Deduction in a GEFRED database using Datalog
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Abstract This fusion process requires the extension of the con-
cept of rule used by the FREDDI architecture. These
generalization of rule was introduced by Blanco et al.
[5]. This extension does not focus on the domains
but on predicates and relations among them. The
FREDDI Architecture has to be modified so that new
types of conditions, added by the GEFRED Model,
can be represented in order to soften the relations
among predicates in the rule. An approach to the mod-

ification can be found in Blanco[1].

In this paper, some considerations on ex-
tension of the Datalog language are pro-
posed in order to apply this language on
a GEFRED fuzzy relational database. For
this integration, we use some extended com-
parators from the GEFRED model and an
existing generalization of the concept of
rule to work with flexible values.

As a result of this fusion, Blanco et al. [5] have pro-

gzi/;\lboa[gj: g;tlf:ggb Fﬁ;gelReliio?:; posed a concrete algorithm (intuitively based on the
Database’ ' 9 Prolog mechanism) to deduce new data from impre-

cise or incomplete information stored in a GEFRED
database.

This approach is based on the application of all predi-
cates of a rule to an empty tuple. When all predicates

The GEFRED Model was introduced by Medina et 8'€ appli(.ed,_ thel calculated set of values (the.string
al. [9] to integrate several previous proposals which©f instantiation) is a fact of the calculated predicate.
extend the Relational Model with capabilities of han- Nevertheless, this approach focus on data and not on
dling and storing imprecise and incomplete informa- the structure of rules when the algorithm explores the
tion by the extension of the concepts of domain and€XPansion tree.

relation so imprecise and incomplete information canan alternative point of view is Datalog[6]. This ap-
be represented. Because of the difficulty when doingproach is based on the translation of rules into rela-
a low-level handling on these extended relations andional languages in order to apply them on a relational
domains, Galindo et al. [7] and Blanco et al. [4] de- database. In this paper, we try to extend this transla-
veloped an extended SQL language. tion so it can be used on a GEFRED database.

At the same time, Pons et al. introduced FREDDI[8, |n section 2 we resume briefly the Datalog Model, the

10], an architecture to represent logical information generalized concept of rule to be translated and the
(rules in clausal form) into the Relational Model. concepts of the GEFRED Model that determine this
Using these extensions as an starting point, Pons dfanslation. In section 3, we present our proposal for
al. [8, 10] and Blanco et al. [3, 2, 5] considered the extension of Datalog. Finally, in section 4, we

that merging them can give the capability of making explain the conclusions and the future work to develop
classical deductions on flexible data in the Relational@ ComPplete extension for Datalog.

Model.

1 Introduction



2 Previous models and concepts

In this section, we resume some important concepts to
extend the Datalog language.

2.1 GEFRED concepts

The GEFRED Model extends the concept of domain
so imprecise or incomplete information can be repre-
sented. In the same way, the concept of comparison 4

whereW is a formula:

W= A =aijk Yj7k) A
/\(Yjvk “Bikl.p YLP) A\
/\(Pj,k,l,p(@?,k,|,p(Yj,kaYl,p)an,k,I,p)

(2)

and where:

NA; representd\; A Ao A ... A A, summarized,

conditions (Xi =q,;, Yjk) refer to variables

operator has to be modified in order to work with this
kind of domains.

An extended fuzzy comparatorf is a fuzzy relation
defined on the domain of discourseas follows:
06:UxU —[0,1]
B(u,uj) —a

Let beD a fuzzy domain otJ and a functior®® de-
fined as follows:

©°:DxD—[0,1]

©8(dy,dz) — [0, 1]

Then@® is named ageneralized fuzzy comparator
onD and generated by the extended compar@ibit
verifies:

©8(dy,dy) = 68(dy, dy),Vdy,dp € U

where d; and d, are the possibility distributions
{1/d;} and{1/d,} defined on the valued; anddy,
respectively.

2.2 Generalized rule for deduction with flexible
data

Let be:

e P an-ary predicate an@;,i € {1,...,m} n;-ary
predicates.

e Xi,i € {1,....n} and Yk j € {1,....m})k €
{1,...,n;} variables having their values in
GEFRED domains Dx.i € {1,...,n} and
Yik i €{1,....mke{1,...,n;}.

We define ageneralized rule for deduction with
fuzzy data, or simply ageneralized rule a rule with
the following structure:

P(Xl,Xz, e ,Xn) —

Q]_(Yl’]_,Yl’z, . ,Y17n1) FAIWAY
Qm(le,an’Z, e 7an’nm) /\ LIJ

(1)

shared between a predicate in the body of the rule
and the predicate in the head,

e conditions (Yjk =g, , Yi,p) refer to variables
shared between two predicates in the body of the
rule,

: . 0 : .
expressionsy; i 1,p(OF | n(Yik:Yi,p):Viklp) re-

fer to comparisons explicitly introduced by the
user to constraint the rule meaning. In those
ones, @ ki,p is the threshold function for the
comparison degreeikl’p is ageneralized fuzzy
comparator defined on the classical comparator
B, andy; k| p is the minimum degree for the com-
parison to be evaluated taue.

every variable in the head of the rule is linked to
one or more variables in the body of the rule, and

e every variable in the body of the rule is linked to

a variable in the head or in the body of the rule.

2.3 The Datalog Language

Datalog is a logic programming language that was
designed to be used as a language for querying
databases[6]. It is a non procedural, set-oriented and
non order-sensitive (with respect to the predicates in a
rule) language with no special predicates nor function
symbols. Although it is syntactically equal to Prolog,
the evaluation of the pair of rules shown in expression
(3) does not lead to an endless loop.

ancestofX,Y) « ancestofZ,Y) A paren{X, Z)
ancestofX,Y) < paren{X,Y)
®3)

A base conjunctionis a list of predicates of the
database and arithmetic predicates, as an instance, the
one shown in expression (4).

bey : dby(Xg,a,X3),dbp (X3, Xs, Xs), (Xa = b),

dbs(Xs, Xs,X7), (X6 = C) (4)



A base conjunction can be a part of a Prolog rule orwhere schemes of relationR;, R, and R; are
a set of Prolog rules, as seen in the translation of ex{ Xy, X2, X3}, {X3,Xs,Xs} and {Xs, Xs, X7}, respec-

pression (4) into the expression (5). tively.
901 (X1, Xq) : —dbn(Xy,a,X3), p1(Xs, Xa)- .
PL(Y1.Ya) : —dbp(Y1, Yz, Ys), (Ya = b), pa(Ya, Ya). 3 The Datalog Extension

P2(Z1,Z3) : —dbg(Z1, 25, Z3),(Z2 = ©). . . .
(5)  Theaim of this work is to extend the Datalog language

) o . ) in order to be applied on a fuzzy relational database
A connected conjunctionis a base conjunction that based on the GEFRED Model

can not be divided in two parts with no common
variables. Astring is a connected conjunction only As seen in section 2.3, a rule can be translated into
if there exists an internal sequence of predicates? join sentence, based on the selection and the pro-
dby, ..., dh, where the predicatdh,Vi € {2,...,n— jection operations. The first problem when trying to
1} only has shared variables with predicatis_; apply this translation to generalized rules shown in
anddhb_ 1. A cyclic conjunction is a string where section 2.2 is the type of conditions that can be repre-
the predicatelb, has shared variables witth,_; and ~ sented in the selection. The classical comparison op-
dby. erators are not suitable when working with imprecise
values. We propose to extend the set of possible com-
arators with the ones introduced in GEFRED and in-
orporated to generalization of the concept of rule.

A shared variablein a base conjunction is a variable
that is shared with other predicates that are in the rul

and not in the base conjunction.
A generalized rule as seen in expression (1) is trans-

Fmallyj a Ipase conjunction is equivalent tqogan M Jated into the query shown in expression (7). The
operation in the database, that represented in the Rel‘:(-)rmulaqJ shown in expression (2), can be seen as
lational Algebra is an expression including the follow- , _ Wy ’ ’

. AWy AW, whereWy is the sub-formula con-
ing elements:

taining all comparison predicates that relate variables
in the head and the body of the ruly is the sub-
formula containing those ones that relate variables in
ﬁ1e body of the rule, an¢ is the sub-formula con-
taining all comparison predicates that establish con-
straints on the resulting set of facts.

e selection on relations corresponding to predi-
cates in the database when there are variable
which value has been fixed with another variable
or variables appearing in an arithmetic predicate:

R(X,a) = oy—a(R)

N _ _ _ _ (%, X,... %) (Owxawe (Ry)) )
e join of relations corresponding to predicates in

the database having shared variables:
R(X,Y),SY,Z)=RxxS

The relationRy is a relation obtained by the query:

Ry X R,
e a projection applied on the attributes correspond- X {n(Y oo i) (Q1) (®)
ing to the shared variables of the base conjunc- B
tion. that is, the relatiorR, can be:

For example, let us suppose a ruggs having a base
conjunctionbc; as shown in expression (6).

gO]_(X]_,X7) . —bC]_(Xl,X7).
bCl(Xl,X7) . —dbl(Xl,a, X3),dbz(X3,b, X5), (6)

ea relaﬁon”(Y1.1,Y1.z7...,Y1.n1)(Ql) corresponding to
the predicate in a rule with an only predicate,

e a relation corresponding to a joint operation

dbs(Xs, ¢, X7). Y i) (QD) X Ty, 1y, v ) (Q)) Where
.E|k€ {l, ey I’]i},E” E {l, ey I’]j}, (Yi,k =Bkl Yj7|)
If the translation of base conjunctions is applied to is a sub-formula withitty, or

these rules we obtain: . . .
e arelation corresponding to a joint operatigjix

jc1 1 Mxy %, ((Ox,—a(Ry) > Ox,—p(R2)) > Oxs—c(R3)) R, where schemes of relatioriy, and R, have



shared variables. Two variablég andY;) in
the scheme of relation8, andR;, respectively,
are shared only ifYi x =g, ;, Y1) isin Wy.

When calculating facts satisfying a rule, Datalog
translates every rule in a joint operation so the result
if this translation is an only joint operation containing
others. But when solving this query, deeper predicates
are calculated earlier. With this consideration, con-
ditions in sub-formula¥x could not be applied until
values of variable¥; are known, so translation would
be re-written as shown in expression (9).

OLPX(I-I(XLXZ,---,Xn)(O-LPC(RX))) (9)

4 Conclusion and future work

In the present work, we have shown a first approach
to an extension of Datalog so it can be applied on a
GEFRED database. This extension have been built
on the basis of the GEFRED Model, an extension of
logical rules for a relational deductive database and
the Datalog language.

As seen in section 3, the evaluation of some condi-
tions have to be delayed so it would be interesting to
study the order when applying all conditions in the
translated query.

Furthermore, when working on imprecise values, val-
ues are not completely equal, so the equality degree[8] J. M. Medina, O. Pons, J. C. Cubero, and M. A.

has to be represented and operated in order to give an

imprecision degree with the resulting fact.
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