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Abstract have a minimal amount of this part available on stock. In
SQL, this query can be formulated as follows:
Optimizing nested queries is an intricate problem. It be-
comes even harder if in a nested query the linking predi- SELECT sacctbal, s _name, n_name, p _partkey,
te or the correlation predicate occurs disjunctively. We p-mfgr, s .address, s -phone, s -comment
ca P ) vely. FROM  part, supplier, partsupp, nation, region
present the rst unnesting strategy that can effectivelglde WHERE jartkey = ps _partkey
with such queries. AND ssuppkey = ps _suppkey AND p_size = 15
The starting point of our approach is to translate SQL AND  ptype LIKE "%6BRASS
. . AND sn_key = n_n_key AND n.r key = r _r_key
into the relational algebra extended by bypass operators. \np 1 name = 'EUROPE'

Then we present for the rst time unnesting equivalences AND (ps_supplycost=(SELECT min(ps  _supplycost)

which are valid for algebraic expressions containing bygpas FROM  partsupp, supplier,
operators. Applying these to the translated queries result WHERE niﬁ;ﬁk;?glgnps suppkey
in_ our_e_ffecti_ve unnesting strategy for ne_sted SQL quer_ies AND ppartkey = ps _partkey
with disjunction. With an extensive experimental study (in AND sn_key = n _n_key
cluding three commercial DBMSs), we demonstrate the pos- AND  nr key = r r key

AND r.-name = 'EUROPE")

sible performance gains of our approach. OR psavailqty > 2000)

ORDER BY scctbal desc, n _name, s _name, p _partkey

1 Introduction This query is very similar to TPC-H Query 2. Hence,
we refer to it as Query 2d. It exhibits two key components:

N d . iv b ¢ bot 1) it features a nested, correlated subquery, and (2) i con
ested queries easily become a performance bottleneck i o disjunction. Our unnesting strategy is capable of op

because in many cases, they demand a nested-loop ev imizing nested queries whose linking or correlation pred-

uggon. Fé)r Conjun?'\llle predmitgesztrsus plzoblem has beerT[icates occur disjunctively. The key idea is that the nested
addressed successiully, €.9. [19, 25]. owever, curren query block needs to be evaluated only for those tuples of
unnesting techniques fail in the presence of disjunctive the outer query block that do not pass the cheap and simple
predicates. Despite the fact that disjunctions occurnmng i redicateps _availgty > 2000 For those tuples, we
side nested queries are common In practice, we are no'flre currently restricted to an inef cient nested-loop ewal
aware of any publl_catl_or_1 Wh.'Ch treats unnesting nestedtion. However, our novel unnesting technique allows to em-
gueries which contain disjunctions, i.e. the linking orreer ploy more ef cient evaluation algorithms. Consequently,

Iat:i)ndprsdmzzt_e oceurin a}d|SJunct|qn. qur]exampée, whgn our approach exploits both the short-cut evaluation of the
asked about disjunctions in connection with neste qu’e”esdisjunction and the power of unnesting nested queries.

César A. Galindo-Legaria from the Microsoft SQL Server

Group said: "We are running into it quite often.” ) ) .
Our Approach. The starting point of our approach is to

translate SQL into the relational algebra extended with by-

Key Idea. Let us consider an example for an analytical pass operators [17]. Then, we apply our novel unnesting

query. Assume we are mtergsted_m all European SuF’pl'ersequivalences, which can cope with disjunctions on a large
that deliver a certain part with minimum supply costs or

variety of nested queries. As a result, nested query blocks
This work was supported by the Deutsche Forschungsgenheiitsc ~ are removed, a.-nd the resulting queries can be evaluated
under grant MO 507/10-1. much more ef ciently.




Applying unnesting at the algebraic level has mainly 2 Preliminaries
three advantages. (1) It is possible to give rigorous ctrrec
ness proofs for the unnesting equivalences. (2) Unnesting
techniques stated as algebraic equivalences are query lar2.-1  Terminology
guage independent as long as the query language is trans-

latable into the algebra. (3) Unnesting equivalences can be i i
A query blockis aselect-from-where expression.

used during plan generation. This allows to apply them in a e i
cost-based manner. The latter is especially importantin ou A query containing a query block nest(_ad_ in another query
case, since some unnesting strategies do not always resuHIOCk is called enested queryThe contal_nmg query block
in better plans. IS calledouterquery block_, and the contamed_block is called
inner query block. An inner query block is also called
nestedquery block. Letp be a predicate occurring in the
where clause of an inner query block. [ refers to at-
tributes de ned in the outer query block and to attributes
de ned in the inner query blockp is called acorrelation
predicate and the inner query block is calledrrelated A
predicateq in the where clause of the outer query block
which contains the inner query block as an argument is
We show how they can be used to effectively unnest calledconnection predicateThe operator used in the con-
SQL queries with scalar subqueries featuring an arbi- nection predicate is callebnnection operatorConnection
trary aggregation function in treelect  clause. predicates are also calléidking predicateg4].

Our techniques can be applied not only to queries with ! @ linking predicate occurs in a disjunction as, for ex-
exactly one nested block (simple queries), but also to @Mple, in the introductory query, this is calldijunctive

queries whose nesting has a linear or even a tree Struclinking. AnalogOUS|y, if the correlation predicate occurs in
ture. a disjunction, this is calledisjunctive correlation

Contributions. The main contributions of our paper are:

We present equivalences for unnesting algebraic ex-
pressions with bypass operators to handle disjunctive
linking and correlation predicates where the predicate
involves 2f=;6;<; ;> g .

We provide experimental results demonstrating the
performance improvements that can be achieved by2.2 Classi cation
our approach.

Several additional details of our technique can be found  Kim introduced four types of nested query blocks [19]:
in the technical report [2]: A, N, JA andJ. Let us refer to a nested query blockEadf

B contains an aggregate functidsjs of typeA or JAand

is calledscalarsubqueryB must return a single column. If

B contains a correlation predicate, it is of typer JA. A

nested query blocB that neither has an aggregate function

nor a correlation predicate is of typé Query blocks with

We present how our approach can be applied to quanti-an aggregation function but no correlation predicate are of

ed table subqueries with the operators EXISTS, NOT typeA. Nested query blocks of tydd or J are calledtable

EXISTS, IN, and NOT IN. subqueries. They are connected to their outer query block
using thepositive linking operator&XISTS, SOME/ANY
andIN or negative linking operatorBlOT EXISTS ALL,

Limitations. As a current limitation, we restrict ourselves andNOT IN. We cover these cases in our technical re-

In this paper, we restrict our exposition to nested
queries in thewhere clause. But the generalization
to nesting in theselect clause is straightforward.

to queries exhibiting direct correlation: the correlatipad- ~ Port [2] only.
icate only refers to attributes of the current block and the  While Kim concentrates on classifying single nested
direct outer block. query blocks, Muralikrishna classi es queries accordiog t

the nesting structure [22]. He subdivides queries with more
Structure of this Paper. The remainder of the paperis or- than one nested block into linear and tree queriekinkar
ganized as follows. Section 2 brie y introduces preliminar  (Nested) Queris a query where at most one block is nested
ies. Section 3 contains our unnesting techniques for scalawithin any block.A Tree (Nested) Quelig a query with at
subqueries. After introducing these approaches, we showleast one block which has two or more blocks nested within
their effectiveness with an experimental study (Sectian 4) it at the same level. We complete this classi cation and call
At the end, we summarize related work in Section 5 and a query with exactly one nested blockSample (Nested)
conclude the paper with Section 6. Query.



2.3 Algebra Extended operators:
€1 giAL A oif €2

fxA1 [g:Gljx2e "

The domain of the relational algebra consists of sets of G =1f(fyly2 e " xA1y:A 2009
tuples. The core algebra contains the following operators: g=air (@) = a0l aca(e1) ga=aos(€1))
union (), intersection \), set-differencer), projection e 706 = e pe[fx zx2e”

( ), renaming operator {, selection (), theta-join (), 692 e:p(xy) A (z)= Ale) "
semijoin (), and antisemijoin.() [13]. We denote disjoint g2A(e2)"8a2 (A(e2) ng):
union bY[. . (z:za:NULL ~zg:f(;))g

For the purpose of this paper, we extend the core alge- A€ = fti [A:ilije= ft1;:::;thgg

bra by ve operators: a unary grouping operatoj,(a bi- ace, (€1)
nary grouping operator (| [5, 28], a leftouterjoin ( 9 ())
[5, 7], a numbering operator }, and a map operator §.

fx [a:ex(X)]jx 2 e1g

Bypass operators:

Implementations for binary grouping operatorg €an be p (8 = fxjx2e”p(x)g
found in [21]. Given the de nition of the binary group- p(8 = en ;(e)="fxjx2e: p(x)g
ing operator in Fig. 1, we de ne the unary grouping op- e e = fx yix2ehy2e” pixy)g

erator. The leftouterjoin (97 ()) is required to address
the “count bug” [18], i.e. losing a tuple due to an empty
group. Therefore, the functidnassigns meaningful values =fx yix2ety2e”: p(xy)g
to empty groups. The numbering operatoy ¢haracterizes  *: only valid for two-valued logic (cf. [17] for details). ] denotes
each tuple with a unique deterministic number (e.g. a phys_tuple construction. denotes tuple concatenatioh(R) is the set
ical tuple identi er). We mainly use the map qperator to gigjtrr;l?gé?; ir?fefr!?é?sr}oil: (€) is the set of free attributes that
apply a function to each tuple. Both are required for the
unnesting techniques introduced in Section 3. Figure 1. Operators of the algebra

Figure 1 summarizes the formal de nition of the ve op-
erators. As a nal important extension of our algebra, we
allow subscripts to contain algebraic expressions. In our ~This section is organized as follows. First, we discuss
case, such subscripts result from translating nested querghe basic idea of our approach by means of two simple
blocks in thewhere clause, i.e. algebraic operators appear dueries. Second, we present the general solution in the
in selection predicates. form of unnesting equivalences. On their left-hand side,

In order to effectively deal with disjunction, we need al- they have a selection whose predicate contains disjurgtive
gebraic operators that split their output into two streaans: & nested algebraic expression with a top-level aggregation
positive and a negative one. For example, a selection pro-On their right-hand side, they introduce a bypass operator.
duces @ositive streancontaining all those tuples forwhich ~ After the discussion of our equivalences, we move on to
the selection predicate evaluates to truertagative stream ~ More advanced issues, i.e. unnesting of linear queries, tre
contains the remaining tuples. These operators are callediU€ries, and a discussion of duplicate handling. .
bypasperators [17]. To denote the positive and negative ~ Scalar subqueries of typk are easy to handle. Their

streams of a bypass operator, we use the superserigis! result can be computed independently of the outer query,
, respectively. and materialization costs are negligible. Thus, it suf ces

to materialize the computed result. As their treatment is so
simple, we do not discuss them any further but concentrate
on the more challenging typ}A queries.

e1 p & = (er e)n(er p e)

For this paper, we need a bypass selection)( and a
bypass join (). Their de nitions are given in Figure 1.
Although the algebra is based on sets of tuples, our ap-
proach is also applicable for an algebra on bags. However, . ] o
the focus of this paper is on sets. Section 3.7 and proofs3:1  Disjunctive Linking
in the appendix of our technical report [2] elaborate on the
applicability of our techniques on bags. In the following query, the subquery is of tygé, as it

contains a predicate which refers to the attribujed& ned

. . in the outer block and the attribute, Ble ned in the inner
3 Unnesting Scalar Subqueries block: @

SELECT DISTINCT *
Unnesting scalar queries is dif cult and error-prone. FROM R
Particularly, empty groups and duplicates [18] have beenWHERE A= (SELECT COUNT(DISTINCT *) Q1
sources of errors. As a new challenge, we now support dis- EVRHCI)E'\QE ; - B,)
junctive linking and correlation. OR A > 1500



The linking predicate compares the attribAtewith the stream (denoted by dots) is Itered by a selection with the
result of the aggregation (i.e. count) in the inner query's algebraic equivalentok; = :::.
select clause. Moreover, the linking predicate occurs in ~ With this expression as a starting point, we can derive the
a disjunction. Translation into the algebra yields thedal unnested bypass plan shown in Fig. 2(c). Those tuples of R

ing expression: that satisfy the predicat&, > 1500directly contribute to
the result. Only for the remaining tuples, we need to check
Ar=count(  a,-s ,(S) _Aq>1500(R): the condition expressed By, = :::. This check is repre-

sented in the plan by the same trick used to unnest conjunc-
tively nested queries. In a rst step, we group by the linking
attributeB, of the inner query and calculate the aggregate.
Then, we perform an outerjoin. For those tuples of R that do
not nd a join partner, the default handling of the outerjoin
assures correctness. Last, we evaluate the linking pitedica
It has been rewritten since the aggregation result has been
materialized in the attributg. A nal projection on the at-
tributes ofR guarantees the same schema in the positive as
well as the negative stream before unioning the two streams.
Remark. Itis important to recognize that commuting the

bypass selection with the selection in the negative stream
(see Fig. 2(d)) is also feasible. This enables further opti-
mization potential. Assume that the second predicate is ex-
ot () _ pensive to evaluate. Then it may be cheaper to perform the
AR (A gR A=, (g=81(S)): (1) selection rst. This situation is recognized by comparing

ranks of the predicates: the one with the lower rank should
" be evaluated rst [26]. For a predicapethe rank (ank(p))
is de ned as%, wheres is the selectivity of predicatp
andc is the cost required to evalugte

That is, if the predicaté 4 > 1500was a very expensive

one, we could evaluate the subquery rst. In this case, the
selection checking the linking predicate turns into a bgpas
selection, and the predicate, > 1500is evaluated only in
the bypass selection's negative stream. A projection on the
attributes oRin both streams ensures the nal schema.

Fig. 2(a) presents this canonical evaluation plan in a more
readable form.

For the evaluation of this query, the inner query has to
be evaluated for every tuple produced by the outer query
block, i.e. in nested loops. Obviously, this is not very ef -
cient. In order to unnest typ#A queries in the conjunctive
case, it is common practice to apply grouping on the cor-
relation attributes of the inner query to perform the aggre-
gation. Then, an outerjoin is performed to accomplish the
match with the tuples from the outer query block with the
grouped and aggregated result. The following equivalence
captures this procedure:

Ay ayes ,) (R)

If the predicate in the outer query block was a conjunction
we could apply this equivalence without hesitation. How-
ever, if we apply this equivalence to the translation of the
guery, the resulting plan contains an outerjoin with a dis-
junctive join predicate. In this case, the only known imple-
mentation is the rather inef cient nested-loop implementa
tion.

Let us take a closer look at the query. Assume that a
tuple from R satis esA, > 150Q Then we do not have
to checkA; = :::forit: it quali es independently of the
result of this check. Further, if a tuple from R does not
satisfy A, > 150Q it must satisfyA; = :::in order to
qualify. Thus, it does make sense to split the tuple stream o ) ] o )
produced by scanning R into two independent streams: one_ Not only the linking predicate can occur in a disjunction.
containing those tuples satisfyidg > 1500and one with The followmg query con_ta_uns a d|SJunct|ngy occurring-cor
the remaining tuples. The latter then needs to be Itered by élation predicate, i.e. disjunctive correlation:

3.2 Disjunctive Correlation

A1 = :::. Finally, as the two streams are disjoint, a disjoint SELECT DISTINCT *
union () on them suf ces to produce the nal result. By- FROM R
pass operators capture exactly this kind of reasoning. This"HERE A= E:SRE(')‘ECT CSO UNT(DISTINCT +) Q2
is why we want to use them for unnesting. Let us therefore WHERE A= B,
introduce a bypass selection with predicate> 150Q The OR B > 1500)
following algebraic expression results from this: The aggregation function in theelect  clause of the
e = o [1 e nested query combines all tuples that pass the correlation

. predicateA, = B , or the simple predicatB, > 1500
& =  ap1500R) Similar to the canonical translation of Query Q1, but
with the disjunction in the selection predicate of the néste

selection, the canonical translation gives us (see also Fig
Fig. 2(b) shows the more readable result. The positive yre 3(a))

stream of the bypass selection (denoted by a solid line) di-
rectly contributes to the nal result. In addition, the néga Ar=count( A, , B4 1500 (S)) (R):

€& = Ar=count( =g ,(S)) ( As> 1500(R)) :



. /[:\ [:\ /[:\

P or_ - : AI(R) AI(R) Ag >| 1500
/=\ Aa > 1500 A4>|1500 /=\ A1=9 Ar=g T AR)
A colunt R A colunt %2:8 , s,
A28 2 A2=B 2 A4>|1500“ 9:78 zicount R/ gi=B 2:count
S S R S L
(a) Canonical (b) Bypass plan (c) Unnested bypass plan (1) (d) Unnested bypass plan (2)

Figure 2. Unnesting strategy for Q1 (sketch)

Unnesting is not possible with any of the existing tech- 3.3 Equivalences

nigues. For the following, we refer to the plan in Fig. 3(b).

The general idea to unnest this query is based on two facts: Before we can present our unnesting rewrites for scalar
(1) the aggregation function (count) is decomposable [6], queries of typelA, we need to de nedecomposabilityof

and (2) the predicatB, > 1500can be evaluated inde- aggregate functions [21]. Le{, Y, andZ be sets with
pendently of the outer query. This allows us to calculatethe X = Y [ Z andY \ Z = ;. A scalar aggregate function
total count of the inner query from adding up the countscal- f : X ! N is decomposabli there exist functions

culated for two disjoint subsets. Take a look at the bottom _ 0

of the plan in Fig. 3(b). In the positive stream of the bypass frex 1N
selection (denoted by a solid line), we count all tuples from fo:N%N? I N
relation S that satisfy the predicaéBg > 1500 Those tu- with f (X) = fo(fi (Y):f,(2)).

ples of S that do not satisfs > 1500go into thelnegatlvg The SQL aggregation functions used most often are de-
stream. Here, they have to pass the correlation predicate

before they contribute to the total count. Hence, we groupcomposable.

them and evaluate the count function for each group. Anal- count(X) count (Y) + couni (2)
ogously to the general unnesting strategy (see Eqv. 1), we sum(X) sum (Y) + sum (Z)
apply an outerjoin to perform the match with the outer re- avg(X) o Eig:zgumntl (.Z(;)

lation R and — in order to avoid the count bug — assign 0 min(X)  mino (min; (Y),min, (2))
to the attributeg; for those tuples from R that do not have a max(X) maxo(max (Y),max (2)).

join partner. At the end, we need a map to add up the sepa- _ _ ) ) _ )
rately calculated values fgg andg, to give the total count 1€ discussion of our equivalences (see Fig. 4) is split
g. The subsequent selection with predicate= g checks N0 two parts. In the rst part, we discuss unnesting equiv-

the linking predicate. The nal projection assures that the alences for queries with disjunctive linking. In the second
result only contains attributes from R. part, we advance to unnesting equivalences for queries with

disjunctive correlation.

3.3.1 Disjunctive Linking

AR)
- [ | . . .
I >~ Ar=g n the equivalences, lét be an aggregation function.
® VEERN g;ngz Equivalences 2 and 3are used to unnest scalar queries
A1 count wo \; count whose linking predicate occurs disjunctively. The for-
. _ Az=B 2 9 ' mer postpones the evaluation of the unnested subquery
Or/ \s; R 917=8 2 icount | into the negative stream of a bypass selection. Basi-
- cally, the unnesting technique is adapted from Eqv. 1.
A2=B2 B4 > 1500 B4z 1500 The idea of this equivalence has already been ex-
S plained using Query Q1. Fig. 2(c) depicts this strategy.
(a) Canonical (b) Unnested bypass plan

The latter equivalence is used for rst evaluating the
unnested subquery, i.e. the linking predicate, and post-
pone the evaluation of the second predicate into the
negative stream of the bypass selection. Fig. 2(d) visu-
alizes this strategy.

Figure 3. Unnesting strategy for Q2 (sketch)



p_A1 (( ap=s ) (R) el e )

e = (R
& = am(aalpR) L5, (ge.r(S))

p_A1L (( a,ss ,) (R) Aar)(eL[ &) (3)
a = oaR 29D, gme.a(9)
& = ol ga(® 28, (g8

A1 T ap=s 5 p(s) (R) AR)( As g( gifo(giier) (€1)) (4)
e = R L) Camean (O
e = fi(,(9) _

A1 1f( a, 48, p(8) (R) AR)( Ay 1g((RY grizt1or( o u(er[ €)))) 5)
R :=  u(R)
e = R% . &S
€ = p(RO A, 2Bs S)

Figure 4. Equivalences for disjunctive queries of type JA

3.3.2 Disjunctive Correlation hand side of one of our equivalences. In this situation, the
canonical translation results in an aggregate functionfcal

as top-level member of a selection predicate, which is part
of the linking predicate. In Eqv. 2 and 3, this corresponds to
disjunctive linking. The argument of the aggregation func-
tion is again a selection checking for the correlation pred-
icate, which in Eqv. 4 and 5 occurs in a disjunction. Re-
member that the former is a special case of the latter, where

of th|§(jeqU|ya1ence for tthe qut;,tr)? ffotm Se(;t!otn 3.2. Iltts p must not be a subquery itself and the aggregation function
main idea is to generate partial, intermediate results, ¢\ P decomposable.

which are then combined by the subsequent map oper-
ator.

Equivalence 4 handles queries whose correlation predicate
occurs in a disjunction. Its limitation is that the predi-
cate expressiop must not be a subquery itself. More-
over, this equivalence requires the aggregation func-
tion to be decomposable and the correlation predicate
to be an equality predicate. Fig. 3 illustrates the idea

3.5 Tree Queries
Equivalence 5in contrast, is more generally applicable.

There are no restrictions on the aggregate function. In  yree queries of typdA can be unnested quite easily by

addition, predicat@ may contain a nested query. The gyccessive applications of our equivalences. Consider the
bypass join generates one positive stream for those tuo|lowing query:

ples satisfying the correlation predicate and a comple-
mentary negative one whepas checked. Beforehand, SELECT DISTINCT =

we need to introduce a numbering operatpwhich FROM R
enables us to correctly reassemble the results duringWHERE A ‘(SEF'EQEOCJ COUSNT(D'ST'NCT ")
the binary grouping. WHERE A= Byp) 3
OR Q
3.4 Completeness of Equivalences As = (SFEFL-(E“CATTCOUNT(D'ST'NCT *)

. , WHERE A= ()
Our equivalences handle all cases of scalar subqueries

with disjunctive linking and correlation. Thereby, thekin

ing predicate can consist of an arbitrary linking operator  Figure 5 illustrates the canonical translation and the re-

(f=:6;<; ;> 9g). sult of the following two steps. In a rst step, we unnest
Let us make sure that the canonical translation of a scalarthe query using Eqv. 2 applied to the predicate, i.e. the sub-

subquery always leads to a pattern that matches the left-query, having the lowest rank. In the second step, we have



to make a choice: either we apply Eqv. 2 again, if there ex- A(R)
ists another subquery on the same level, or we apply Eqv. 1, A1I= 9
if this is not the case. Because none of the subqueries con-  ~~_

~ |

. = -t=t O
tains a nested query, we apply Eqv. 1. 7/ e
. Al count 0t
[ !
| \\\ \ ~ [
| °~
R //Or\\ Al(R) S \OI'\ / \
- ~ e 1
= = A3=02 =/ A2 =B 2 . :I
/ \ / \ I0 / \ A2=B 2 / \
. \
A1 count count Az 224:(:2\ Bs c0|unt It/ s B Nunt
_-7\ VARESN A(R) A(R) gz:zclz:count RN R B4|=Cz
A2=B2 S T As=C> ! - - ;
- Bs=C T
A1=9 - T 4 2 T
91:0 (a) Canonical (b) Unnested bypass plan (1)
A2=B 2
e
R g1,;=B 2;count A(R)
| |
S A1=02
|
(a) Canonical (b) Unnested bypass plan g2;t=t Oicount
|
t0 ¢
:I
Figure 5. Unnesting strategy for Q3 (sketch) [ ~
/ AR)A (S)If tg
[
. . = B3=
3.6 Linear Queries SR 93,09 !
It S 314':C )
. . . . . . !
Linear JA queries are a special case of disjunctive cor- R g1:=C 5 :count
relation. The second predicate in the disjunction is again a +
linking predicate, as in the following query:
SELECT DISTINCT * (c) Unnested bypass plan (2)
FROM R
WHERE A =(SELECT COUNT(DISTINCT =)
FROM S Figure 6. Unnesting strategy for Q4 (sketch)
WHERE A= B
OR Q4
Bs = (SELECT COUNT(DISTINCT =)
FROM T . . ) . o
WHERE B = G)) key is later used as join attribute in the leftouterjoin. As a

result, this join either nds exactly one matching tuple for
As you can see in Fig. 6, we start with the canonical each tuple resulting from the outer query block, or it keeps
translation (see Fig. 6(a)) and unnest in a top-down fash-the outer block's tuple in order to preserve empty groups.
ion. In a rst step, we apply Eqv. 5. The result is shown in Hence, the cardinality of the leftouterjoin is exactly theeo
Fig. 6(b). From here, it becomes obvious that for the deep-©f the outer relation R.
est nested expression Eqv. 1 can be applied which yieldsthe |, Eqv. 4, we have already ensured correctness of the

nal plan shown in Fig. 6(c). duplicate semantic for expressienabove. The map oper-
_ _ ator does not in uence duplicates, as it only computes the
3.7 Duplicate Handling correct aggregate value.

. . ... The numbering operatorin Eqv. 5 turns the multiset R
Let us make sure that all equivalences mentioned in this. .

: into a set and thereby ensures correctness for multisets.
section are also correct when they are based on an algebra
over multisets. The right-hand side of Equivalences 2, 3, Each equivalence introduces one bypass operator. This
and 4 contains a unary grouping on the nested query block'soperator, in the unnested plan, partitions its input into tw
input, followed by a leftouterjoin. We observe that after disjoint sets. Thus, it neither creates duplicates noredis
grouping on the correlation attribute of the inner querghea  any tuples. Moreover, the nal union is de ned for multi-

value of the grouping attributes occurs exactly once. This sets, ensuring that duplicates are handled correctly.



4 Evaluation Linux 2.6.11. The other commercial system ran on the other
PC under Windows XP. All queries were executed with a

To demonstrate the effectiveness of our unnesting tech-cold buffer. Further, for optimizing the queries using the

niquesl we performed an extensive evaluation of them. commercial SyStemS, we used the hlghest Optimization level

Speci cally, we measured the execution times of the canon- Possible. However, we did not create any indexes.

ical and the unnested plans using our hybrid relational ~Because of the necessity to use two different systems,

and XML DBMS Natix [10]. Additionally, we compared the resulting evaluation times are not exactly comparable.

the resulting evaluation times with those measured for However, the growth of the resulting evaluation times al-

three major commercial database management systems, fgieady demonstrates the effectiveness of our unnesting ap-

anonymity reasons henceforth nicknamed DB 1, DB 2, and proaches.

DB 3. For the same reason, we cannot present specic

query evaluation plans for the commercial systems. How-4.3 Results

ever, the strategy can be predicted by comparing these eval-

canonical plans in Natix. aborted the execution of queries that took longer than six

In this paper, we focus on the evaluation of simple hoyrs. These cases are denoted by n/a. The remaining exe-

i.e. linear and tree queries, the performance gains obderve
for simple queries exponentiate. We refer the reader to our
technical report [2] for the results of these experiments.

After a brief description of the experimental setup, we \we selected Query Q1 and, based on the TPC-H schema

present two evaluations for simple scalar subqueries: (1)ine introductory Query 2d to evaluate simple queries with
scalar subqueries with disjunctive linking and (2) scalar disjunctive linking and scalar subqueries.

subqueries with disjunctive correlation.

4.3.1 Disjunctive Linking

For both queries, we executed two query execution plans
in Natix. The rst plan implements a canonical transla-
4.1 Datasets tion, the second results from the application of Eqv. 2. Fig-

ures 2(a) and 2(c) illustrate these strategies for Query Q1.

The evaluation is performed on several data sets based orhe plans for Query 2d use the same strategies. The de-
two schemas: (1) the schema of the TPC-H benchmark [29]tailed plans are presented in our technical report [2].
and (2) the schema RST used for the example queries from  Fig. 7(a) and 7(b) present the results for these queries.
Section 3. The latter schema contains three tables (R, SWe observe that our unnested approach excels all other ap-
and T), each consisting of four columAs 2 A (R), B 2 proaches — for the RST as well as the TPC-H data set. In
A(S), andC; 2 A(T) fori=1:::4. comparison with our canonical approach, the performance

The data sets for the TPC-H benchmark are generatechumbers of the commercial systems for the RST data set al-
using the benchmark generator (dbgen) with scaling factorsjow to deduce that these systems execute the nested query
(SF) 0.01,0.05, 0.5, 1, 5 and 10. This results in moderate in a nested-loop like fashion. Only the commercial system
database sizes of 11MB - 11GB. DB 2 almost keeps up with our unnested approach. How-

For the independently scaled relations of the RST ever, for the TPC-H data set our unnested approach even
schema, we generated instances with scaling fac®®y ( outperforms this system by one order of magnitude. The re-
1, 5, and 10. This led to 10.000, 50.000, and 100.000 rowsmaining commercial systems are surpassed by three to four
and amounts to small tables of 178K, 1.1M, and 2.1M. In orders of magnitude for the cases that nished within six
the evaluations below, SF1 denotes the scaling factor ofhours.
the outer query block and SF2 the scaling factor of the in-
ner query block. We did not use larger scaling factors be-

cause neither the canonical plans nor the commercial sys-4'3'2 Disjunctive Correlation

tems scaled well. Besides the evaluation of JA queries with disjunctive link-
_ ing, we performed an evaluation for queries with disjuretiv
4.2 Settings correlation. Therefore, we executed Query Q2 using the

commercial systems on our synthetic data set and generated
We used two comparable PCs with 1 GB of RAM each two alternative query execution plans for Natix. The rst al
for the experiments. Not all commercial systems are avail- ternative is based on a canonical translation (see Fig).3(a)
able for the same operating system. We executed Natix andThe second was derived by applying a strategy based on
two of the commercial systems on one of the PCs running Eqv. 4 (see Fig. 3(b)).



SF1 1 5 10 TPC-H Scaling Factor (SF)
SF2 1 5 10 1 5 10 1 5 10 0.01 | 0.05 0.5 1 5 10
System System
DB1 10.6 | 55.7 | 111 49.4 ] 259 | 520 || 98.3 | 515 | 1029 DB 1 0.14 ] 036 | 525 | 123 n/a n/a
DB 2 0.19 | 0.33 | 052 | 092 | 1.17 | 130 || 1.95| 2.13 | 252 DB 2 0.10 | 2.00 | 29.0 | 67.0 | 328 | 766
DB 3 5.06 | 25.1 | 50.1 || 25.7 | 144 | 267 49.8 | 259 558 DB 3 0.27 | 057 | 48.7 | 234 n/a n/a
Natix Natix
canonical|| 10.9 | 54.9 109 46.8 235 474 88.5 | 450 899 canonical|| 79.7 | 3631 n/a n/a n/a n/a
unnested 0.2 ‘ 0.24 ‘ 0.3 0.78 ‘ 0.87 ‘ 0.98 1.6 ‘ 1.65 ‘ 1.74 unnested || 0.14 ‘ 0.19 ‘ 0.82 ‘ 1.49 ‘ 23.1 ‘ 49.5
(a) Q1 (b) Query 2d
SF1 1 5 10
SF2 1 5 10 1 5 10 1 5 10
System
DB1 16.7 | 90.3 | 184 82.7 | 445 | 905 165 892 | 1803
DB 2 855 | 46.3 | 955 || 429 | 235 | 479 85.7 466 971
DB 3 11.6 | 59.7 | 120 714 | 378 | 737 143 753 | 1519
Natix
canonical|| 16.0 | 98.6 [ 208 79.8 1 470 | 897 166 | 1237 | 1768
unnested|| 0.12 ‘ 0.14 ‘ 0.15 || 0.22 ‘ 0.24 | 0.26 || 0.38 ‘ 0.41 ‘ 0.42
(c) Q2

Figure 7. Evaluation times (in sec.) for Q1, 2d, and Q2

Figure 7(c) presents our performance measurements fonested queries in these cases utilizes the bypass technique
these plans. The assessments indicate that all commercightroduced in [17]. However, in [1], we have proposed
systems evaluate this query similarly to our canonical plan optimization and evaluation techniques for nested XPath
For the moderate size of 2.1MB of the largest synthetic dataqueries occuring in disjunctive predicates.
set — scaling factor 10 for both the inner and outer query  Because bypass operators have two output streams,
block —, our unnested approach outperforms the others bywhich are unioned later, the resulting expression forms a
three to four orders of magnitude. Moreover, evaluation directed acyclic graph (DAG). Strategies for implementing
times up to half an hour for 2.1MB data seem unacceptablebypass operators and query evaluation engines that support
to us. DAG-structured query plans can be found in [17, 23, 24].

Especially for a thorough discussion of the generation and

5 Related Work evaluation of DAG-structured query plans, we refer to [23].

Apart from introducing a classication for nested 6 Conclusion and Outlook
queries, Kim [19] was the rst to rephrase nested SQL
queries to contain joins or grouping. However, the validity 6.1 Conclusion
of these rewrites depends on important restrictions. They
mainly concern empty results for the inner query block, = We believe that nested queries containing disjunctive
NULL values, and duplicate handling. Subsequent researchpredicates have not yet attracted the attention they deserv
found more unnesting techniques for SQL [8, 11, 12, 18, In our experimental study, we have shown that evaluating
25], OQL [5, 9, 27, 28], and XQuery [20]. All of these nested queries in a nested-loop-like fashion leads to an un-
techniques are restricted to conjunctive correlationmk-li  acceptable performance. With our novel unnesting strategy
ing predicates. we are able to remedy this situation and to substantially im-
Strategies for the evaluation of nested queries are dis-prove query execution times. Although most runtime sys-
cussed in [14]. However, currently the full potential for-op tems and optimizers do not incorporate bypass plans, it is
timization is only available when queries are unnestedtFir possible to transfer bypass plans into plans without bypass
results to lift this limitation are presented in [15]. operators. This can, for example, be done by tagging every
[3, 16] present equivalences for rewriting quanti ed tuple whether it belongs to the positive or negative stream.
gueries containing disjunctions. But they do not directly
address query unnesting. The rewrites presented there f06.2 Outlook
cus on quanti ed queries and, hence, do not treat aggregate
functions. Encouraged by these results, we plan to enhance our
To the best of our knowledge, nobody has investigated unnesting approach to handle more sophisticated cases.
unnesting nested SQL queries with disjunctive linking or These include, for example, (1) unnesting queries whose
disjunctive correlation so far. Our approach for unnesting linking and correlation predicate occurs in a disjunction,



(2) optimizing nested disjunctive queries in tliem
clause, (3) handling all linking operators, i.e ALL and

SOME/ANYfor

2f<; ;> g ,and nally (4) unnest-

ing queries featuring correlation predicates that refeatto
tributes de ned in a non-adjacent query block (indirect-cor
relation).

Since our unnesting technique creates DAG-structured [13]

algebraic expressions, we rely on effective optimization

techniques for generating and executing DAG-structured
query plans. The algebraic expressions produced by our[14]

[11] C. Galindo-Legaria and M. Joshi.

[12]

techniques are quite demanding and, hence, might trigger
further research in this direction.
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