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Structural Heuristics For Query Optimization

Benjamin James McMahan

Abstract

The join operation, which combines tuples from multiple reltions, is the most funda-
mental and, typically, the most expensive operation in dataase queries. The standard
approach to join-query optimization is cost based, which cgiires developing a cost
model, assigning an estimated cost to each query-procegsplan, and searching in
the space of all plans for a plan of minimal cost. But as the numer of joins in-
creases, the size of the search space grows exponentiallyjother approach to the
problem, one that has been successful in constraint satisf@n, is that of structural
optimization. The focus is on project-join orders that minmize the size of inter-
mediate results. This thesis shows how structural technigs, including projection
pushing and join reordering, can yield exponential improveents in query execution
time. Finally, an implementation of the bucket elimination method is used to obtain

another exponential improvement.
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Chapter 1

Introduction

The join operation is the most fundamental and, typically, he most expensive oper-
ation in database queries. Indeed, most database queriesdse expressed as select-
project-join queries, combining joins with selections ang@rojections. Choosing an
optimal plan, i.e., the particular order in which to perform the select, pject, and
join operations in the query, can have a drastic impact on qug processing time and

is therefore a key focus in query-processing research [Q|II&MUWOO0]. For example,

attributes, millions of tuples, and a high amount of similaity in the attributes joined
between them. Finally letr;o be an empty relation. It is easy to see that the order
in which we choose to join the tables is extremely importantsathe 10-way join could
practically be a constant time operation ifr, is contained in the rst join since its
emptiness will propagate through the remaining joins. Butfirg is the last relation
to be joined, the database will have lled up gigabytes worthof data only to nd
out it must delete it all and return nothing. There are three nethods of database
optimizations found in the literature: cost-based, join mimization, and structural
optimization. This thesis focuses structural optimizatia, bringing in methods from
Arti cial Intelligence, and applying them in a database seting with good empirical

results.

1.1 Prior Work

The standard approach to query optimization is that ofcost-based optimization

[GAC* 79]. This approach requires the development of a cost modehish enables



assigning an estimated cost to each plan. The problem thendugces to searching the
space of all plans for a plan of minimal cost. Cost-based optizations are e ective

when the queries, and the corresponding search space of plaare small, but they

do not scale up well as the query grows in size.

Two other approaches found in the database-theory literate had little impact on
query-optimization practice. The rst approach, initially proposed by Chandra and
Merlin in [CM77] and then explored further by Aho, Sagiv, andJllman in [ASU79b,
ASU79a], focuses on minimizing the number of joins rather &ém on selecting a plan.
Unfortunately, this approach generally requires &aomomorphismtest, which itself is
NP-hard [GJ79], and has not been pursued in practical queryqcessing.

The second optimization approach, the one this thesis foason, uses the struc-
tural properties of a query in order to nd a project-join order that will minimize
the size of intermediate results during query evaluation. HAis idea, which appears
rst in [WY76], was rst analytically studied for acyclic jo ins [Yan81], where it was
shown how to choose a project-join order in a way that estabhes a linear bound
on the size of intermediate results. This thesis extends theork on structural query
optimization to close the gap between its theoretical poteéial and its actual usage in

a database optimizer.

1.1.1 Cost-Based Optimization

The standard approach to selecting a project-select-joinraer is that of cost-based
optimization [GAC™ 79]. The major paradigm is to consider the choice of an e cidn

plan as a search problem. This search problem requires thdtet optimizer have
a set of semantically correct plans called thsearch space

a cost estimationfunction that can assign a cost for evaluation to each plan in

the search space, and

an enumeration algorithmthat can list plans in the search space.



The goal of any optimizer is to be able to nd the low costing @ns in the search
space using araccurate cost estimation function and afast enumeration algorithm
[Cha98].

The cost estimation function requires the development of aost model. This
cost model uses database statistics such as relation sizé&ck size, and selectivity,
to assign a cost to basic blocks (such as the relations) of tiggiery. The model is
then extended to include formulas which estimate of the costf operations applied
to the relations. For example, the size of the output of a joirtould be estimated as
the product of the size of the two relations and then trimmed sing the selectivity
knowledge the optimizer has about the attributes that weregined on. Typically, the
costs correspond to I/O costs, in particular disk time, but ould also include CPU
costs, memory/cache latency, network latency, and any otheesource bottlenecks the
optimizer forsees as a problem.

Once a cost estimation function is developed, the problemeh reduces to search-
ing the space of all plans for a plan of minimal cost. The sedwrccan be either
exhaustive, for search spaces of limited size (cf. [AHY83pPr incomplete, such as
simulated annealing, genetic algorithms, or other approhes (cf. [IW87]). In con-
structing candidate plans, one takes into account the facthit the join operation is
associative and commutative, and that selections and prajgons commute with joins
under certain conditions (cf. [WY76]). In particular, seletions and projections can
be \pushed" downward, reducing the number of tuples and catns in intermediate
relations [UlI89]. A naive approach at enumerating such pfes can lead toO(n!)
plans. For example, [LOT94] draws an upper bound on the numbef distinct join

orders forn joins as
2n 1) (n 1!
(n 1) 2n 1

As a rule, optimizers make use of dynamic programming to reded the number of

plans to enumerate. This paradigm requires an assumption dhfor n joins, it is

su cient to consider all subqueries withn 1 joins and to extend those plans with



another join. The dynamic programming then proceeds bottorap, by considering
at eachith step all the optimal plans for subqueries of joins. This approach allows
us to eliminate the factorial in our upper bound of possiblelans and leaves us with
only O(n2" 1) plans to consider [Cha98]. In general, cost-based optirations are
e ective when the search space is of manageable size and weeheeasonable cost
estimates, but it does not scale up well with query size. Du@ this fact, we propose

structural optimizations that do not have this problem of salability.

1.1.2 Structural Methods

The focus of this thesis is the use of structural methods to ah an optimal execution
plan for a query. This method rst appeared in [WY76], which aalytically stud-
ied the use of structural properties for acyclic joins [Yard. It was shown how to
choose a project-join order in a way that establishes a linedound on the size of
intermediate results. More recently, this approach was eshded to general project-
join queries. As in [Yan81], the approach focuses on chogagithe project-join or-
der in such a manner so as to polynomially bound the size of @mmediate results
[CR98, GLS99, KV00, DKV02]. For example, [DKV02] charactées the minimal ar-
ity of intermediate relations when the project-join order $ chosen in an optimal way
and projections are applied as early as possible. This miraarity is determined by
the join graph, which consists of all attributes as nodes and all relationckemes in
the join as cliques. It is shown in [DKV02] that the minimal aity is the treewidth
of the join graph plus one. The treewidth of a graph is a measairof how close this
graph is to being a tree [DF99] (for a formal de nition see Chater 3.4.1). The arity
of intermediate relations is a good proxy for their size, si® a constant-arity bound
translates to a polynomial-size bound. This bound revealstheoretical limit on the
e ectiveness of projection pushing and join reordering inerms of the treewidth of the
join graph. While acyclicity can be tested e ciently [TY84], nding the treewidth of
a graph is NP-hard [ACP87]. Thus, the results in [DKV02] do niodirectly lead to a



feasible way of nding an optimal project-join order, and sdar the theory of projec-
tion pushing, as developed in [CR98, GLS99, KV00, DKV02], anot contributed to
guery optimization in practice.

However, the projection-pushing strategy has been applidd solve constraint-
satisfaction problems in Arti cial Intelligence with good experimental results [RDOO,
SVO01]. The input to a constraint-satisfaction problem consts of a set of variables, a
set of possible values for the variables, and a set of congita between the variables;
the question is to determine whether there is an assignmentt values to the variables
that satis es the given constraints. The study of constrait satisfaction occupies
a prominent place in Articial Intelligence, because many pblems that arise in
di erent areas can be modeled as constraint-satisfactionrgblems in a natural way;
these areas include Boolean satis ability, temporal reasing, belief maintenance,
machine vision, and scheduling [Dec03]. A general method farojection pushing
in the context of constraint satisfaction is thebucket-elimination method [DP87,
Dec03]. Since evaluating Boolean project-join queries issentially the same as solving
constraint-satisfaction problems [KVO0OQ], this thesis stdies the application of the
bucket-elimination approach to approximate the optimal poject-join order; i.e., the

order that bounds the arity of the intermediate results by tle treewidth.

1.2 Contributions

In order to focus solely on projection pushing in project-jo expressions, we choose
an experimental setup in which the cost-based approach iseiective. To start, we
generate project-join queries with a large number (up to andver 100) of relations.
Such expressions are common in mediator-based systems [YAM99]. They chal-
lenge cost-based planners because of the exceedingly lasige of the search space,
which leads to unacceptably long query compile time.

Furthermore, to factor out the in uence of cost information we consider small

databases, which t in main memory and where cost informatio is essentially irrel-



evant. Such databases arise naturally in query containmemnd join minimization,
where the query itself is viewed as a database [CM77]. For argey of recent appli-
cations of query containment see [HalO1].

We show experimentally that a standard SQL planner (we use BtgreSQL) spends
an exponential amount of time on generating plans for such gties, with rather dismal
results in terms of performance and without taking advantag of projection pushing.
And neither do the SQL planners of DB2 and Oracle, despite thaidely held belief
that projection pushing is a standard query-optimization €chnique.

Our experimental test suite consists of a variety of projegbin queries. We take
advantage of the correspondence between constraint saision and project-join
qgueries [KV0O0] to generate queries and databases corresgiog to instances of 3-
COLOR and 3-SAT problems [GJ79]. Our main focus in this thesiis to compare the
scalability of various projection-pushing methods. Thuspur interest is in comparing
the performance of di erent optimization techniqgues whenhe size of the queries is
increased. In addition to random 3-COLOR and 3-SAT problemsave use a variety of
queries with speci ¢ structures, such as \augmented paths\ladders," \augmented
ladders," and \augmented circular ladders" [KS02].

We compare the scalability of the bucket-elimination methd with the naive,
straightforward, early projection, and reordering method The naive and straight-
forward plan join the relations in the order in which they ardisted, without applying
projection pushing. Early projection then proceeds to applrojection pushing and
reordering applies a new join order, all done in a greedy fash. We demonstrate
experimentally that this yields exponential improvementm query execution time over
the straightforward approach. Finally, we combine projedbn pushing and join re-
ordering in an implementation of the bucket-elimination m&hod. We rst prove that
this method is optimal for general project-join queries wit respect to intermediate-
result arity, provided the \right" order of \buckets" is used (this was previously

known only for Boolean project-join queries [DP87, Fre90, W00, DKV02]). Since



nding such an order is NP-hard [ACP87], we use the \maximumardinality" order of
[TY84], which is often used to approximate the optimal ordefBou99, RD0OO, SVO01].
We demonstrate experimentally that this approach yields amxponential improve-
ment over the greedy approach for the complete range of inpqueries in our study.
This shows that applying bucket elimination is highly e ecive even when applied
heuristically and that it signi cantly dominates greedy heuristics, without incurring
the excessive cost of searching large plan spaces.

The highly e ective bucket elimination results were couplé with maximum car-
dinality order, therefore we consider new variable orderotcompare if the gain in
scalabilty was from the bucket elimination method, the maxnum cardinality order,
or from both. To aid us in nding new heuristics, we rst provide algorithms to
convert from tree decompositions to variable orders that pwvide equivalent widths.
We then consider two variants of a lexicographic breadth rssearch heuristics used
in nding tree decompositions. We demonstrate experimentiy that the maximum
cardinality order still provides the best approach, but tha the lexicographic orders

are more competitive than the greedy heuristics used earlie

1.3 Outline of the Thesis

The outline of the thesis is as follows. Chapter 2 describdset experimental setup. We
then describe a naive and straightforward approach in Chaet 3, a greedy heuristic
approach in Chapter 3, and the bucket elimination approachmiChapter 3. We report
on our scalability experiments for these optimizations in Bapter 3. Next, Chapter 4
provides algorithms for converting between tree decomptiens and variable orders
for the bucket elimination methods. Using these algorithm&hapter 4 considers
more heuristics to use with the bucket elimination method wih experimental results

in Chapter 4. Finally, we conclude with a discussion in Chapt 5.



Chapter 2

Experimental Test Suite

The focus of this thesis is to use the structure of the query tdrive the query opti-
mization. In order to focus on only structural issues of themiimization process, the
our experimental setting is one in which the traditional casbased approach is inef-
fective. Thus, we focus on project-join queries with a largaumber of relations (up to
and over 100). Such expressions are common in mediator-lwhsgstems [YLUGM99].
They challenge cost-based planners because of the exceglglitarge size of the search
space, leading to unacceptably long query compile time. Rhermore, to factor out
the in uence of cost information we consider small databasewhich t in main mem-
ory and where index or selectivity information is rather udess. Hash joins proved to
be the most e ective, so to further reduce the optimizer's abices we indicate to the
database to only use hash joins on our queries. To neutralittee e ect of query-result
size we consider Boolean queries in which all attributes apeojected out, so the nal
result consists essentially of one bit (empty result vs. n@mpty result). Later, to sim-
ulate a typical database's usage more closely, we also cdesinon-Boolean queries
where a fraction (twenty percent) of the attributes are not pojected out.

Our queries also have the following features:

Projecting out a column from our relations yields a relatiorwith all possible
tuples. Thus, in our setting, semijoins, as in the Wong-Yousse algorithm
[WY76], are useless. Therefore, the thesis focuses solalyoodering joins and

projections.

Since all relations are of xed arities, di erences betweethe various notions

of width, such as treewidth, query width, and hypertree widts are minimized



[CR98, GLS99], enabling us to focus on treewidth.

The thesis focuses on project-join queries, also known@mjunctive queries For-

mally, an n-ary project-join query is a query de nable by the project-pin fragment

\variables" and \attributes" interchangably). Conjuncti ve queries are usually de ned
as positive, existential conjunctive rst-order formulas[AHV95], but we focus of the
relation algebra formulation for a more intuitive translaion to later SQL queries.

Our experimental setup works as follows: we generate a confiive query, trans-
late it into SQL according to a given optimization method, tken run the query on the
database collecting both the PLANNER time and EXECUTION time. We generate
the conjunctive queries through both random and structureanethods. The random
methods correspond to random satis ability and graph col@ble instances. These
provide various methods to see how our optimizations scalden the di culty of the
problem scales up. In particular, they provide a way to testdr not only the scalabil-
ity of the optimizations as the size of the query increasesubalso as the structure
of the query changes from under constrained to over constnad. Next, structured
queries were generated corresponding to graph colorablstances. This allowed us to
x the structure of the query more absolutely, and test the salability of the methods
as the query grows in size. Structured queries also more @lyscorrelate to the type
of queries a database typically expects to see. It is importato note, however, that
our algorithms do not rely on the special structure of the quees we generate { they
are applicable to project-join queries in general.

All experiments were performed on the Rice Tersascale Clast, which is a Linux
cluster of Itanium Il processors with 4GB of memory each, usj PostgreSQPE 7.2.1.

For each run we measured the time it took to generate the queryhe time the

Yhttp://www.citi.rice.edu/rtc/
2http://www.postgresqgl.org/
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PostgreSQL Planner took to optimize the query, and the exetion time needed to
actually run the query. Due to the presence of heavy outlieia random satis ability

and graph coloring we report only median running times.

2.1 Random k-SAT

The rst of the random queries we generated was random k-SARnN instance of k-
SAT is a formula in clausal normal form (CNF). That is, is a conjunctionvi";1 G,
of clauses, where each clausgeis a disjunction _;l;; of at mostk literals. A literal
is either a Boolean variable or a negated Boolean variableh& k-SAT problem asks
whether or not there is an assignment to the variables in such that becomes true,
ie. is satis able. The thesis focuses on results from both 3-SAT dri2-SAT.

To solve a k-SAT formula using a database, the database reces a set of rela-
tions with which to process the query generated from the forma. Without loss of
generality we can assume that in each clause of a k-SAT forrauhe negative literals
precede positive literals. Consider 3-SAT. There are fouypes of clauses, containing
0, 1, 2, or 3 negative literals. For example, p;_ p,_ p7 contains one negative literal.
For a clause withi negative literals, we de ne a ternary relationr; that contains all
seven truth assignments that satisfy such a clause. For expha, r; contains all 3-bit

tuples except forht;0;0i. We can now express satis ability of by a conjunctive

the project-join query:
Q = . /Jrnzo rij(ij;Stj;XuJ‘)

, Where clauseg = ;1 _l;;2_lj;3is of typei; and the variablesxs ; Xy, ; X,; corresponds

to the Boolean variables of;.; _ I;.» _ l;;3. Each atom of the query corresponds to a
clause in the Boolean formula. For example, the clausgs _ p> _ p; of type 1 yields
the atom ri(Xs; X2; X7). Q returns a nonempty tuple if and only if is satis able.

We also generated conjunctive queries from 2-SAT instancebl this case, we need
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three binary relations, each consisting of three tuples, mesponding to clauses with
0, 1, or 2 negative literals.

Once the database is setup we can then generate k-SAT fornaik® test the opti-
mization methods on. In particular we generate random 3-SAihstances with varying
structural properties. For a xed numbern of Boolean variables and a xed numbem
of clauses, instances are generated uniformly. A clause engrated by choosing uni-
formly at random three distinct variables and then choosingheir polarity uniformly
at random. Clauses are generated (with repetitions) untilite right number of clauses
is arrived at. This is a standard distribution, called the xed-width distribution, in the
study of random 3-SAT, cf. [SML96]. We measure the performae of our algorithms
by scaling up the size of the queries (note that the databasete is xed). We focus
on two types of scalability. First, we keep theorder (i.e., the number of variables)
xed, while scaling up the density, which is the ratio m=n of clauses to variables.
Second, we keep the density xed while scaling up the order.l&arly, a low density
suggests that the instance is underconstrained, and theoe¢ is likely to be satis able,
while a high density suggests that the instance is overconained and is unlikely to
be satis able. Experimental research has shown that for rais below (roughly) 4.26,
the probability of satis ability of a random 3-SAT instance goes to 1 as the order
increases, while for ratios above 4.26 the probability go&s 0; at 4.26, the probabil-
ity of satis ability is near 0.5 [SML96, CA96]. There is extasive theoretical research
attempting to prove a sharp phase transition at density 4.26Thus, density scaling
yields a spectrum of problems, going from underconstrained overconstrained.

To capture the di culty of determining satis ability in the context of random
3-SAT, both order and density scalability have been invegjated. Density scaling
has been studied extensively, cf. [SML96, CA96], which measd the e ect of den-
sity scaling on the running time of algorithms based on the swalled Davis-Putnam-
Logemann-Loveland methodabbr., DPLL method), a depth- rst search with unit

propagation [DLL62]. Intuitively, underconstrained instinces are easy to solve, as
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a satisfying assignment can be found fast, and overconstmad instances are also
less hard to solve, as all branches of the search terminateiakly. Indeed, the data
displayed in [CA96, SML96] demonstrate a peak in running tim essentially at the
crossover density of 4.26. Order scaling has been studied@DS" 00, CM01, SV01]
for both DPLL-based algorithms, as well as for algorithms Is@d onBoolean Decision
Diagrams [Bry86]. The pattern that emerges there is that of
(1) polynomial-time scalability for low-density instances,
(2) exponential-time scalability for high-density instarces, and
(3) algorithm-dependent transition density from polynomal to exponential scalability.
The behavior of random 2-SAT according to the xed-width digribution is quite
well understood. First, it is well-known that unlike 3-SAT, which is NP-complete,
2-SAT can be solve in polynomial time [Coo71]. Also, 2-SAT kaa provable phase
transition: the asymptotic probability is 1 for densities kelow 1 and O for densities
above 1 [CR92]. Even the precise character of the phase trdia is known [BCPO1].
For 3-SAT, we study orders between 5 and 30 and integral detiss between 1 and
9. For 2-SAT we study orders between 5 and 60 and densities Wween 0.2 and 5. For
each pointin thed n plane that we consider, we generate 100 random formulas. We

then report median running times (since the mean tends to b&ewed by outliers).

2.2 Random k-COLOR

Another type of random query we generate is of k-COLOR grapmstances. An
instance of k-COLOR is a graphG = (V;E) and a set of colorsC = f1;2;:::;kg,
wherejVj = n and JEj = m. The problem k-COLOR asks whether or not there is a
way to colorV using C where for every (;v) 2 E, c(u) 6 ¢(v). For each edge(; V) 2

E there are '; ways of coloring (1; v) to satisfy the requirement of no monochromatic
edges. We de ne the relatioredgeg as containing tuples corresponding to all the pairs
of distinct colors. For example,edgg = f< 1;2 >;< 2;1>;< 1;3>;< 3;1>;<

2;3>;< 3;2>gcorresponding to the six possible colorings of the edges timaaintain
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the 3-COLOR property. The k-COLOR problem can then be expregd as the project-
joinquery Qg = ; / (vv)2e €dg&(Vvi;V;). This query returns a nonempty result over
the edge relation i G is k-colorable [CM77].

To generate a range of queries with varying structural propges, we start by gen-
erating random graph instances using the random graph pra=G(n; m). For a xed
number n of vertices and a xed numberm of edges, instances are generated uni-
formly. An edge is generated by choosing uniformly at randomwo distinct vertices.
Edges are generated, without repetition, until the right nuinber of edges is arrived at.
As in the SAT problem, we measure the performance of our algihms by scaling up
the size of the queries (note that the database here is xedYVe focus on two types of
scalability. First, we keep theorder (i.e. the number of vertices) xed, while scaling
up the density, which is the ratio m=n of edges to vertices. Second, we keep the den-
sity xed while scaling up the order. Clearly, a low density aggests that the instance
is underconstrained, and therefore is likely to be k-colooée, while a high density
suggests that the instance is overconstrained and is unliketo be k-colorable. In
particular, a random graph instance of density less than 4 amost surely 3-colorable
and an instance of density greater than 5 is almost surely neicolorable [DemO3].
Thus, density scaling yields a spectrum of problems, goingpfn underconstrained to
overconstrained. For 3-COLOR we generated orders betweed dnd 35 and densities
between 0.5 and 8.0, and for 2-COLOR we generated orders beén 10 and 100 and
densities between 0.5 and 8.0. As in the k-SAT case, for eaabing of interest in the

d n plane, we generate 100 random graphs and report the mediamning times.

2.3 Structured Graphs

Database queries usually are not randomly generated, and tuwn we also consider
non-random graph instances for 3-COLOR. These queries, gagted in [KS02], have
speci ¢ structures. An augmented path(Figure 2.1a) is a path of lengthn, where

for each vertex on the path a dangling edge extends out of thenex. A ladder
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(Figure 2.1b) is a ladder withn rungs. An augmented ladde(Figure 2.1c) is a ladder
where every vertex has an additional dangling edge, and angmented circular ladder
(Figure 2.1d) is an augmented ladder where the top and bottorertices are connected

together with an edge. For these instances only the order isaded; we used orders

from 5 to 50.

e

I1n
hose

J
(@) (b) (c) (d)

Figure 2.1 : Augmented path, ladder, augmented ladder, andugmented circular
ladder

These queries have xed structural bounds that they keep ai¢ size of the query
grows. The augmented path is a tree and thus has a treewidth ofie. The ladder cor-
responds to a treewidth of two. he augmented ladder also cesponds to a treewidth
of two, but its structure is such that a heuristic might overstimate the dangling
edges from the ladder. Finally, the augmented circular ladat has a treewidth of four.
Thus, even when the size of the query is scaled, the treewidth the query is xed.
The next chapter describes treewidth as a way to characteez limit for structural
optimizations, and this bound on the treewidth allows us toee if the optimizations

are able to closely follow this limit.
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Chapter 3

Projection Pushing

This chapter describes several optimizations for proje¢din orders of conjunctive
queries using structural techniques. We start by consideg naive conjunctive queries
as a base case. Di culties with compilation time lead us to cesider straightforward
conjunctive queries, which obtain the same execution timesahe naive ones, but
without the extraordinary compilation time. We then develg two greedy methods,
early projection andr eordering which focus on improving performance by eliminag
unnecessary attributes whenever possible.

Next, the chapter changes focus slightly and looks at the tbeetical limit of early
projection through a concept of join-expression trees. A ahacterization of these
join-expression trees is made. That characterization leadnto the motivation for the
use of the bucket elimination method from constraint satisiction as an optimization
method for project-join orders. This work is the rst appeaance of bucket elimination
applied to database optimization, and we also extend the bket elimination method
to handle non-Boolean queries. The chapter then nished witexperimental results
used to compare the di erent execution times of the straigfibrward, early projection,

reordering, and bucket elimination methods.

3.1 Naive Approach

Given a conjunctive query = . / Ror(visii;vi, ), we rstuse anaivetranslation
of into SQL.:

SELECT 1

WHERE EXISTS(
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SELECT *

Vv
WHERE jm=1 (rj Vi = Ipi)Vi, AND ::: AND iV, = rp(jk):ij);
As SQL does not explicitly allow us to express Boolean quesjene instead select 1

when the subquery corresponding to the conjunctive query ®n-empty. The FROM

and renames the columns to match the attributes of the queryrhe WHERE section
enforces equality of di erent occurrences of the same attnite. More precisely, we
enforce equality of each occurrence to the rst occurrencé the same attribute; p(v;)

points to the rst occurrence of the attribute v;.

For example, consider the conjunctive query for the follomg 3-COLOR pen-
tagon graph instance: .edg€vi;Vv,) / edge(vyi;Vs) / edge(vs; vs) / edge(vs;vy) /
edgdvy; v3). The resulting SQL query runs as follows:

SELECT 1

WHERE EXISTS (

SELECT *

FROM edge el (v1,v2), edge e2 (v1,v5), edge e3 (v4,v5), edde(e3,v4), edge e5
(v2,v3)

WHERE el.vl = e2.vl

AND e2.v5 = e3.vb

AND e3.v4 = e4.v4

AND el.v2 = e5.v2

AND e4.v3 = e5.v3);

We initially ran these queries for 3-SAT instances of order &nd integral densi-
ties from 1 to 8 (the database engine could not handle largerders with the naive
approach). The PostgreSQL Planner found the naive queriegzaeedingly di cult to
compile; compile time was four orders of magnitude longerdh execution time. Fur-

thermore, compile time scaled exponentially with the dengi as shown in Figure 3.1.
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We used the PostgreSQL Planner's genetic algorithm optiorotsearch for a query
plan, because the exhaustive search for our queries turn oiat be infeasible. The
genetic algorithm still proved to be quite slow as well as inective for our queries.
The plans generated by the Planner showed that it does not Uitie at all projection

pushing; it simply chooses some join order.

Figure 3.1 : Naive and straightforward approaches: densitgcaling of compile time,
5 variables, logscale

3.1.1 Straightforward Approach

In an attempt to get around the Planner's ine ectiveness, wémplemented astraight-
forward approach. The approach explicitly lists the joins in the FRM section of the
guery instead of using equalities in the WHERE section as irhé naive approach.
SELECT 1

WHERE EXISTS (

SELECT *

Parentheses forces the evaluation to proceed framto r, and onwards (i.e., (::(r; 1

rp):::1 rp)). We omit parentheses here for sake of readability.
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As an example, consider the above 3-COLOR conjunctive quegiven by the
pentagon graph instance. The conversion now appears as
SELECT 1
WHERE EXISTS (

SELECT *
FROM edge e5 (v2,v3) NATURAL JOIN (
edge e4 (v3,v4) NATURAL JOIN (
edge e3 (v4,v5) NATURAL JOIN (
edge e2 (v1,v5) NATURAL JOIN edge el (v1,v2)))));

The order in which the relations are listed then becomes theader in which the
database engine evaluates the query. This e ectively limgstwhat the Planner can do
and therefore drastically decreases compile time. As is sfmoin Figure 3.1, compile
time still scales exponentially with density, but more graefully than the compile time
for the naive approach.

We note that the straightforward approach also does not takadvantage of pro-
jection pushing. We found query execution time for the naivand straightforward
approaches to be essentially identical; the join order chars by the genetic algorithm
is apparently no better than the straightforward order.

The rest of the thesis focuses on how we can take advantage aijpction pushing
and join reordering to improve query execution time dramatially. As a side bene't,
since we use subqueries to enforce a particular join and peofion order, compile time

becomes rather negligible, which is why we do not report it.

3.2 Early Projection Approach

.....

the formula into an equivalent one:
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i (Ctivevars (P /izilr q) [ooolr w);

where livevars are all the attributes in the scope minusy;. This means we can

v; has beenprojected early The goal is that early projection would reduce the size
of intermediate results by reducing their arity, making futher joins less expensive,
and thus reducing the execution time of the query. Note thathe reduction in size
of intermediate results has to o set the overhead of creatgha copy of the projected
relations.

We implemented early projection in SQL using subqueries. Ewsubformula found
in the scope of each nested existential quanti er is itself @njunctive query, therefore
each nested projection subformula becomes a subquery. Sopp thatq andj above
are minimal. Then the SQL query can be rewritten as:

SELECT 1

WHERE EXISTS (

SELECT *

FROM r rm (Vmgsiii;Vm,) NATURAL JOIN ::: NATURAL JOIN r rga

where subquery is obtained by translating the subformula jevars (f1 / ::: /1 )
into SQL according to the straightforward approach. The oy di erence between the
subquery and the full query is the SELECT section. In the subhgery the SELECT

section contains alllive attributes within its scope, i.e., all attributes except fo v;.

Consider the pentagon example . edgév,;Vv,) / edge(vi;vs) / edge(vs; vs) /
edgdvs; v,) / edge(vo; v3). We can rewrite the conjunctive query into the following
early projection SQL query:

SELECT 1
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WHERE EXISTS (
SELECT *
FROM edge e5 (v2,v3) NATURAL JOIN (
SELECT <DISTINCT > e4.v4, t3.v2, e4.v3
FROM edge e4 (v3,v4) NATURAL JOIN (
SELECT <DISTINCT > e3.v5, e3.v4, t4.v2
FROM edge e3 (v4,v5) NATURAL JOIN (
SELECT <DISTINCT > e2.vl, e2.v5, el.v2
FROM edge e2 (v1,v5) NATURAL JOIN edge el (v1,v2)
) AS t4
) AS t3
) AS t2);
Note that the keyword DISTINCT can be added to help reduce thaize of inter-
mediate results. The optimizer would have to weigh the bengs of obtaining smaller
relations with the cost of sorting the relations to perform he DISTINCT operation.

In general, we added DISTINCT to our queries as it proved to bthe faster option.

3.3 Reordering Approach

The early projection method processes the relations of theigry in a linear fashion.
Since the goal of early projection is to project attributes @ssoon as possible, reordering
the relations may enable us to project early more aggresdive For example, if an
attribute v; appears only in the rst and the last relation, early projecton will not
project v; out. But had the relations been processed in a di erent order; could

have been projected out very early. In general, instead of guessing the relations

number of live attributes in the intermediate relations. Ths observation was rst

made in the context of symbolic model checking (see [HKB96]Finding an optimal
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permutation for the order of the relations is a hard problemn and of itself. So we
have implemented a greedy approach, searching at each stepdn atom that would
result in the maximum number of variables to be projected et The algorithm
incrementally computes an atom order. At each step, the algthm searches for an
atom with the maximum number of attributes that occur only orce in the remaining
atoms. If there is a tie, the algorithm chooses the atom that&res the least attributes
with the remaining atoms. Further ties are broken randomly.
Once the permutation is computed, we construct the same SQL query as before,
but this time with the order suggested by . We call this method reordering.
Using the pentagon example given above, the converted reerthg SQL query
appears as follows:
SELECT 1
WHERE EXISTS (
SELECT *
FROM edge el (v1,v2) NATURAL JOIN (
SELECT <DISTINCT > e3.v4, e3.v5, t3.v1, t3.v2
FROM edge e3 (v4,v5) NATURAL JOIN (
SELECT <DISTINCT > e4.v3, e4.v4, e2.v5, e2.vl, e5.v2
FROM edge e4 (v3,v4) NATURAL JOIN (edge e5 (v2,v3) NATURAL JON
edge e2 (v1,v5))
) AS t3
) AS t2);

3.4 Bucket Elimination Approach

The optimizations applied in Section 3.2 correspond to a piacular rewriting of the
original conjunctive query according to the algebraic lawsf the relational algebra
[UlI89]. By using projection pushing and join reordering, & have attempted to

reduce the arity of intermediate relations. It is natural to ask what the limit of
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this technique is, that is, if we consider all possible joinrders and apply projection
pushing aggressively, what is the minimal upper bound on tharity of intermediate

relations?

3.4.1 Join-Expression Trees

Using join-expression trees, we show what the limit of progéon pushing is in terms
of a notion called join width. We then equate (plus one) join wdth with the graph-

theoretic notion of treewidth. To do this we rst de ne both join-expression trees
and tree decomposition. We then characterize join width inerms of treewidth and

prove the relationship between the two.

De nition 3.1.  Consider a project-join queryQ = ,..x,(R1 /::: / R ) over

the setR = fR;j1 ] mg of relations, whereA is the set of attributes inR, and

can be dened as a tupledg = (T = (Vo;Eq;Vo);Lw;Lp) Where T is a tree, with
nodesVo and edgesEq, rooted at Vo, and both L, : Vo ! 2% and L, : Vo ! 2°
label the nodes ofl with sets of attributes. For each noder 2 Vg, Ly (V) is calledv's
working labeland L (V) is called v's projected label For every leaf nodeu 2 Vg there
is someR; 2 R such that Ly(u) = R;. For every nonleaf nodev 2 Vq, we de ne
Lw(Vv) = Sij(v;x)ZEQg Lp(x) as the union of the projected labels of its children. The
projected labelL ,(u) of a nodeu is the subset ofL,(u) that consists of alla 2 L,(u)
that appear outside the subtree ofl rooted at u. All other attributes are said to be
unnecessaryfor u. Intuitively, the join-expression tree describes an evaddion order
for the join, where the joins are evaluated bottom up and preition is applied as early
as possible for that particular evaluation order. Thewidth of the join-expression tree
Jo is de ned as maxay, jLw(V)j, the maximum size of the working label. Thegoin

width of Q is the width over all possible join-expression trees @J.

To understand the power of join reordering and projection mhing, we wish to

characterize the join width of project-join queries. We nowvdescribe such a charac-
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terization in terms of the join graph of Q. In the join graph Gq = (V; E), the node
set V is the set A of attributes, and the edge setE consists of all pairs X;y) of
attributes that co-occur in some relationR; 2 R. Thus, each relationR; 2 R yields
a clique over its attributes in Go. In addition, we add an edge X; y) for every pair
of attributes in the schemaSqy. The important parameter of the join graph is its
treewidth [DF99].

De nition 3.2. Let G = (V;E) be a graph. Atree decompositionof G is a pair
(T; X), whereT = (I;F) is a tree with node setl and edge sefF,and X = fX; :i 2
I g is a family of subsets oW, one for each node of, such that
S —
1.7, X =V,
2. for every edge\;w) 2 E, there is ani 2 | with v2 X; andw 2 X;, and
3. foralli;j;k 2 1,if j is on the path fromi to k in T, then X;\ X, Xj.

The width of a tree decomposition is max, jX;j 1. The treewidth of a graph G,
denoted bytw(G), is the minimum width over all possible tree decompositiaof G.
For each xedk > 0, there is a linear-time algorithm that tests whether a give graph
G has treewidth k. The algorithm actually constructs a tree decomposition o6 of
width k [DF99].

We can now characterize the join width of project-join quees:
Theorem 3.1. The join width of a project-join queryQ is tw(Gq) + 1.

Proof : We rst show that the join width of Q provides a bound fortw(Gg) + 1.
Given a join-expression tredq of Q with width k, we construct a tree decomposition
of Gq of width k 1. Intuitively, we drop all the projected labels and use the warking

label as the tree decomposition labeling function. Algotiim 1 shows this conversion.
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Algorithm 1 Join-Expression-Tree-to-Tree-Decompositiof,Jo)

Require: Project-join query Q and join-expression tree Jo = (T =
(Vo; Eq;iVvo); Lw; Lp)
Ensure: A tree decompositionT = ((I;F);X)

= Vg fthe nodes of the treg
Eq fthe edges of the treg
L. fthe labeling functiong
ETURN T, =((I;F);X)

1: 1
2: F
3 X
4: R

Lemma 3.1. Given a project-join queryQ and join-expression treeJq of width k,
there is a tree decompositioril;, = ((I;F ); X) of the join graph Gq such that the
width of T;, isk 1.

Proof : To see how Algorithm 1 works, consider the three propertiex a tree decom-
position:

S
1. ,,, Xi =V by de nition of the leaf nodes ofJq.

2. For every edge X;y) 2 E, there needs to be an 2 | with x;y 2 X;. Once
again, all the leaf nodes correspond to a relatioR; 2 R. Therefore, for any
pair of attributes x;y if some relationR; contains bothx and y there will be
some nodev such that L, (v) = R;, so the corresponding node iff;, will also
have X, = R;.

3. Forallrs;t 21, if r is on the path fromstotin T, then Xs\ X; X,.
This follows due to the de nition of when a variable becomesunnecessary"
and is thus projected out and will not be seen in a parent node'label. A
variable x is \unnecessary" at a nodeu when, other than the subtree rooted
u, no other node's working label containx. Therefore, for each node on the
path from s to t, if a variable appears inXs\ X; and not in X,, then x must

be \unnecessary" along the path fromX to X,, meaning it does not occur in
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X by de nition of L, a contradiction sincex 2 Xs\ X;. Therefore, the third

property holds.

As aresult, T, is a tree decomposition and the width of;, is maxz, jX;j 1=

maxezv jLw(v)i 1=k 1.1

In the other direction, we can go from tree decompositions t@in-expression
trees. First the join graph Gq is constructed and a tree decomposition of widtlk
for this graph is constructed. Once we have a tree decompasit, we simplify it
using Algorithm 2 to have only the nodes needed for the joinkpression tree without
increasing the width of the tree decomposition. In other wals, the leaves of the
simpli ed tree decomposition each correspond to a relatiom R[S o, and the nodes

between these leaves still maintain all the tree-decomptisn properties.

Lemma 3.2. [Klo94]. Given a graphG and a tree decompositio{(T = (I;F);X) of

Lemma 3.3. Given a project-join queryQ, its join graph Gq, and a tree decom-
position (T = (I;F);X) of Gg of width k, there is a simpli ed tree decomposition
(T°= (1%F9; X9 of Go of width k such that every leaf node of° has a label con-

taining an R; for someR; 2R.

Proof : by construction using Algorithm 2. To show the algorithm weoks we rst

show every leaf node of ® has a label containing &R; for someR; 2 R. Consider if
a leaf nodei 2 1°did not have aR; 2 R such thatR; X Then the node would
never be marked because it neither contains a relation noritson the path between
two nodes contain a relation. So it would have been deleted.h&refore all the leaf
nodes ofT® contain a relationR; 2 R in their label.

Now let us check that the three properties of tree decomposit hold:

1. By Lemma 3.2 all the cliques formed byR are in X and remain in X ° by

construction. Therefore, for every vertexu 2 V there is some cliqueR; 2 R
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Algorithm 2 Mark-and-Sweep(T = (I;F); X); Q)

Require: A tree decomposition T = (I;F ); X) and a project-join query Q

Ensure: A simpli ed tree decomposition (T°= (1%F9; X9 and a mappingr : R'!
| 0

1: for every relationR; 2 R[f Rrgdo

2:  Findanodei 2 | suchthatR; X

3:  Mark R;j in X;

4:  r[Rj] = i fremember this is the node corresponding to the relatign

5: end for

6: for every pair of nodes;j 2 | do

7. for every nodek along the path fromi toj in T do

8 Mark the subset ofX wherefx j x 2 Xy, x is marked inX;, and x is marked

in X;g
9: end for
10: end for

11: for every nodei 2 | do
12:  Delete all unmarked labels inX;.

13: if X; == ; then

14: Deletei fIf the label is empty, delete the node and corresponding edge
15: for all edgese 2 F containing i do

16: Deletee

17: end for

18: end if

19: end for

20: RETURN (T =(1;F);X);r
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that contains u and there is consequently some node? |°such thatR; X,

sou 2 X?.

2. By Lemma 3.2 all edges that are in a clique i will be in T and since every

edge is in some clique (of size 2 at least) every edgeGofs in T°.

3. We need to show that for alli;j;k 2 1°if j is on the path fromi to k in T
then X\ X2 X By construction the path between every pair of nodes was
marked to contain the marked intersection. Thus, no necesyaattribute would

have been deleted.

The width of T%cannot be greater thank because for any node2 1° jX;j j X

since the algorithm only deletes from the labeld

Once we have a simpli ed tree decomposition, Algorithm 3 sk how to convert

it into a join-expression tree.

Lemma 3.4. Given a project-join queryQ, a join graph Gq, and a simpli ed tree
decomposition ofGy of treewidth k, there is a join-expression tree ofQ with join
width k + 1.

Proof : Consider the output of Algorithm 3 asJg = (Tg = (Vo;Eq;Vo); Lw;Lp). It
is a join-expression tree of) with join width k. First, Jo contains all the relations
R; 2R as leaf nodes infg. This is by construction.

Second, the working label of a node 2 Vj is the result of the join of the projected
labels of the children ofu. Since the join expression tree is a tree decomposition with
added relational leaf nodes that do not a ect any of the tree ecomposition properties,
the third property of tree decomposition also holds for the arking labels oflq. First,
due to the mark and sweep of Algorithm 3, the working labels doot contain any
more vertices than those that appear in their children's prjected label. And a child
will not have a node in a project label that will not be in the waking label of the

parent by construction of the projected label.
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Algorithm 3 Tree-Decomposition-to-Join-Expression-Tre€},Gq,T;,)

Require: A conjunctive query Q, join graph Gg, and tree decomposition 0iGg,
Ty, =((F); X)
Ensure: A join-expression treeJo = (T = (Vo;Eq;Vo); Lw;Lp)

(T°=(15F9;X9;r =Mark-and-Sweep(T,, ; Q)

Vo = 1 °fthe nodes of the join-expression treg

Eo = F%fthe edges of the join-expression trge

Vo = r[Rt] f set the root to be a superset of the target relatiam

for every relationR; 2 R do
z = newnod€gR;)
Vo = Vo [ z fcreate a new node for each relation, these will be the leaf resd
of the join-expression treg

8: Eqg = Eg[ (r[Rj];2) fadd an edge connecting the relational node to the tree

decompositiony

9: end for

10: for every nodei 2 Vg do f Set up working labelg

11: if i is a leaf node introduced for relatiorR; 2 R then

12: Lw(i) = R;

13: else

14: Lw(i)= X?
15:  end if

16: end for

17: for every nodei 2 Vg do f Set up projected labelg
18: if i is a leaf node introduce for relatiorR; 2 R then
19: Lo(i) = R;

20: elseif i 6 vg then

21: Lo(i) = Lw(i)\ Lw(parent(i))

22: else

23: Lo(i) = Ry
24: end if

25: end for

26: RETURN  ((Vo;Eq;Vo); Lw;Lp)
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Third, the projected label of a nodeu 2 V, does not contain any \unnecessary"
vertices. By constructionL,(u) contains vertices inLy(u) \ Ly (parent(u)). If an
\unnecessary" vertex is inLy(u) then it is also needed inL, (parent(u)). But then
the vertex is no long \unnecessary" because it belongs in theee outside of the
subtree form atu. ThereforeL ,(u) has no \unnecessary" vertices.

Finally, the working labels ofJq are subsets of the labels of the tree decomposition.
Therefore the nodes of the join-expression tree that comeim the tree decomposition
have width no greater thank. The relational nodes also do not have width greater
than k. If one did have a width ofk®> k then there would be a clique inGgo of size
k%and by Lemma 3.2 some node in the tree decomposition must caint this clique.
That means the tree decomposition has a treewidth greater @m k, a contradiction.

So the join-expression tree has a join width d€. &

Lemma 3.1 gives us an upper bound on the join width of a quefy as the treewidth
of the join graph of Q plus one. Conversely, Lemma 3.4 showsaththe treewidth
plus one over the same join graph is an lower bound for the jomidth of the query.
Therefore, the join width of a queryQ is the treewidth of the join graph of Q plus

one. 1l

Theorem 3.1 o ers a graph-theoretic characterization of # power of projection
pushing and join reordering. The theorem extends results i[DKV02] regarding
rewriting of Boolean conjunctive queries, expressed in theyntax of rst-order logic.
They explore rewrite rules whose purpose is to rewrite the igmal query Q into
a rst-order formula using a smaller number of variables. Spose we succeed in
rewriting Q into a formula of L¥, which is the fragment of rst-order logic with k
variables, containing all atomic formulas in thesd& variables and closed only under
conjunction and existential quanti cation over these varables. We then know that
it is possible to evaluateQ so that all intermediate relations are of width at mostk,
yielding a polynomial upper bound on query execution time f95]. Given a Boolean

conjunctive query Q, we would like to characterize the minimalk such that Q can
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be rewritten into L¥, since this would describe the limit of variable-minimizabn
optimization. It is shown in [DKV02] that if k is a positive integer andQ a Boolean
conjunctive query, then the join graph ofQ has treewidthk i there is an L *-sentence
that is a rewriting of Q. Theorem 3.1 not only uses the more intuitive concepts of
join width (rather than expressibility in L), but also extend the characterization to

non-Boolean queries.

3.4.2 Bucket Elimination

Unfortunately, we cannot easily turn Theorem 3.1 into an opization method.
While determining if a given graphG has treewidthk can be done in linear time, this
depends ork being xed. Finding the treewidth is known to be NP-hard [ACP87].
An alternative strategy to minimizing the width of intermediate results is given by the
bucket-elimination approach for constraint-satisfaction problems [Dec99],hich are
equivalent to Boolean project-join queries [KV00]. We nowephrase this approach

and extend it to general project-join queries. Assume that @vare given an order

K

1, eliminating one bucket at a time. In iterationi, we nd in bucket i several rela-
tions, in which x; is an attribute in all these relations. We compute their join and
project out x; if it is not in the target schema. Let the result of the join ber?. If r?
is empty, then the result of the query is empty. Otherwise, te] be the largest index
smaller thani, such that x; is an attribute of r% we mover? to bucket j. Once all
the attributes that are not in the target schema have been piected out, we join the
remaining relations to get the answer to the query. For Booda queries (for which
bucket elimination was originally formulated), the answeto the original query is "yes'
if none of the joins returns an empty result.

The maximal arity of the relations computed during the buckeelimination pro-
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cess is called thenduced widthof the process relative to the given variable order. Note
that the sequence of operations in the bucket-eliminationrpcess is independent of
the actual relations and depends only on the relation's scmas (i.e., the attributes)
and the order of the variables [Fre90]. By permuting the vaables we can perhaps
minimize the induced width. Theinduced width of the queryis the induced width of

bucket elimination with respect to the best possible varidb order.
Theorem 3.2. The induced width of a project-join query is its treewidth.

This theorem extends the characterization in [DP87, Fre9Gpr Boolean project-
join queries. The proof for the theorem is given in chapter 4.

Theorem 3.2 tells us that we can optimize the width of internsiate results by
scheduling the joins and projections according to the budkelimination process, us-
ing a subquery for each bucket, if we are provided with the ohal variable order.
Unfortunately, since determining the treewidth is NP-hard[ACP87], it follows from
Theorem 3.2 that nding optimal variable order is also NP-had. Nevertheless, we
can still use the bucket-elimination approach, albeit witha heuristically chosen vari-
able order. We follow here the heuristic suggested in [Boy9RDO00, SV01], and use
the maximum-cardinality search ordefMCS order) of [TY84]. We rst construct the
join graph Gq of the query. We now number the variables from 1 tm, where the
variables in the target schema are chosen as initial variad and then thei -th variable
is selected to maximize the number of edges to variables a@dy selected (breaking
ties randomly).

Given our pentagon example: .edgdvi;Vv,) / edge(vy;Vvs) / edge(vy;vs) /
edgdvs;v,) / edge(vo; Vv3), the bucket elimination method would produce the fol-
lowing SQL query:

SELECT 1

WHERE EXISTS (

SELECT *

FROM edge e3 (v4, v5) NATURAL JOIN (
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SELECT <DISTINCT > e4.v4, t1.v5
FROM edge e4 (v3, v4) NATURAL JOIN (
SELECT <DISTINCT > e2.v5, t3.v3
FROM edge e2 (v1, v5) NATURAL JOIN (
SELECT <DISTINCT > el.vl, e5.v3
FROM edge el (v1, v2) NATURAL JOIN edge e5 (v2, v3)) AS t3) AS t]
AS t5);

3.5 Experimental Results

In order to test the scalability of our optimization technicques, we varied two param-
eters of the project-join queries we constructed. In theseeriments we measured
query execution time (recall that query compilation time issigni cant only for the

straightforward approach). The rst parameter xed the order of the query and com-
pared the performance of the optimization as the density ohe formulas increased.
This tested how, as the structure of the query changes, the theds used scaled with
the structural change. The second parameter xed the dengitof the query in order to

compare how each of the optimizations scales as the order bétformulas increased.
This tested how, for a xed amount of constraint between vagbles, the optimizations
are able to scale with the size of the query. Finally, we perfo order scaling on the
structured queries to show how the methods scaled when thernjavidth of the query

is xed and the query grows in size.

3.5.1 Density Scaling

Inthe rst experiment, we xed the order of the 3-COLOR queries to 20 and compared
how the optimizations performed as the density of the formalincreased. This tested
how, as the structure of the queries change, the methods usszhle with the structural
change. Figure 3.2 shows the median running times (logsQaté each optimization

method as we increase the density of the generated 3-COLORtiances. The plot on
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the left side shows the Boolean query, and the right side caders the non-Boolean
case with 20% of the vertices in the target schema. The shapktbe curve for the
greedy methods is roughly the same. At rst, running time inceases as density
increases, since the number of joins increases with the dignsEventually, the size of
the intermediate result becomes quite small (or even empty3o additional joins have

little e ect on overall running time.
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Figure 3.2 : 3-COLOR Density Scaling, Order = 20 { Logscale

Note that at low densities each optimization method improve upon the previous
methods. The sparsity of the instances at low densities allis more aggressive appli-
cation of the early projection optimization. For denser ingnces, these optimizations
lose their e ectiveness, since there are fewer opportures for early projection. Nev-
ertheless, bucket elimination was able to nd opportunitis for early projection even
for dense instances. As the plot shows, bucket eliminatiommpletely dominates the
greedy methods in running time for both the under-constraid and over-constrained
regions. The non-Boolean instances demonstrate a similaghmavior.

Next, we xed the order of 3-SAT formulas to 20 and compared #performance of

our methods as the density was increased from 1 to 9. Figuré83hows the median
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Figure 3.3 : 3-SAT Density Scaling, Order = 20

running time of each of the optimizations. As in the 3-COLOR ase, the greedy
heuristics are only e ective in under-constrained problesy As the likelihood that
the query is unsatis able becomes 1, the greedy heuristiosvel o . Note that they
do not decrease as the density increases as in the case withLDRind BDD based
solvers [CDS 00, CM01, SVO01, Bry86]. This is most likely because databaseo
not use an early exit strategy. So once a join has produced ampgty relation, the
database still has to process the remaining joins. Bucketimination, on the other

hand, dominates along the entire structural range.

3.5.2 Order Scaling

For the next experiment, we xed the density, and looked to show the optimizations
scaled as order is increased. For 3-COLOR we looked at two déies, 3.0 and 6.0; the
lower density is associated with (most likely) 3-colorablgueries while the high density
is associated with (most likely) non-3-colorable queriegigure 3.4 shows the running
times (logscale) for several optimization methods for deityg 3.0 as order is scaled from

10 to 35. Notice that all the methods are exponential (lineaslope in logscale), but
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bucket elimination maintains a lower slope. The lower slopmeans that the exponent
of the method is strictly smaller and we have an exponentiafiprovement. Figure 3.5
shows the experiment for density 6.0 as order is scaled frord tb 30. We see that
the greedy heuristics do not improve upon the straightforwa approach for both the
under-constrained and the over-constrained densities, W bucket elimination still

nds opportunities for early projection and shows exponeil improvement over the

other optimizations.
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For 3-SAT, we xed two densities and compared how they scaleaks the order of
the formula increased. Figure 3.6 shows the median time ingscale as formulas of
density 2.0 increased in size. This density corresponded fimost likely) satis able
queries. In this case we do see a di erence between the gredayristics. The early
projection shows a slightly smaller slope than the straigfarward method produces,
and similarly the reordering method shows a similar improveent. But these slight
gains are overshadowed by the comparatively drastic gaindhbucket elimination
makes. The non-Boolean case outlines these gains more didty. Figure 3.7 plots in

logscale the median running times of the optimizations at awity 6.0. This density
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Here & see that the greedy

heuristics are not able to produce any gains over each othéi/ith not much to use as

leverage, they were unable to nd a suitable plan for the qugr Bucket elimination,

on the other hand, once again is still able to exploit some sicture in the query and

use it to leverage an advantage over the other optimizations
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3.5.3 Color Scaling

The density and order scaling previously shown xed the nundr of colors (or literals
in a clause). By xing a query and increasing the number of cots, we in e ect
increase the size of the database. This allows us to see if tesults are an artifact of
the small databases, or if our methods do indeed work for lagglatabases. Figure 3.8
shows the results when we x then-COLOR query to a graph of order 5 and density
1.0. The left plot is drawn in logscale and shows that bucketimination outperforms
the other optimizations hands down. Next in performance isaly projection. Supris-
ingly, clause reordering performs the worse, suggestingatithe natural order of the
guery worked slightly better than the one found by the reord@éng heuristic. The right
plot is drawn in loglogscale. Each optimization is a straigHine, suggesting they are
polynomial in running time. Since the query is xed and the dtabase is growing, this
is what we expect. The main thing to note, however, is that thelopes of the lines are
di erent, which shows that the degree of the polynomial is saller for bucket elimi-
nation then for the other optimizations. This shows that buket elimination obtains

an improvement even as the size of the database increases.
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3.5.4 Structured Queries
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Our next focus was to run order-scaling experiments for thdractured queries.

These tested how, when the join width of the queries are xedhe optimizations

scale as the query size increases. Figure 3.9 shows the rogriime (logscale) for the
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optimization methods as the augmented path instances scdleThe early projection

and bucket elimination methods dominate. Unlike the randongraph problems, early

projection is competitive for these instances because theoplem has a natural order

that works well.

But bucket elimination is still able to run dightly better.

Here

we start to see a considerable di erence between the Booleand non-Boolean case.
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The optimizations do not scale as well when we move to the ndwolean queries.
This is because there are 20% fewer vertices to exploit in tlaptimization, and each
optimization method su ers accordingly. It should be notedthat early projection
and bucket elimination still dominate over the straightfoward approach. Figure 3.10
shows the running time (logscale) for the methods when apetl to the ladder graph
instances. These results are very similar to the augmentectp results, but notice
that now reordering is even slower than in the straightforwal approach. At this point,
not only is the heuristic unable to nd a better order, but it actually nds a worse
one. As we move to the augmented ladder instances in Figurd B.and the augmented
circular ladder instances in Figure 3.12, the dierences heeen the optimization
methods become even more stark, with the straightforward dnreordering methods
timing out at around order 7. Also the dierence between the Bolean and non-
Boolean case becomes more drastic with the non-Boolean cas®ggling to reach
order 20 with the faster optimization methods. But throughat both the random and
structured graph instances, bucket elimination manages tdominate the eld with

an exponential improvement at every turn.
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Chapter 4

Tree Decomposition Heuristics

In the previous chapter we explored di erent heuristical m#hods for producing a
project-join evaluation order for conjunctive queries. Bcket elimination, in conjunc-
tion with the MCS variable order, produced the best empiridaresults. This chapter
rst focuses more on bucket elimination by including a new mof of the relationship
between treewidth and induced width. The chapter then conders possible variable
orders (other than MCS) to feed into the bucket elimination rethod. The chapter
wraps up with experimental results and a discussion compag the performance of

these variable orders.

4.1 Induced Width = Tree Width

Bucket elimination is usually analyzed using the notion ofniduced width [RDOO].
Induced width has been shown equal to treewidth, c.f. [FreBOvia a construction
from each to k-trees. This section provides a more direct ppbusing algorithms to
transform a treedecomposition of treewidthk to a variable order with induced width

k and vice versa.

De nition 4.1. Given a graphG = (V;E) and an order of its nodeso, the parent
setof a nodev 2 V is the set of nodes neighboring that precedesv in 0. The size of
this parent set is called thewidth of v relative to o. The width of the graph alongo,
denotedw,, is the maximum width over all vertices. Theinduced graphof G alongo,
denotedl ,(G), is obtained as follows: going fromh = nto i = 1, add an edge between
the neighbors ofv; that precedesy; in the order. The induced width of G along o,

denotedw,, is the width of I,(G) along o, while the induced widthw of G is the
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minimum induced width along all orders [RDOO].

De nition 4.2. Let G = (V;E) be a graph. Atree decompositionof G is a pair
(T; X), whereT =(I;F) is a tree with node setl and edge sef,and X = fX; :i 2

I g is a family of subsets oW, one for each node of, such that

S
L7, X =V,

2. for every edge\;w) 2 E, there is ani 2 | with v2 X; andw 2 X;, and

3. foralli;j;k 2 1,if j is on the path fromi to k in T, then X;\ X, Xj.

The width of a tree decomposition is max, jXij 1. The treewidth of a graph G,
denoted bytw(G), is the minimum width over all possible tree decompositiaof G
[RS86].

This section presents an algorithm that takes a grapls = (V;E) and an order
o to produce a "corresponding” tree decomposition db. The intuition behind the
algorithm is to apply a graph triangulation procedure alonghe order o to form the
nodes of the tree decomposition. In the algorithm, the folaing notion will be used.
Leto:N! V be bijective function such thato(i) returns the vertexv of ranki in the
order o. Similarly o (v) returns the rank of v in the order. LetjVj = n and de ne
the parent set of a nodev asP(v) = fuj(u;v) 2 E[ E;,”* o }(u) <o %(v)g, where
E,, contains the induced edges db giveno, E;, = f(u;Vv)j9y;(u;y) 2 E " (v;y) 2
E~olu)>0 Yy)*o }(v) >0 (y)” (u;v) 62Eg. The pseudo code is presented
in Algorithm 4.

It is also possible to go the other direction, taking in a treeecomposition K; T =
(I;F)) for a graph G and return a "corresponding” ordero of verticesV 2 G. The
tree from the tree decomposition is undirected, although wean take any node as
the root and view it as a directed tree from that root. Given a dpological traversal
of the tree, the order of rst occurrences of each vertex yws$ a variable order. Let
jVj = n and o be a queue whose union operatof,, appends the variable to the end

of the list. The pseudo code is presented in Algorithm 5.
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Algorithm 4 Induced-Width-to-Tree-DecompositionG,0)

Require: The graph G = (V;E), and an ordero
Ensure: A tree decompositionT = ((I;F); X)

-
e

11:
12:
13:
14:
15:
16:
17:
18:

19
20

. | = ; f the nodes of the treg
. F = ; f the edges of the treg
. X = ; f the labels for the nodeg
. E,, = ; f induced edges of G
. for i = n to 1 do fProcess each vertex o in reverse ordeg
| =1 [f ig fcreate a new node fop(i)g
Xi=P(o(i)) [f ofi)g flabel it with its parent setg
X = X [f Xig
for j = i+1to ndo fadd an edge to every disconnected compongnt
if there is no path between andi in the tree (I,F) and X; contains o(i)
then
F=F[f ()9
end if
end for
for ;k 2f1;:::;i 1g;] 6 k do fconnect neighbors ob(i) in Gg

if (o(i);0(j)) 2 E” (ofi);ok)) 2 E " (ofj); o(k)) 6 [ E,, then
Ei, = Ei, [ (0(j);o(k))
end if
end for
: end for
:RETURN (T =(I;F);X)

Algorithm 5  Tree-Decomposition-to-Induced-WidthiK; T = (1;F))

Require: The tree decomposition X; T =(I;F)) for a graph G = (V;E)
Ensure: A variable ordero for G

[E=Y
o

CceNTkr NP

o= ; f the order of verticeg
. v =Topological-Sort(T)
. for i =1to jlj do ffor every node in Tg
for u2 X,y do ffor every vertex inv(i)'s labelg
if u62othen fifitis a new node, add it to the ordepg
o=o0[ u
end if
end for
. end for
: RETURN o
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Lemma 4.1. Given a graphG and an order of its nodes wherew, = k, there is a

tree decompositionT = ((I; F ); X) of G such that the treewidth ofT is k.

Proof :
Algorithm 4 constructs such a tree decomposition. By consiction, a node is
never connected to another node in the same connected comeuain so the resulting

(I;F) forms a tre€. It is a tree decomposition, because
S
1. Foreachv2 V,v2 Xy 2 X,and thus ,,, X; = V.

2. For every edge \;w) 2 E, there needs to be an 2 | with v;w 2 X;. W.l.o.qg,
take 0 (v) > o (w). We can seev 2 Xy, by construction, andw 2 Xy,

sinceo (v) >0 (w)and (v;w) 2 E.

3. For all i;j;k 2 I, if j is on the path fromi to k in T, then X;\ Xy,  Xj.

the tree decomposition whergg < j; < ::: <] n, jo's label containsv, and
jm = 0 (v) which is the last node inl whose label contains/. Such a path
always exists due to lines 9-11 of Algorithm 4 which ensuresat j o is connected
to jm through nodes that are between, andj,. For every nodejx on the path,
the vertex o(j ) is in X;, , by construction. If v exists inX;, ,, then the edge
(v;o(jk)) 2 E[ E,. Thereforev 2 X;, . By induction, sincev 2 X;,, then
v is in the label of every node in the path. Therefore, for evergair of nodes
i;)j such thatv 2 X; andv 2 X; for some vertexv, the path betweeni and
j is a subset of nodes of the two pathB;, and P;,. Both paths contain v in
the label of all its nodes, sov is in the label of every node on the path from
i to j. Therefore, for alli;j;k 2 1, if j is on the path fromi to k in T, then

Xi\ X X

1Or a forest if the original G has multiple disconnected components, but we can connect th

forest arbitrarily without a ecting tree decomposition pr operties.
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Thus T is a tree decomposition om nodes where each nodecontains exactly
the induced parent set of a distinct vertexo(i) 2 V as well as the vertexo(i) itself.
Thus if the induced width of the graph G under the ordero is k, by de nition the
maximum size of all the induced parent setw, is k. Thus the maximum size of any

label jX;j = k + 1, which makes a treewidth ofk. &

Lemma 4.2. Given a tree decompositiorfX; T = (I;F )) of a graphG with treewidth

k, there is an ordero of G such thatw, = k.

Proof : We proceed via contradiction. Assume Algorithm 5 returnsraorder in which
w, > K, in other words the induced width of some node is greater thank. Then
consider the rst node of T wherev occurs in its label, sayn,. For every parentu of
v, we knowu appears no later thanv in the tree since we are traversing in topological
order. Due to the second property of tree decomposition, a@édst one node contains
both v and u, and in fact the rst node that contains v will contain u due to the
third property of tree decomposition (if a later one contais u and v, then n, is on
the path between the rst occurrance ofu, n,, and this node).

Since for every parent of the rst node where v occurs, its parent will also occur,
we now consider the induced parents of. Let y be an induced parent ofv. Because
y has a lower rank thanv in o, the rst node that contains y, sayny, appears no later
than n, in the tree decomposition. But to be an induced parent, somegiable z with
higher rank thanv must have bothv andy as a neighbor. Thereforey must remain in
the tree until z has occurred from the second property of tree decompositiomhen
due to the third property y must be contained in all the nodes on the path ta
including the ones that containv. Thereforen, contains its entire induced parent set
including itself, which means the treewidth ofT is greater thank. A contradiction,

and therefore the order has induced widthv, = k. 1

Theorem 4.1. Given a graphG, the induced widthw of G is equal to the treewidth
of G.
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Proof : From Lemma 4.1 we know that if the induced widthw = k, then there is
an ordero of V 2 G that gives w, = k, and from Algorithm 4 we can obtain a tree
decomposition of widthk. Sotw(G) k. Analogously, from Lemma 4.2, we know
that if there exists a tree decomposition of widthk, then there is a variable ordero
from Algorithm 5 such that w, = k. Thusw  w, = k. Combining both facts gives

that the induced width of G is equal to the treewidth of G, w = tw(G). I

4.2 Variable Order Heuristics

The bucket elimination method discussed in Chapter 3.4.2 ed a heuristical vari-
able order called Maximum Cardinality Search (MCS) develag by Tarjan and Yan-
nakakis [TY84]. This section introduces two new variable der heuristics, each a
variant on a lexicographic breadth rst search.

Graph triangulation forms the backbone of all three variatd heuristics. A graph
is calledtriangulated if every cycle of length at least four contains a chord. Koste
Bodlaender, and van Hoesel [KBvHO1] show that nding a treewth of a graph
G is equivalent to nding a triangulation of G with minimal clique size. Finding a
triangulation of minimal clique size is NP-hard, but the clgque size of any triangulation
of G now forms an upper bound for the treewidth of5. Using this fact, a heuristic
for nding a good tree decomposition ofs can simply triangulate G. But how do we
triangulate a graph?

Given a graphG = (V;E), a vertexv 2 V is simplicial if the neighbors ofv induce
a complete subgraph of5. An order o of the vertices is called gerfect elimination

schemeif v; is a simplicial vertex of the induced subgraph oG restricted to the

might triangulate a graph by proving that a graph if triangulated if and only if it has
a perfect elimination scheme.
The three variable heuristics in this chapter all attempt tobuild a perfect elim-

ination scheme of the given graplG. Given an initial vertex, they each compute
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the variable order incrementally. All three algorithms gueantee that the elimination
scheme is perfect if and only if5 is triangulated. An analysis of these hueristics in

their ability to determine accurate treewidths can be foundn [KBvHO1].

4.2.1 Maximum Cardinality Search

Given a graphG = (V;E) where jVj = n, the maximum cardinality search (MCS)
iterates n times. At each iteration, MCS will pick a vertex and place it h into the
next available position in the ordering. Initially, the algorithm is given a vertex to
start with and at each subsequent iteration, it picks the veex that has the highest
connectivity with the vertex already chosen, breaking tiesandomly. In other words,
MCS picks the vertex with the greatest number of neighbors ithe set of vertices
already picked. This algorithm runs inO(n + m% where m® = jEj + JE,,j is the

number of edges and induced edges based on this ordering [KIB\].

4.2.2 Lexicographic Breadth First Search

First used as a recognition algorithm in [RTL76], the lexicgraphic breadth rst
search algorithm was extended in [KBvHO1] to nd a vertex ordr in which to tri-
angulate a graph. Two variants of the lexicographic breadthrst search algorithm
were developed, the rst focused on nding a perfect elimirtoon scheme (LEXP)
and the second with minimizing the triangulation of the giva graph G (LEX _M).
Algorithm 6 shows the pseudo code for the LEXR variant. The algorithm labels the
vertices with their already ordered neighbors using the pii®ns of those neighbors
in decreasing order. At each iteration, the algorithm pickshe vertex with the lexi-
cographic highest label. This algorithm runs irO(n + m% wherem®= jEj + jE,,j is
the number of edges and induced edges based on this orderitB\JHO1].

The second variant of the lexicographic breadth rst searchLEX_M, can be found
in Algorithm 7. The focus of the heuristic is to nd a minimal triangulation of G.

This minimization step forces the algorithm to have a more coplicated labeling
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Algorithm 6 LEX_P(G =(V;E),v 2 V) [KBVHO01]

Require: The graph G = (V; E) and a starting vertex v
Ensure: A variable ordero

1: E; = ; f induced edgeg

2: 0= ; f the order of verticeg

3: S =V fthe set of unordered vertices

4: for i = jlj to 1 do ffor every node in Tg

5. if i == jVjthen

6 U= \Vp

7. else

8: u =arg maxyyslabel(v) fu is a vertex with lexicographic largest labej
9: endif

10: 0[i] = u fadd u to the orderingy

11: for j;k 2fiq;:::;)Vig;] 6 k do

12: it (ofi]; ofj I); (oli]; ok]) 2 E ** (ofj ]; o[k]) 62E [ E then

13: Ei = E¢[ (9]j];0k]) fadd induced edgg

14: end if

15:  end for

16: S = Snfug

17:  for w 2Neighbor(u)\ S do

18: label(w)=label(w)[f ig fadd i to the label of all unordered neighbog
19:  end for

20: end for

21: RETURN o
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function. Now, instead of just labeling neighbors with alrady ordered vertices, the
algorithm labels a vertex that has a path to an ordered vertexhrough unordered
vertices with lower labels. This extra labeling procedurerimgs the running time up
to O(nm9 [KBvHOL1].

Algorithm 7 LEX_M(G =(V;E),v, 2 V) [KBVHO1]

Require: The graph G = (V; E) and a starting vertex vq
Ensure: A variable ordero

1: E; = ; f induced edgeg

2: o= ; f the order of verticeg

3: S =V fthe set of unordered vertices

4: for i = jlj to 1 do ffor every node in Tg
5. if i == jVjthen

6 U= \Vp

7. else

8: u =arg maxyyslabel(v) fu is a vertex with lexicographic largest labej
9: endif

10: 0[i] = u fadd u to the orderingy

11 for j;k 2fiq;:::;jVjg;) 6 k do

12: it (ofi]; ofj ]); (oli]; o[k]) 2 E ™ (ofj ]; ok]) 62 [ E; then

13: E: = E:[ (0]j];0k]) fadd induced edgg
14: end if
15:  end for

16: S = Snfug
17. forw2 S:9pathfu= vl ;w1 =wginG
with v; 2 S and label;)<label(w) for j =2;3;:::;k do

18: label(w)=label(w)[f ig fadd i to the label of all unordered neighborg
19:  end for
20: end for

21: RETURN o

4.3 Experimental Results

Using the same experimental setup as in Chapter 3.5, we vatiéwo parameters
of the project-join queries to test the scalability of the derent variable heuristics.

Again, we measured and report the query execution time. Thest parameter xed
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the order of the query and compared the performance of the apiization as the
density of the formulas increased. This tested how, as therstture of the query
changes, the methods used scaled with the structural changehe second parameter
xed the density of the query in order to compare how each of & optimizations
scaled as the order of the formulas increased. This testedwhdor a xed number of
constraints between variables, the optimizations are able scale with the size of the
qguery. Finally, we performed order scaling on the structudequeries to show how the

methods scale when the join width of the query is xed and theugry grows in size.

4.3.1 Density Scaling

In the rst experiment, we xed the order of the 3-COLOR queries to 20 and com-
pared how the optimizations performed as the density of th@fmula increased. This
tested how, as the structure of the queries changes, the metls used scale with
the structural change. Figure 4.1 shows the median runningnies (logscale) of each
heuristic applied to the bucket elimination method as we irrease the density of the
generated 3-COLOR instances. The plot on the left shows theoBlean query, and
the right one considers the non-Boolean case with 20% of thertices in the target
schema. The shapes of the curves are roughly the same. We seelatively xed
size di erence between the performances of the heuristidajt they all scale similarly
over the structural change. MCS leads the pack in its perforamce, but LEX_P is
very competitve.

Next, we xed the order of 3-SAT formulas to 20 and compared # performance
of our methods as the density was increased from 1 to 9. Figute& shows the median
running time of each of the optimizations (note that it is notlogscale). As in the
3-COLOR case, the basic shapes of the curves are roughly tleeme. We do see a
di erence in performance, particularly in the non-Boolearcase. MCS performs the
strongest, followed by LEXP and then by LEX_M. However, in terms of scalability

the plot does not provide much to di erentiate between them.
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Figure 4.2 : 3-SAT Density Scaling, Order = 20 { Normal Scale

4.3.2 Order Scaling

For the next experiment, we xed the density, and looked to show the optimizations
scaled as order is increased. For 3-COLOR we looked at two géies, 3.0 and 6.0;
the lower density is associated with (most likely) 3-colotde queries, while the high

density is associated with (most likely) non-3-colorablewsgries. Figure 4.3 shows the
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running times (logscale) for the di erent heurstics at dengy 3.0 as order is scaled
from 10 to 35. Here we see LEX take over as the overall performer for the queries in
both the Boolean and non-Boolean case. Figure 4.4 shows tx@eriment for density
6.0 as order is scaled from 15 to 30. Here we see the di erenbesveen the heuristics
become more pronounced. MCS has once again taken over all las keader, with a
sizable gain over the lower orders. As the order of the fornauincreases, though, we
see that LEXP is able to nd places to increase performance and starts neting
the MCS execution times. Throughout the range of queries, EM never becomes

as viable an option as the other two heuristics.

T T T T
-~ MCS -~ MCS
LEXP LEX

o
o LEX,,

o LEX,,

2 I I I I 2 I I I I
10 15 20 25 30 35 10 15 20 25 30 35
Order Order

Boolean Non-Boolean

Figure 4.3 : 3-COLOR Order Scaling, Density = 3.0 { Logscale

For 3-SAT, we xed two densities and compared how they scalexs the order of the
formula increased. Figure 4.5 shows the median time in logée as formulas of density
2.0 increased in size. This density corresponded to (mostdly) satis able queries. In
this case we do see a di erence in slope between the variabtdey heuristics. MCS
and LEX_P both show an exponential improvement over LEXM, and in the non-
Boolean case MCS also achieves the same gain over LEXConversely, Figure 4.6

plots in logscale the median running times of the optimizatins at density 6.0. This
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Figure 4.4 : 3-COLOR Order Scaling, Density = 6.0 { Logscale
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Figure 4.5 : 3-SAT Order Scaling, Density = 2.0 { Logscale

density corresponds to (most likely) unsatis able formula. Here we do not see the
exponential improvement as found in the low density, and athe heuristics perform

basically the same.
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4.3.3 Structured Queries

Our next focus was to run order-scaling experiments for théractured queries. These
tested how, when the join width of the queries is xed, the opinizations scale as the
query size increases. Figure 4.7 shows the running time (ogle) for the optimiza-

tion methods as the augmented path instances scaled. In theo@8ean case, MCS
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and LEX_P are both able to create queries that correspond with the gpa's low
treewidth. LEX _M, on the other hand seems to stumble around, sometimes ndin
good solutions, othertimes nding terrible solutions. In he non-Boolean case, the
treewidth of the queries is no longer xed but scale with theige of the query. All of

the heuristics, in this case, have a similar slope again, bMCS outperforms both of
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the other heuristics and LEXM still unreliably picks a good variable order. Figure 4.8
shows the running time (logscale) for the methods when apeti to the ladder graph
instances. Again, both the MCS and LEXP algorithm nd variable orders that take
advantage of the queries xed treewidth in the Boolean casend again LEXM has
a jagged edge to its curve.

As we move to the augmented ladder instances in Figure 4.9 atite augmented
circular ladder instances in Figure 4.10, the dierences heeen the optimization
methods start to become more stark, especially in the non-Blean queries. The
Boolean augmented circular ladder instances are the rst &d treewidth instances
that the LEX _P heuristic was not able to take advantage of. The MCS heurist on
the other hand, never waivers in its ability to nd a good exeation plan. Overall
we nd that throughout both the random and structured queries, LEX_P and MCS
both outperform LEX_M, and MCS is the most viable of the three heuristics.
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Chapter 5

Conclusions

In this thesis, we demonstrate progress in moving structukguery optimization from
theory, as developed in [CR98, GLS99, KV00, DKV02], to praice, by using tech-
nigues from constraint satisfaction. In particular, we deronstrate experimentally
that projection pushing can yield an exponential improventd in performance, and
that bucket elimination yields an exponential improvementnot only over naive and
straightforward approaches, but also over various greedypproaches. These improve-
ments show that the NP-hardness results at the heart of strtieral query optimization
theory need not be considered an insurmountable barrier tthé applicability of these
techniques. We also show that when the query is non-Booleauntlrontains free vari-
ables, our techniques can make use of those variables to obta speed up. Next
we demonstrate that MCS provides a solid variable order folhe bucket elimination
method, but that other variable orders can provide some congitive results. Overall,
we have shown both theoretically and empirically that the boket elimination method
provides a solid backbone for nding good plans for queriesitiv a large number of
joins.

Current benchmarks do not contain much testing for queriesith a large number
of joins. For example, most of the queries in TPC-R contain two or three relations,
so the e ectiveness of the bucket elimination approach is hoery promising. But
there are a few queries, for example the National Market Skaquery (Q8) in TPC-
R, which contain up to eight relations joined together with nost of the attributes

available for early projection. Queries such as these coulde the bucket elimination

Lhttp://www.tpc.org/tper/default.asp
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method to try to obtain an improvement in running time. Overdl, though, current
benchmarks do not challenge the scalability aspect of cds&sed optimizations.

This work provides the rst step in moving structural query gtimization from
theory to practice. First, further experiments are neededa demonstrate the bene t
of our approach for a wider variety of queries. For example,emeed to consider
relations of varying arity and sizes. In particular, one nekis to study queries that
could arise in mediator-based systems [YLUGM99]. This walitequire extending the
methods to handle the need to evaluate certain subgoals befamther ones. Second,
further ideas should be explored and our methods should betemded using the
theory of structural query optimization, e.g., semijoins\VY76] and hypertree width
[GLS99], using methods from constraint satisfaction, e,gnini-buckets [Dec97], using
methods from symbolic model checking, e.g, partitioning thniques [CCJ 01], and
from using techniques in algorithmic graph theory, e.g., &ewidth approximation
[Bod93]. Third, heuristic approaches to joirminimization (as in [CM77]) should also
be explored. Since join minimization requires evaluating eonjunctive query over a
canonical query databas@gCM77], the techniques in this paper should be applicable
to the minimization problem, cf. [KS02]. Fourth, structurd query optimization
needs to be combined with cost-based optimization, which the current prevalent
approach to query optimization. In particular, we need to cosider queries with
weighted attributes, re ecting the fact that di erent attributes ma y have di erent
widths in bytes. Further work also needs to examine e ectivdie breakers. For
example, if the query contains no free variables, the methsdight now would perform
arbitrarily, but an e ective tie breaker could optimize for something other than the
arity of intermediate relations. Finally, there is the queson of how our optimization

technique can be integrated into the framework of rule-badeoptimization [Fre87].



[ACP87]

[AHV95]

[AHY83]

[ASU79a]

[ASU79b]

[BCPO1]

[Bod93]

[Bou99]

59

Bibliography

Arnborg, Corneil, and Proskurowski. Complexity ofnding embeddings
in a k-tree. SIAM Journal of Algebraic and Discrete Methods3(2):277{
284, 1987.

S. Abiteboul, R. Hull, and V. Vianu. Foundations of databasesAddison-
Wesley, 1995.

P. Apers, A. Hevner, and S. Yao. Optimization algothms for dis-

tributed queries. IEEE Trans. Software Engineering 9(1):57{68, 1983.

A. Aho, Y. Sagiv, and J.D. Ullman. E cient optimization of a class
of relational expressionsACM Trans. on Database Systemst:435{454,
1979.

A. Aho, Y. Sagiv, and J.D. Ullman. Equivalence of tational expres-
sions. SIAM Journal on Computing 8:218{246, 1979.

Christian Borgs, Jennifer Chayes, and Boris PittelSharp threshold and
scaling window for the integer partitioning problem. InProceedings of
the thirty-third annual ACM symposium on Theory of computig, pages
330{336, 2001.

Hans L. Bodlaender. A tourist guide through treewith. Acta Cyber-
netica, 11:1{21, 1993.

F. Bouquet. Gestion de la dynamicie etenuneration d'implicants pre-
miers: une approche foncee sur les Diagrammes de Decisidinaire.

PhD thesis, Universie de Provence, France, 1999.



60

[Bry86] R. E. Bryant. Graph-based algorithms for Boolean foction manipula-
tion. IEEE Trans. on Computers 35(8):677{691, 1986.

[CA96] J. M. Crawford and L. D. Auton. Experimental results m the crossover
point in random 3-SAT. Arti cial Intelligence , 81(1-2):31{57, 1996.

[CCJ*01] P. Chauhan, E.M. Clarke, S. Jha, J.H. Kukula, H. Veith, ad Dong
Wang. Using combinatorial optimization methods for quantcation
scheduling. InProc. 11th Conf. on Correct Hardware Design and Veri-
cation Methods, pages 293{309, 2001.

[CDS'00] C. Coarfa, D.D. Demopolous, A. San Miguel Aguirre, D. Sué-
manian, and M.Y. Vardi. Random 3-SAT: The plot thickens. In
R. Dechter, editor, Proc. Principles and Practice of Constraint Pro-
gramming (CP'2000), Lecture Notes in Computer Science 1894, pages
143{159, 2000.

[Cha98] S. Chaudhuri. An overview of query optimization inelational systems.
In Proc. 17th ACM Symp. on Principles of Database Systempages
34{43, 1998.

[CMT77] A.K. Chandra and P.M. Merlin. Optimal implementation of conjunctive
gueries in relational databases. IfProc. 9th ACM Symp. on Theory of

Computing pages 77{90, 1977.

[CMO1] S. Cocco and R. Monasson. Trajectories in phase diagrs, growth
processes and computational complexity: how search algbms solve
the 3-Satis ability problem. Phys. Rev. Lett, 86:1654{1657, 2001.

[Coo71] S. A. Cook. The complexity of theorem proving procaces. InProc. 3rd
ACM Symp. on Theory of Computing pages 151{158, 1971.



61

[CR92] V. Chvatal and B. Reed. Mick gets some (the odds are onshside).
In Proc 33th IEEE Symposium on Foundations of Computer Science

pages 620{627, 1992.

[CR98] C. Chekuri and A. Ramajaran. Conjunctive query coniament revis-

ited. Technical report, Stanford University, November 198.

[Dec97] R. Dechter. Mini-buckets: A general scheme for geatng approxi-
mations in automated reasoning. Innternational Joint Conference on

Arti cial Intelligence , pages 1297{1303, 1997.

[Dec99] R. Dechter. Bucket elimination: a unifying framewd for reasoning.
Arti cial Intelligence , 113(1{2):41{85, 1999.

[Dec03] Rina Dechter.Constraint Processing Morgan Kaufmann, 2003.

[DemO03] Demetrious D. Demopoulos. Probabilistic phenomann random com-

binatorial problems. Master's thesis, Rice University, 208.

[DF99] R.G. Downey and M.R. Fellows. Parametrized Complexity Springer-
Verlag, 1999.

[DKVO02] V. Dalmau, P.G. Kolaitis, and M.Y. Vardi. Constraint satisfaction,
bounded treewidth, and nite-variable logics. InProc. Principles and

Practice of Constraint Programming (CP'2002) pages 311{326, 2002.

[DLL62] M. Davis, G. Logemann, and D. Loveland. A machine pgram for
theorem proving. Comm. of the ACM 5:394{397, 1962.

[DP87] R. Dechter and J. Pearl. Network-based heuristics rfoconstraint-
satisfaction problems.Arti cial Intelligence , 34:1{38, 1987.

[FG65] D.R. Fulkerson and O.A. Gross. Incidence matrices drinterval graphs.

Paci ¢ Journal of Mathematics, 15:835{855, 1965.



[Fre87]

[Fre90]

[GAC* 79]

[GJI79]

[GLS99]

[GMUWOO]

[Hal01]

[HKBO6]

[IW87]

62

Johann Christoph Freytag. A rule-based view of qugroptimization.
In Proceedings of the 1987 ACM SIGMOD international conferelecon
Management of datapages 173{180, 1987.

E.C Freuder. Complexity ofk-tree structured constraint satisfaction

problems. InProc. AAAI-90, pages 4{9, 1990.

P.P. Griths, M.M. Astrahan, D.D. Chamberlin, R.A. Lori e, and T.G.

Price. Access path selection in a relational database mareygent sys-
tem. In ACM SIGMOD International Conference on Management of
Data, pages 23{34, 1979.

M. R. Garey and D. S. JohnsonComputers and Intractability, A Guide
to the Theory of NP-CompletenessW. H. Freeman, New York, NY,
1979.

G. Gottlob, N. Leone, and F. Scarcello. Hypertree dempositions and
tractable queries. InProc. 18th ACM Symp. on Principles of Database
Systems pages 21{32, 1999.

H. Garcia-Molina, J.D. Ullman, and J. Widom. Database System Im-

plementation Prentice Hall, 2000.

A. Halevy. Answering queries using views: A surveyLDB Journal,
pages 270{294, 2001.

R. Hojati, S. C. Krishnan, and R. K. Brayton. Early quanti cation and
partitioned transition relations. In Proc. 1996 Int'l Conf. on Computer

Design pages 12{19, 1996.

Y. loannidis and E. Wong. Query optimization by simuated annealing.
In ACM SIGMOD International Conference on Management of Data
pages 9{22, 1987.



[KBVHO1]

[Klo94]

[KS02]

[K\VOO]

[LOT94]

[RDOO]

[RS86]

[RTL76]

[SMLO6]

[SVO01]

63

Arie M.C.A. Koster, Hans L. Bodlaender, and Stam M. van Hoesel.
Treewidth: Computational experiments. InElectronic Notes in Discrete

Mathematics volume 8. Elsevier, 2001.

Ton Kloks. Treewidth: Computations and Approximations Springer-
Verlag, 1994.

Isaac K. Kunen and Dan Suciu. A scalable algorithm faquery mini-

mization. Technical report, University of Washington, 20Q.

Ph.G. Kolaitis and M.Y. Vardi. Conjunctive-query containment and
constraint satisfaction. Journal of Computer and System Sciencgsages
302{332, 2000. Earlier version in: Proc. 17th ACM Symp. on Rrciples
of Database Systems (PODS '98).

H. Lu, B. C. Ooi, and K. L. Tan. Query Processing in Parallel Relational

Database SystemsEEE Computer Science Press, 1994.

I. Rish and R. Dechter. Resolution versus search: Twsirategies for
SAT. Journal of Automated Reasoning24(1/2):225{275, 2000.

N. Robertson and P.D. Seymour. Graph minors. ii. algthmic aspects
of tree-width. Journal of Algorithms, 7:309{322, 1986.

D. J. Rose, R. E. Tarjan, and G. S. Lueker. Algorithmt aspects of
vertex elimination on graphs.SIAM Journal on Computing 5:266{283,
1976.

B. Selman, D. G. Mitchell, and H. J. Levesque. Gendmag hard satis-
ability problems. Arti cial Intelligence , 81(1-2):17{29, 1996.

A. San Miguel Aguirre and M.Y. Vardi. Random 3-SAT andBDDs {
the plot thickens further. In Proc. Principles and Practice of Constraint

Programming (CP'2001), pages 121{136, 2001.



64

[TY84] R. E. Tarjan and M. Yannakakis. Simple linear-time afjorithms to tests
chordality of graphs, tests acyclicity of hypergraphs, andelectively re-
duce acyclic hypergraphsSIAM J. on Computing, 13(3):566{579, 1984.

[U1I89] J. D. Ullman. Database and Knowledge-Base Systems, Volumes | and

II. Computer Science Press, 1989.

[Var95] M.Y. Vardi. On the complexity of bounded-variable geries. InProc.
14th ACM Symp. on Principles of Database Systempages 266{276,
1995.

[WY76] E. Wong and K. Yousse . Decomposition - a strategy foquery process-

ing. ACM Trans. on Database Systemsl(3):223{241, 1976.

[Yan81] M. Yannakakis. Algorithms for acyclic database semes. InProc. 7

Int'l Conf. on Very Large Data Bases pages 82{94, 1981.

[YLUGM99] R. Yerneni, C. Li, J.D. Ullman, and H. Garcia-Molina. Optimizing large
join queries in mediation systemsLecture Notes in Computer Scienge

1540:348{364, 1999.



