouping,
duplicate elimination) during query evaluation can be
performed more e cien tly if the input is ordered or
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grouped in a certain way. Therefore, it is crucial for
guery optimization to recognize caseswhere the in-
put of an operator satis es the ordering or grouping
requirements neededfor a more e cient evaluation.
Since a plan generator typically considersmillions of
dierent plans { and, hence, operators {, this recog-
nition easily becomesperformance critical for query
optimization, often leading to heuristic solutions.

The importance of exploiting available orderings
has been recognizedin the seminal work of Selinger
et al [4]. They preseried the concept of interesting
orderings and shoved how redundant sort operations
could be avoided by reusing available orderings, ren-
dering sort-basedoperators like sort-merge join much
more interesting.

Along theselines it is bene cial to reuseavailable
grouping properties, usually for hash-basedoperators.
While heuristic techniquesto avoid redundant group-
by operators have been given [1], groupings have not
beentreated as thoroughly as orderings. One reason
might be that while orderings and groupings are re-
lated (every ordering is also a grouping), groupings
behave somewhat di erently. For example, a tuple
stream grouped on the attributes fa;bg need not be
groupedonthe attribute fag. This isdi erent from or-
derings,whereatuple streamorderedon the attributes
(a;b) is also ordered on the attribute (a). Since no
simple pre x (or subset)test existsfor groupings, opti-
mizing groupingsevenin a heuristic way is much more
dicult than optimizing orderings. Still it is desirable
to combine order optimization and the optimization
of groupings, as the problems are related and treated
similarly during plan generation. Recerly, somework
in this direction hasbeenpublished [7]. However, this
only covers a special caseof grouping, as we will dis-
cussin somedetail in Section 3.

Experimental results have shown that the costsfor
order optimization canhave alargeimpact on the total
costsof query optimization [3]. Therefore, somecareis
neededwhen adding groupings to order optimization,
as a slowdown of plan generation would be unaccept-
able. In this paper, we integrate groupings by con-



structing a state machine for groupings and combin-
ing it with a state machine for orderings. Experimen-
tal results show that this e cien tly handlesorderings
and groupings at the sametime, with no additional

costsduring plan generationand only modestonetime
costs. Actually the operation neededfor grouping op-
timization during plan generationcan be performedin

0O(1), basically allowing to exploit groupings for free.

The rest of the paper is organized as follows. In

Section 2, we intro duce somenotations and formalize
the problems of order optimization and grouping opti-

mization. Section3 describesrelated work. This is fol-
lowed by a rough sketch of our approac in Section4.
The detailed algorithm is described in Section 5. Fi-

nally, an experimental evaluation of our algorithm is
preseried in Section 6. Conclusionsare drawn in Sec-
tion 7.

2 Problem De nition

The described framework combinesorder optimization

and the handling of grouping in one consistert set of
algorithms and data structures. In this section,we give
a more formal de nition of the problem and the scope
of the framework. First, we de ne the operations of or-
dering and grouping (Sections2.1 and 2.2). Then we
briey discuss functional dependencies(Section 2.3)
and how they interact with algebraic operators (Sec-
tion 2.4) and nally we explain how the framework can
be usedfor plan generation (Section 2.5).

2.1 Ordering

During plan generation, many operators require or
produce certain orderings. To avoid redundant sorting
it is required to keeptrack of the orderings a certain
plan satis es. The orderingsthat arerelevant for query
optimization are called interesting orders [4]. The set
of interesting orders for a given query consistsof

1. all orderingsrequired by an operator of the physi-
cal algebrathat may be usedin a query execution
plan for the given query, and

2. all orderingsproducedby an operator of the phys-
ical algebrathat may be usedin a query execution
plan for the given query.

This includesthe nal ordering requestedby the given
query, if this is speci ed.

The interesting orders are logical orderings. This
means that they specify a condition a tuple stream
must meet to satisfy the given ordering. In contrast,
the physial ordering of a tuple stream is the actual
successionof tuples in the stream. Note that while
a tuple stream has only one physical ordering, it can
satisfy multiple logical orderings. For example, the
stream of tuples ((1;1); (2;2)) with schema (a;b) has
one physical ordering (the actual stream), but satis es
the logical orderings a, b, aband ba

Some operators, like sort , actually inuence the
physical ordering of a tuple stream. Others, like
select , only inuence the logical ordering. For ex-
ample, a sortfa] producesa tuple stream satisfying
the ordering (a) by actually changing the physical or-
der of tuples. After applying selectfa=b] to this
tuple stream, the result satis es the logical orderings
(a); (b); (a; b); (b;a), although the physical ordering did
not change. Deduction of logical orderings can be de-
scribed by using the well-known notion of functional
dependencies(FD) [5]. In general, the in uence of a
given algebraic operator on a set of logical orderings
can be described by a set of functional dependencies.

be a stream (ordered sequence)f tuples in attributes
Ai1;:::;An. Then R satis es the logical ordering o =
(Ao;iiiAg, ) (1 o n)if and only if for all 1

i <j r the following condition holds:

(t| :Ao1 tj :Aol)
A 8l<k m (91 I < k(ti:Ag < tj:Aq)) _
((ti :AOk 1= ti :AOk 1) "
(ti:Ao,  tj:Ag)):

Next, we needto de ne the inference mecanism.

ple stream R, then R obviously satis es any logical
ordering that is a pre x of o including o itself.

Let R be a tuple stream satisfying both the log-
ical ordering o =
dependency f = Bi;:::;Bx ! Bgsr ! with B 2
fA1:::An0. Then R alsosatis es any logical ordering
derived from o as follows: add By+; to o at any po-

position in o. For example consider a tuple stream
satisfying the ordering (a;b); after inducing the func-
tional dependencya;b! cthe tuple stream also satis-
es the ordering (a; b;c), but not the ordering (a; c;b).
Let O° be the set of all logical orderings that can be
constructed this way from o and f after pre x closure.
Then we usethe following notation: 0" ¢ O° Let e be
the equation Aj = Aj. Then o~ O° where Q% is the
pre x closure of the union of the following three sets.
The rst setis O; dened aso " a;1 A, O, the sec-
ondis O, dened aso " a;1 a; Oz, andthe third is the
set of logical orderings derived from o wherea possible
occurrenceof A; is replacedby A; or vice versa. For
example, considera tuple stream satisfying the order-
ing (a); after inducing the equation a = b the tuple
stream also satis es the orderings (a; b); (b) and (b;a).
Let e be an equation of the form A = const Then
0% (0 " ¢ 09 is derived from o by inserting A at any
position in 0. This is equivalent to 0~ , 5 O° For ex-
ample, considera tuple stream satisfying the ordering
(a; b); after inducing the equation ¢ = const the tuple

1Any functional dependency which is not in this form can be
normalized into a set of FDs of this form.



stream also satis es the orderings (c;a; b); (a; c;b) and
(a; b;c).

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

o(O;F)
i(O;F)

O
i 1(0[;F)[
O%with 0~ ¢ O°
f2F;02 § 1(O5F)

S
Let ( O;F) be the pre x closure of il:o
We write 0" ¢ o”if and only if a°2 ( O;F).

i(O;F).

2.2 Grouping

It wasshown in [7] that similar to order optimization,
it is bene cial to keep track of the groupings satis-
ed by a certain plan. Traditionally, group-by opera-
tors are either applied after the rest of the query has
beenprocessedor are stheduled using someheuristics
[1]. However, the plan generator could take advan-
tage of grouping properties produced e.g. by avoiding
re-hashingif sud information was easily available.

Analogousto order optimization we call this group-
ing optimization and de ne that the set of interesting
groupingsfor a given query consistsof

1. all groupingsrequired by an operator of the phys-
ical algebrathat may be usedin a query execution
plan for the given query

2. all groupingsproducedby an operator of the phys-
ical algebrathat may be usedin a query execution
plan for the given query.

This includes the grouping speci ed by the group by
clauseof the query, if any exists.

These groupings are similar to logical orderings, as
they specify a condition a tuple stream must meet to
satisfy a given grouping. Likewise functional depen-
denciescan be usedto infer new groupings.

More formally, a tuple stream R =

fAg 115 A0 (1 . o] n) if and only if for all

1 i< j <k r the following condition holds:
8l | m ti:Ag = tkiAg
) 8L | m ti:Ag = 1Ay

Two remarks are in order here. First, note that a
grouping is a set of attributes and not { asorderings{
a sequenceof attributes. Second,note that given two
groupingsgand ¢® gand atuple streamR satisfying
the grouping g, R neednot satisfy the grouping g°. For
examplethe tuple stream ((1; 2); (2; 3); (1; 4)) with the
schema (a;b) is grouped by fa;bg, but not by fag.
This is di erent from orderings, where a tuple stream

satisfying a ordering o also satis es all orderings that
areaprex ofo.

New groupings can be inferred by functional de-
pendenciesas follows: Let R be a tuple stream sat-

the set of all groupings that can be constructed this
way from g and f. Then we use the following nota-
tion: g “¢ GO For examplefa;by "~ ap ¢ fa;b;cg.
Let e be the equation A; = Aj. Theng "¢ GO where
GV is the union of the following three sets. The rst
setis Gy dened asg "a;1 a; Gi, the secondis G,
dened asg "a;1 A, G2, and the third is the set of
groupings derived from g where a possible occurrence
of A; is replaced by A; or vice versa. For example
fa;bg " p=c fa;cg. Let e be an equation of the form
A = const Theng . Glisdened asg" ., A G° For
examplefa;bg " .- const f @ b;co.

Let G be a set of groupingsand F be a set of func-
tional dependencies(and possibly equations). We de-
ne the setof inferred groupings (G;F) asfollows:

o(G;F)
i(G/F)

G
i 1(C[";F)[

GOwith g ¢ G°
f2F,g2 i 1(GF)

S
Let ( G;F) be |, i(G;F). Wewrite g "¢ ¢°if
and only if g°2 ( G;F).

2.3 Functional Dep endencies

The reasoningabout orderings and groupingsassumes
that the set of functional dependenciesis known. The

processof gathering the relevant functional dependen-
ciesis described in detail in [5], predominantly there

are three sourcesof functional dependencies:

1. key constraints
2. join predicates
3. lter predicates

However the algorithm makesno assumptionabout the
functional dependenciesjf for somereasonan operator
inducesanother kind of functional dependencythis can
be handled the sameway.

2.4 Algebraic Op erators

To illustrate the propagation of orderings and group-
ings during query optimization, we give some rules
for concrete (physical) operators in Figure 1. Note
that these rules somewhat depend on the actual
implemenrtation of the operators, e.g. a blockwise
nestedloop join might actually destroy the ordering if



operator requires produces
scanR) - O(R)
selectS,a= b) - (O(S);a=Db
bnl-join(S1,S,) - 0O(S1)
sort(S,a1;:::;an) - (a1;:::;an)
hash(S,a;;:::;an) - fag;:::;an0
sort-merge(S;,Sx,a=b) | (a) 2 O(S1) * (b) 2 O(Sy) ( O(S1);a=b)
hash-join(S;,Sz,a = b) fag2 O(S1) " fbg2 O(S2) | ( O(S1);a=b)

Figure 1: Propagation of orderings and groupings

the blocks are stored in hash tables. As a shorthand,
we usethe following notation:

O(R) set of logical orderings and groupings satis-
ed by the physical ordering of the relation
R

O(S) inferred set of logical orderings and group-

ings satis ed by the tuple stream S

2.5 Plan Generation

To exploit available logical orderings and groupings,
the plan generator needsaccesgo the combined order
optimization and grouping componert, which we de-
scribe as an abstract data type (ADT). An instance of
this abstract data type OrderingGrouping represers
a set of logical orderings and groupings, and wher-
ever necessary an instance is embedded into a plan
note. The main operations the abstract data type
OrderingGrouping must provide are

1. aconstructor for a givenlogical ordering or group-

ing,
2. a membership test (called
contains(Logical Ordering))  which tests

whether the set contains the logical ordering
given as parameter,

3. a membership test (called contains(Grouping ))
which tests whether the set contains the grouping
given as parameter, and

4. an inference operation (called infer(set<FD>) ).
Given a set of functional dependenciesand equa-
tions, it computes a new set of logical orderings
and groupings a tuple stream satis es.

These operations can be implemened
by using the formalism described before:
contains(Logical Ordering) tests for o 2 O,

contains(Groupin g) tests for o 2 G and infer(F)

calculates ( O;F) respectively ( G;F). Note that
the intuitiv e approach to explicitly maintain the set
of all logical orderings and groupings is not useful in
practice. For example,if a sort operator sorts a tuple
stream on (a;b), the result is compatible with logical
orderings f(a;b);(a)g. After a selection operator
with selection predicate x = const is applied, the
set of logical orderings changesto f(x; a;b); (a;x; b);

(a;b;x); (x;a); (a;x); (X)g. Sincethe size of the set
increasesquadratically with every additional selection
predicate of the form v = const, a naive represen-
tation as a set of logical orderings is problematic.
This led Simmen et al. to introduce a more concise
represenation, which is discussedin the next section.
As Simmen's technique is not easily applicable to
groupings, currently no algorithm exists to e cien tly
maintain the set of available groupings. We closethis
gap. Further, our approach avoids these problems by
only implicitly represening the set. Before preseriing
our approad, let us discussthe existing literature in
detail.

3 Related Work

Very few papersexist on order optimization. While the
problem of optimizing interesting orders was already
introduced by Selinger et al.[4], later papers usually
concerrated on exploiting, pushing down or combin-
ing orders, not on the abstract handling of ordersdur-
ing query optimization.

A morerecen paper by Simmenet al.[5] intro duced
a framework basedon functional dependenciedor rea-
soning about orderings. The main idea was that in-
stead of storing the potentially large set of logical or-
deringsfor eadh plan, only the initial ordering and the
(usually much smaller) set of all induced functional
dependenciesis stored. When testing if a plan satis-
es a given logical ordering, both the initial and the
requestedordering are reduced usingthe available func-
tional dependencies:An attribute is removed from an
ordering if it is determined by an earlier attribute.
E.g. given the ordering (a;b) and the functional de-
pendencya! b, the ordering can be reducedto (a),
as the attribute b is redundant. After the reduction,
two orderings can be compared using a simple pre x
test. The main problem with this approacd is that
it requires a reduction step for eadh comparison. Al-
though the reduced version of the initial ordering can
be cadhed, the required ordering hasto be reducedfor
every comparison. Since such comparisonsare per-
formed millions of times during plan generation, the
performanceimpact is quite sewere[3]. Also note that
the reduction algorithm is not applicable for group-
ings (which of coursewas never intended by Simmen):
Giventhe grouping f a; b;cg and the functional depen-



denciesa ! band b ! ¢, the grouping would be
reducedto fa;cg or to fag, depending on the order
in which the reductions are performed. This problem
does not occur with orderings, as the attributes are
sorted and can be reducedback to front.

In previous work [3] we preseried a framework that
also usedfunctional dependenciesto reasonabout or-
derings, but described these orderings as nite state
machines. The main idea was that since the inter-
esting orderings and the functional dependencieswere
already known before starting the plan generation,
the possible transitions between orderings could be
precomputed and stored as a state machine. Then,
during plan generationthe orderings could be treated
as states in the state machine, allowing very e cien t
comparisonsand inference(O(1) after the preparation
step). More details about this approach will be given
in Section 4. Experimental results have shown that
modeling order optimization as state machinesis very
e cien t and has a very positive in uence on the run-
time of plan generation.

A recert paper by Wangand Cherniad[7] preseried
the idea of combining order optimization with the op-
timization of groupings. Basedupon Simmen's frame-
work, they annotated ead attribute in an ordering
with the information whether it is actually orderedby
or grouped by. For a single attribute a they write
O,0 (R) to denotethat R is ordered by a, O4c (R) to
denotethat R is grouped by a and O,0, ¢ to denote
that R is rst ordered by a and then grouped by b
(within blocks of the samea value). Before cheding if
a required ordering or grouping is satis ed by a given
plan, they usesomeinferencerulesto get all orderings
and groupings satis ed by the plan. Basically, this is
Simmen's reduction algorithm with two extra trans-
formations for groupings. In their paper the chedk
itself is just written as 2, however, at least one reduc-
tion on the required ordering would be neededfor this
to work (and even that would not be trivial, as the
stated transformations on groupings are ambiguous).
The promised details in the cited technical report are
currently not available, asthe report hasnot appeared
yet. Also note that as explained above, the reduction
approadh is fundamentally not suited for groupings.
In WangAs and CherniackAs paper this problem does
not occur, asthey only look at a very specializedkind
of grouping: As stated in their Axiom 3.6, they as-
sume that a grouping O,e, e iS rst grouped by a
and then (within the block of tuples with the same
a value) grouped by b. Howevwer, this a very strong
condition that is usually not satis ed by a hash-based
grouping operator. Therefore, their work is not gen-
eral enoughto capture the full functionality o ered by
a state-of-the-art query execution engine.

abcd

fb! dg
“%><;4§bc ab
fb! dg fb! dg
abdc abd

Figure 2: PossibleFSM for orderings

fb! dg

—= abc abcd

Figure 3: PossibleFSM for groupings
4 Idea

As we have seen, explicit maintenance of the set of
logical orderings and groupings can be very expen-
sive. However, the ADT OrderingGrouping required
for plan generationdoesnot needto o er accesdo this
set: It only allowsto test if a giveninteresting order or
grouping is in the setand changesthe setaccordingto
new functional dependencies.Hence,it is not required
to explicitly represert this set; an implicit represera-
tion is su cien t aslong asthe ADT operations can be
implemented atop of it. In other words, we need not
be able to reconstruct the set of logical orderings and
groupings from the state of the ADT.

In previous work [3], a framework was preseried
that provided an implicit represeration of the set
of logical orderings by using a nite state machine
(FSM). An example of this is shown in Figure 2. The
statesare usedto represen physial orderings and the
edgesare labeled with functional dependencies.Logi-
cal orderings are handled by pretending that the phys-
ical ordering changesas allowed by the functional de-
pendency Sinceone physical ordering can imply mul-
tiple logical orderings, -edgesareused. They alsopro-
vide a mechanism to compute the pre x closure. As a
result, the FSM is a non-deterministic nite state ma-
chine (NFSM). Before the actual plan generation, the
NFSM is corverted into a deterministic FSM (DFSM),
[3] describes sometechniquesto do this e cien tly. It
proposestechniquesto avoid producing a large DFSM.
Represeting the set of orderings as FSM is very at-
tractiv e, sinceduring plan generationonly the state of
the FSM hasto be remenbered. Aside from the con-
struction of the FSM this allowsfor order optimization
operations in time O(1).

The idea of our combined framework is to construct
a similar FSM for groupings and integrate it into the
FSM for orderings, thus handling orderingsand group-
ings at the sametime. An example of this is shown
in Figure 3. Here, the FSM for the grouping f a; b;cg
and the functional dependencyb! c is shovn. We
represen states for orderings as rounded boxes and
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Figure 4. Combined FSM for orderings and groupings

states for groupings asrectangles. Note that although
the FSM for groupings has a start node similar to the
FSM for orderings, it is much smaller. This is due to
the fact that groupingsare only compatible with them-
selves,no nodesfor pre xes are required. However, the
FSM is still non-deterministic: giventhe functional de-
pendencyb! c, the grouping f a; b;c;dg is compatible
with f a; b;c;dg itself and with f a; b;cg; therefore, there
exists an (implicit) edgefrom ead grouping to itself.

The FSM for groupingsis integrated into the FSM
for orderings by adding edgesfrom ead ordering to
the grouping with the sameattributes; this is due to
the fact that every ordering is also a grouping. Note
that although the ordering (a;b;c;d) also implies the
grouping fa;b;cg, no edgeis required for this, since
there exists an edgeto (a;b;c) and from there to
fa;b;cg.

After constructing an FSM as described above, the
ADT can easily be mapped to the FSM: The state of
the ADT is a state of the FSM and testing for a logical
ordering or grouping can be performed by cheding if
the node with the ordering or grouping is reachable
from the current state by following edges(as we will
see, this can be precomputed to yield the O(1) time
bound for the ADT operations). If the state of the
ADT must be changed becauseof functional depen-
dencies, the state in the FSM is changed by follow-
ing the edgelabeled with the functional dependency
Howewer, the non-determinism of this transition is a
problem. Therefore, for practical purposesthe NFSM
must be corverted into a DFSM.

The framework for logical orderings [3] already de-
scribed an algorithm for the corversion from NFSM
to DFSM that can be reusedfor the combined frame-
work. Somepruning techniques for groupings are de-
scribed in Section 5 to minimize the NFSM, but the
inclusion of groupingsis not critical for the cornversion,
as the grouping part of the NFSM is nearly indepen-
dent of the ordering part. In Section 6 we look at the
sizeincreasedue to groupings. The memory consump-
tion usually increasesby a factor of two, which is the
minimum expected increase,since every ordering is a

grouping.

1. Determine the input

(a) Determine interesting orders
(b) Determine interesting groupings
(c) Determine set of functional dependencies

2. Construct the NFSM

(8) Construct nodesof the NFSM

(b) Filter functional dependencies

(c) Build lters for orderings and groupings
(d) Add edgesto the NFSM

(e) Prune the NFSM

(f) Add arti cial start node and edges

3. Convert the NFSM into a DFSM
4. Precompute values

(&) Precompute the compatibility matrix
(b) Precompute the transition table

Figure 5: Preparation stepsof the algorithm

5 Detailed Algorithm
5.1 Overview

Our approad consistsof two phases. The rst phase
is the preparation step taking place before the actual
plan generation starts. The output of this phaseare
the precomputed values usedto implement the ADT.
Then the ADT is usedduring the secondphasewhere
the actual plan generationtakesplace. The rst phase
is performed exactly onceand is quite involved. Most
of this sectioncoversthe rst phase.Only Section5.6
dealswith the ADT implementation.

Figure 5 givesan overview of the preparation phase.
As the pure ordering framework is described in [3], we
only briey describe the generalpart and concerirate
on the changesneededto support groupings. During
the discussion, we illustrate the dierent stepsby a
simple running example. More complex examplescan
be found in Section 6.

5.2 Determining the Input

Since the preparation step is performed immediately
before plan generation, it is assumedthat the query
optimizer already hasdeterminedwhich indicesare ap-
plicable and which algebraic operators can possibly be
usedto construct the query execution plan.

Before constructing the NFSM, the set of interest-
ing orders, the setof interesting groupingsand the sets
of functional dependenciesfor ead algebraic operator
are determined. We denotethe set of setsof functional
dependencieshy F. It isimportant for the correctness
of our algorithms that we note which of the interest-



ing ordersare (1) producedby somealgebraic operator
or (2) only tested for. Note that the interesting orders
which satisfy (1) may additionally be testedfor aswell.
We denote those orderingsunder (1) by Op, those un-
der (2) by Or. The total set of interesting orders is
dened asO; = Op [ Or. The orders produced are
treated slightly dierently in the following steps. For
details on determining the set of interesting orders we
refer to [4, 5]. The groupingsare classi ed similarly to
the orderings: We denote the grouping produced by
somealgebraic operator by Gp, and those just tested
for by Gr. The total setof interesting groupingsis de-
ned asG, = Gp [ Gy. More information on how to
extract interesting groupings can be found in [7]. Fur-
thermore, for a sample query the extraction of both
interesting orders and groupings is illustrated in Sec-
tion 6.
To illustrate subsequenh steps, we assumethat the
set of setsof functional dependencies
F = ff b!

cg;fb! dgg;

the interesting groupings
G, = ff bgg[ ff bicgg
and the interesting orders
O = f(b);(a;bg[ f(a;b;c)g

have been extracted from the query. We assumethat
thosein Ot = f(a;b;c)g and Gt = ff b;cgg are tested
for but not producedby any operator, whereasthosein
Op = f(b);(a;bg and Gp = ff bgg may be produced
by somealgebraic operators.

5.3 Constructing the NFSM

An NFSM consistsof a tuple ( ;Q;D; ), where
Q is the set of possiblestates,

is the input alphabet,
D Q ([fo9

and

Q is the transition relation,

Op is the initial state.

Coarsely Q consists of the relevant orderings and
groupings,  of the functional dependenciesand D
describes how the orderings or groupings change un-
der a given functional dependency Somere nements
are neededto provide e cient ADT operations. The
details of the construction are described now.

For the order optimization part the states are par-
titioned in Q = Q; [ Qa [ fpy, wereq is an arti cial
node to initialize the ADT, Q, is the setof nodescor-
responding to interesting orderings and Qx is a set of
arti cial nodesonly required for the algorithm itself.

one

a,b,c

Figure 6: Initial NFSM for sample query

Qa is described later. Furthermore, the setQ, is par-
titioned in QF and Q[ , represerning the orderings in
Op and Ot respectively. To support groupings, we
add to QP nodes corresponding to the groupings Gp
and to Q] nodes corresponding to the groupings in
Gr.

The initial NFSM contains the states Q, of inter-
esting groupings and orderings. For the example, this
initial construction not including the start node q, is
shown in Figure 6. The states represering groupings
are drawn as rectangles and the states represering
orderings are drawn with rounded corners.

When considering functional dependencies, addi-
tional groupings and orderings can occur. These are
not directly relevant for the query, but haveto be rep-
resernted by statesto handle transitiv e changes. Since
they have no direct connection to the query, these
states are called arti cial states. Starting with the
initial states Q,, arti cial states are constructed by
consideringfunctional dependencies

Qa=((O;F)NO)[ (( Gi;F)NnGy)

In our example this creates the states (b;c) and
(a), as(b;c) canbeinferred from (b) when considering
fb! cgand (a) canbeinferred from (a;b), since(a) is
apre x of (a;b). The result is shaw in Figure 7 (ignore
the edges).

Sometimesthe ADT has to be explicitly initial-
ized with a certain ordering or grouping (e.g. after a
sort ). To support this, arti cial edgesare added later
on. These point to the requestedordering or group-
ing (states in QF) and are labeled with the state that
they lead to. Therefore, the input alphabet consists
of the sets of functional dependenciesand produced
orderings and groupings:

=F[Ql[fg

In our example = ff b!

fbgg.

Accordingly, the domain of the transition relation
Dis

D ((Qnfag)

[ (fwog QF

cg;fb! dg; (b); (a;b);

Flfo
Qr):

(Qnfog)



fb! cg

fb! cg

Y ) be

Figure 8: NFSM after pruning arti cial nodes

The edgesare formed by the functional dependencies
and the arti cial edges. Furthermore, edgesexist
between orderings and the corresponding groupings,
asorderings are a special caseof grouping:

Dep = f(gf:d)ja2Qf2F[fgq°2Qq rdg
Da = f(0;49)jq2Qlg

Doe = f(0;;9 )02 (Oi;F);g2 (Gi;F);0 g9
D = Dfrp[ Da[ Dos

First, the edgescorresponding to functional depen-
denciesare added (Dgp). In our example,this results
in the NFSM shown in Figure 7.

Note that the functional dependencyb ! d has
beenpruned, sinced doesnot occur in any interesting
order or grouping. The NFSM can be further simpli-
ed by pruning the arti cial node (b;c) which cannot
lead to a new interesting order. The result is shovn
in Figure 8. A detailed description of these pruning
technigues can be found in [3]. Additional pruning
techniquesrelevant for groupingsare described in Sec-
tion 5.7.

The arti cial start node gy hasemanating edgesin-
cident to all nodes represerting interesting orders in
Of and interesting groupingsin G (Da). Also, the
nodes represerting orderings have edgesto their cor-
responding grouping nodes (Do), as every ordering
is alsoa grouping. The nal NFSM for the exampleis
shown in Figure 9. Note that the nodes represerting
(a;b;c) and fb;cg are not linked by an arti cial edge
sinceit is only tested for, asthey arein Q] .

fbg

fb! cg

=) be

fb! cg

a,b,c

Figure 9: Final NFSM

fb! cg

4:fbg,fb,cg

5:(b), fbg,fb,cg

6:(a),(a,b),(a,b,c)

Figure 10: Resulting DFSM

the DFSM

The DFSM in constructed as described in [3]. Basi-
cally, the the standard power set construction for con-
verting an NFA into a DFA [2]. is used. It is impor-
tant to note that this construction presenesthe start
node and the arti cial edges,allowing easy initializa-
tion of the ADT. The resulting DFSM for the example
is shawn in Figure 10.

5.4 Constructing

5.5 Precomputing Values

To allow for an ecient precomputation of values,
every occurrence of an interesting order, interesting
grouping or functional dependencyis replacedby inte-
gers. This allows comparisonsin constart time (equiv-
alent entries are mappedto sameinteger). Further, the
DFSM is represenied by an adjacency matrix.

The precomputation step itself computes two ma-
trices. The rst matrix denoteswhether an NFSM

5: 6:

state | 1: 4. : :
(b) | fbg | fb,cg
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0
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Figure 11: contains Matrix
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Figure 12: transition Matrix

nodeisin Qy, i.e. aninteresting order or an interesting
grouping, is cortained in a speci c DFSM node. This

matrix can be represeried asa compact bit vector, al-
lowing tests in O(1). For our running example, it is
given (in a more readableform) in Figure 11. The sec-
ond matrix contains the transition table for the DFSM

relation D. Using it, edgesin the DFSM can be fol-
lowed in O(1). For the example,the transition matrix

is given in Figure 12.

5.6 During Plan Generation

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

When applying an operator to subplansthe order-
ing and grouping requiremerts are tested by cheding
whether the DFSM state of the subplan contains the
required ordering or grouping of the operator. This is
done by a simple lookup in the contains matrix.

If the operator introducesa new set of functional
dependencies,the new state of the ADT is computed
by following the according edgein the DFSM. This is
performed by a quick lookup in the transition matrix.

For \atomic" subplanslike table or index scansthe
ordering and grouping is determined explicitly by the
operator. The state of the DFSM is determined by
a lookup in the transition matrix with start state g
and the edgeannotated by the produced ordering or
grouping. For sort and group by operators the state
of the DFSM is determined as before by following the
arti cial edgefor the produced ordering or grouping
and then reapplying the set of functional dependencies
that currently hold.

In the example, a sort on (b) results in a subplan
with ordering/grouping state 2 (the node 2 is active
in the DFSM), which satis es the ordering (b) and the
grouping fhbg. After applying an operator which in-
ducesb! c, the ordering/grouping changesto state 5
which also satis es f b;cg.

5.7 Reducing the Size of the NFSM

Reducing the size of the NFSM is very important be-
causeit reducesboth preparation time by avoiding
large DFSMs and the seard spacefor plan genera-
tion, asirrelevant orderings can be ignored. E ectiv e
techniques for pruning irrelevant ordering states and
merging arti cial nodeswere already preseried [3], we
now describe how to avoid irrelevant grouping nodes.
First, in Step 2.3 (seeFigure 5) the set of attributes
occurring in interesting groupings is determined:

Ac=faj992G, :a2gg

Now, for every attribute a occurring on the right-hand
side of a functional dependencythe set of potentially
reachable relevant attributes is determined:

r(a;0) = fag
r(an) = r(gn 1)
fa’j9(ay:::am ! a) 2 F :
fag:::ang\ r(asn 1)6 ;g
r@ = r@&jFj\ Ac

This canbe usedto determineif a functional depen-
dency actually adds useful attributes. Given a func-
tional dependencya; :::a, ! aandagrouping g with
faj:::ang g, ashouldonly beaddedto gifr(a) 6 g,
i.e. the attribute might actually lead to a new inter-
esting grouping. For example, given the interesting
groupings f ag; f a; bg and the functional dependencies
a! c;a! d;d= b When consideringthe grouping
fag, the functional dependencya! c can be ignored,
asit canonly producethe attribute c, which doesnot
occur in an interesting grouping. However the func-
tional dependencya! d should be added, sincetran-
sitively the attribute b can be produced, which does
occur in an interesting grouping.

Sincethere are no  edgesbetween groupings, i.e.
groupingsare not compatible with ead other, a group-
ing canonly be relevant for the query if it is a subsetof
an interesting ordering (as further attributes could be
added by functional dependencies). However a sim-
ple subsettest is not sucient, as equations of the
form a = b are also supported; these can e ectiv ely
renameattributes, resulting in a slightly more compli-
cated test:

In Step 2.3 (see Figure 5) the equivalence classes
induced by the equationsin F are determined and for
ead classa represenativ e is chosen:

E(a;0) = fag
E(a;n) = E(an 1]
falj (a= a%2F)_((a®=a)2 Fg
E(A) = E(AJF)
e(@) = repE(A) (arbitrary)
effap::;ang) = fe(ay):::e(an)o:



Using these equivalenceclassesa mapped set of in-
teresting groupings is produced, that will be usedto
test if a grouping is relevant:

G = fe(9)jg2Gg

Now a grouping g can be pruned if @° 2 GE :
e(g) g% For example, given the interesting group-
ing fag and the equationsa = b;b = ¢, the grouping
fdg can be pruned, asit will never lead to an inter-
esting grouping; however, the groupings fbg and fcg
have to be kept, asthey could changeto an interesting
grouping later on.

Note that although they appear to test similar con-
ditions, the rst pruning technique (using r(a)) is not
dominated by the secondone (using e(a)). Consider
e.g. the interesting grouping f ag, the equationa = b
and the functional dependencya! b. Using only the
secondtechnique, the grouping fa;bg would be cre-
ated, although it is not relevant.

6 Exp erimental Results

Integrating groupingsin the order optimization frame-
work allows the plan generatorto easily exploit group-
ings and thus produce better plans. Howewer, order
optimization itself might becomeprohibitiv ely expen-
sive by consideringgroupings. Therefore, we evaluated
the costsof including groupings for di erent queries.

Sinceadding support for groupingshasno e ect on
the runtime behavior of the plan generator (all op-
erations are still one table lookup), we measuredthe
runtime and the memory consumption of the prepara-
tion step both with and without consideringgroupings.
When consideringgroupings, we treated ead interest-
ing ordering also as an interesting grouping, i.e. we
assumedthat a grouping-based(e.g. hash-based)op-
erator was always available as an alternative. Since
this is the worst-casescenario,it should give an upper
bound for the additional costs. All experiments were
performed on a 2.4 GHz Pentium 1V, using the gcc
3.3.1.

To examine the impact for real queries, we choose
a more complex query from the well-known TPC-R
bendmark ([6], Query 8):

select
o_year,
sum(casewhen nation = '[NATION]'
then volume
else0
end) / sum(volume) as mkt _share
from
(select
extract(y ear from o_orderdate) as o.year,
|_extendedprice* (1-I_discourt) asvolume,
n2.n_name as nation

from part,supplierlineitem,orders,customer,
nation nl,nation n2,region
where
p_partkey = |_partkey and
s suppkey = |_suppkey and
|_orderkey = o_orderkey and
o_custkey = c_custkey and
c_nationkey = nl.n_nationkey and
nl.n_regionkey = r_regionkey and
r_-name= '[REGION]' and
s_nationkey = n2.n_nationkey and
o_orderdate betweendate '1995-01-01'and
date '1996-12-31'and
p-type = '[TYPE]
) asall_nations
group by o_year
order by o_year;

When consideringthis query, all attributes usedin
joins, group-by and order-by clausesare addedto the
set of interesting orders. Since hash-basedsolutions
are possible,they are alsoaddedto the set of interest-
ing groupings. This results in the sets
Of = f(oyear);(o_partkey); (p_partkey);
(I_partkey); (I_suppkey); (I -orderkey);
(o_orderkey); (o_custkey); (c_custkey);
(c_nationk ey); (n1:n_nationk ey);
(n2:n_nationk ey); (n_regionk ey);
(r_redonk ey); (s_suppkey); (s_nationk ey)g
OT — .

| - ,
GP = ff oyearg;fopartkeyg;fppartkeyg;
fl_partkeyg; f | _suppkeyg; f | .orderkeyg;

f o_orderkeyg; f o_custkeyg; f c_custkeyg;

f c_nationk eyg; f n1:n_nationk eyg;
fn2:n_nationk eyg; f n_regonk eyg;
fr_regonkeyg; f s.suppkeyg; f s_nationk eygg
Gl = ;

Note that here O] and G| are empty, as we as-
sumedthat ead ordering and grouping would be pro-
ducedif bene cial. For example,we might assumethat
it makesno senseto intentionally group by oyear: If
a tuple stream is already grouped by oyear it makes
senseto exploit this, however instead of just grouping
by oyear it could makessenseto sort by oyear, asthis
is required anyway (although hereit only makessense
if the sort operator performs early aggregation). In
this casef o_yearg would move from G’ to G/, asiit
would be only tested for, but not produced.

The set of functional dependencies(and equations)
cortains all join conditions and constart conditions:

F = ff ppartkey= |_partkeyg;f; !
f o_custkey = c_custkeyg;f; !

p-ty peg;
r_nameg;
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Figure 13: Time requiremerts for the preparation step

f c_nationk ey = nl:n_nationk eyg;
f s_nationk ey = n2:n_nationk eyg;
fl_orderkey = o_orderkeyg;

f s_suppkey = | _suppkeyg;
fnln_regonkey = r_regionkeygg

To measurethe in uence of groupings, the prepara-
tion step was executedtwo times: Oncewith the data
as given above and oncewith G = ; (i.e. groupings
were ignored). The spaceand time requiremerts are

shown below: ) )
| With Groups | Without Groups

Duration [ms] | 0.6ms 0.3ms
DFSM [nodes] | 63 32
Memory [KB] | 5 2

Here time and spacerequiremerts both increaseby
a factor of two. Sinceall interesting orderings are also
treated asinteresting groupings, a factor of about two
was expected.

While Query 8 is one of the more complex TPC-
R queries, it is not overly complex when looking at
order optimization. It corntains 16 interesting order-
ings/groupings and 8 functional dependencies, but
they cannot be combined in many reasonableways,
resulting in a comparatively small DFSM. In order to
get more di cult examples,we produced randomized
querieswith 5 10 relations and a varying humber of
join predicates. We always started from a chain query
and then randomly added additional edgesto the join
graph. The resultsareshowvn forn 1,n and n+ 1 ad-
ditional edges.In the caseof 10 relations that means
that the join graph consistedof 18, 19 and 20 edges
respectively.

The time and spacerequiremerts for the prepara-
tion stepare shown in Figure 13 and Figure 14, respec-
tively. For each number of relations the requiremerts
for the combined framework (o+g) and the framework
ignoring groupings (o) are shovn. The numbers in
parentheses(n 1, n and n + 1) are the number of
additional edgesin the join graph.

As with Query 8, the time and spacerequiremerts

memory consumption of precomputed values

10 - o+g (‘n-l) e

8 r 0+ (N+1) ez
0 (N+1l) e=====

memory (KB)

0 NN R NN

no of relations
Figure 14: Spacerequiremerts for the preparation step

roughly increaseby a factor of two when adding group-
ings. This is a very positive result, given that a factor
of two can be estimated as a lower bound (since ev-
ery interesting ordering is also an interesting grouping
here). Furthermore, the absolute time and spacere-
qguiremens are very low (a few ms and a few KB),
encouraging the inclusion of groupings in the order
optimization framework.

7 Conclusion

The combined framework preseried allows a very e -
cient handling of order optimization and grouping op-
timization during plan generation. The experimental
results showed that with only a modestincreaseof the
one-time costs, groupings can be exploited during plan
generation at no additional costs. In summary, using
an FSM to keeptrack of the available orderings and
groupingsis very e cien t and is easily integrated in a
plan generator.

One topic for future work is the minimization of
the DFSM using the operator structure. Currently,
only the NFSM is pruned by detecting irrelevant or
redundant nodes. The DFSM could also be pruned
by intentionally dropping available logical orderingsor
groupingswhenit is clearthat the ordering or grouping
will never be used(becauseof operator dependencies).
Besidesminimizing the DFSM, this technique would
alsoreducethe seart spacefor the plan generator, as
more plans could be pruned (since more plans would
be dominated by other plans).
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