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Any sufficzently advanced technology 1s
windistinguishable from magic

— Arthur C Clarke, n “Profiles of the Future”
Abstract

We define the magic-sets transformation for
traditional relational systems (with duplicates,
aggregation and grouping), as well as for rela-
tional systems extended with recuision We
compare the magic-sets rewriting to tiadi-
tional optimization techniques for noniecui-
sive queries, and use performance experunents
to argue that the magic-sets transfoimation 1s
often a better optimization techmque

1 Introduction

“Magic-sets” 1s the name of a query transformation al-
gonthm ([BMSU86]) (and now a class of algonthms
— Generalized Magic-sets of [BR87], Magic Templates
of [Ram88], Magic Conditions of [MFPRY0]) for pro-
cessing recuisive querles written 1n Datalog Previously,
these algorithms had not been deployed n standaid re-
lational database systems, and theu value fo1 such sys-
tems had not been assessed
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Relational database systems support a number of
features beyond those mn Datalog, ncluding duph-
cates (which lead to multisets), aggregation and group-
g We extended the magic-sets approach (and the
Datalog language) to handle these features ([MPR90]),
and also showed that magic-sets can be extended to
propagate conditions other than equality [MFPR9(]
This paper synthesizes, extends, and apphes those re-
sults, our goal 1s to demonstrate that magic-sets 15 a
robust technique which can profitably be incorporated
1n practical relational systems not just for processing 1e-
cursive queries (e g, bill-of-materials) but also for non-
recursive queries The technique 1s particulaily valuable
for complex queries such as decision-support queries

The paper 15 orgamzed as follows We present a
brief subsection describing SBSQL, the SQL language
of Starburst that supports recursion, and give a real-
1stic example of a non-linear query Section 2 moti-
vates the practicality of the magic-sets techmque by de-
scribing 1ts relationship to traditional transformations
(such as predicate pushdown) for nonrecursive com-
plex SQL queries Section 3 defines the Magic-sets
transformation and some related concepts, as pubhished
elsewhere  Section 4 describes our extension of the
magic-sets transformation for relational database sys-
tems, resolving complications arising when our previous
results [MFPR90, MPR90] are combined and applied
to SBSQL We show that recuisions intioduced by the
magic-sets transformation of nonrecuisive querles can
be avoided, and that combining the adoinment phase
with the magic-sets tiansformation allows us to propa-
gate arbitrary conditions using a simple adoinment pat-
tern An overview of the implementation of magic-sets
i the Starburst extensible 1elational database pioto-
type at IBM Almaden Reseaich Center ([IIFLP89]) is
presented 1 Section 5 Section 6 gives DB2 performance
measurements demonstiating that magic-sets can 1m-
prove the peifoimance of complex nonrecmisive SQL
queries ovel tiaditional techniques such as coielation
and decoirelation Section 7 presents conclusions



11 Startbuist SQL (SBSQL)

The SQL language 1n Staibuist (SBSQL) has been ex-
tended to include recuision, user defined functions, and
abstract data types SBSQL supports a number of op-
erations on tables, imncluding SELECT , GROUPBY , and
UNION The SELECT opelation performs a join and se-
lection on the mnput tables and outputs a set of (expres-
sions on) columns of qualified tuples A sophisticated
user of Staiburst (the Database Customizer) may de-
fine new operations (e g, outer join) on tables, so the
query-rewrite phase of Starburst needs to be adaptable
to language extensions

Definition 1 1 Table Expressions A texp (table ex-
pression) 1n SBSQL 1s an expression defining a named de-
rved table that can be used anywhere in the query in place
of a base table A texp includes a head and a body The
head of a texp speafies 1ts output table (name, attribute
names) The body of a texp 1s a SBSQL query specifying
how the output table 1s computed ©

As an example, consider the following query that de-
termines the employee number and salary of senior pro-
grammers along with the average salary and head count
of their departments

EXAMPLE 11 (Table Expiession)

(@) SELECT Eno, Sal, Avgsal, Empcount
FROM emp, dinfo(Dno, Avgsal, Empcount) AS
(SELECT Dno, AVG(Sal), COUNT(x)
FROM emp GROUPBY Dno)
WHERE Job = “Si Pirogrammer” AND
emp Dno = dinfo Dno

0

dinfo 1s a deiived table defined by a table expres-
sion dinfo(Dno, Avgsal, Empcount)is the head of the
texp, and (SELECT Dno, AVG(Sal), COUNT(x) FROM emp
GROUPBY Dno) 1s the body of the texp

In this paper we use a variant of the standaid SQL
syntax for conciseness We wiite texps separately as if
defining a view, so that query (Q) of Example 11 1s
written as

(T1) SELECT Eno, Sal, Avgsal, Empcount
FROM emp(Eno, Sal, Dno, Job),
dinfo(Dno, Avgsal, Empcount)
WHERE Job = “Si Programmer”

(T2) dinfo(Dno, Avgsal, Empcount) AS
(SELECT Dno, AVG(Sal), COUNT(x)
FROM emp GROUPBY Dno)

At times, as 1 (T'1), we will explicitly name the at-
tuibutes of the tables in the FROM clause, with the same
name m two positions heing shoithand for an equality
predicate on the two columns

Table expiessions allow us to wiite Datalog queries
The head and body of a Datalog rule map to the head
and body of a texp Multiple Datalog 1ules having the
same head map to a single texp with a bodyv that 1 the
UNION of the queiles associated with the bodies of the
1ules
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EXAMPLE 1.2 (Nonlhinear Query) Consider a sys-
tem with a large number of components Components can
be base umts, or they can require support from another com-
ponent Let each component have a piimary and secondary
supporter If the primary suppotter fails, the secondary sup-
porter takes on 1its functions A component fails if both 1its
primary and secondary suppoiters fal Some components
may breakdown on thewr own, and we are interested 1n com-
puting the resulting failed set of components
Let prnimary(C,P) and secondary(C,S) give the pn-
mary (P) and secondary (S) supporters of a component C
broken(B)1s the set of components that have broken down by
themselves The set of falled components fail(C) 1s defined
by the texp
(F) fal(C) As
((SELECT * FROM broken)
UNION

(SELECT p C

FROM primary p, secondary s, fail f1, fail f2

WHERE f1C =p P AND 2 C =s S AND

pC =s0C))

fail 1s the name of the output table of the texp F F
1s recursive since fail 1s referred to within F  Further, the
recursion 1s non-hnear (since fail appears twice in the same

FROM clause), and an equivalent hnear query cannot be writ-
ten ([AC89]) O

In this paper, we will sometimes refer to an SBSQL
quely as a program

2 Relationship of Magic-sets to
Traditional Optimizations

This section gives an informal description of magic-sets
and 1ts relationship to more traditional transformation
techmques, and compares our woik with previous re-
sults Section 3 defines the magic-sets tiansformation
formally

21 Predicate Pushdown

Practical relational database systems push selec-
tion piedicates as far down as possible in the ex-
ecution tree Data 1s filtered so that irrelevant
rows are not propagated, 1n some cases, pred-
1cates are applied implicitly via the access path
chosen to retrieve data Consider the following
SQL query with emp(Eno, Ename, Sal, Bonus, Job,
Dno, EkidsN)and dept(Dno, Mgrno, Location) asthe
base tables

(Q) SELECT Ename, Mgrno FROM emp, dept
WHERE Job = “S1 Programmer’ AND
Sal + Bonus > 50000 AND
emp Dno = dept Dno AND
Location = “San Jo<e” AND
P(emp,dept)

P 15 some complex subquery A system might use an
mdex on Job to access only senior programmets, 1m-
mediately apply the predicate on Sal + Bonus, access
dept using an mdex on 1ts Dno column, immediately ap-
ply the predicate on Location, and finally evaluate the



subquery P Usmg an mndex 1s often cost-effective, even
though 1t can be thought of as introducing an extra jomn
(with the index) Indexed access can eliminate retrieval
of many nielevant 1ows (and hence, perhaps, many irrel-
evant data pages) Once we have an emp row, emp Dno
can be passed down, so that the Dno predicate can be
used for accessing (or filtening) dept

The predicate on Sal + Bonus could have been ap-
plied after dept was 1etrieved, but instead “predicate
pushdown” moved 1t next to the data access Since
evaluation of such predicates 1s mexpensive, predicate
pushdown (eliminating urelevant rows as soon as possi-
ble), 1s typically a very good stiategy

The semi-jom operator [BC81, RBF*80] takes this
idea a step fuither If an employee’s department 1s not
m San Jose that employee 1s just as irrelevant (for the
above query) as 1if she were a Junior Programmer By
computing SJDno, the Dno’s of the departments 1n San
Jose, a system can follow a modification of the above
execution plan m which employees are filtered (based
on emp Dno in SIDno) before the join with the dept ta-
ble As with indexes, an extra operation 1s mtroduced
(the computation and join with SJDno) Applying this
operation means that the dept table must be accessed
twice, fitst to compute SJDno, then to access matching
depaitments

In the onginal plan above, emp was accessed first,
then the value of Dno was passed to dept, so that rel-
evant depaitments were accessed The semi-join pred-
1cate 1estricting employees to those with Dno 1n SJDno
was passed “sideways” 1n the opposite direction, from
the depaitment table Using information passed side-
ways 1s the “magic-sets” approach — systematically in-
troducing predicates based on information passed side-
ways, so that these predicates can be used to filter out
nielevant data as soon as possible

Unlike the standaid piedicate pushdown transforma-
tion, magic may be appled in many different ways for
a particular query, these correspond to the “sips” (side-
ways formation passing strategies) chosen Sips can
be used flexibly, for each join order (sips order), we can
pick any set of tables to generate bindings, and pick any
subset of the bindings and push them down This pro-
duces magic predicates, which are bindings on certain
columns (similar to the semi-join predicate for SJDno
above) The names used for magic tables show how
they weie cieated — these names have supeisciipts n-
dicating restiictions on attributes of the oniginal query’s
tables The supeiscripts aie called “adoinments”

2 2 Coirelation and Decoiielation

Several authors have studied SQL subqueties ({ISO89,
ABC*76]) and described tiansformations for migiating
piredicates acioss them [Kim82, GW87, Day87] Coire-
lation, like magic, “pushes predicates down” 1mnto sub-
quetles Its mverse, decorrelation, “pulls predicates up”
from subqueries One major difference between magic
and these other techniques 1s that magic apphes wm-
formly to hieraichical (tree-stiuctured) and tecursive
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queries (as well as queries with common subexpres-
sions), these other techmques have been applied only
to hierarchical queries! Performance comparisons of
these techniques appear in Section 6

EXAMPLE 21 (Corielation,
Magic)
(C) SELECT Ename FROM emp el
WHERE Job = “Sr Programmer” AND
Sal > (SELECT AVG(e2 Sal) FROM emp €2
WHERE e2 Dno = el Dno)

Query (C) selects semor programmers who make more
than the average salaries in their departments As wrntten,
1t mvolves correlation for each employee who 1s a semor
programmer, the average salary n her department 1s calcu-
lated, and the employee 1s selected if her salary 1s more No
irrelevant information 1s computed, but the average salary
for a department might be calculated many times (:f several
employees were in the same department) ® In addition, ac-
cess to el and €2 must be done 1 a specific order (el, then
e2) Finally, processing for e2 1s row-at-a-time rather than
set-oriented, and set-ollentation tends to be a major perfor-
mance advantage of the relational model Thus correlation
diminishes the non-procedural and set-oriented advantages
of the ielational model, and may also perform redundant
computations

Query C can be transformed nto the decorrelated query®
D that uses a temporaiy table, dep-avgsal(Dno, Asal), de-
fined within the query

(D1) SELECT Ename FROM emp, dep.avgsal
WHERE Job = “Sr Programmer” AND Sal > Asal
AND emp Dno = dep_avgsal Dno

(D2) dep-avgsal(Dno, Asal) AS
(SELECT Duo, AVG(Sal) FROM emp
GROUPBY Dno)

Unlike the conelated query, the decorrelated query 1s set-
oniented (Average salalies are computed for all the depart-
ments in one operation, rather than computing the average
for one department at a time as an employee 1 the depart-
ment 1~ selected ) It 1s also non-procedural (The two scans
of employee can be switched atound ) An execution plan
might access employees by Dno, calculate the average salaxy
for that Dno, forming a tuple of dep_avgsal, and then find all
senior progiammeis mn that Dno with a ligher salary But
decorrelation also has a substantial disadvantage average
sala1y 1s determined for all departments, whether or not
they have semor progiammers If there are many depart-
ments and only a fcw have senior programmers, the cost of
the miclevant computation will be substantial

The magic-sets approach combines the advantages of coi-
relation and decorielation though at a cost After transfor-
mation the magic query S 1s

(s1)

Decorrelation and

SELECT Ename FROM s_mag, mag-avgsal
WHERE Sal > Asal AND
s.mag Dno = mag_avgsal Dno

ICouelation can also eust i recursive quernes, but that
1s bevond the scope of tlus paper [PF89]

2Correlation nught be implemented so that depaitmental
salalies ale stored i a tempotary table This has 1ts own
costs

®In thus paper a program consisting of statements X1 to
Xn s reflened to as progrtam X



(52) mag-avgsal(Dno, Asal) AS
(SELECT Dno, AVG(Sal) FROM mag, emp
WHERE mag Dno = emp Dno GROUPBY Dno)

mag(Dno) AS
(SELECT DISTINCT Dno FROM s_mag)

(54) s.mag(Ename, Dno, Sal) AS
(SELECT Ename, Dno, Sal FROM emp
WHERE Job = “Sr Programmer”)

(53)

One possible execution plan for S selects employees
who are semior programmers (s_mag), determines which
departments have at least one of these employees 1n
them (mag), computes the average salary only for those de-
partments (mag-avgsal), and then selects each semior pro-
grammer (s-mag) who makes more than her depaitmental
average The accesses can be ordered i other ways, just as
they could be for the decorrelated query, and the operations
are set-oriented Moreover, no urelevant data 1s touched,
since the average1s computed only for departments that have
senior programmers However, magic comes at the cost of
computing extra tables, s_-mag and mag * O

The magic query S 1s similar to the semi-join exam-
ple given 1n Section 21 Information about 1elevant
bindings (departments that have senior programmers)
15 passed “sideways” from emp to mag_avgsal

23 Previous Work

Kim [Kim82] ongmally studied the question of when
quantified subqueries could be replaced by joins (o1 anti-
jomns) Ganski and Wong [GW87] and Dayal [Day87] did
additional work on both eliminating nested subqueries®
and making correlated subqueries more efficient These
papers recognize that correlated subqueties can be very
nefficient because they are not set-oriented They ehmi-
nate correlation by introducing additional 1elational op-
erators, including outer join [GW87] and generalized
agglegation [Day87] Their tiansformations can be ap-
plied to SQL queries written 1n a specific foim, where
the user either pushed down join piedicates from the
query to the subqueiry or wrote a predicate refeiring to
tables in both the subquery and the query They use
these predicates, which we think of as sideways predi-
cates, to generate bindings in the query

In contrast, ows Extended Magic Sets (JEMS) tech-
nique takes quenies without user-specified corielation
and determines which sideways predicates should be
pushed down This 1s an advance, sice uscis nught
miss some opportumties for piedicate pushdown, and
some cannot even be specified syntactically ® However,
if users specify correlated quettes, 1t 1s desitable to make
them set-oriented For this, we 1ely on techmques sumi-
lar to the ones presented in [GW87] and [Day87] Hence

*s_mag 1s used more than once, and potentially has to be
stoled 1n a temporary mag 15 used once, and mav be piped

5We use such subquerv ehmination 1ules (called meige
1ules) in Starburst to ehminate nesting before applying the
magic-sets transformation

°E g, useis cannot push piredicales mto vicws
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we view Ganski’s and Dayal’s work as complementary to
out woik Ganski’s paper 1llustiates the complexity of
query-rewrite, since 1t emends some previous transfor-
mations This complevity supports our umfied struc-
tured approach, in which we systematically transform
an algebraically general class (that includes 1ecuision)
of quenies

3 Definitions

Magic-sets Transformation The Magic Sets algo-
rithm 1ewrites a query o that the fixpoint evaluation

of the transformed query generates no nrelevant tuples
The 1dea 15 to compute a set of auxiliary tables that
contain the bindings used to restrict a table The table
expressions 1n the query are then modified by joining
the auxihary tables that act as filteis and prevent the
generation of irrelevant tuples As a fiist step, how-
ever, we produce an aedorned query 1n which tables are
adoined with an annotation that indicates which aigu-
ments are bound to constants, which aie 1estricted by
conditions, and which aie fiee, in the table expiession
using the table For each table, we have an adoined
veision that corresponds to all uses of that table with
a binding pattern that 1s desctibed by the adoinment,
different adorned versions are essentially treated as dif-
ferent tables (and possibly solved differently) For ex-
ample, p*/ and p/® are treated as (names of) distinct
tables An adornment for an n-ary table 1s defined to
be a string of b’s, ¢’s and f’s Argument positions that
are treated as fiee (have no predicate on them) aie des-
1ignated as f, and positions that are bound to a finite set
of given values (by equality predicates) are designated
as b Argument positions that aie 1estiicted 1n the goal
by some non-equahty piedicate (condition), are desig-
nated as ¢

The magic-sets transformations of [BMSU86, BR87]
propagate bindings (equality predicates) in Datalog,
using b and f adornments Conditions aie 1g-
noted [MPRY0] extends the magic--ets transformation
to propagate bindings in progiams with duplicates and
aggregation The extension to conditions ([MFPRI0])
needs to be adapted to woik m presence of duphcates,
and we present the 1dea 1 Section 41 We 1gnoie ¢
adoinments and conditions 1 the {ollowmg definttion

The Magic-sets algonithm can be undeistood as
a two-step transformation m which we first obtamn
an adoined query P®¢ and then apply the following
tiansformation *

We construct a new query /77
empty

Itially, P™9 1s

1 Cieate a new DISTINCT table m_p [or each Ltable p
m P The auty i~ the numbet of bound aigu-
ments of p

2 For each table expiesston i P add a modified
verston to P™7 If table expiession 1 has head,
say, p(f) (f 1s shoithand for all the attiihutes of

“In Section 4 3, we show how to combinc these two steps



p), the modified version 1s obtained by joimng the
table m_p(t?) mto the body (m_p denotes the magic

table of p, and t® denotes the arguments of p that
are bound )

3 For each table expiession r in P with head, say,
p(?), and for each table g,(£,) referenced 1n 1ts body,
add a magic table eapression to P™9 The head 1s

m-q,(t?) The body contains all tables that pre-
cede ¢, 1n the sips (defined below) associated with

r, and the magic table m_p(t?)

4 Create a seed tuple m_q(t) from the equality pred-
1cates 1n the outetmost query block, where ¢ 1s the
set of constants equated to the bound arguments of

q

Note that theie 1s a magic table associated with each
table .n P? If seveial table expressions with the same
head are generated, they are 1eplaced with a single table
expression 1n which the body 1s the union of the bodies

Intuitively, magic-sets t1ansformation involves adding
magic tables to the FROM clause and equijoin predicates
to the WHERE clause of each SQL statement

EXAMPLE 31 (Magic-sets Transformation) Con-
sider the query D of Example 21 We need to evaluate
the average salaty of a depaitment i the view dep_avgsal
if, and only if, the depaitment has a semor programmer,
as otherwise the average salaly 1s not relevant Magic-sets
achieves this optimization by defining a magic table (M3),
and rewnting D1 and D2 as M1 and M2
(M1) SELECT Ename FROM emp, dep.avgsal®’/
WHERE Job = “S1 Pirogrammer” AND Sal > Asal
AND emp Dno = dep_avgsal®f Dno
(M2) dep_avgsal®’(Dno, Asal) AS
(SELECT Dno, AVG(Sal)
FROM m_dep_avgsal®/, emp
WHERE m_dep_avgsal®/ Dno = emp Dno
GROUPBY Dno)
(M3) m_dep_avgsal®/(Dno) AS
(SELECT DISTINCT Dno FROM emp
WHERE Job = “Sr Programmer”)

m_dep_avgsal®/ 1s a magic table for the view dep_avgsal®/,
giving the 1elevant depaitments for which the view needs to
be evaluated The supeiscript bf indicates that the view
dep_avgsal®/ will always be evaluated with the first argu-
ments bound to a set of {uples, and with the second argu-
ment fiee O

Supplementary Magic-sets  In the magic query M
of Example 3 1, the predicate Job = “Sr Programmer” 1s
repeated 1n <tatements M1 and M3 The program S in
Example 2 1 stores the result of the selection in s_mag,
and uses 1t as a common subexpression when evaluating
S1 and 53 s_mag 1s called the supplementary magic-
set Program D 1s t1ansformed into program S using the
supplementaly magic--ets transformation ({BR87]) We
use supplementaiy magic-sets in Section 6 because the
performance advantage of using common subexpiessions
1s important For ease of exposition, we use magic-sets
m othe1 sections
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SIPS A Sideways Information Passing Strategy 1s a
decision as to how to pass information sideways in the
body of a table expression while evaluating the table ex-
pression The information passed comes from the pred-
1cates 1n the table expression [BR87, MFPRY0] define
SIPS formally

A sips can be full, meaning that all eligible predicates
are used as soon as possible, or partial A full sips can be
defined by an ordering on the tables 1n the FROM clause
We refer to this order as the sips order

The magic-sets transformation passes mformation
sideways between tables being joined, accoiding to a
given sips order In this paper, we assume that tables
are listed 1n the FROM clause in the sips order

Dependency Graphs Dependency graphs are com-
monly used to detect recuisions In a table expression,
the tables i the body (the From clause) are used to
define the table in the head If table ¢ defines table
7 1n some table expression, we denote this by ¢ — »,
which 1s called a dependency edge We define — to
be the transitive closure of — A query 1s recuisive 1iff
1ts dependency graph has cycles, that 1s, if theie exists
a table ¢ such that , (¢ —— ¢) All tables m a stiongly
connected component (scc) of the dependency graph are
said to be mutually recursive

4 The Extended Magic-sets
Transformation

The magic-sets transformation defined in Section 3
1s applicable to relational systems with duplicates
and aggregation The defimtion borrows results
from [MPR90], where semantics of duplicates and ag-
gregation 1 piesence of recursion 1s defined, and the
use of aggregation 1s imited to the classes of monotonic
and magical stratified programs, which are closed under
the magic-sets transformation

The magic-sets transformation was long believed
to be useful only for piopagating bindings (equahty
piredicates) Our 1ecent paper, [MFPR90], addiesses
the extension of the technique to piropagating condi-
tions (non-equality predicates) in Datalog programs, us-
mg a ground magic-sets tiansformation (GMT) In Sec-
tion 41 we extend GMT to work in the presence of
duplicates

Further, we discuss how the magic-sets technique may
be useful in puiely noniecursive systems (Section 4 2),
and we present a one-phase algorithm for adoining and
magic transforming a query that lets us push aibitiary
couditions usig just the b, ¢, and f adornments (Sec-
tion 4 3)

41 Pushmg Conditions using Magic

The ground magic-sets t1ansfoimation for propagation
of conditions, as presented i [MFPRO0], does not pre-
serve duplicate semantics We consider a simple exam-

ple



EXAMPLE 4.1 Consider the following program P. p
and p, are arbitrary built-in predicates (conditions), and
%, v, s, and w are EDB relations.
(P1): r(X,2Z) A8
((SELECT X, Z
FROM p;(X) AND t/(X,Y) AND u(Y, Z))
UNION ’
(SELECT X, Z
FROM p2(X) AND t°/(X,Y) AND »(Y, Z))).
(P2): t(X,Z) As
(SELECT X, Z FROM s(X,Y) AND w(Y, Z)).
Let s = [(1,2),(1,2),(1,2)], w = [(2,3)], u = [(3,4)], and
o = [(3,4)]. Let pi(1) and p2(1) be true. The duplicate se-
mantics of P defines r to be the multiset [(1,4), (1, 4),(1,4)].
GMT transforms the definition P2 into:
(M2): t9(X,Z) As
(SELECT X, Z FROM m(X,Y) AND w(Y, Z)).
(M3): m(X,Y)As
((SELECT X,Y FROM p1(X) AND s(X,Y))
UNION
(SELECT X, Z FROM p2(X) AND s(X,Y))).

P1is copied into M1 to complete the magic program. The
view m has six copies of the tuple (1,2), consequently the
view r has six copies of (1,4). As a result programs P and
M are not duplicate equivalent. Simply defining m to be a
DISTINCT table does not help us, for then m will have one
copy of (1,2), and r will have one copy of (1,4).

As an aside, if either r or t was a DISTINCT table, GMT
would preserve the query semantics. O

GMT constructs customized magic-sets (m), known
as supplementary magic-sets, for each SELECT clause by
combining the magic-sets (p1(X)) with a table in the
FROM clause. Preservation of duplicate semantics re-
quires us to eliminate overlapping magic tuples (X val-
ues common to p; and ps), while retaining duplicates in
tables copied from FROM clause (s). Such an operation
is not possible if the magic tables are never constructed,
as is the case in GMT.

A straightforward solution is to construct the magic-
sets explicitly, writing M2 and M3 as:

(E2): t9(X,Z) A8
(SELECT X, Z
FROM m(X) AND s(X,Y) AND w(Y,Z)).
(E3): m(X) AS
((SELECT X FROM p;(X) AND s(X,Y))
UNION DISTINCT
(SELECT X FROM pa(X) AND s(X,Y))).

m is the magic-set. Some joins are repeated in the
above construction, such as the join with s. In the
Starburst implementation, we have a solution that lets
us use the supplementary transformation; we omit the
description due to lack of space.

4.2 Magic-sets Transformation for
Nonrecursive Programs

It is well-known that the magic-sets transformation has
the undesirable property of merging scc’s. Consequently
a nonrecursive program can become recursive.
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EXAMPLE 4.2 (Recursion due to Magic): In the
program P,

(P1): SELECT A, B FROM r(A, C), ¢(C, B)
WHERE A = 10.

: 7(A, C) AS (SELECT A,C FROM ¢(4,D), t(D,C)).
: q(E, F) AS (SELECT E, F FROM s(E, F)).

g is used twice, once in (P1), and once in (P2), with a bf
adornment at both places. ¢°/ gets bindings from r®/ (P1),
and from m.r®f (P2). Its magic-sets is thus a Union. The
magic-query is

(M1): SELECT A, B FROM r*/(A4,C),¢%(C, B)
WHERE A = 10.

r*f(A4,C) AS (SELECT A,C
FROM m_r®(A), ¢*/ (A, D),t(D,C)).

(M2):

(M3): ¢*/(E,F)as

(SELECT E, F FROM m_¢*!(E), s(E, F)).

(M4): m®f(10).

(M5): m_g® (A) AS

(5a) ((SELECT C FROM r®/(A,C) WHERE A = 10)
UNION DISTINCT

(5b) (SELECT A FROM m._r®f(A))).

Query (M) is recursive, as its dependency graph has the
cycle qbf—r(Mz)be —’(541)?71-111”‘—’(Ma)‘lbJr o

Many existing DBMS’s do not support recursion. Us-
ability of the EMS in such systems will be severely lim-
ited if recursive queries are produced as a result of the
magic-sets transformation.

Consider Example 4.2. Table gb/ is recursive, but the
newly introduced recursion is through the magic table,
m_q*/ (as it must be for any recursion introduced by
the magic transformation). m_g*/(10) is computed from
(5b), and leads to tuples in ¢*/ by (M3). These generate
tuples for »%/ through (M2). Tuplesin r®/ generate new
tuples in m_g*/ (5a) and thence in ¢®/. But now, the
new ¢%/ tuples cannot fire the body of (M2) to generate
new %/ tuples Thus the recursion does not “feed into
itself”, and terminates after one loop. The program can
therefore be written nonrecursively.

We can avoid the introduction of recursion in the
magic program by not recognizing common subexpres-
sion. If we treat the two uses of ¢ in program P as
two different tables, ¢1 and ¢2, the magic-sets transfor-
mation will not introduce recursion, as the reader may
verify by performing the magic-sets transformation on
a program P’ derived from P with ¢l and ¢2 defined
according to P3. g

We now make precise the intuition underlying the
above example.

Proposition 4.1 Given a query P, let M be the query
obtained by magic transformation of P according to a
set of full sips. Then, (A) If P is o tree structured®

8A tree structured query does not have common
subexpressions.



query, M 1s a dag®, and (B) 1f P 1s a dag, M will have
bounded recursion that can be avoided altogether by not
forming the common subexpressions O

43 Siumple-bcf Adornments

The magic-sets transformations of [BMSU86, BRS87,
MFPRY0] assume that an adorned program 1s available
as mput The transformation thus requires two phases
The program 1s adorned 1n the first phase, and magic
transformed 1n the second phase In this subsection,
we present a one-phase algorithm that does adornments
and magic transformation together, and show how 1t
can help 1n reducing the complexity of adornments

We view adornments as providing three functions

Function 1 The adornment « on a table £ 1s an ab-
straction for the restriction on the table ¢ at the pont
where 1t 1s used This abstraction, «, and not the actual
restriction, 1s used to decide how the table expiessions
for t* will be evaluated

Function 2  t“ 1s evaluated in an 1dentical fashion for
all restrictions that are abstracted by the adornment
o (same sips, sips orders, join orders and adornments
for tables referenced 1n t’s table expressions) Thus if
the abstraction 1s not a good one, {* will be solved less
than optimally for some of the restrictions An adorn-
ment should be faithful ((MFPR90]) in that 1t should
allow an optimal evaluation to be chosen for all restric-
tions (within the class of restrictions the adornment pat-
tern 1s trying to capture) generating that adornment

Function 3 Adornments specify when two uses of ¢
can share the same copy of t as a common subexpres-
sion The motivation behind the 1equirement that the
uses have the same adornment 1s that the magic-sets
generated from the uses be over the same arguments,
which permits union

The bef adornment pattern itroduced in [MFPR90]
uses the ¢ adornment for mmdependent conditions only
A condition on an attribute X 1s said to be indepen-
dent 1f 1t can be expressed without reference to any
free (f) attmbute Thus X > 101s independent X > Y
1s independent 1f Y 1s bound, otherwise it 1s depen-
dent The adornment algorithm and the following GMT
of [MFPRY0] woik on the assumption that only inde-
pendent conditions are pushed down, and that no con-
ditions are deduced fiom the given ones [MFPRY(]
also suggests that with the two-phase algoiithm, 1t 1s
not possible to captute and push down dependent and
mote general types of conditions using the bef adoin-
ment pattein Stronger adoinment pattetns are needed
to push down such conditions

In our one-phase algoiithm, we generate magic-vets
for atablet as we generate its adornments, before adoin-
mg the bodies of the table expiession defining ¢ Later,

9A dag can have common subexpiessions, but 1t does not
have recuision
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when we determine the sips n the table expiessions of
t%, and adorn the tables referenced, we know the actual
conditions on t* (since we can look up the magic-set),
rather than just the adornment @ We then use these
actual conditions in making a better choice on how to
evaluate the table expression

Define the simple-bef adoinment pattern to be sim-
ilar to the bef pattern of [MFPR90] (discussed m Sec-
tion 4 1), except that a ¢ adornment on an attribute
now represents any type of condition on that attribute,
not just an independent condition

We now explain how having the magic-sets avail-
able while adorning a table expression for ¢ enables the
simple-bef pattern to fulfil the three functions of adorn-
ments given earlier, even though the ¢ adornment rep-
resents an arbitrary condition

In the following lemma we borrow the definition of
grounding tables from [MFPR90] Given a condition p
on a derived table ¢, a set of tables in the FROM clause of
t containing all the attributes referenced n p, 1s called
a grounding set In statement P2 of Example 4 1, s 1s
the grounding table for the restriction X > 10

Lemma 4 1 Letp; and py be two restrictions that con-
dition the same atiributes ofa derwed table t Then, of
a set G 1s a grounding set for p1, G 1s also a grounding
set for ps

Using Lemma 4 1, we show that the one-phase al-
gonthm with simple-bef adoinments peifoims all the
functions we want adornments to perform

Function 1  With the actual restrictions on a table
available at the time 1ts body 1s adorned, adornments
are no longer needed for Function 1 As a 1esult, the
abstraction they represent 1s not impoitant

Function2 Function 2 can be done by the simple-be f
pattern for the class of arbitraiy conditions, this follows
from Lemma 4 1 and the Ground Magic-sets Tiansfor-
mation [MFPR90] We illustrate with an example

EXAMPLE 4 3 (Simple-bef Adornment)

(P1) SELECT X,Y,Z FROM 1(X,Y, Z)

WHERE X > 10 AND Y > 10
SELECT X,Y, Z FROM (X, Y, Z)
WHERE X > Y
#(X,Y, Z) AS (SELECT X,Y, Z
FROM ¢1(X),q2(} ), «(X, 2Z))

(P2)
(P3)

Both queries P1 and P2 generate the adoimment 7
By Lemma 4 1, {g1,¢2} 1s a grounding set for cvery restuic-
tion that conditions the first two arguments of t ¢; and ¢
should be adoined differently for the two uses of 1"/ while
u should be adorned u%/ for both uses If we were adoining
the program without constructing magic-<ets and without
using any information besides the ccf adoinment on t we
could not adorn as desmed Howevcr using oul one-phase
algorithm, we get

(M1) SELECT X,Y,Z FROM ¢'*/(\,},7)
WHERE X > 10 AND 1 > 10



SELECT X,Y,Z FROM t°/(X,Y, Z)
WHERE X > Y

1S (X V. 7) AS
ARy 2y = j o

(SELECT X,Y,Z
FROM m_1°**/(X,Y), v/ (X, 2))

mtf(X,Y) AS
((SELECT X,Y FROM ¢§(X),q5(Y)
WHERE X > 10 AND Y > 10)
UNION
(SELECT X,Y FROM ¢f (X),¢5(Y)
WHERE X > Y))

Note the different adornments for ¢; 1 the two SELECT
statements of (M4), and the b adornment on X m (M3)
after the magic-set 1s available O

In general, for a ¢ adorned tabie {, GMT moves the
grounding tables of t* into a supplementary table 1© For
any two restrictions r1 and r2 that generate the same
simple-bcf adoinment ¢« on ¢, the grounding tables g
ate the same (Lemma 4 1) § will be copied mnto two
tables, M1 along with r1, and M2 along with r2 If
these restrictions are of an entirely different nature, dif-
ferent adoinments and different sip orders for the ta-
bles § might be selected in M1 and M2 However, 1n
the original texp for ¢*, the supplementary magic-sets
1s seen as generating bindings for all b or ¢ argument,
whatever the nature of the 1estrictions Since we do not
distinguish between types-of bindings while deciding on
evaluation of a table expression, {*’s evaluation will be
optimal for both restrictions

Function 3 The simple-bef pattern performs Func-
tion 3 If two uses of a table have the same arguments
conditioned, their ground magic-sets are also over the
same arguments

5 An Outhne of the Extended
Magic-sets (EMS) Implementation

We are implementing EMS n Starburst We have wrnt-
ten the pseudo-code, and have C code that executes the
transformation 1n simple cases In this section we give
a shetch of owr implementation

EMS 1s a pait of the query-rewrite phase of the Star-
burst optimizer Rewiites are done by a (production)
1ule-based system that encodes each query transforma-
tion as a rewtite 1ule ((HP88]) A forward chaiming en-
gine tiaverses the query graph depth first (normally),
applying tewnite rules EMS 1s appled to graph ele-
ments 1epresenting table expiessions, and 1t 1s appled
to one table expiession at a time Multiple firings of
the EMS 1ule, a~ the giaph 1s traversed, cumulatively
produce a transformed query

105y bsection 4 1 pointed out that in some cases, this must
be considered as a magic table That 1s not a problem,
but for simphatv let us assume we always have the supp-
lementativ table
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Starburst 1ncludes a number of rewrite rules besides
the magic-sets rule The predicate pushdown rules de-
termine what predicates get pushed from table expres-
sions nto referenced tables, and in what form The EMS
rule then places the predicates i the right place (as a
magic-set)

The way 1n which magic-sets 1s applied to a table ex-
pression can depend upon the operation in the table
expression For example, magic cannot be apphed to
operations such as GROUPBY (the bad operations) ex-
actly as 1t 1s applied to operations such as SELECT (the
good operations)

When magic processing acts on a table expression for
table ¢, previous processing ensures that the head ¢ 1s
adorned, a magic-table mt for ¢ 1s available, and (for
good operations) that mt 1s grounded and joined mto
the body of the table expression Also, the sips order
within the table expression must be known !

During magic processing of ¢, all predicates in the
table expression are pushed nto each table r referenced
1n the table expression (using the predicate pushdown
rules) An adornment « for each r 1s determined, and
a table expression for 7%, with a body 1dentical to that
of the table expression fo1 r, 1s created The magic-sets
m.r® for 7® from 1ts use 1n t 1s formed, and if r 1s good,
m._r® 13 grounded and added to the table expression for
ra

Magic processing is performed for every table expres-
ston visited 1n a traversal of the query graph We avoaid
repeatedly processing a table expression except for bad
table expressions under special conditions The follow-
g theorem holds for our EMS algonthm (assuming we
first get rid of all cycles 1n query ) consisting entirely
of bad tables 1?)

Theorem 51 For any gquery graph Q, EMS terma-
nates, and EM S(Q) s equivalent to Q under the eval-
natton sirategy of Starburst

The adornment and the magic-set transformation
are combned 1n a one-phase algorithm (Section 4 3)
Mostly, the ssmple-bef adornment 1s used, although bad
operations require special refined adornments EMS 1s
extensible with respect to (1) new operations in table
expressions, and (2) the traveisal strategy (depth-fiist,
breadth-first, bottom-up, etc )

6 Performance

In this section we present performance measuilements
that 1llustrate how EMS accelerates complex quelles
(such as decision-suppoit quenes) consisting of several
query blochs It 1s not uncommon for such queties to
take hours (or even days) to complete Query tiansfor-
mation can 1mprove peirformance by several oideis of
magnitude

"1The appropriate inteiplav of cost optimization and
transfoimational rewrnte optimuzation 1s an open problem
mentioned 1n the conclusion of this paper

2By mserting a SELECT operation 1 the cycle



[ Table | Tuple Size | #Tuples | #Cols | #4K Pgs ||

itm 34 170 000 4 1 850
wke 28 500 10 5
it 78 2 550 000 13 57 980
itp 43 339 440 14 4 250

Table 1 Benchmaik Database

A comprehensive performance evaluation 1equies a
definmition of a benchmark database and a set of queries
for a particular woikload We focus on a complex query
wotkload (with multiple predicates, jomns, aggregations
and subqueries), rather than a transaction workload,
whete queries are relatively simple Although transac-
tion benchmarks have been proposed, [A185, TPC89],
complex query woikloads are still at a prelimnary
stage ([TOB89, O’N89]) To measure the performance
effect of the magic-sets transformation, we employ a
scaled up (by a factor of 10) version of the DB2 bench-
mark database described 1 [Loo8(]

Magic-sets transformations have been studied in the
context of recursive queries, and the usefulness of magic-
sets for recursive queries 1s explained 1n [BR86, BR87]
In this section we study nonrecursive querles

Our performance measurements were done on the
IBM DB2 V2R2 relational DBMS using the DB2PM
petformance monitoring tool [DB88] to determine
elapsed time (total time taken by system to evaluate
the query) and I/O time (the tume for which I/O devices
ale busy) We measured the performance of each query
both befoire and after applying the magic-sets tiansfor-
mation Both representations of the query went thiough
the query compilation process, including cost optunmza-
tion Performance figures for several of the queries we
measured ate described below

The DB2 benchmark database 15 based on an mven-
tory tracking and stock control application Workcen-
ters, represented by wke table have locations (locatn)
Items (itm) are worked on at locations within workcen-
ters, and the table itl captures this relationship Each
item may have orders (itp) Some physical chaiacteris-
tics of the database are shown in Table 1

Predicate pushdown and set-oriented computation
ale the two hey factors in query optimization and ex-
ecution The magic-sets transformation enables us to
take advantage of both Advantages of pushing down
local piedicates, such as (Job = “Si1 Programme1”)
query D1 of Example 2 1, aie well-hnown We concen-
trate on pushdown of join predicates that pass infouma-
tion sideways (SIPS predicates), such as (emp Dno =
dep_avgsal Dno) 1n query D1 of Examnple 2 1

Set-oriented computation 1s desirable as 1t usually
leads to impioved peiformance over an equvalent
fragmented o1 tuple-at-a-tuime computation Puslung
join (or sips) predicates by coirelation fragments the
computation, causing the subquery to be evaluated once
for each value passed down As a1esult, we may lose the

255

efficiency of sequential prefetch ([TG84]) because each
computation fragment does not access enough pages to
take full advantage of sequential prefetch in teims of
amortizing the cost of an I/O call across a large num-
ber of pages Inefficiency can also arise in accessing
data through nonclustered indices If computation 1s
not fragmented, we extract the TID (tuple ID) of qual-
ified tuples from the index, sort the results by page
IDs, and then do the I/Os ([MHWC90]) Hence, each
relevant data page 1s retrieved only once In a frag-
mented computation the same page may be retrieved
many times, once by each computation fiagment that
1s 1nterested 1n a tuple on the page Further, each frag-
ment has a certain fixed cost associated with operations
such as opening and closing scans, and sort imitializa-
tions (e g , mtialization of the tournament trees when
tournament sorts are used) In a set-oriented compu-
tation, the fixed costs are incurred only once With
correlation the fixed costs are incurred once for each
evaluation of the subquery Query transformations that
result 1n non set-oriented computation can therefore de-
grade performance significantly, as we see 1n Section 6 3

Evaluation of performance of magic-sets 1s based on
the two key factors discussed above predicate push-
down (or sitdeways information passing) and set-oriented
computation The effect of predicate pushdown depends
on how bindings affect the query plan of (a piece of)
a query For example, the magic-sets transformation
may provide bindings for a column, so an index on that
column becomes an efficient access path The effect
of set-oriented computation depends on the cardinality
of the binding set (with and without duplicates) The
higher the cardinality, the greater 1s the benefit of using
set-oriented information passing There are numerous
queries where the above two factors are important We
now piesent some of the many queries we used n our
expeiliments

61 Experument 1

In this experiment, selective bindings are passed to a
subquery The collection of bindings does not contain
duphcates The experiment uses the view V1 which, for
each 1tem and workcenter, computes the average time
spent!? on that 1tem 1n locations within the worl.center

(V1) vitemtime(atemn, wkcen, avgtime) AS
(SELECT 1temn, wkcen, AVG(1octime) FROM itl
GROUPBY itemn, wkcen)

Consider the query Q1 For items ordered with a
quantity (qcomp) of 450, find the average time spent
on that item 1n locations in each workcenter that work
on the i1tem

(Q1) SELECT DISTINCT itm %, vkcen, avgtime

FROM itp, itm, vitemtime
WHERE 1tp qcomp = 450 AND itp 1temn = 1tm 1temn
AND itp 1temn = vitemtime 1temn

13 A location works on an item for loctime = finishtime
— starttime



The following plan to solve Q1 “Compute the view
vitemtime, store 1t 1 a temporary table, and use 1s to
compute @17, took bout 150 minutes to execute The
plan is inefficient since the view 1s computed for all items
even though the query needs the view on a small subset
of the 1tems (the predicate on quantity 1s very selective)
We can avoid the redundant computation by passing
into the view (through query rewnite) a set of bindings
on 1tems for which the view needs to be computed

The bindings can be passed by either correlation or
magic-sets With correlation, the piedicate (itp 1temn
= vitemtime 1temn) 1s pushed into the table expression
corratemtime, filtering out computation of many groups
The correlated query** 1s

(C1) SELECT DISTINCT itm %, wkeen, avgtime
FROM itp, 1tm,
corritemtime(itemn, whecen avgtime) AS
(SELECT 1itemn, whcen, AVG(loctime) FROM itl
WHERE 1tp itemn = it} itemn
GROUPBY wkcen)
WHERE qcomp = 450 AND itp itemn = 1tm 1itemn

The plan for C'1 evaluates the view corratemtime mul-
tiple times During each evaluation, the index on 1temn
column of the 1tl table is used, and only the relevant
tuples are retrieved The predicate on itp qcomp 1s such
that there are no duplicates in the bindings (itp 1temn)
passed mnto the view

With the magic-sets transfoimation, the supple-
mentary magic-set, s_mag, 1s computed as a tempo-
rary (M1a), s.mag 1s used 1n computing a 1educed view
magatemtime (M 1b), and the original query 15 1ewnitten
using the reduced view (Mle)

(M1la) s_mag AS
(SELECT DISTINCT itm * FROM 1tp, 1itm
WHERE gcomp = 450 AND itp itemn = i1tm 1temn)

M1b) mag_itemtime(itemn, whcen, avgtime) AS
g
(SELECT itl itemn, 1tl wheen, AVG(Lloctime)
FROM s_mag, 1tl WHERE s_mag itemn = itl itemn

GROUPBY itl itemn, 1tl whcen)

(M1c) SELECT DISTINCT s.mag *, whcen, avgtime

FROM s_mag, mag.itemtime
WHERE s_mag itemn = mag_itemtime itemn

The plan to solve M1  computes the
view mag.itemtime by a nested-loop jom, with s_mag
(a small table) as the outer and itl (a laige table) as
the 1nner, using the index on 1temn column of itl to ac-
cess only the relevant it} tuples The join 1s followed hy
grouping and aggiegation

Performance 1esults ate summanized 1 Table 2 For
each query, we give the elapsed and T/O times The
figures aie normalized with 1espect to a value 100 foi

1 The view becomes a correlated table explession Stan-
dard SQL does not allow coirelated table expircssions  We
did the expennment using a varlant of C1 whose execution
cost 15 close, but definitely less, than the execution cost of
C1
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Experiment 1 Experiment 2

Query Time | 1/0 Time [ I/0O
Onginal 100 00 | 100 00 || 100 00 | 100 00
Correlated 040 006 2101 0005
Magic 0 46 025 028 | 0069

Table 2 Relative Elapsed and I/O Times for Queries of
Experiments 1 and 2

the original query Both correlation and magic-sets 1im-
proved performance by two orders of magnitude, re-
ducing the elapsed time from 25 hours to about 1
minute Neither technique was sigmficantly better than
the other, since both led to very similar plans for com-
puting the vitemtime view, which was the expensive part
of query @1 With correlation, the bindings on 1temn
were directly used to access itl through an index With
magic-sets, a nested loop Join retrieved the set of bind-
1ngs from s_mag and used them to access itl in exactly
the same way Correlation was marginally faster be-
cause the magic query M1 needed to store the supple-
mentary magic-set in a temporary table The correlated
query had much lower I/O time Amongst the reasons
are (a) The vanant of C1 we use m our experiment
had a much smaller output, (b) temporaries needs to be
stored while evaluating M1

6 2 Experiment 2

This experiment examines the effect of duplicate values
1n the set of bindings on performance Experiment 1
1s modified by changing the predicate on 1tp so that 1t
gives us 95 items, each with 100 orders As a result there
are 100 copies of each distinct binding value (1temn)
Performance results are summarized in Table 2

Correlation computes the view corratemtime for ev-
ery copy of every binding value coming from the outer
query Magic-sets does significantly better because 1t
ehmmates duplicate bindings before stoiing them 1n
s.mag Correlation can be improved so as to ehminate
duplicate view evaluations The result of each evalua-
tion, along with the binding value used in the evalua-
tion can be saved in a temporary table, and duplicate
evaluations replaced by a table loohup We believe that
such a modification will make coirelation competitive
with magic-sets on Experiment 2

6 3 Experiment 3

This experiment shows the advantage of set-o11ented -
foimation passing using magic-sets Thele aie no duph-
cates 1n the binding set

Consider the view V3 For each woirkcenter, find the
average times spent on items by locations of a certan
typen this workcenter V'3 1ssimilar to V1, except that
we filter out some locations, and project out the 1temn
column fiom the output

V3) itlvagg(wkcen, avgtime) AS
:43 g
(SELECT DISTINCT wkcen, AVG(loctime) FROM itl



10 bindings 100 bindings

Query Time [ 1/0 Time | 1/0
Original 10000 | 10000 || 10000 [ 10000
Correlated | 513 00 | 453 00 || 5136 00 | 4526 00
Magic 5500 | 4600 | 11100 62 20

!

Table 3 Relative Elapsed and I/0 Tiumes for Queries of
Experiment 3

WHERE locan > “loca50” AND locan < “loca55”
GROUPBY 1temn, wkcen)

SELECT wkc deptn, wkc wkcen, avgtime
FROM wke, itlvagg
WHERE nmach < 3 AND wkc wkcen = itlvagg wkcen

(@9)

Query @3 asks for the information from view V3 for
workcenters having 3 or fewer machines It 1s executed
by computing the full view itlvagg and joining 1t with
the wke table

Correlation and Magic-sets rewrite Q3 so as to use the
predicate (nmach < 3) to avoid computing the full view
Only 10 workcenters satisfy the predicate, 10 binding
values are thus passed into the view — individually by
correlation, as a set by magic-sets We also use a variant
of @3 with the predicate (nmach < 6) that 1s satisfied
by 100 workcenters

In the correlated rewnite, the predicate (wke wkcen =
itlvagg wkcen) s pushed mnto the view The magic query
1s obtained 1n a manner similar to that in Experiment 1
The supplementary magic-set, s_mag, computes the rele-
vant workcenters, and 1s used to restrict the view (M 3b)
The reduced view 1s used to answer the query (M3c)

(M3a) s_mag(deptn, wkcen) AS
(SELECT deptn, wkcen
FROM wkc WHERE nmach < 3)

(M3b) mag.tlvagg(wkeen, avgtime) AS
(SELECT DISTINCT itl wkcen, AVG(loctime)
FROM s_mag, 1t!
WHERE locan > “loca50” AND locan < “loca55”
AND s_mag wkcen = 1tl wkcen
GROUPBY 1tl wkeen, 1tl itemn)

(M3c) SELECT deptn, s-mag wkcen, avgtime
FROM s_mag, mag._itlvagg
WHERE s_mag wkcen = mag._itlvagg wkcen

Performance results are summarized m Table 3 Cor-
relation fares very poorly For 10 binding values 1t per-
forms 5 b5 times worse than the origimal query, and de-
grades by a factor of 10 when the binding set 1s increased
by a factor of 10 The magic query performs reasonably
well, 1t 1s clearly preferable to the original query with 10
bindings, and 1s competitive with 100 bindings As the
cardinality of the binding set increases, performance of
the magic query 1s stable

In the correlated query, the view itlvagg 1s computed
by accessing the 1tl table via an index on locations
However, the binding set contains workcenters, not lo-
cations, so that each computation of the view repeats
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[ Query [ Tume [ I/O |
Ongnal 100 00 | 100 00
Correlated | 5250 | 2274
Magic 8 60 517

Table4 Relative Elapsed and I/Q Times for a Variation
of Experiment 3

the indexed access to all tuples of it that satisfy the lo-
cation predicate 1tl 1s a large table, even when himited
to a few locations, and the access cost 1s substantial As
most of the access costs are repeated for each binding
value, the cost of the query 1s almost linear 1n the car-
dinality of the binding set In the corresponding magic
query, 1t 1s accessed only once and joined with the full
set of bindings The modification to correlation sug-
gested 1n Subsection 6 2 cannot improve performance of
correlation on this experiment

Experiment 3 shows the stability of the magic-sets
transformation — even when 1t turns out not to be the
optimal choice (because predicate selectivity estimates
are wrong), it tends not to be much worse than the win-
ning alternative Since the primary goal of optimization
1s to avoid bad plans (and the secondary goal 1s to find
a pretty good one), the magic-sets transformation often
meets optimization goals better than correlation and
decorrelation, which are considerably less stable Unsta-
ble query transformations require the optimizer to esti-
mate the cost of queries carefully Due to the extremely
high cost of the optumization process, the role of stable
heuristics 1s becoming increasingly important ({P1r89])
For this reason, the stability of magic-sets 1s very valu-
able

Table 4 summarizes the performance results of Exper-
mment 4, a vanation on Experiment 3 with 10 bindings
The view 1s similar to V'3, but a join of 1tl with 1itp and
another table 1s needed before grouping As a result,
the grouped relation 1s large, and the grouping cost 1s
significant Magic-sets performs better than both corre-
lation (due to set-oriented computation) and the orig-
nal query (due to reduction 1n cost of grouping), and 1s
a clear winner

7 Conclusion

In this paper, we showed that the magic-sets transfor-
mation can be extended to handle general SQL con-
structs We sketched the implementation of Extended
Magic-sets as part of the 1ewrite component of a rela-
tional database system prototype, and presented a per-
formance study contrasting magic-sets with correlation
and decorrelation Many significant results were abbre-
viated or omutted, including aspects of refined adorn-
ments, simple adornments and 1mplementation details

We believe that this paper demonstrates that the
magic-sets technique (which formerly was a tool only for
Datalog and logic programming) should be considered



a practical extension of existing rewrite optimization
techmques Magic 1s indeed “relevant” for relational
database systems, 1t 1s a general technique (applicable
to nonrecursive as well as recursive queries) for intro-
ducing predicates that filter out accesses to irrelevant
rows of tables as soon as possible Database systems
have been using himited variants of this for many yeais

We do not suggest that the magic-sets transforma-
tions should be employed whenever they are applicable
Rather, magic 1s a valuable alternative that appears
to be more stable than both correlation and decorre-
lation, subject to trade-offs that must be evaluated by
a cost optimzer [SACHT79, Loh88] Magic may be es-
pecially valuable for queries (such as decision-support
querles) mnvolving large numbers of joins, complex nest-
ing of query blocks, or recursion Such queries may be
infeasible unless magic-sets 1s apphed

A number of special optimization techmiques have
been proposed in the literature Some of these can
be viewed as alternatives to magic-sets that try to
exploit special properties of certain queries, such as
hinear queries on acychc data (for e g, Henschen-
Naqv: [HN84], Counting [BMSU86]), or special opei-
ators to express a restricted (and important) class of
quertes such as transitive closure (e g , The alpha opei-
ator [Agr87]) When applicable, the above techniques
are sometimes better than the magic-sets transforma-
tion However, Example 1 2 illustrates that there are
useful queries that cannot be expressed using lineax re-
cursion The importance of magic-sets 1s that 1t 1s ap-
plicable to all (extended) SQL queries and provides a
general optimization framework with good, stable pe1-
formance There are also techniques that further refine
the magic-sets approach for certain classes of queries
(e g , factorization [NRSU89]) These complement the
magic-sets approach by recognmizing special properties of
the program and optimizing the transformed program
suttably

Although we are implementing magic as an extension
of the rewrite optimization component 1n the Starbuist
extensible relational database prototype, many practical
questions remain  One difficult open problem 1s the in-
tegration of rewrite optimization and cost optimization
Cost optimization may take time and space exponential
m the number of tables joined Transformations such as
magic-sets may introduce exponentially many alteina-
tive queries, each of which requires cost optinnzation of
a query more complex than the original Cleaily theie 1s
a stiuctural relationship among the many query trans-
formations, but we do not understand this problein well
enough yet to reduce 1t to a manageable level by either
algebraic techniques or by engineering heuristics
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