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Abstract. This paper proposesan efficient method for evaluation of deductivequeries over constraint databases.
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1. Introduction

We propose a new method for evaluating deductive queries over constraint databases
(Kanellakis et al., 1995). The evaluation of queriesover such databasesisdifferent fromthe
one used in standard database systems. The constraintsare used asthe actual representation
of data stored in the database rather than mere restrictions of the contents of otherwise
ground relations. Algorithmsfor query eval uation over constraint databases have to satisfy
the following criteria:

1. theevauation agorithm has to terminate for all input queries,

2. the agorithm should be able to encompass various classes of constraints over wide
range of domains, and

3. partidly instantiated queries have to be evaluated efficiently.

The first requirement is especidly difficult to achieve in the case of constraint databases:
the extents of constraint relations are often infinite. There are two main approaches to
satisfy the above requirements in the case of Datalog. However, neither of them seems to
address al three of the requirements.

The first approach is based on a fixpoint, bottom-up evaluation of the rules. Here
the first condition is usually met, e.g., for Datalog (Ullman, 1989), Datalog with dense
order congtraints (Kanellakis et al., 1995), Datal og with integer constraints (Revesz, 1993,
Toman et a., 1994), and sets (Srivastava et a., 1994). However, the evaluation process is
not goal-oriented and thusthe eval uation of partially instantiated queriesisfairly inefficient.
Applicationof standard program transformationtechniques, e.g., theMagic Rewriting, does
not completely solve the problem (cf. Section 4).

A preliminary report on this work appearedin Proc. 1995 ILPS, Portland, OR, (Toman, 1995).
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The second approach isbased on atop-down, resol ution-based method. Here the second
and third conditionsare usually met. However, the termination guarantees are often sacri-
ficed (Ullman, 1989) in order to improve the expressiveness and efficiency; an exception
is (Swift and Warren, 1994b) where no constraints are alowed. On the other hand these
methods can take full advantage of compilation techniques devel oped for other logic pro-
gramming languages, e.g., (Freireet al., 1996, Swift and Warren, 1994a, Warren, 1983).
This greatly improves the practical efficiency of query evaluation in the case of Datalog
(Swift and Warren, 1994b). We show that similar results can be achieved for constraint
extensions of Datal og.

In this paper we try to combine the advantages of the above two approaches. We propose
an evaluation method, Constraint Memoing, applicable to constraint-based extensions of
Datalog (Datalog®), that has the following features:

e Integrated Constraint Representation. Constraint Memoing integrates the constraints
as first-class data into the evaluation procedure. This approach is different from
most CLP systems, where constraints are handled by a separate constraint solver
(Jaffar and Maher, 1994). We propose much tighter integration of constraints into
the query evaluation: they are handled very similarly to standard ground tuples (or
terms in the CLP systems). This is achieved by defining several constraint opera-
tions over the representation of the constraints that are used by the query evauation
algorithm (cf. Definition 2). Moreover, the same operations are also needed for the
bottom-up evaluation (Kanellakiset a., 1995) and thus we can reuse results obtained
in (Kanellakiset al., 1995, Revesz, 1993, Srivastava et a., 1994, Toman et a., 1994).

e Termination. Constraint Memoing guarantees termination of queries for al classes of
congtraintsthat have aterminating closed-form bottom-up eval uation procedure. Also,
the complexity bounds of the bottom-up procedure are preserved.

e The expressiveness of the language can be easily extended to accommodate various
classes of congtraints as long as every class of constraints is equipped with several
elementary operations on the underlying representation of the constraints. This step
is quite subtle if termination of queriesis to be preserved. In contrast to bottom-up
methods, it isalso possibleto extend the query languageto classes of constraints, where
terminationisnot guaranteed. Even inthose cases the a gorithm reduces the possibility
of non-termination (Sagonas et al., 1994).

e The use of a top-down method alows a fully goal-oriented query evaluation: the
information present in partialy instantiated queries is used to prune the search space
of queries. The efficiency achieved by this method is better than the efficiency of
comparable bottom-up methods including program rewriting techniques (e.g., Magic
Set Transformation).

e Thetop-down evaluation strategy alows adirect use of the results obtained in the area
of compilation techniques for logic programming languages (Gao and Warren, 1993,
Swift and Warren, 1994a, Warren, 1983). Handling the constraints as first-class data
allows us to use these techniques for query evaluation in constraint databases.

In (Ullman, 1989) the bottom-up approach (equipped with a query transformation phase)
is shown to be no worse than the top-down approach for restricted classes of Datalog
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programs over ground relations. We show that the top-down approach is no worse than
the bottom-up approach in the worst case, and in many empirical examples the top-down
evaluation is much faster than the bottom-up evaluation of the same query.

The rest of the paper is organized as follows: section 2 introduces the constraint rep-
resentation, the abstract constraint operations, and a closed form bottom-up evaluation
procedurefor Datalog® interms of these operations. Section 3 describes the proposed eval -
uation method, Constraint Memoing, includes the soundness, compl eteness, and termina
tion proofs, and discusses possi bl e opti mi zati on techni ques specific to the proposed method.
Section 4 introduces a general Magic Templates transformation (MT€) for Datalog® for
comparison purposes. Section 5 studies both the analytical complexity of query evaluation
using Constraint Memoing and gives resultsthat provide empirica evidence of the practi-
cality of the proposed eval uation method. Section 6 concludes the presentation with abrief
discussion of therelated work and with possibilitiesof further improvements and directions
for research.

2. Preliminaries

This section introduces the basic building blocks in terms of which the evaluation of
Datalog® queriesis defined. Also, for reference, the standard bottom-up query eval uation
procedureisintroduced in terms of these building blocks.

DEFINITION 1 Let Cy be a set of satisfiable atomic constraints. We define € to be the
least set of constraints closed under the following rules:

1. truee C.

2. Cy CC.

3. ifCy,Cy € Cand C7 A O issatisfiablethen C; A Cy € C.

4,

if C € Candz € FV(C') thenthere exists a quantifier freeformulaCy v ...V Cy (in
DNF) equivalent to 3z.C' such that C; € C for every satisfiable C; where(0 < ¢ < k.

5. if C € C and § isarenaming of variablesthen C'6 € C.

FV(C) denotesthe set of free variablesin C'.

Thisdefinitionissimilar to the definition of Constraint Domain (Jaffar and Maher, 1994).
However, C contains only satisfiable constraints. The elements of C are used as afinite
representation of the (possibly infinite) relations stored in a constraint database. The query
evaluation over such arepresentation is based on the following operations:

DEeFINITION 2 (CONSTRAINT CLAss) LetV bea set of variables. A Constraint class
isa set of constraints C from Definition 1 equipped with the foll owing (computabl €) oper-
ations:

Constraint Conjunction A€ : C x C — CU{ L} that for every pair of constraintsC;, C-
computes the conjunction Cy A Cs if the conjunction is satisfiable; otherwise it fails
(returns L1).
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Congtraint Projection 3¢ : P, (V) x € — Pan(C) that for every congtraint C and every
finite set of variables V' computes the set {C;} that satisfies the condition

\/ C;| = 3Jzy.- 32,0
C,€3C(V,C)

wherez; € V for 0 < j < {. Notethat by Definition 1 the functionis well defined and
always returns a finite subset of C.

Constraint Subsumption <¢: € x € — bool that satisfies following condition:

C, <€ CyimpliesCy D Cs

Thefirst two operationsare, intheworld of constraints, the equival entsof relational algebra
join and projection operations. However, whilein the case of ground tuplesthe projection
returns always only one tuple (constraint), in the case of more genera constraints the
congtraint projection may return a set containing more than one constraint representing a
digunction (Toman et d., 1994, Williams, 1976).

ExampLE: In (Toman et a., 1994) we considered the following example: Assume that
we want to eliminate quantifier 3y from the constraint:

F)(z+er<yAy+es<zAy=gd)

Clearly we cannot replace it smply by = + ¢; + ¢ + 1 < z asin the case of gap-order
congtraints: we need to take into account the periodicity constraint y =4, d, i.e., we need to
make surethat thereisat least oneinteger of theform {d + nk} between z + ¢ and z — ¢s.
Thus, the equivalent quantifier-free formulais

(z4+ear+1)=d AN zt+ert+eat+l<z V
(z4+e1+2)=xd AN z+ert+eat+2<z V

(z4+er+k)=kd AN zt+ert+eatk<z

It iseasy to see that the variable y was successfully eliminated and the resulting constraint
isadigunction of conjunctionsof periodicity and gap-order constraints. O

Thelast operation, the constrai nt subsumption, repl acesthe duplicate elimination for ground
tuples. Notethat the £€ isnot uniqueby definitionand does not haveto imply 7. However,
a better approximation of O relation by the <€ operation reduces the number of possible
duplicate answers and improves the efficiency of the evaluation methods. In the following
text we omit the superscripts©. We aso use astrict (L-preserving) version of AC.

The following definition states a fundamental property of constraint classes on which
the termination proofs of bottom-up query evaluation procedures are implicitly based
(Revesz, 1993, Srivastava et ., 1994, Toman et a., 1994, Ullman, 1989).
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DEFINITION 3 (CONSTRAINT-COMPACT CLASS OF CONSTRAINTS) Let C bea con-
straint class. If for every finite set of variables V' and for every set D C C suchthatvVC €
D.FV(C) C V thereisa finite subset D, C D such thatVC € P.3C" € Dq,.C <€ C'
(i.e,, Dan covers D with respect to <€) then C is constraint-compact.

This property plays a central role in the termination proofs of both the bottom-up based
query evaluation procedures (cf. Section 2.1) and the top-down query eval uation procedure
developed in Section 3. In genera, the above condition could be weakened to require
only that every infinite set of constraints contains a finite cover (where every constraint
is covered by possibly severa elements of the cover). However, the use of the weaker
definition may require much more expensive subsumption checks (Srivastava, 1993). The
two definitions are equivalent for constraint classes that satisfy the single subsumption
property (Maher, 1993).

Example4 (Common Constraint Classes) Standard Datalog can be defined using the
class of constraints generated from the set {x = a : @ € A} where A is the set of dl
congtants in the Datal og program (the active domain (Abiteboul et a., 1995)).

Allowing general equality may cause problemsto the standard eval uation strategies (rules
may not be range-restricted). However, in our case we simply generate the appropriate
class of constraintsfrom theset {z = a : a € A} U {z = y}. The evaluation remains
otherwise unchanged as we use more general eval uation mechanism.

Incorporation of more interesting constraints, e.g., constraints over integers (7) is aso
easy: thegap-order congtraints (Revesz, 1993) are generated fromtheset C.z = {z < u :
ue A}U{u<z:u € A}U{z+c < y:ce Zt}. Similaly theperiodicity constraintsare
generated fromC=y; = {2 =; ¢ : ¢ € A}. In(Toman et d., 1994) a closed form bottom-
up evaluation procedure for C= «z = C<z U C=z was developed including the constraint
operations from Definition 2. The dense order constraints over () can be incorporated by
a dight modification of constraint operationsdefined in (Kanellakis et al., 1995).

All the above constraint classes are constraint-compact. However, there are aso con-
straint classes where all the constraint operations are defined, but which are not constraint-
compact, e.g., the class generated fromthe set {z + ¢ < y : ¢ € Z} (gap-order constraints
with possibly negative size of the gap (Revesz, 1993)) or the linear arithmetic constraints
(Kanellakis et a., 1995).

DEFINITION 5 (DATALOGS PROGRAM) Let C be a class of congtraints. A atom is a
predicate symbol with distinct variables asits arguments. A Datalog® isa set of clauses of
theform

A+« D, By,..., B

where A and B; areatomsand D € C.

We assume that the extensional database (EDB) is represented by a set of unit clauses
A « D asapartof theDatalog® program. A query over such database isatuplecontaining
an atom and a constraint the returned tuples have to satisfy.

DeriNiTION 6 (QUERY) Let P be a Datalog® program, G an atom, and C' € C. e
call thetuple (G, C, P) a query. The answer to thequery (G, C, P) isa set of valuationsf
suchthat P = (G A C)6. A query evaluation procedure is an algorithmthat computes an
answer to the query. A query ispartially instantiated if the constraint C' isnontrivial (i.e,
C # true).
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2.1. Closed-form Bottom-up Evaluation

The usual approach to query evaluation for Datalog® is a variation on the bottom-up
evaluationagorithm (Ullman, 1989). Initssimplest form abottom-up eval uationagorithm
is defined as follows:

DEFINITION 7 (INTERPRETATION) Let R(z4,...,2;) beanatomand C' € C a con-
straintsuchthat V' (C') C FV(R). Apair (R, C') isaconstraintatom. A(C-)interpretation
isa set of constraint atoms.

Constraint atoms play the role of ground atoms (tuples) stored in a standard relational
system. Thedefinition of the TP operator isnow similar to the definition of the correspond-
ing operator on ground atoms. However, in this case all the operationsin the definition of
TP are defined with respect to the chosen class of constraintsC (see Definition 2).

DEFINITION 8 (IMMEDIATE CONSEQUENCE OPERATOR) Let P be a Datalog® pro-
gramand / aC-interpretation. We define

TP¢(I) = {(A,C"): A« D,By,... By € P,
(B;,C;) e Iforall0<i<k,DeC,
C=DACI{AN.. NCyexists, C' € 34.C,
andif ¢ < C" for some (A, C") € I thenC’ = C"'}

where 34 isashorthand for Az.3¢(FV (z) — FV(A), z). Thevariablesinthe constraints
are renamed using the variable names in the associated atoms of the clause.

The bottom-up eval uati on al gorithmremai ns unchanged: all the modificationsneeded for
the evaluation of constraint queries are encapsulated in the definition of the TP operator.

Algorithm 9 (Naive Bottom-up Evaluation) Let (G, C, P) be a query. The following
algorithm computes the answer to this query.

I=40
repeat
J, I :=1TPc(I)
while J # 1
return {C' A D : (G, D) € I}

This arrangement aso shows how other TP-based evaluation procedures can be utilized
for constraint query evaluation, e.g., the semi-naive bottom-up evaluation (Ullman, 1989).

Algorithm 9 was shown to be sound and compl ete for Datal og (Ullman, 1989), Datalog<©,
and Datalog<-=# (Revesz, 1993, Toman et a., 1994). A simplegeneraization of theproofs
in (Toman et al., 1994) shows soundness and completeness of Algorithm 9 for a general

classC:

Notation 10 Let S C €. Then||.S|| istheset of valuationsd suchthaté = C for some C' €
S. For a constraint interpretation 7 we define || || = {A6 : (A,C) € 1,6 E C}.

Theorem 11 (Soundness and Completeness) Let P bea Datalog® program. Then

b WRIf = TP ().
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Proof: By simultaneous induction on stages of TP and TP¢. The base case holds
vacuously. Leti > 0. G¥ € TP'()). Then there is ¢ an extension of 4 and a clause
G « D,B;,...,BrinPsuchthaté = D and B;# € TP*~'(f)). Then by the induction
hypothesis B;# € || TP, (#)||. Thus for each B; there is a congtraint C; such that
(B;,C;) € TP (B) and § | D ACy A ... A Cy. By definition of TP¢ there is
A€3IgDACLA...ACy suchthat 9 = A. Therefore 9 € || TPL(0)||. The other
direction is similar. [ |

Theorem 12 (Termination) Let C be a constraint-compact class of constraints. Then
Algorithm 9 terminates for every Datalog® query.

Proof: Immediatefrom Definitions3 and 8. Assume, that Algorithm9 does not terminate.
Theninevery iterationit generatesa constraint atomthat isnot subsumed by any previously
generated constraint atom. As there are only finitely many different predicate symbolsin
every Datalog® program, there must be at least one symbol, that occurs infinitely often
among the generated atoms. However, thisis an infinite set of constraints over a fixed
finite set of variables and thus it must contain a finite constraint cover by Definition 3; a
contradiction. ]

All the constraint classes in Example 4 have a closed-form terminating bottom-up eval-
uation procedure (based on Definitions 8 and 9).

2.2. Goal-oriented Evaluation Strategies

There are several standard improvementsto the naive bottom-up evaluation algorithm, e.g.,
thesemi-naive algorithm (Ullman, 1989). However, these strategiesfail totakeintoaccount
theinformationcontainedinapartially instantiated query: they are not goal-oriented. There
are two major approaches to solving this problem in the case of standard (ground) Datal og:

1. Rewrite the origina program using the Magic Templates (MT) transformation tech-
nique (Bancilhon et a., 1986, Ramakrishnan, 1991) and subsequently evaluate the
transformed program bottom-up, or

2. Adopt avariant of atop-down evaluation strategy (Clocksin and Mellish, 1987) based
on the resolution principle (L1oyd, 1987).

Inthispaper weconsider mainly thetop-down, resol ution-based methods. However, theMT
optimization for constraint deductive query languagesis a so beintroduced for comparison
purposes. Itiswell known that the standard top-down strategies, e.g., the SLD-resolution
(Clocksin and Méllish, 1987), despite their efficiency, have a major drawback as query
evaluation procedures. they lead to nonterminating computations even in the situations,
where the bottom-up algorithms are guaranteed to terminate. Note also that breadth-first
traversal of a SLD-tree does not guarantee termination in general.

The drawback is caused by occurrences of infinite paths in SLD search trees. This has
been observed in several papers, e.g., (Chen and Warren, 1993, Tamaki and Sato, 1986)
and an aternative to SLD-resol ution was proposed (under various names). The main idea
lies in remembering answers for already resolved subgoals. This approach guarantees
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termination in the case of function-free logic programs (Swift and Warren, 1994b). We
extend this method to constraint deductive queries while preserving the termination and
complexity bounds of the bottom-up evaluation algorithms.

3. Top-down evaluation for Datalog®

In the last section the bottom-up eval uation of Datalog® was defined in terms of el ementary
operations over a given constraint class. This section shows how atop-down query evalu-
ation procedure (SLG-resolution (Chen and Warren, 1993)) can be refined using the same
operations to handle constraint queries. This approach alows us to build an efficient top-
down evaluation procedure for every class of constraintsthat has a closed form bottom-up
evaluation procedure. Moreover, the termination and complexity bounds of the bottom-up
algorithm are preserved.

Themodification of the (positive fragment of the) SL G resol ution for Constraint Memoing
(SLG resolution) is defined by the following set of rewriting rules:

DEFINITION 13 (SLGS REWRITING RULES) Let C bea congtraint classand
root((; C), body(G; By, ..., B; C), goal(G; B,C’; Ba, ..., Bg; C), and ans(G, A)

where G isan atom, By, ..., B, areliterals, and C, C’, A are constraintsin C, be nodes
from which we build S_G-trees using the following rules:

Action/Node Children Conditions

Clause resolution

body(G; Bi,..., Br,;C A DY) forall 0 < i < I suchthat
root(G; C) G« D,Bi,...,B,, €P
bOdy(G,Bi, 7Bll€l70/\ Dl) and C A D! is satisfiable

u rojection
Qeryp ) goaI(G;Bl,Cl;Bg,...,Bk;C)

body(G; By, ..., Bk; C) foral C; € 3g,.C

goal(G; By,Cy; B2, ..., B; C)

Answer propagation
| |

bOdy(G,BQ77Bk7C/\A1) fOra” Ai c ans(B,C")
goal(G; B,C'; Bz, ..., Bi; C) : whereC’ <. C"
body(G; Bz, . .., Bk; C A A) and C A A; issatisfiable

Answer projection
| |

ans(G; Ar)
body(G; ; C) foral A; € 3¢.C
ans(G; Ar)

where G, B;, and B} are atoms, A;,C,C",C",C;, D' € €, and ans(B,C") is the set
of answers collected from the leaves of the S_G-tree rooted by (B, C"') (introduced in
Notation 16).

A SLG-tree is a tree built from a node root(G; C) by a finite application of the above
rules. A SLG-forest isa set of S_G-trees.



MEMOING EVALUATION FOR CONSTRAINT EXTENSIONS OF DATALOG 345

Note that the Answer propagation and Answer projection rules have to cooperate: every
time a new answer—an answer not subsumed by any answer in the same tree generated
earlier—isproduced, it is propagated to al the nodes that have already been resolved using
answers from this particular tree. Also, the Answer propagation rule is responsible for
creating new SLG-treesin the SLG-forest when no tree with aroot node that subsumes the
goal to beresolved can be found.

In the presented form the Query projection ruleimplementstheleft-to-right selection rule
(common to most of the LP systems). However, any other goa selection strategy can be
implemented here, e.g., selection based on specific SIPS—Sideways Information Passing
Style (Ramakrishnan, 1991).

The main difference between SLG and SLGC isintwo additional rules: the Query Projec-
tion and the Answer Projection. The Query Projection ruleis responsible for determining
what are the goals to be resolved by answer resolution (i.e., what is the goal-constraint
pair to be looked for among the already computed answers). The Answer Projection
is responsible for storing the computed answers for a given goa for subsequent lookup
and propagating them to the appropriate goal nodes. Note the essential use of constraint
projection which allowsto determine the relevant constraint for every atom.

The SL G-resol ution can handlenegation using additional rules(Swift and Warren, 1994b,
Toman, 1997). However, our proposa currently allows only positive programs. Adding
negation is briefly discussed in Section 6.

The SLGC rewriting rules are used for the query evaluation as follows:

DeFINITION 14 Let SLG(G, C) be the SLG-forest generated from the query (G, C, P)
asfollows:

1. create a SLG-forest containing a singletree {root(G; C)}.

2. expand theleftmost node using therulesin Definition 13 aslong as they can be applied.
3. returnthe set ans(G, C) asthe answer for the query.

Let slg (G, C') be a SLG-tree rooted by the noderoot (G C).

We order the answers (i.e., thenodes ans(G; C)) inthe SLG-forest according to the order
in time in which they were derived:

DEeFINITION 15 Letans(G; A) andans(G’; A') beleavesin the SLG-forest generated by
the SLG-rules (cf. Definition 13). Then we say that ans(G'; A) is older than ans(G'; A') if
thenode ans(G; A) is generated before the node ans(G'; A').

We assume that the SL G-trees are ordered | eft-to-rightin the order they were created. The
choice of selection strategy does not affect the soundness/completeness of the algorithm
(Lloyd, 1987). However, the selection strategy may influence the efficiency of the system
(cf. Section 6).

Notation 16 Let ans(G, C') betheset of all A such that ans(G; A) € slg(G, C') andif an
older ans(G; A’) € slg(G,C) then A £ A’.

Lemmal? Let ans(G; A) be aleaf of the SLG-tree slg(G, C'). Then for every applica-
tion of the answer propagation rule along the path root(G; C) — ... — ans(G; A) if
ans(G'; A’) was a propagated answer then ans(G’; A’) isolder than ans(G; A).
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Proof: Immediate fromthe Definitions13, 14, and 15. [ |

Soundness and compl eteness of Constraint Memoing isproven by reductionto soundness
and compl eteness of bottom-up eval uation (Algorithm9). Notethat the set ans(G, C') may
not be unique and depends on the order in which the nodes ans(G; A) are generated.
However, for our purposesit is sufficient that the set of valuations || ans(G, C')|| is unique.

Lemmal8 Let slg(G,C) be a S .G-tree and ¥ a valuation. Then ¢ € || ans(G, C)||
impliesvy = C.
Proof: By induction on the height of the SLG-treeslg(G, C). ]

To prove correctness of the algorithm we show that al the derived answers are also
derived in the bottom-up computation:

Lemmal9 Let (Go, Co, P) beaquery. Then for every slg(G, C) € SLG(Gy, Cy) and
every valuation 9
Y€ ||ans(G,C)|| = G¥ € TP¥(0).

Proof: Inductiononthe” age” of answers: Letans(G; C’) € slg(G, C') suchthatd |= C”.
Then there isa path

root((G; C) — body (G; B, ..., Bg; C1) — ... — ans(G; (') € slg(G, C)

that starts with a Clause Resolution step using a clause G «+ D, By,..., B, € P (cf.
Figure 1). By Definition 13, C* € 3g.C A D A A1 A ... A A, where A; is an answer
propagated from the SLG-trees slg(B;, C;). Thus, there exists § an extension of 4, such
thatd =E CADAA; A...NAg. Clearly, § E A; for 0 < ¢ < k. By Lemma 17 all the
answersans(B;; A;) used along this path have been computed before ans(G'; C*)and thus
by the induction hypothesis we have B; 6 € TP“(()). By definition of TP and the fact that
6 = D wehave G§ = G € TP (0). ]

Thus, al answers—not only for the main query, but also for al subqueries represented
by the SLG-trees in the SL G forest generated from the main query—are sound.
Lemma20 Let G beanatomand C4, Cy € € constraints. Then

Cy <Cy = |lans(G,Ch)|| C ||ans(G, Ca)||-

Proof: Immediate fromthe definition of ans and Lemma 18. [ |

The next thing to show is that the algorithm computes al the answers to the given query.
Thisisalittle bit more complicated, as the agorithm does not compute all the answers to
an uninstantiated query like the bottom-up evaluation does. However we can show:

Lemma?2l Let (Go,Cyo, P) beaquery. Then for every slg(G, C) € SLG(Gy, Cy) and
every valuation 4

GIeTPY(B) NI EC = V€l ans(G,0)|.
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Operation SLG-treefor god (R, Co) Other SLG-trees
root(R; Cop)
Clause resolution
R« D,B;,...,BL €P
Cy:=CogAD
body(R; B1, ..., Bk;C1)
Query projection
3p,.C1=Ci{v...vC¥
Cisef’
goal(R; B1,C1; B2, ..., Bx;C1) — root(B1;C})
Answer propagation o o g
LetCy = Cy A A SLG-tree
new 4, \
body(R; Bz, ..., Bg; C2) ————— .- ans(B1;41) ---
_ c;gcc’
g°a|(R§Bk;CL; 3 Cr) — root Bk,C’k)
Answer propagation
Let Cry1 := Cr A Ag SLG-tree
\ new A
body(R; ; Ci+1) ————— - ans Bk,Ak)

Answer projection
HR.Ck+1 = A1 V...V 4

ans(R; A;)

Figure 1. SLGC Evaluation of goal R w.rt. aconstraint Cy.

Proof: By induction on stages of TP. Let G¥ € TP*()) and ¥ |= C. The claim holds
vacuoudly for ¢ = 0. Letz > 0. Thenthereisaclause G «+ D, B;,..., By € P and
an extension ¢ of ¥ such that @ = D and B;6# € TP'~'(f). We can construct a path
inslg(G, C) that ends with a node ans(G; A’) such that ¢ = A’. Using the assumption
¥ | C wehaved |= C' A D (this corresponds to the application of the Clause Resolution
rule). Thus, 6 |= C for at least one element C of 35, C' A D. By theinductive hypothesis
6 € || ans(By, C)||. Thisfactin turnyieldsanode ans(Bi; A1) € slg(Bi, C1) such that
6 = A:. Again, using the previous assumptions, # |= C' A D A A;. Ingeneral, let C! bean
dementof 3p,.C A DA A1 A ... A A;_;. Clearly, by i — 1 applicationsof the induction
hypothesis, # |= C}. Then byinduction hypothesison B; wehave# € || ans(B;, C})||. This
exactly corresponds to an application of the Query Projection and Answer Propagation
rules from Definition 13.

After k stepswehaved = CADAA; A ... A Ag. Thus, 9 | A’ for some element A’ of
da.CADANAL A ... A A (thisisachieved by the Answer Projection rule), and therefore
¥ € ||ans(G, C)||.

In the actual algorithm, the application of the Answer Propagation rule does not nec-
essarily use the tree slg(B;, C}) for answer resolution. However, if a different tree
slg(B;, C!') is used then it is always the case that C! <. C!. Thus, by Lemma 20,
| ans(B;, C})|| C || ans(B;, C;’)|| and no answers can possibly belost. [
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root(te(X,Y); [X = b])

Fbody(te(X,Y);te(X, Z),te(Z,Y);[X = b])
Lgoal(te(X,Y); te(X, Z),[X = b];te(Z,Y);[X = b])
Fbody(te(X, Y); 1e(7,Y ), [X = b, 7 = <))
Lgoal(te(X,Y);te(Z,Y),[Z = ¢c];;[X =b,Z = ¢])
Fbody(te(X,Y);;[X =b,Z =¢,Y =]
Lans(te(X,Y);[X =b,Y = b))
Fbody(te(X,Y);;[X =b,Z =¢,Y = ¢]
Lans(te(X,Y);[X =b,Y =¢])
Lbody(te(X,Y);;[X =b,Z =¢,Y = d]
Lans(te(X,Y);[X =b,Y = d])
Fbody(te(X,Y);tc(Z,Y);[X =b,Z = b))
Lgoal(te(X,Y);tc(Z2,Y),[Z = b);;[X =b,Z = b))
Fbody(te(X,Y);;[X =b,Z=0bY =]
Lans(te(X,Y);[X =b,Y =¢])
Fbody(te(X,Y);;[X =b,Z =b,Y = b]
Lans(te(X,Y);[X =b,Y = b])
Lbody(te(X,Y);;[X =b,Z=0b,Y = d]
Lans(te(X,Y);[X =b,Y = d])
Lbody(te(X,Y);te(Z,Y);[X =b,7Z = d])
Lgoal(te(X,Y);te(Z2,Y),[Z =¢];;[X =b,Z = d])
Lbody(tc(X,Y);e(X,Y);[X = 8]
Ugoal(tc(X, ¥), €(X,¥), [X = 8];; X = b))
Lbody(te(X,Y);;[X =b,Y =¢])
Lans(te(X,Y);[X =b,Y =¢])
root(te(X,Y); [X = ¢])
Fbody(te(X,Y);te(X, Z),te(Z,Y);[X = ¢])
Lgoal(te(X,Y);te(X, Z),[X = c];te(Z,Y);[X =¢])
Fbody(te(X,Y);te(Z,Y);[X = c7 Z =b]
Lgoal(te(X,Y);tc(2,Y), [ 155[X =¢,Z = 8]
Fbody(te(X,Y);[X = ¢, Z =bY =]
Lans(te(X,Y ) [X =¢,Y =¢]
Fbody(te(X,Y);[X =¢,Z =bY =]
|—ans(tc( ) [X =¢, Y =18]
Lbody(te(X, ) =c¢,Z=0bY =d
'—ans(tc( Y);[X =¢, Y =d]
Fbody(te(X,Y);te(Z, Y) [X =¢,Z =]
Lgoal(te(X,Y);te(Z,Y),[Z =¢];;[X =¢,Z =]
Fbody(te(X,Y);[X =¢,Z =¢,Y =]
Lans(te(X, }) [X =¢, Y =18]
Fbody(te(X,Y);[X = ¢, Z=c Y = (]
—ans(tc(X Y) [X =¢,Y =¢]
Lbody(te(X,Y);[X = ¢, Z=c Y = ¢]
|—ans(tc(X Y)[X =¢,Y =]
Lbody(te(X,Y);te(Z,Y);[X = c Z = d]
Lgoal(te(X,Y);te(Z,Y),[Z = d];;[X =¢,Z = b]
Lbody(tc(X, ¥): e(X, Y); [X = cl)
Lgoal(te(X,Y);e(X,Y), [X = c];;[X = c])
—body(tc(X, Y);;[X =¢,Y =0)])
Lans(te(X, [X =¢, Y =10)])

(te(X,Y);
L body(te(X, Y), [X =¢,Y =d])
Lans(te(X,Y);[X =¢, Y =d])

)

root(te(X,Y); [X = d])
Fbody(tc(X,Y);te(X, Z), tc(Z Y);[X =d])
Lgoal(te(X,Y); te(X, Z),[X = d];te(Z,Y);[X = d])
body(te(X,Y); e(X,
Lgoal(te(X,Y);e(X,Y), [X = d];;[X = d])

Y);[X = d])

D. TOMAN

initial query node
getresultsfor X = &
answer from node(7)
get resultsfor X = ¢ (— 10)
answer from node (17)
new answer for X = b
answer from node (30)
answer from node (40)
new answer for X = b
answer from node (20)
getresultsfor X = &
answer from node(7)
answer from node (20)
answer from node (44)

answer from node (44)
get resultsfor X = d (— 49)

new answer for X = b
subquery from (9)

get resultsfor X = ¢
answer from node (17)
getresultsfor X = &
answer from node(7)
new answer for X = ¢
answer from node (20)
answer from node (44)
answer from node (30)
get resultsfor X = ¢
answer from node (17)
answer from node (30)
answer from node (40)

answer from node (40)

new answer for X = ¢
new answer for X = ¢

subquery from (48)

answer from node (40)

The First column indicates the order, in which the individual nodes have been created, the second
column shows the SLG-trees generated, and the last column describes how answers have been
generated by the SL G-trees; the relation e representsthe edgesin the grapha — b Z ¢ — d.

Figure 2. Annotated SLG evaluation of query tc(X,Y) for X = b.
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By composing the previous Lemmas we have:

Theorem 22 (Soundness and Completeness) Let (G, C, P) be a query tuple. Then for
all valuations ¥ such that ¥ |= C'

G € TPY(0) < 9 € ||ans(G, C)||.

Proof:  Soundness follows from Lemmas 18 and 19, completeness from Lemma 21.
|

The soundness and compl eteness proof is based on the reduction to the fixpoint computa
tion on ground instances. However, to prove termination of the query eval uation algorithms
(in both the bottom-up and top-down cases) afinite encoding of a potentially infiniteresult
of the evaluation is needed (Revesz, 1993, Toman et al., 1994):

Theorem 23 (Termination) Let C be a constraint-compact class. Then the SLG evalua-
tion terminates for all queries (G, C, P).
Proof: Let C be a constraint-compact class of constraints. Then:

1. The number of trees in the SLG-forest SLG(G, C) is finite, as there are only
finitely many predicate symbols G’ € P and for every predicate symbol the set
{C; : root(G', C;) € SLG(G, C)} isfinite by Definitions 3 and 13.

2. Every root node hasfinitely many children, asthere are only finitely many clausesin
P.

3. Every body node hasfinitely many children, asthe set 3 .C isfinitefor any C' € C.

4. Everygoal nodeasonlyfinitely many children, asthereareonlyfinitely many el ements
inthe set ans(G’, C”) for any atom G’ and C” € C by Definition 3.

5. BEveryslg(G, C) hasfinite depth, because of finite number of subgoalsin the bodies
of each clausein P.

Therefore the rules from Definition 13 can be applied only finitely many times. ]

The termination of the Constraint Memoing algorithm is guaranteed in all cases when
the bottom-up a gorithm terminates computing a finite interpretation TP¢ (#). Moreover,
itisusually easy to decompose the origina bottom-up eval uation procedure and extract the
elementary operations on constraints needed for Constraint Memoing (Definition 2).

3.1. Optimization

To reduce the overhead introduced by the SLGC resol ution (in comparison to standard SLD
resolution) we explore several possibilities:
1. Solving more genera goalsthan necessary:

Action/Node Children Conditions

uery projection .
Q P goal(G; By, Cy; Ba, ..., Bi; C)
. EBI.CDCl\/...VCl

body(G; By, ..., Bx; C) { : for someCh, ..., C
goal(G; B1,Cy; Bs, ..., By; C)
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This modification may reduce the number of SLG-treesin the SLG-forest (in cases where
|35,.C| > ). However, the propagation of constraints at the time of goal resolution
is reduced. The soundness and completeness properties are preserved by Lemma 20.
The termination is guaranteed similarly to Theorem 23. In (Gao and Warren, 1993) the
following version of such a modification was considered:

Action/Node Children Conditions
Query projection
body(G; B1, ..., Bx; C) — goal(G; By, true; Ba, ..., Bi; C) none

In this case, there is only one SLG-tree per predicate symbol. On the other hand, no
congtraints are propagated at the time of goal resolution—the constraints are used merely
to restrict the returned answers. Thus, the computation essentially computes all answersto
an uninstantiated query similarly to the bottom-up a gorithm, and the performance suffers:
The performance is approximately the same as eval uating the uninstantiated query.

2. Mixed SLG and SLD resolution (by memoing only subset of the predicate symbols
present in the program).

Action/Node Children Conditions

| Non-tabled resolution |

body(G;Bll,...,Bli17
. 1
Bay..., B, CADY)  gor By not tabled goal
body(G; B1, ..., By; C) : Bi« D', Bi,..., B, €P
bOdy(G;Bi, '7Bllcl7 and C A D* satisfiable
Bs,...,By;C ADY

Thisis a different way of reducing the number of SLG-trees generated by the algorithm:
SL G-trees are generated only for a subset of the predicate symbolsin P. The remaining
symbols are aways resolved using program clauses, similarly to SLD-resolution. Again,
soundnessand compl eteness are preserved (by simplemaodification of Theorem 22). Termi-
nation is guaranteed if and only if at least one predicate isresolved by the SLGC resolution
for every cycle in the dependency graph of P (thisfollowsby an easy extension of The-
orem 23). Otherwise, an infinite branch may appear in some of the SLG-trees. This may
lead to non-termination similarly to the case of SLD-resolution.

Also, asthereis only a bounded number of SLD resol ution steps between any two SLGC
resol ution steps, the bodies of the non tabled clauses can be unfolded in the bodies of their
calers. Thistransformation completely eliminatesthe need for non tabled resol ution steps.
3. Program transformation similar to supplementary magic (Ramakrishnan, 1991). The
previousfolding transformation may introduce unnecessary recomputation of conjunctions
of goas. This can be avoided by a technique that folds common parts of bodies of the
clauses and creates separate clauses. Notethat the recomputation is avoided by making the
heads of such clauses tabled—resolved by the SLGC resolution.

The last two optimizations are based on program transformations. However, in contrast
tothe Magic Transformation, these two transformationsare compl etely query-independent.

4. Magic Templates Transformation for ¢ (MT€)

This section describes a simple version of the program transformation approach to the
goa-oriented query evaluation in constraint deductive databases—the Magic Templates



MEMOING EVALUATION FOR CONSTRAINT EXTENSIONS OF DATALOG 351

transformation (in the constraint setting the difference between Magic Sets and Magic
Templates is blurred). The transformation has to be dlightly modified in the context of
constraint databases.

Algorithm 24 (MT program transformation)

mst(G,C, P)={A + D,magicA, By, ..., By,
magicB; < D, magicA,

magicB, < D,Bi,...,By_1,magicA: A« D,By,...,By € P}
U {magicG + C; : C; € 3cC}

where magicA, magicB, , ..., magicB, are the magic atomsfor A, By, ..., By, respec-
tively.

Again, for simplicity, only theleft-to-right SIPSisused. Thiscorrespondstothe selection
rule used in Constraint Memoing. In both cases, different selection rules may improve the
efficiency of query eval uation (Ramakrishnan, 1991). However, inthecaseon MT, the SIPS
is fixed during the program transformation phase and there are technical difficulties with
combining different SIPSin one program. Inthecase of SLG® evaluation, the selectionrule
can be adjusted during the eval uation process dynamically while preserving correctness of
the answers.

The Magic Templates transformation is often preceded by an adornment transformation
(Ramakrishnan, 1991). The adornment phase is designed to partition the search space
according to (the statically derivable) information about free and bound arguments of the
literals. The purpose of thistransformation isthreefold:

1. The origina purpose of the adornments was to project out al the arguments that are
not bound and thus guarantee that only ground tuples are generated (in the constraint
setting thisis not needed).

2. The other important consequence of using adornments is the possibility to reduce
the arity of literals in the bodies of clauses. This leads to more efficient bottom-up
evaluation: reduction of arity by one may cause linear speedup (Kemp et a., 1990).

3. The adornment partialy factors the search space and allows to propagate only the
needed restrictions.

In the SLG® case the first use of adornments is not needed (similarly to the bottom-
up procedure for constraints: Algorithm 9). Thus we implemented the MT without the
adornment phase. The second and third uses are also partially achieved in the top-down
evaluation: The factoring technique uses astatic prediction of binding patternsof literalsto
reduce their arity. However, at the runtime, these literals have to follow this prediction and
thus the effect of factoring is partially achieved using the subsumption check. Moreover,
the run-time check detects all possiblefactoring opportunities(for the particular evaluation
order) while the static methods can predict only a subclass of them. Also in many cases,
the top-down method groupsthe answersto particul ar goal s according the bindings present
inthese goas. Thisway it propagates only the relevant bindings (in the bottom-up method
this effect could be achieved by building an goal-based index on the magic atoms). Note
that this grouping of answers can not be achieved by using adornments asit depends on the
actual datain the constraint database.
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We test the relative performance of the evaluation methods by computing paths in various
graphs.

te(X 2):-tc(X Y),tc(Y, 2). pat h( X, Z): - X<Y<Z, pat h( X, Y), pat h(Y, 2).
te(X,V):-e(XY). path(X Y):-e(XY).

In the gap-order case (pat h) we only look for paths where all edges lead from nodes with
lower number to a node with higher number. We use thet ¢ and pat h programs to find
pathsin the following graphs:

D s SN
i MA o N

chain(N) cycle(N) tree(N) nmesh(N) fanchai n(M N)

The nodes of the graphs are numbered by integers from top to bottom. In the case of
gap-order Datalog, the integers are represented using constraints (e.g., i is represented by
t—1 <z < i+ 1). Notethat in the case of acyclic graphs the parent nodes are always
labeled with a smaller integer.

Figure 3. Test Programs

5. Peformance

In this section, the analytical complexity bound for the Constraint Memoing evaluation is
discussed. The complexity of the top-down evaluation depends on the particular class of
constraints C; our analysis is based on the relative comparison to the (time- and space-)
complexity of the bottom-up eval uation procedure. The analytical resultsare confirmed by
experimental results that show the performance gains achieved by Constraint Memoing.

5.1. Theory

We show that the complexity of Constraint Memoing is no worse than complexity of the
bottom-up evaluation:

Theorem 25 Let TP¢ () be theresult of the bottom-up eval uation of the query (G, C, P)
and f(n) afunction such that | TP¢ (6)| € O(f(|P])). Then

1. the SLG-forest SLG(G, C) hasat most O( f%) nodes.
2. there are at most O(f?) applicationsof the SLG® rulesin the evaluation of the query.

Proof: (1) followsfromthe observation that every S G-treein the .G forest has at most
O(f) leaves and thus also at most O( f) nodes as the height of the trees is fixed by the
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number of subgoalsin the clauses of P, and there are at most O( f) different SLG treesin
the SLG-forest asthe size of TP () limitsthe number of possible roots of the SLG-trees.

(2) follows immediately from (1) as every application of a rule creates at least one new
node in the SLG-forest. [ |

A careful implementation needs to store only a single path (of fixed length) in every SLG-
treeinthe SLG forest. Thus, the space requirements can be reduced to O( f). On the other
hand, the quadratic number of rule applications cannot be avoided in general. However,
by analysis of the bottom-up a gorithm the number of applications of clausesin P isaso
quadratic with respect to f (the bottom-up algorithm can recompute the same element of
theinterpretation several times, even if it isadded only onceto theinterpretation TP¢ (0)).

5.2.  Implementation

We have implemented experimental versions of the following deductive query evaluation
algorithms:

1. the Naive Bottom-up: a straightforwardimplementation of Algorithm 9,
2. the Semi-naive Bottom-up: a modification of Algorithm 9 (Ullman, 1989),
3. the Semi-naive Bottom-up with M T¢, and

4. the Constraint Memoing algorithm SLGC.

The implementation of each of the evaluation algorithms is parametrized on the under-
lying class of constraints. For each constraint class we provide elementary operations
on the constraint representation (cf. Definition 2) together with afew additional auxiliary
operations:

constraint _new( N, C): Givenanumber Nit returns C as the representation of the
congtraint true over N variables. This operation is used to create a fresh environment
for congtraints, present during the eval uation of the individual clauses of the Datalog®
program.

constraint _and( G C, CO, CN) : This operation computes the constraint conjunc-
tion of the constraint COwith the constraint Cwhere all thevariablesin C are renamed
with respect to the variables of the atom G. This operation is used when a constraint
derived by a subgoal of aclauseis“and”-ed to the overal constraint over the variables
in the body of the clause. The operation produces only consistent constraints; if the
conjunction is not satisfiable, the operation fails.

constraint_ge(G C,Cn): Let Gbean aom. Then Cn is a finite set (list) of
congtraints equivalent to the constraint C after al variables not in G are eliminated.
This operation isused in the Query Projection rule, where we project the constraint on
the free variables of the goal to be resolved, and the Answer Projection rule, where we
eliminate all variables not present in the head of the clause.

constrai nt _subsumes(Cl, C2) isthe subsumption checking procedure. The op-
eration succeedsif C1 subsumes C2. We can assumethat the constraintsC1 and C2 are
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Naive Semi-naive Semi-naive Top-down
Query Data Bottom-up  Bottom-up withMT
tc(X,Y) chain(32) 64590 40470 78790 29780
tc(1,32) chain(32) 64250 40310 65910 2720
tc(1,24) cycle(24) 108860 88040 102860 5740
tc(1,48) tree(64) 48570 32120 70910 6730
tc(1,36) mesh(6) 44370 19920 31940 1600
tc(0,37) fanchain(2,18) 37560 17080 35400 1520
tc(0,37) fanchain(6,6) 3530 2220 7330 610
tc(0,37) fanchain(18,2) 1260 840 3200 490
path(X,Y) chain(16) 16280 9790 31510 10780
path(1,16) chain(16) 16300 9980 22020 5500
path(0,13) fanchain(2,6) 16420 10300 37830 2700
path(0,17) fanchain(4,4) 20390 10950 26230 2990
path(0,13) fanchain(6,2) 5260 3480 14130 1790

Figure4. Running times of test queriesfor various evaluation procedures (in msec).

over the same set of variables: we only use this operation to decide if anew constraint
atom has been derived by the particular method or if anew SLG-treeis needed.

The last two operations are just for the convenience of the user of the system:
constraint _pp(C) dlows"“pretty printing” of the results of the eval uation, and

constraint _read(T, G C) alowsentering the constraints as formulas, rather than
asthe actua representation as Prolog terms.

In addition, we need to specify the Datalog® programs that we intend to evaluate. Note
that we use the same implementation of the operations on constraintsfor all the evaluation
algorithms. Thus the relative performance of these agorithms is not caused by more
sophisticated way of manipulating the constraint representation in one of the algorithms.

5.3. Experimental Results

Both the bottom-up (including the MT optimization) and the Constraint Memoing algo-
rithms have been implemented in Prolog. We would like to emphasize that neither of the
implemented evauation agorithms takes an advantage of Prolog’s top-down evaluation
strategy—all the algorithms are implemented as meta-interpreters operating on a common
ground representation of constraints (note that our top-down technique could have gained
a considerabl e advantage by using Prolog's evaluation strategy). Figure 4 summarizes the
running time of queries over graphs in Figure 3. The first line shows the performance
for the uninstantiated case. In the constraint cases (pat h) the integers in the queries are
expressed using constraints similarly to constants in Figure 3. The examples of the in-
stantiated queries are those, where the optimization achieves the least effect (in all cases).
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Bottom-Up ----

Datalog Datalog with Gap-order constraints
over 24-element chain over 16-element chain
(tc, chain(24)) (pat h, chain(16))

We measure the elapsed time to verify if there is a path from node ¢ (x-axis) to node 5 (y-axis).
The elapsed time is plotted on the z-axis. Note that in the ordered case (right graph), the constraint
propagation allows more efficient pruning than in the case of standard Datalog (left graph). Thusthe
use of constraints may improve efficiency even for standard queries.

Figure5. Elapsed time of query evaluation for all possible paths.

Theresults show that whilethe implementation of the various eval uation methods are com-
parable (the results on uninstantiated queries are approximately the same), the evaluation
of instantiated queries is much more efficient using the Constraint Memoing a gorithm.
The boost is inherent to the top-down evaluation method is not caused by using a more
sophisticated implementation. The other two experiments (Figures 5 and 6) show that
the query evauation on constraints generally follows the patterns of query evaluation on
ground representation:

o foral possiblequeriesover agiven graph (Figure5 plotstheelapsed timefor al ground
queriest c(¢, j) over an-element chain. Similar graphs can be produced for the other
structuresin Figure 3), and

o foral shapesof thegiven graph (Figure6 plotsthe elapsed timefor graphswith varying
fanout/fanin and chain lengths of f anchai n(z, y) defined in Figure 3).

Thus we can expect very efficient Constraint Memoing-based query evaluation enginesfor
congtraint extensions of Datal og whose performance will be comparable to the top-down
engines for ground Datal og (Swift and Warren, 1994a, Swift and Warren, 1994b).

6. Conclusion

We have proposed a practical approach to query evaluation for generalized constraint
databases. Both the analytical and the empirical results show that Constraint Memoing
is no worse than comparable bottom-up methods and in many cases the practica perfor-
mance is much better even when using a very naive implementation. The performance
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Datalog Datalog<%

The above graphs plot the elapsed time to find a path in the f anchai n(x, y) graph from the
top-most node to the bottom-most node (cf. Figure 3). On the = and y axes we plot the parameters
of the used graph: the fanout on the z-axis and the chain length on the y-axis. The elapsedtime is
plotted on the z-axis.

Figure 6. Elapsed time for varying fanout and chain length.

of the Constraint Memoing can be boosted by utilizing compilation methods devel oped
in (Freireet d., 1996, Swift and Warren, 1994a, Swift and Warren, 1994b, Warren, 1983)
and performance similar to ground Datalog can be expected. In addition, recent work on
scheduling of operationsintabling systems (Freire et d., 1997) shows modificationsto the
tabling strategy that make it efficient even if external storage isinvolved. The scheduling
strategies are orthogonal to the extensionsintroduced for handling constraintsand thus can
be immediately applied to our proposal.

6.1. Reated Work

Recently, there have been several other attempts to make query evaluation in the presence
of constraints efficient. There are two main directions of this research:

1. Thefirst direction has its roots in the deductive database community: Techniques for
pushing constraints present in the query were proposed in (Kemp and Stuckey, 1993,
Ramakrishnan and Srivastava, 1993, Stuckey and Sudarshan, 1994). However, thegoal
of these methods is to preprocess the query (i.e., the goa and the rules) with respect
to the given constraintsfor subsequent bottom-up evaluation. We present a completely
different evaluation strategy where the constraints are propagated dynamically without
the need for the preprocessing of the query. Also, in the standard database approach,
the congtraints are considered to be mere conditionsthat restrict the otherwise ground
answers. Constraint Memoing uses constraints as atool for representing both the data
computed by the queries and stored in the database itself (i.e., non-ground relations
are allowed). This dramatically increases the expressive power of the query language
while preserving termination and efficiency.
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2. The other direction is pursued in the area of (genera) Logic Programming: In
(Gao and Warren, 1993, Johnson, 1993, Lim and Stuckey, 1990) top-down evaluation
for constraint logic programs is proposed. However, in al cases, general constraint
solving procedures are used. Thus, these methods are not directly useful for query
evaluation in constraint databases: termination of queries cannot be guaranteed. The
closest to our work is (Gao and Warren, 1993). However, the method proposed there
allows propagation of constants only (i.e., constraints of the form z = a); the con-
straint part of the query is essentially computed bottom-up. Our approach alows full
propagation of all possible constraints during the whol e eval uation process.

6.2. Directions of Future Research

Future research in this area needs to focus on the following issues:

1. Compilation of constraints. To achieve an efficient implementation of Constraint
Memoing, data structures for efficient representation of the constraints have to be
developed. There are two main differences to be addressed:

e Inmost cases, the size of the constraint representation is bounded with respect
to the arity of a literal. However, genera Logic Programming engines allow
unbounded terms to be built. Exploring this property may lead to an efficient
stack-based implementation (i.e., without a heap) of the evaluation procedure.

e On the other hand, classica Logic Programming assumes that every (logical)
variableiseither freeor boundto asingleterm (and thisbinding can bechanged only
by backtracking). Thisassumptionisno longer valid in the presence of constraints
as more restrictive conditions may be derived after avariable is originally bound.
Also, the constraints specify complex relations between the individua variables,
which is not possiblein the standard approach.

Devel opment of such arepresentation enabl esbuilding of very efficient query eval uation
engines based on partial evaluation of the atomic constraintsin agiven class, similarly
to the WAM abstract code (Warren, 1983).

2. Anaysis of binding patterns. Similarly to the MT transformation, the queries can be
analyzed to determine the flow of information in clause bodies (Ramakrishnan, 1991).
This is a considerably more complicated task in the presence of congtraints: it is
no longer sufficient to focus on single variables; the relationships between groups
of variables have to be taken into consideration (as noted in Section 4). Also, the
assumption that all EDB relations are ground (i.e., after resolution of an EDB goal al
variables are bound to constants) is no longer valid—the generalized relations store
representation of sets of tuples that may be infinite. Such an analysis can be used for
several purposes: query optimization (M T-likerewriting), optimization of access to the
congtraint database (indexing), goa reordering, etc.

3. Interface to an existing RDBMS. As the constraints can be finitely encoded, their
representation can bestored astuplesin astandard rel ational database system. However,
guery evaluation has to be carried out with respect to the semantics of such encoding
(i.e., toperform, e.g., ajoinof two constraint rel ations, we can not usethejoin operation
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of the underlying RDBMS directly). We propose the top-down evaluation procedure
to be used as afront-end built on top of a standard relational DBMS. Similar approach
was proposed in (Freire et a., 1996, Freire et d., 1997) for the X SB deductive system.
The proposed techniques can be directly applied in the constraint setting.

4. Negation. Adding negation to Datalog® in such away that terminationis preserved, is
anontrivia task: adding negation oftenleadsimmediately to Turing completeness. Es-
sentially, adding negation (and preserving termination) would require the constraint
class to be closed under negation (complementation) while preserving constraint-
compactness. Thisconditioniseasy to satisfy in the case of finite domain constraints.
For infinite constraint classes we sometimes need to restrict the class of alowed
Datalog® programs to those, where termination can be guaranteed (Revesz, 1995).
(Toman, 1997) presents an extension of Constraint Memoing to Datalog® programs
with negation under the well founded semantics. However, the constraint class is
required to be both constraint compact and closed under complementation.

5. Storage and access methods. To achieve an efficient implementation of constraint
databases, new storage management techniques have to be devel oped: access methods
suitable for fast retrieval of the stored information, efficient updates of generalized
relations, indexing techniques (Kanellakis et a., 1993), etc.

6. Benchmarks. The performance of various implementations of Logic Programming
languages (e.g., Prolog) is often judged by the performance on a standard benchmarks
(eg., nr ev). We proposeto devel op similar benchmarksfor query eval uation methods
in constraint databases. The benchmarks should be independent of the particular class
of constraints. Such test suitewould alow usto compare performance of various query
eval uation methods.
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