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Abstract. The join operation, which combines tuples from multipleatigns, is
the most fundamental and, typically, the most expensiveation in database
queries. The standard approach to join-query optimizaiaost based, which
requires developing a cost model, assigning an estimatsdtooeach query-
processing plan, and searching in the space of all plans fdaraof minimal
cost. Two other approaches can be found in the databaserthieoature. The
first approach, initially proposed by Chandra and Merlicuged on minimizing
the number of joins rather then on selecting an optimal joilen Unfortunately,
this approach requires a homomorphism test, which itsédfRscomplete, and
has not been pursued in practical query processing. Thadeowre recent, ap-
proach focuses on structural properties of the query inraocdiénd a project-join
order that will minimize the size of intermediate resultsidg query evaluation.
For example, it is known that for Boolean project-join qeera project-join order
can be found such that the arity of intermediate resultsagréewidth of the join
graph plus one.

In this paper we pursue the structural-optimization apghpanotivated by its
success in the context of constraint satisfaction. We chasetup in which the
cost-based approach is rather ineffective; we generajegijoin queries with
a large number of relations over databases with small oglatiWe show that
a standard SQL planner (we use PostgreSQL) spends an exjba@mount of
time on generating plans for such queries, with rather disesults in terms
of performance. We then show how structural techniquesudig projection
pushing and join reordering, can yield exponential improgats in query execu-
tion time. Finally, we combine early projection and join méering in an imple-
mentation of the bucket-elimination method from constraatisfaction to obtain
another exponential improvement.

1 Introduction

The join operation is the most fundamental and, typicallg,most expensive operation
in database queries. Indeed, most database queries capressed as select-project-
join queries, combining joins with selections and projes. Choosing an optimal
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plan, i.e., the particular order in which to perform the selectj@ct, and join oper-
ations in the query, can have a drastic impact on query psotgetme and is therefore
a key focus in query-processing research [32, 19].

The standard approach is thatadfst-based optimizatiof22]. This approach re-
quires the development of a cost model, based on databdistictasuch as relation
size, block size, and selectivity, which enables assigaingstimated cost to each plan.
The problem then reduces to searching the space of all ppaasglan of minimal cost.
The search can be either exhaustive, for search spacesite#disize (cf. [4]), or in-
complete, such as simulated annealing or other approachd2%]). In constructing
candidate plans, one takes into account the fact that thejmration is associative and
commutative, and that selections and projections commitiig@ins under certain con-
ditions (cf. [34]). In particular, selections and projects can be “pushed” downwards,
reducing the number of tuples and columns in intermedidétioas [32]. Cost-based
optimizations are effective when the search space is of geatde size and we have
reasonable cost estimates, but it does not scale up wellquighy size (as our experi-
ments indeed show).

Two other approaches can be found in the database-theargtlite, but had little
impact on query-optimization practice. The first approaaitially proposed by Chan-
dra and Merlin in [8] and then explored further by Aho, Ulimamd Sagiv in [3, 2],
focuses on minimizing the number of joins rather than onctielg a plan. Unfortu-
nately, this approach generally requiresa@amomorphisntest, which itself is NP-hard
[20], and has not been pursued in practical query processing

The second approach focuses on structural properties gty in order to find a
project-join order that will minimize the size of intermatk results during query eval-
uation. This idea, which appears first in [34], was first atiedfly studied for acyclic
joins [35], where it was shown how to choose a project-joinheniin a way that estab-
lishes a linear bound on the size of intermediate resultgeMecently, this approach
was extended to general project-join queries. As in [35,fticus is on choosing the
project-join order in such a manner so as to polynomiallyrzhilne size of intermediate
results [10, 21, 26, 11]. Specific attention was given in [28,to Booleanproject-join
gueries, in which all attributes are projected out (eqeiRti, such a query simply tests
the nonemptiness of a join query). For example, [11] charass the minimal arity
of intermediate relations when the project-join order iss#n in an optimal way and
projections are applied as early as possible. This minimiglia determined by th@in
graph which consists of all attributes as nodes and all relatavemes in the join as
cliques. It is shown in [11] that the minimal arity is ttreewidthof the join graph plus
one. The treewidth of a graph is a measure of how close thghgesato being a tree
[16] (see formal definition in Section 5). The arity of intexdiate relations is a good
proxy for their size, since a constant-arity bound traeslad a polynomial-size bound.
This result reveals a theoretical limit on the effectivenafsprojection pushing and join
reordering in terms of the treewidth of the join graph. (Nibta&t the focus in [28] is on
projection pushing in recursive queries; the non-recersase is not investigated.)

While acyclicity can be tested efficiently [31], finding thedwidth of a graph is
NP-hard [5]. Thus, the results in [11] do not directly leadchtéeasible way of finding
an optimal project-join order, and so far the theory of pcbgn pushing, as developed



in [10, 21,26, 11], has not contributed to query optimizatio practice. At the same
time, the projection-pushing strategy has been appliedlige sconstraint-satisfaction
problems in Artificial Intelligence with good experimentasults [29, 30]. The input to
a constraint-satisfaction problem consists of a set ofdes, a set of possible values
for the variables, and a set of constraints between theblagathe question is to de-
termine whether there is an assignment of values to theblasghat satisfies the given
constraints. The study of constraint satisfaction occupi@rominent place in Artifi-
cial Intelligence, because many problems that arise irifit areas can be modeled
as constraint-satisfaction problems in a natural way;glaeas include Boolean satis-
fiability, temporal reasoning, belief maintenance, maehiision, and scheduling [14].
A general method for projection pushing in the context ofstoaint satisfaction is the
bucket-eliminatiomethod [15, 14]. Since evaluating Boolean project-joinrepsas es-
sentially the same as solving constraint-satisfactiomlgras [26], we attempt in this
paper to apply the bucket-elimination approach to appraxérthe optimal project-join
order (i.e., the order that bounds the arity of the intermdiesults by the treewidth
plus one).

In order to focus solely on projection pushing in projedtijexpressions, we choose
an experimental setup in which the cost-based approaclthierrimeffective. To start,
we generate project-join queries with a large number (umtbaver 100) of relations.
Such expressions are common in mediator-based systemsT[38} challenge cost-
based planners, because of the exceedingly large size sktireh space, leading to
unacceptably long query compile time. Furthermore, todiastit the influence of cost
information we consider small databases, which fit in maimmey and where cost in-
formation is essentially irrelevant. (Such databaseg aasurally in query containment
and join minimization, where the query itself is viewed asataiase [8]. For a survey
of recent applications of query containment see [23].) Wnsbxperimentally that a
standard SQL planner (we use PostgreSQL) spends an exfrenount of time on
generating plans for such queries, with rather dismal te$alterms of performance
and without taking advantage of projection pushing (antheeido the SQL planners
of DB2 and Oracle, despite the widely held belief that pridggcpushing is a standard
query-optimization technique).

Our experimental test suite consists of a variety of prejeictqueries. We take ad-
vantage of the correspondence between constraint séitisfand project-join queries
[26] to generate queries and databases correspondingtémaes of 3-COLOR prob-
lems [20]. Our main focus in this paper is to study the scétgluf various projection-
pushing methods. Thus, our interest is in comparing theopmidnce of different op-
timization techniques when the size of the queries is irs@daWe considered both
random queries as well as a variety of queries with specificsires, such as “aug-
mented paths”, “ladders”, “augmented ladders”, and “augegtcircular ladders” [27].
To study the effectiveness of the bucket-elimination apphp we start with a straight-
forward plan that joins the relations in the order in whiceyttare listed, without apply-
ing projection pushing. We then proceed to apply projegtioshing and join reorder-
ing in a greedy fashion. We demonstrate experimentally tthiatyields exponential
improvement in query execution time over the straightfodvapproach. Finally, we
combine projection pushing and join reordering in an imatation of the bucket-



elimination method. We first prove that this method is optifoageneral project-join
gueries with respect to intermediate-result arity, predidhe “right” order of “buck-
ets” is used (this was previously known only for Boolean gobjjoin queries [15,17,
26, 11]). Since finding such an order is NP-hard [5], we us€'i@ximum cardinal-
ity” order of [31], which is often used to approximate theioml order [7, 29, 30]. We
demonstrate experimentally that this approach yields pomential improvement over
the greedy approach for the complete range of input quariesii study. This shows
that applying bucket elimination is highly effective eveimem applied heuristically
and it significantly dominates greedy heuristics, withoatirring the excessive cost of
searching large plan spaces.

The outline of the paper is as follows. Section 2 describesiperimental setup.
We then describe a naive and straightforward approach iidBe®, a greedy heuristic
approach in Section 4, and the bucket-elimination apprga8ection 5. We report on
our scalability experiments in Section 6, and conclude withiscussion in Section 7.

2 Experimental Setup

Our goal is to study join-query optimization in a setting ihieh the traditional cost-

based approach is ineffective, since we are interestedrig tise structure of the query
to drive the optimization. Thus, we focus on project-joiretjas with a large number of
relations over a very small database, which not only easdlyrfimain memory, but also
where index or selectivity information is rather uselessstFto neutralize the effect of
query-result size we consider Boolean queries in whichtaibates are projected out,
so the final result consists essentially of one bit (emptylt@s. nonempty result). Then
we also consider queries where a fraction of attributes argnojected out, to simulate
more closely typical database usage.

We work with project-join queries, also known @snjunctive queriegconjunctive
queries are usually defined as positive, existential canjmfirst-order formulas [1]).
Formally, ann-ary project-join query is a query definable by the projedt-fragment
..... xn(Rl DJ... X Rm);
where theR;s are relations and,, ..., z, are the free variables (we use the terms
“variables” and “attributes” interchangably). Initiallwe focus on Boolean project-join
queries, in which there are no free variables. We emulatéganaqueries by including
only a single variable in the projection (i.e.,= 1). Later we consider non-Boolean
queries where there are a fixed fraction of free variablesdtindg them in the projec-
tion.

In our experiments, we generate queries with the desirethctaistics by trans-
lating graph instances of 3-COLOR into project-join qusrief. [8]. This translation
yields queries over a single binary relation with six tuplés important to note, how-
ever, that our algorithms do not rely on the special strigctirthe queries that we get
from 3-COLOR instances (i.e., bounded arity of relationd baunded domain size)—
they are applicable to project-join queries in general. Astance of 3-COLOR is a
graphG = (V, E) and a set of color§’ = {1,2,3}, where|V| = n and|E| = m.
For each edgéu,v) € F, there are six possible colorings @f, v) to satisfy the re-
quirement of no monochromatic edges. We define the relatigaas containing all six
tuples corresponding to all pairs of distinct colors. ThemyQ is then expressed as



the project-join expression,, (., ,,)er edge(vi, v;). This query returns a nonempty
result over thexdge relation iff G is 3-colorable [8].
We note that our queries have the following features (seeaucluding remarks):

— Projecting out a column from our relation yields a relatiaithvall possible tuples.
Thus, in our settingsemijoinsas in the Wong-Youssefi algorithm [34], are useless.
This enables us to focus solely on ordering joins and prigjest

— Since we only have one relation of fixed arity, differencetsveen the various no-
tions of width, such as treewidth, query width, and hypertmdths are minimized
[10, 21], enabling us to focus in this paper on treewidth.

To generate a range of queries with varying structural ptagse we start by gen-
erating random graph instances. For a fixed numbef vertices and a fixed number
m of edges, instances are generated uniformly. An edge isagekby choosing uni-
formly at random two distinct vertices. Edges are generéigdithout repetition) until
the right number of edges is arrived at. We measure the pediace of our algorithms
by scaling up the size of the queries (note that the databawei$ fixed). We focus
on two types of scalability. First, we keep theder (i.e. the number of vertices) fixed,
while scaling up thelensity which is the ration/n of edges to vertices. Second, we
keep the density fixed while scaling up the order. Clearlpva diensity suggests that
the instance is underconstrained, and therefore is likehet3-colorable, while a high
density suggests that the instance is overconstrainedsandikely to be 3-colorable.
Thus, density scaling yields a spectrum of problems, gaioghfunderconstrained to
overconstrained. We studied orders between 10 and 35 arsitiderbetween 0.5 and
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Fig. 1. Augmented path, ladder, augmented ladder, and augmemtedaciladder

We also consider non-random graph instances for 3-COLORBsé lqueries, sug-
gested in [27], have specific structures. Angmented patlfFigure 1a) is a path of
lengthn, where for each vertex on the path a dangling edge extends the vertex. A
ladder(Figure 1b) is a ladder with rungs. Anaugmented ladd€Figure 1c) is a ladder
where every vertex has an additional dangling edge, araigmented circular ladder
(Figure 1d) is an augmented ladder where the top and bottatice® are connected
together with an edge. For these instances only the ordealisds we used orders from
5to 50.



All experiments were performed on the Rice Tersascale @ldstvhich is a Linux
cluster of Itanium Il processors with 4GB of memory eachngsPostgreSQi.7.2.1.
For each run we measured the time it took to generate the (qtneryime the Post-
greSQL Planner took to optimize the query, and the exectitiog needed to actually
run the query. For lack of space we report only median runtimgs. Using command-
line parameters we selected hash joins to be the defaultasts jbins proved most
efficient in our setting.

3 Naive and Straightforward Approaches

Given a conjunctive query = m,,>(,, ..\ e e edge(vi, v;), we first use aaivetrans-
lation of ¢ into SQL:

SELECT DISTINCTeq.uq
FROMedge e (u1,wi), ..., edge em (tm, W)
WHERE AT (€;.uj = €pu;)-1u; AND ej.w; = ep(u))-w;)

As SQL does not explicitly allow us to express Boolean qenee instead put
a single vertex in the SELECT section. The FROM section simgplumerates all the
atoms in the query, referring to themas. . ., e,,, and renames the columns to match
the vertices of the query. The WHERE section enforces eyuadldifferent occurrences
of the same vertex. More precisely, we enforce equality ohascurrence to the first
occurrence of the same vertexyp;) points to the first occurrence of the vertex

We ran these queries for instances of order 5 and integraitikshfrom 1 to 8
(the database engine could not handle larger orders withaive approach). The Post-
greSQL Planner found the naive queries exceedingly difftoudompile; compile time
was four orders of magnitude longer than execution timetheamore, compile time
scaled exponentially with the density as shown in Figure 8.uakd the PostgreSQL
Planner’s genetic algorithm option to search for a quernpda an exhaustive search
for our queries was infeasible. This algorithm proved to bigegslow as well as ineffec-
tive for our queries. The plans generated by the Planneratitmat it does not utilize
at all projection pushing; it simply chooses some join order

In an attempt to get around the Planner’s ineffectiveness,implemented a
straightforwardapproach. We explicitly list the joins in the FROM sectiontud query,
instead of using equalities in the WHERE section as in theenapproach.

SELECT DISTINCTe;.uq

FROMedge e; (u1,w;) JOIN...JOINedge e, (tm, wm)

ON (e1.u1 = ep(yy)-u1 AND e1.w1 = €p,)) ON ... ON (em.-tm = €py,,) Um AND
Em - Wm = ep(wm)
Parentheses forces the evaluation to proceed roto e, and onwards (i.ef, .. (e; X
e2) ... Xey)). We omit parentheses here for sake of readability.

Yhttp://ww.citi.rice.edu/rtc/
2http:// ww. postgresql.org/



The order in which the relations are listed then becomestither that the database
engine evaluates the query. This effectively limits what®tanner can do and therefore
drastically decreases compile time. As is shown in Figureoapile time still scales
exponentially with density, but more gracefully than thengile time for the naive
approach.
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Fig. 2. Naive and straightforward approaches: density scalingwile time, 3-SAT, 5 variables,
logscale

We note that the straightforward approach also does notidkantage of projection
pushing. We found query execution time for the naive andgitéorward approaches
to be essentially identical; the join order chosen by theegemlgorithm is apparently
no better than the straightforward order.

In the rest of the paper we show how we can take advantage jefcion pushing
and join reordering to improve query execution time draozdly. As a side benefit,
since we use subqueries to enforce a particular join anégiiop order, compile time
becomes rather negligible, which is why we do not report it.

4 Projection Pushing and Join Reordering

The conjunctive queries we are considering have the foyffe; D ez X1 ... X ey, ).
If v; does not appear in the relationg;, . . ., e, then we can rewrite the formula
into an equivalent one:

Ty (Tlivevars (€1 B ... DX eg) DX ... DXl €y, )

wherelivevars are all the variables in the scope minys This means we can write a
query to join the relations, . .., e, project outv;, and join the result with relations
€r+1, - - - » €m. We then say that the projectionof has been pushed in anghas been
projected early The hope is that early projection would reduce the sizetefimediate
results by reducing their arity, making further joins legpensive, and thus reducing



the execution time of the query. Note that the reductionze sif intermediate results
has to offset the overhead of creating a copy of the projeetetions.

We implemented early projection in SQL using subquerieg Jibformula found
in the scope of each nested existential quantifier is itsetfrgunctive query, therefore
each nested existential quantifier becomes a subqueryoSepipat: and; above are
minimal. Then the SQL query can be rewritten as:

SELECT DISTINCTe,,,.um,

FROMedge e, (tm, wy,) JOIN. .. JOINedge egt1 (ur41,wr+1) JOIN ( subquery,)
AS ¢,

ON (eht1-Uk+1 = €pupyr)Up(uss) AND €ht1Wht1 = €p(uyyr) Wp(uwnsr)) ON ...
ON (em.um = 6p(um)'up(um) AND Em W = ep(wm)-wp(wm))

where subquenyis obtained by translating the subformulg, cvars(e1 > ... > ex)
into SQL according to the straightforward approach (with;) updated to point to-
wardt, when appropriate, for occurrencespin ey 1, . . ., e,,). The only difference
between the subquery and the full query is the SELECT seditiothe subquery the
SELECT section contains diVe variables within its scope, i.e. all variables except for
v;. Finally, we proceed recursively to apply early projectiothe join ofey41, . . ., em.

The early projection method processes the relations ofulkeygn a linear fashion.
Since the goal of early projection is to project variables@sn as possible, reordering
the relations may enable us to project early more aggrdgdia example, if a variable
v; appears only in the first and the last relation, early praeatill not quantifyv; out.
But had the relations been processed in a different ordemuld have been projected
out very early. In general, instead of processing the kalatin the ordee;, ..., e,
we can apply a permutatignand process the relations in the ordgf), . .., e,()-
The permutation should be chosen so as to minimize the number of live vasahle
the intermediate relations. This observation was first niadke context of symbolic
model checking, cf. [24]. Finding an optimal permutationtfte order of the relations is
a hard problem in and of itself. So we have implemented a grapdroach, searching
at each step for an atom that would result in the maximum numbeariables to be
projected early. The algorithm incrementally computestamaorder. At each step, the
algorithm searches for an atom with the maximum number dékéas that occur only
once in the remaining atoms. If there is a tie, the algorithowoses the atom that shares
the least variables with the remaining atoms. Further tiesbaoken randomly. Once
the permutatiorp is computed, we construct the same SQL query as before, isut th
time with the order suggested lpyWe then call this methokkordering

5 Bucket Elimination

The optimizations applied in Section 4 correspond to a @aler rewriting of the origi-
nal conjunctive query according to the algebraic laws ofréiational algebra [32]. By
using projection pushing and join reordering, we have gtteohto reduce the arity of
intermediate relations. It is natural to ask what the linfitros technique is, that is, if
we consider all possible join orders and apply projectioshing aggressively, what is
the minimal upper bound on the arity of intermediate retz



Consider a project-join querQ = m,, .. 4, (R < ... R,,) over the seR =
{R;|1 < j < m} of relations, whered is the set of attributes iR, and the target
schema&g = {1, ...,z,}is asubset ofil. A join-expression treef () can be defined
as atuplelg = (T = (Vg, Eq,v), Lw, Ly) whereT is a tree, with node$;, and
edgesE, rooted atvg, and bothL,, : Vo — 24 andL, : Vo — 24 label the
nodes ofl" with sets of attributes. For each nodes V, L., (v) is calledv’s working
label and L, (v) is calledv’s projected label For everyR; € R there is some leaf
nodew € Vg such thatL,(u) = R;. For every nonleaf node € Vj, we define
Lw(v) = U{s)(v,0)e 5o} Lp(2) as the union of the projected labels of its children. The
projected labeL, (u) of a nodeu is the subset oL, (u) that consists of alk € L., (u)
that appear outside the subtreefrooted atu. All other attributes are said to be
unnecessarfor u. Intuitively, the join-expression tree describes an eatdun order for
the join, where the joins are evaluated bottom up and priojeds applied as early as
possible for that particular evaluation order. Midth of the join-expression treé; is
defined asnax,cvy, |Lw(v)], the maximum size of the working label. Tian width
of @ is the width over all possible join-expression treeg)of

To understand the power of join reordering and projectioshing, we wish to char-
acterize the join width of project-join queries. We now dése such a characterization
in terms of thgoin graphof Q. In the join graptGg = (V, E), the node seY’ is the set
A of attributes, and the edge g8tconsists of all pair$z, y) of attributes that co-occur
in some relation?; € R. Thus, each relatio; € R yields a clique over its attributes
in Gg. In addition, we add an edde, y) for every pair of attributes in the scherfig.
The important parameter of the join graph istieewidth[16].

Let G = (V, E) be a graph. Aree decompositioof G is a pair(T, X), where
T = (I, F) is a tree with node sdtand edge sef’, andX = {X; : i € I} is a family
of subsets of/, one for each node @, such that (1) J,.; X; =V, (2) for every edge
(v,w) € E, thereis an € I withv € X; andw € X;, and (3) forall, j, k € 1,if jis
on the path fromi to £ in T°, thenX; N X, C X;. Thewidth of a tree decomposition is
max;es | X;| — 1. Thetreewidthof a graphG, denoted byw(G), is the minimum width
over all possible tree decompositions@f For each fixed: > 0, there is a linear-time
algorithm that tests whether a given gra@thas treewidthi. The algorithms actually
constructs a tree decomposition@fof width & [16].

We can now characterize the join width of project-join qasri

Theorem 1. The join width of a project-join quer is tw(Gg) + 1.

Proof Sketch We first show that the join width af provides a bound farw(Gg) + 1.
Given a join-expression tre&, of ¢ with width k, we construct a tree decomposition
of G of width & — 1. Intuitively, we just drop all the projected labels and use t
working label as the tree decomposition labeling function.

Lemma 1. Given a project-join queryy) and join-expression treég of width k, there
is a tree decompositiafi;, = ((I, F'), X ) of the join graphG; such that the width of
TJQ isk—1.

In the other direction, we can go from tree decompositionjeitbexpression trees.
First the join graphig is constructed and a tree decomposition of wigltfor this



graph is constructed. Once we have a tree decompositionimify it to have only

the nodes needed for the join-expression tree without &sing the width of the tree
decomposition. In other words, the leaves of the simplifie@ tdecomposition each
correspond to a relation iR U Sg, and the nodes between these leaves still maintain
all the tree-decomposition properties.

Lemma 2. Given a project-join query, its join graphGg, and a tree decomposition
(T = (I,F),X) of Gg of width k, there is a simplified tree decompositifi’ =
(I', F"), X') of G of widthk such that every leaf node ®f has a label containing an
R; forsomeR; € R.

Lemma 3. Given a project-join queryy, a join graphGg, and a simplified tree de-
composition of7 of treewidthk, there is a join-expression tree ¢f with join width
k+1.

Theorem 1 offers a graph-theoretic characterization ogptiveer of projection push-
ing and join reordering. The theorem extends results in fetjrding rewriting of
Boolean conjunctive queries, expressed in the syntax dfdider logic. That work
explores rewrite rules whose purpose is to rewrite the waigjuery into a first-order
formula using a smaller number of variables. Suppose weesatarl to rewrit€) into
a formula ofL*, which is the fragment of first-order logic withvariables, containing
all atomic formulas in thesk variables and closed only under conjunction and existen-
tial quantification over these variables. We then know thi possible to evaluat@
so that all intermediate relations are of width at mbsyielding a polynomial upper
bound on query execution time [33]. Given a Boolean conjuaajuery@, we'd like
to characterize the minimal such thatQ) can be rewritten intd.*, since this would
describe the limit of variable-minimization optimizatiolh is shown in [11] that ifk
is a positive integer an@ a Boolean conjunctive query, then the join graphtohas
treewidthk — 1 iff there is anL*-sentence) that is a rewriting ofQ. Theorem 1 not
only uses the more intuitive concepts of join width (ratheart expressibility irl.%),
but also extend the characterization to non-Boolean gsierie

Unfortunately, we cannot easily turn Theorem 1 into an ojtétion method. While
determining if a given grapli’ has treewidtht can be done in linear time, this de-
pends onk being fixed. Finding the treewidth is known to be NP-hard [&j. alter-
native strategy to minimizing the width of intermediateulés is given by théucket-
eliminationapproach for constraint-satisfaction problems [13], Wwldce equivalent to
Boolean project-join queries [26]. We now rephrase thisaaph and extend it to gen-
eral project-join queries. Assume that we are given an arder. ., x,, of the attributes
of a queryQ. We start by creating “buckets”, one for each variable. For an atom
ri(zi,, ...,z ) Of the query, we place the relation with attributesz;, ,...,x;, in
bucketmax{iy, ..., i }. We now iterate or from n to 1, eliminating one bucket at a
time. In iteration:, we find in bucket several relations, whete is an attribute in all
these relations. We compute their join, and projectguitit is not in the target schema.
Let the result be.. If / is empty, then the result of the query is empty. Otherwige, le
Jj be the largest index smaller thansuch thate; is an attribute of-}; we mover; to



bucket;j. Once all the attributes that are not in the target scheme baen projected
out, we join the remaining relations to get the answer to thery For Boolean queries
(for which bucket elimination was originally formulatedhe answer to the original
query is ‘yes’ if none of the joins returns an empty result.

The maximal arity of the relations computed during the birefenination process
is called thenduced widthof the process relative to the given variable order. Noté tha
the sequence of operations in the bucket-elimination m®isdndependent of the actual
relations and depends only on the relation’s schemastfieattributes) and the order
of the variables [17]. By permuting the variables we can pgpstminimize the induced
width. Theinduced width of the querig the induced width of bucket elimination with
respect to the best possible variable order.

Theorem 2. The induced width of a project-join query is its treewidth.

This theorem extends the characterization in [15, 17] faslBan project-join queries.

Theorem 2 tells us that we can optimize the width of interratdiesults by schedul-
ing the joins and projections according to the bucket-elation process, using a sub-
query for each bucket, if we are provided with the optimalialsle order. Unfortu-
nately, since determining the treewidth is NP-hard [5]pltdws from Theorem 2 that
finding optimal variable order is also NP-hard. Neverthgles can still use the bucket-
elimination approach, albeit with a heuristically choseniable order. We follow here
the heuristic suggested in [7,29, 30], and userfaimum-cardinality search order
(MCS order) of [31]. We first construct the join graphy of the query. We now num-
ber the variables from to n, where the variables in the target schema are chosen as
initial variables and then theth variable is selected to maximize the number of edges
to variables already selected (breaking ties randomly).

6 Experimental Results
6.1 Implementation Issues

Given ak-COLOR graph instance, we convert the formula into an SQLryueor the
non-Boolean case, before we convert the formula we pick 20%teovertices randomly
to be free. The query is then sent to the PostgreSQL backdmnchweturns a nonempty
answer iff the graph i-colorable. Most of the implementation issues arise in the c
struction of the optimized query from the graphs formulas. #éscribe these issues
here.

Thenaiveimplementation of this conversion starts by creating aayefr of edges,
where for each edgf|[i| we store its vertices. We also construct an array._occur
such that for every vertex;, we have thainin_occur[j] = min{k|j € E[k]} is the
minimal edge containing an occurrencejof-or the SQL query, we SELECT the first
vertex that occurs in an edge, and list in the FROM sectiorthalledges and their
vertices using thedge relation. Finally, for the WHERE section we traverse theesig
and for each edgé&; and each vertex; € E[i] we add the conditiol;.v; = Ej.v;,
where! = min_occur[j]. For the non-Boolean case, the only change is to list the
free vertices in the SELECT clause. Téteaightforwardimplementation uses the same
data structures as the naive implementation. The SELEG&ms&nt remains the same,



but the FROM statement now first lists the edges in reverserpsgparated by the
keyword JOIN. Then, traversing as before, we list the equalitids;,.v; = E;.v; as
ON conditions for the JOINs (parentheses are used to ertseijeins are performed in
the same order as in the naive implementation).

For theearly-projectionmethod, we create another arnayix_occur such that for
every vertex;, we havenaz_occur(j| = max{k|j € E[k]} is the last edge containing
v;. Converting the formula to an SQL query starts the same wayy te straightfor-
ward implementation, listing all the edges in the FROM setin reverse order. Before
listing an edgeE[i] we check whethet € max_occur([j] for some vertex; (we sort
the vertices according taax_occur to facilitate this check). In such a case, we gener-
ate a subquery recursively. In the subquery, the SELEC&rsiat lists allive vertices
at this point minus the vertex;, effectively projecting out;. We define the set of live
vertices as all the vertices € E[l] such thatmin_occurlj] < | < maz_occur(j].
This subquery is then given a temporary name and is joineld thé edges that have
already been listed in the FROM section. In the non-Booleae eve initially set, for a
free vertexv;, themax_occur(j] = |E| + 1. This effectively keeps these vertidase,
so they are kept throughout the subqueries and they areisted In the outer most
SELECT clause. Theeorderingmethod is a variation of the early-projection method.
We first construct a permutationof the edges, using the greedy approach described in
Section 4. We then follow the early-projection method, pssing the edges according
to the permutatiomr.

Finally, for thebucket-eliminatiormethod, we first find the MCS order of the ver-
tices (see Section 5). Given that order, for each verjexe create a bucket that stores
the edges and subqueries for. The live vertices of the bucket are the vertices that
appear in the edges and in the SELECT sections of the suleguénitially, the bucket
for v; contains all edge#’; such thab; is the maximal vertex it;. We now create the
SQL query by processing the buckets in descending ordercRebdorv; is processed
by creating a subquery in which we SELECT all the live varstih the bucket (minus
v; if v; is not free), then listing all the edges and subqueries obtiv&et in the FROM
section of the subquery and JOINing them using ON conditamn the straightfor-
ward approach. The subquery is then given a temporary nadewed to bucket;,
wherev; is the maximal vertex in the SELECT section of the subquehg final query
is obtained by processing the last bucket, SELECTing onbywmrtex in the Boolean
case or SELECTing the free vertices in the non-Boolean case.

6.2 Density and Order Scaling

In order to test the scalability of our optimization techmég, we varied two parameters
of the project-join queries we constructed. In these expents we measured query
execution time (recall that query compilation time is sfguaint only for the straight-
forward approach). In the first experiment, we fixed the ocdéhe 3-COLOR queries
to 20 and compared how the optimizations performed as thsitgenf the formula
increased. This tested how, as the structure of the quédnasges, the methods used
scaled with the structural change. Figure 3 shows the mediaming times (logscale)
of each optimization method as we increase the density ofjeimerated 3-COLOR
instances. The left side shows the Boolean query, and theside considers the non-



Boolean case witR0% of the vertices in the target schema. The shape of the curve fo
the greedy methods are roughly the same. At first, running timreases as density
increases, since the number of joins increases with thdtgeBgentually, the size of
the intermediate result becomes quite small (or even emgbyadditional joins have
little effect on overall running time.
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Fig. 3.3-COLOR Density Scaling, Order = 20 — Logscale

Note that at low densities each optimization method impsayeon the previous
methods. The sparsity of the instances at low densitiesvathore aggressive appli-
cation of the early projection optimization. For densetanses, these optimizations
lose their effectiveness, since there are fewer oppodsiridr early projection. Nev-
ertheless, bucket elimination was able to find opportusitie early projection even
for dense instances. As the plot shows, bucket eliminat@mnpdetely dominates the
greedy methods in running time for both the underconstcbamel overconstrained re-
gions. The non-Boolean instances demonstrate a similaviomir.

For the next experiment, we fixed the density, and lookedechssv the optimiza-
tions scaled as order is increased. For 3-COLOR we looked@tensities, 3.0 and
6.0; the lower density is associated with (most likely) 3ecable queries while the
high density is associated with (most likely) non-3-coldeaqueries. Figure 4 shows
the running times (logscale) for several optimization medthfor density 3.0 as order
is scaled from 10 to 35. Notice that all the methods are exptalglinear slope in
logscale), but bucket elimination maintains a lower sldggs means that the exponent
of the method is strictly smaller and we have an exponentigiovement. Figure 5
shows the experiment for density 6.0 as order is scaled fromo BO. We see that the
greedy heuristics do not improve upon the straightforwgmor@ach for both the un-
derconstrained and the overconstrained densities, whitked elimination still finds
opportunities for early projection and shows exponentigliovement over the other
optimizations.

Our next focus was to run order-scaling experiments for thetired queries. Fig-
ure 6 shows the running time (logscale) for the optimizatr@thods as the augmented
path instances scaled. The early projection and bucketreliton methods dominate.
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Unlike the random graph problems, early projection is catitipe for these instances
because the problem has a natural order that works well. Bikdh elimination is still
able to run slightly better. Here we start to see a considedifference between the
Boolean and non-Boolean case. The optimizations do nat scalvell when we move
to the non-Boolean queries. This is due to the fact that thez€0% less vertices to
exploit in the optimization, and each optimization methofiers accordingly. It should
be noted that early projection and bucket elimination dtlininate over the straight-
forward approach. Figure 7 shows the running time (log$dalethe methods when
applied to the ladder graph instances. These results ayesimilar to the augmented
path results, but notice that now reordering is even sloten the straightforward ap-
proach. At this point, not only is the heuristic unable to fanlgetter order, but it actually
finds a worse one. As we move to the augmented ladder instan€&égure 8 and the
augmented circular ladder instances in Figure 9, the diffees between the optimiza-
tion methods become even more stark, with the straightfiahaad reordering methods
timing out at around order 7. Also the difference betweerBihelean and non-Boolean
case becomes more drastic with the non-Boolean case strggglreach order 20 with
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the faster optimization methods. But throughout both timeloan and structured graph
instances, bucket elimination manages to dominate theiigldan exponential im-

provement at every turn.

7 Concluding Remarks

We demonstrated in this paper some progress in moving stalajuery optimiza-
tion from theory, as developedin [10, 21, 26, 11], to pragthry using techniques from
constraint satisfaction. In particular, we demonstratgoeementally that projection
pushing can yield an exponential improvement in perforreaand that bucket elimi-
nation yields an exponential improvement not only over @amd straightforward ap-
proaches, but also over various greedy approaches. Inaperpwve focused on queries
constructed from 3-COLOR; we have also tested our algosthmqueries constructed
from 3-SAT and 2-SAT and have obtained results that are stargiwith those reported
here. This shows that NP-hardness results at the hearuatstal query optimization
theory need not be considered an insurmountable barridretapplicability of these
techniques.



Bl A geaaEEeE /
Sk sheRataeatEeT

2= T h
w0l nf”um S ] 10 o
Lt /

Order Order

Boolean Non-Boolean

Fig. 8.3-COLOR Augmented Ladder Queries — Logscale

10

 eoae

5EaEEEEEEE )

0k e & ] 10k o
L ogaE e /

Be
it
e

/
A o
2 L L L L L L 2 L

Order Order

Boolean Non-Boolean

Fig.9.3-COLOR Augmented Circular Ladder Queries — Logscale

Our work is, of course, merely the first step in moving stregtquery optimization
from theory to practice. First, further experiments aredaekto demonstrate the ben-
efit of our approach for a wider variety of queries. For examnple need to consider
relations of varying arity and sizes. In particular, onethisdo study queries that could
arise in mediator-based systems [36] as well as to studglsitif with respect to rela-
tion size. Second, further ideas should be explored, franthhory of structural query
optimization, e.g., semijoins [34] and hypertree width][2dom constraint satisfaction,
e.g., mini-buckets [12], from symbolic model checking, @artitioning techniques [9],
and from algorithmic graph theory, e.g., treewidth appmadion [6]. Third, heuristic
approaches to joiminimization(as in [8]) should also be explored. Since join mini-
mization requires evaluating a conjunctive query oveaaonical query databadé],
the techniques in this paper should be applicable to themimation problem, cf. [27].
Fourth, structural query optimization needs to be combimitdl cost-based optimiza-
tion, which is the prevalent approach to query optimizationparticular, we need to
consider queries wittveightedattributes, reflecting the fact that different attributesym
have different widths in bytes. In particular, a variety odqtical settings needs to be
explored, such as nested queries, “exists” subqueriegharike. Finally, there is the



question of how our optimization technique can be integgainto the framework of
rule-based optimization [18].

Acknowledgement: We are grateful to Phokion Kolaitis for useful discussionsl a
comments.
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