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Abstract

In this paper, we are interested in empirical multiple predicate learning. The
first solution to this problem that consists in putting together the definitions
obtained by a single predicate learning system is rarely interesting. We ex-
plain why and we show how a single predicate learning system has been
extended to a multiple predicate learning system called MULT_ICN, which
learns definite logic programs. Our system is based on the notion of exten-
sional coverage but during the construction of the program, it builds a set
of recursive dependencies that gives information about the mutually recur-
sive calls. It has therefore two main advantages. First, it ensures that the
learned program is globally consistent and complete, i.e., the learned pro-
gram does not only extensionally cover the positive examples and reject the
negative ones but it does prove that positive examples are true and negative
ones are false in the semantics of the learned program. Secondly it uses
only the knowledge given by the user to induce definitions and it is based on
an acceptability rate; both enable to reduce the influence of the order the
predicates are learned.

1 Introduction

Learning a logical definition of a single predicate from a set of positive and negative
examples is a classical problem in Inductive Logic Programming (ILP) [14, 3, 9]
referred to as single predicate learning (spl). In this paper, we consider the more
general problem, called multiple predicate learning (mpl), that consists in finding
a definition of a set of predicates from positive and negative examples. We show
why putting together the definitions of each predicate learned by a spl system is
rarely interesting. We present a mpl system, MULT_ICN, which extends to multiple
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predicate learning the ideas we have developed in [19]. The program learned by
MULT_ICN always satisfies the properties of completeness and consistency.

In the context of spl, these ideas have also been extended to a three-valued
framework, to deal with incomplete specifications of basic predicates and general
logic programs [8]. In this paper, we consider only definite programs and their
classical two-valued semantics.

The spl task can be formulated as follows. As inputs, we have a set BASE of
basic predicates {pi, ... px} and a predicate ¢ to learn. The predicates of BASE are
specified by a definite logic program, BK, and the predicate to learn is specified
by two sets of ground atoms, a set of positive instances E';‘ and a set of negative
instances E", that form the intended interpretation of g. The spl of ¢ consists in
finding a definition for g, i.e., a set C, of clauses such that:

> the head of a clause is an atom built with the predicate g,

> the body is a set of atoms built with some predicates belonging to
BASE U {q¢},

> C, is locally complete, i.e., for each e™ in E;’, BKUC, Eet,

> Cy is locally consistent, i.e., for each e™ in E°, BK U C, £ €.

Most systems in ILP are based on the notion of extensional coverage and ex-
tensional rejection w.r.t. an interpretation® E: let Mpg be the semantics of the
program BK, i.e., the set of ground atoms true for BK; an example e is exten-
sionally covered by a clause if there exists a ground instance of this clause e
«— 11, ... 1, where each [; belongs to E;“ U Mgpk; an example e is extensionally
rejected by a clause if for all ground instances of this clause e < [y, ... [,, there
exists an atom [; in B, U Mpg. Most spl systems based on the notion of exten-
sional coverage [9, 14] work as follows: while there exists an uncovered positive

example, find a clause which covers at least an uncovered positive example and
rejects each negative one. Such systems have a well-known drawback when recur-
sive clauses are learned: they have to prevent the creation of trivial clauses such
as p(X) « p(X), which cover all the positive examples and reject all the negative
ones. This problem can be solved by learning only theories that are not recursive or
by using biases using a well-founded ordering of the domain [14, 3, 1]: for example,
in the case of an unary predicate g, the restrictions induced by such an ordering
can be stated as follows: if g(X) « ly,...1, is the clause under construction, the
literal ¢(Y") is added to the body of the clause only if there exists {; = p(Z1, ... Z;)
with p € BASE, X = Z;, Y = Z;, and a partial order of the domain, <, such
that for each ground instance p(c,...ck) € Mpk, ¢; < ¢;. Such a bias generates
strong restrictions, and in the worst case, it can prevent from finding a definition,
even if there exists one. In [8], we avoid this problem by studying the recursive

2The framework of ICN is more general since it allows partial definitions for basic predicates
and it is based on a 3-valued logic.
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dependencies between ground recursive calls. We present the notion of positive
recursive dependencies in section 2 in the more general context of mpl.

In the mpl problem, we have still a set BASE of basic predicates {p1,...pr}
defined by a definite logic program BK and we have a set TARG of predicates to
learn {q1,...qm}. Each predicate g; is specified by two sets of ground atoms E;;
(the positive examples of ¢;) and E_, (the negative examples of g;); if E';; U E,
is the set of all the ground atoms built with the predicate ¢;, we say that g; is
completely (or totally) specified (or defined), otherwise it is partially specified.
We note E:IF—ARG = quTARGE; and ET\pq = UgeTarRGE, . The mpl task has
to produce a predicate definition C, for each predicate ¢ of TARG such that:

> the head of a clause of C; is an atom built with the predicate g;,
> the body of a clause is built with predicates from BASE U TARG,

> {Cy,,...Cy, } is globally complete, i.c., for each et in Ef U...UE} |
BKUC, U...UC,, FeT,

> {Cq,...Cy, } is globally consistent, i.e., for each e™ in £ U...UE_ ,
BKUC, U...UCy, Ee,

It is not possible to solve this mpl problem by putting together the definitions
learned for each predicate g; by a spl system for two reasons: if we try to learn
successively a definition for each g; with a spl process, it means that when learning
gi, each predicate g;, 7 # ¢ has to be considered as a basic predicate; then the
definite program BK; used when learning g; must be such that an atom e built
with the predicate g; (j # @) is true for BK; if e € eq, false for BK; if e € E_,
unknown for BK; otherwise. Since BK; is a definite program, it cannot support
unknown information. On the other hand, if the predicates to learn are completely
specified, the definitions obtained by successive spl satisfy, in the general case
local but not global properties of completeness and consistency: let P,, = {e « .
| e € Ef}, for each et in Ef, BKU (Ug;24,Py;) UCy, = e, and for each e~
in E_, BKU (Ug;,Py;) UC,, £ e This solution leads to a “global problem”
[16], when some definitions are mutually recursive: the union of locally complete
and consistent definitions does not generally give a set of globally consistent and
complete definitions. For example, the two clauses uncle(X,Y) « nephew(Y, X)
and nephew(X,Y) « uncle(Y,X) can be locally consistent and complete, but
their union is globally useless. Again, biases have to be added to ensure global
properties: first, if some definitions are already learned, when learning a predicate
p, we can prevent from using a predicate which depends® on p. With such a
restriction, learning even and odd with the basic predicates zero and succ fails on

3A predicate g depends directly on a predicate p if there exists a clause having ¢ in its head
and p in its body; a predicate ¢ depends on p if ¢ depends directly on p or if ¢ depends on a
predicate which depends on p.
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the domain [0...n], although there exists a globally satisfactory solution:
even(0).
even(X) « suce(Y, X),0dd(Y).
odd(X) « succ(Y, X),even(Y).
An other bias [1] is based on a well-founded ordering of the elements of the domain.
In this case, if the previous example is viewed in Z / 6Z, this definition that is
globally satisfactory cannot yet be learned.

When solving mpl problems by iterating spl techniques, an important problem
pointed out in [16] is how the order the predicates are learned has an influence on
the solution provided by the system. We present, in this paper, an uniform way
to treat the drawbacks previously mentioned and which are due to recursive or
mutually recursive definitions that lead to infinite loops. Moreover, our approach
enables to reduce the consequences of the order the predicates are learned. It is
based on the study of the ground recursive and mutually recursive calls between
positive examples: the set of such calls is built during the construction of the
program. This set and the way it is built is precisely defined in section 2. Section
3 presents the system MULT_ICN. We finish with a discussion about the problems
linked to the order predicates are learned.

2 Positive recursive dependencies

Before presenting the notion of positive recursive dependencies, let us first recall
a few points about definite logic programs and their semantics.

2.1 Definite programs

A definite program is a set of clauses A «— A;,..., A, where A, A;,..., A, are
atoms; if C is the clause A «— A;,..., A, head(C) is the atom A and body(C) is
the set of atoms {A;,...,A4,}.

If P is a definite program, Hp denotes the Herbrand base of P, i.e., the set of
ground atoms built with the predicates and constants® appearing in P. We note
Instp the set of ground instances of clauses of P.

A subset I of Hp is a model of P iff for each ground instance C of a clause
of P such that body(C) C I, then head(C) € I. The semantics Mp of P is the
least model of P, i.e., the intersection of each model of P; Mp denotes the set of
ground atoms true for P; the ground atoms false for P are Hp — Mp

Mp is usually defined as the least fixed point of the immediate consequence
operator Tp defined by:

Tp(I) = {p € Hp | there exists C € Instp with p = head(C) and body(C) C I'}

4We consider in this paper, only definite programs in which appears no function symbols of
arity > 1.
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2.2 Motivation and definition

Let us suppose that we want to learn the predicates even and odd on the set of
integers D = {0, ...,5} and that we know the predicates zero and suce, i.e.,

BK = {zero(0) « ,succ(0,1) « ,succ(l,2) « ,succ(2,3) — ,
suce(3,4) — ,succ(4,5) «}

The following program P extensionally covers all the positive examples and
rejects the negative ones.

Cy :even(X) « suce(X,Y),0dd(Y).

Cy :odd(X) — suce(Y, X),even(Y).

But if, for instance, we call this program with the goal even(4), it successively
calls the subgoal odd(5), even(4),... and therefore it generates a loop: even(4) is
not in the semantics of the previous program P. even(4) is false whereas it was
expected to be true.

To deal with this problem we build the set of positive recursive depen-
dencies that gives the links that exist between positive examples

In our example, the whole set of positive recursive dependencies is:

even(4) « odd(5) | odd(5) <« even(4)
even(2) «— odd(3) | odd(3) «— even(2)
even(0) «— odd(1l) | odd(1) <« even(0)

Figure 1

The positive recursive dependency even(4) « odd(5) comes from the ground
instance of P, even(4) «— succ(4,5), 0odd(5) which extensionally covers even(4). It
means that to prove that even(4) is true, it is sufficient to prove that odd(5) is
true.

The clause even(4) « succ(4,1),0dd(1) is a ground instance of P but it does
not extensionally cover even(4) and therefore no recursive dependencies is built
from it.

Construction: Let P be a definite logic program defining predicates of TARG
that extensionally covers all the positive examples and rejects the negative ones.
We build the set P,.. of positive recursive dependencies of P w.r.t. ETarg as
follows:

> for each ground instance of P, L « Ly, ... L,, (where L € E}, )
which extensionally covers L, we add to P,.. the clause L «— L
... L;, where L;,, ... L
predicates of TARG,

119
i, are the atoms of Ly, ... L, built with

Note: The clauses of P,.. are ground and they are built only with predicates
belonging to TARG.



ILP-95, Leuven

2.3 Property

MULT_ICN builds a program P such that each clause of P extensionally covers
some positive examples, and rejects the negative ones. Since such a program is
not satisfying in the general case (as shown in the introduction), for each clause
MULT_ICN tests if this clause is acceptable or not, i.e., if it allows to prove a
sufficient number of positive examples. This test is realised by a computation of
the semantics of the whole program P U BK® since the semantics of P alone is
empty (P depends on predicates which are not defined in P). To reduce the cost
of the computation of the semantics of P U BK, we use the following property,
which ensures that it is sufficient to compute the semantics of P,..; the semantics
Mpxk of BK is then computed once for all at the beginning of the learning process
and is used to build P,...

Theorem 1: If E%ARG C Mp,__ then E%ARG C MpyBK-

rec

Theorem 2:  If each clause of the learned program extensionally rejects each
negative example, then Ep,po € Mpupk.

These theorems are proved in annex; they give a way to ensure that the learned
program is consistent and complete.

2.4 An acceptability criterion for a clause

Let us consider again the example of section 2.2 and let us suppose that the first
clause built is Cy. The set of recursive dependencies is given in the first column of
figure 1. The semantics of this set, restricted to the predicate even is empty and
we could at first refuse this clause.

But, if we examine more precisely the program that was given, both clauses
C; and Cs5 alone sound good, it is the conjunction of the two clauses that behaves
incorrectly. The first clause could be accepted if afterwards we build “good” clauses
that enable to prove odd(1),0dd(3) and odd(5). A better idea is to consider that
the positive examples that are not yet extensionally covered will be covered later
and can be for the moment considered as true.

Definition. Let J be a set of ground atoms and P a definite logic program, we
note Mp(J) the semantics of P w.r.t J, i.e., the semantics of the program P UP
where P; = {e «— . | e € J}°.

5P generally depends on basic predicates which are defined in BK, therefore its semantics is
empty.

61t is easy to show that Mp(J) is the least fixed point of the operator T'p, 7 where T'p 7 (I)
= Tp(I U J). This operator gives a simple and efficient way to compute Mp(J).
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Therefore, the semantics of {C] }e. with respect to the interpretation {odd(1),
odd(3),0dd(5)} 7 restricted to the predicate even is {even(0), even(2), even(4)}.
All the positive examples are true and the negative ones are false and therefore
the clause can be accepted.

Let us now consider the second clause C3. The set of recursive dependen-
cies of the program is given in figure 1. All the positive examples are exten-
sionally covered and we can no more consider that some uncovered positive ex-
amples will be later covered by “good” clauses. Since the semantics of P,
is empty, Cy is not acceptable, we must backtrack on C5 and find an other
clause. In this case, the clauses odd(X) « succ(Y,X),zero(Y) and odd(X) «
suce(Y, X), suce(Z,Y),0dd(Z) could be built.

In this example, a clause C is accepted only if all the positive examples covered
by C are also true in the semantics of the learned program w.r.t the set of un-
covered positive examples. We introduce an acceptability rate in order to weaken
this condition: a clause is accepted if a sufficient number of positive examples are
true in the semantics of the learned program w.r.t the set of uncovered positive
examples.

Definition: Let € be an acceptability rate, 0 < € < 1, Let us call P the set of
clauses that has already been built, C' a new clause and P’ = P U C. Let Cov
denotes the set of positive examples extensionally covered by P’. and UnCov the
set of positive examples which are not covered by P’.

The clause C'is acceptable if card(Mp: (UnCov) N Cov)/card(Cov) > e.

We discuss, in section 4, the consequence of a low or an high acceptability rate.
It is clear that, in the general case, a program composed of acceptable clauses (with
an acceptability rate € < 1) does not satisfy E:IF_ARG C My, .; such a program
must then be completed with clauses (non recursive clauses for example) which
ensure that the learned program is complete. However, an acceptability rate e = 1
can prevent from learning a complete program, as shown in [8]: it may exist a
complete program P such that, whatever the order its clauses are learned, the
first clause built is acceptable only for an acceptability rate € < 1.

3 Presentation of MULT_ICN

The system MULT_ICNtakes as inputs a knowledge base on a set BASE of basic
predicates and positive and negative examples of a set TARG of predicates, as
specified in the introduction.

The predicate definitions learned by MULT_ICN are function-free general logic
programs, i.e., sets of clauses: A < Ly, ... L, where:

"It behaves as if we momentarily add to the set of recursive dependencies the 3 clauses:
odd(1) <, 0dd(3) < and odd(5) —.



ILP-95, Leuven

e no function symbol appears,

e A is an atom built with one of the target predicate,

e [; is an atom or an expression X =Y, X #Y where X and Y are variables
previously introduced in the clause.

3.1 Algorithm

We give in figure 2 the algorithm of MULT_ICN. We call NEG the set of negative
examples and POS the set of positive examples that have not yet been extensionally
covered. First, (step 1.1), it chooses the predicate @}, among the predicates of TARG
that have still uncovered positive examples, that will compose the head Q(X;, ...
X,) « . of the clause (this point is detailed in section 3.2). Then (step 1.2) it
refines the clause by iteratively adding the most promising literal to the body of
the clause until all the negative examples of the predicate @ are rejected. The gain
of a literal is computed from the number of ground instances of the clause which
extensionally cover (resp. reject) positive examples (resp. negative examples)
with and without the new literal; literals with a good gain are memorized for an
eventual backtrack. It evaluates the clause according to the acceptability criterion
given in section 2.4; if the clause that has been built is not acceptable then the
system backtracks to find a new one.

1. While POS # 0 do
1.1 Choose a predicate to learn
1.2 Create a new acceptable clause which extensionally covers some
elements of POS and rejects each element of NEG
1.3 Remove the covered examples from POS.
2. Evaluate Mp,___ (P is the learned program)
3. While Ef,pg — Mp,.. # 0 do
3.1 Choose a predicate lo learn
3.2 Create a new acceptable clause containing no target predicate
in the body which extensionally covers some elements of E"FARG - Mp
and rejects each element of NEG
3.8 Evaluate Mop, .

rec

Figure 2

When all the positive examples have been extensionally covered, the system
computes (step 2) the semantics of the set of recursive dependencies. If it remains
some positive examples that are covered but not proved the system attempts to
find some new clauses that cover them and that uses only knowledge base in order
to prevent from loops (step 3).

In this last step, we can build a clause that covers a lot of examples that were
covered by a clause previously built. We could improve MULT_ICN by pruning the
set of clauses. In the same way, we have noticed that sometimes when building a
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clause the system introduces a literal that has a very good gain but that appears
later to be redundant. We should also prune the clause.

3.2 Choice of the predicate to learn

An important point in this algorithm is the choice of the predicate to learn. We
will discuss in section 4 how it has an effect on learning.

In MULT_ICN, the choice can either be automatic or it can be left to the user.

In the former case, the underlying idea is to learn, at first, predicates that
precede® other ones. At the beginning, the system has no information and therefore
chooses at random the first predicate to learn. Let us call it ;. After the
construction of the first clause, if a predicate ()5 appears in the body of the
clause, then the system focusses on ()5 and learns a clause for )5 and so on.
We search down the precedence graph between the predicates of TARG (this graph
is built from the learned definitions) so as to reach, if possible, a predicate that
depends only on the knowledge base. When the system has not enough information
to decide, as for instance when a cycle appears, it chooses at random a predicate
that has already been chosen but is not completely learned yet (uncovered positive
examples remain) otherwise, it chooses at random a new predicate to learn. The
advantages of this way of choosing the predicates to learn are discussed in section
4.

3.3 Practical computation of Mp__

First, let us note that when a clause C is added to the program P, the set of
recursive dependencies of P UC is Prec U {C}rec
The semantics of a definite program P is computed with the immediate con-
sequence operator T'p, defined in section 2.1. Since Tp,p,(I) = Tp,(I) U Tp,(I),
when a clause C is added to a program P, the computation of Mp o can be
simplified by using information about Mp. In our framework, when a learned
clause C is built without predicates of TARG, then {C},.. is a set of ground facts
e «— . for each example e covered by C; as soon as C is added to the learned
program P, the semantics of P U C U BK contains each atom e such that e « .
belongs to {C},ec. Then, we can perform the following transformations on the set
of recursive dependencies P,...
Let E be a set of ground atoms, initially E = {e | e — . € {C} cc}-
e remove from P, each clause ¢ such that body(c) # 0 and head(c) € E,
e delete from the body of the clause of P,... atoms belonging to F,
e for each new clause e « . of P,.., add e to E.
until no more atoms are added to E.

8a predicate p precedes a predicate q if ¢ depends on p
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Example: Consider the example of section 2.2 and assume that the first built
clause is: odd(X) « succ(Y, X), even(Y); its set of recursive dependencies is
{odd(1) « even(0), odd(3) « even(2), odd(5) < even(4)}
If the clause even(X) « zero(X) is added, then the new set of recursive
dependencies is

{even(0) «— , odd(l) « , odd(3) « even(2), odd(5) < even(4)}

3.4 An example session

We have runned MULT_ICN on an example given in [16], where the knowledge base
BK is defined by the following set of ground facts:

father(bart,stijn) mother(katleen, stijn)

male(prudent) fema;e(lau;;a) father(bart,stijn) mother(katleen,pieter)
male(willem) female(est er) father(luc,soetkin) mother(lieve,soetkin)
male(etienne) female(rz;-se) father(willem,lieve) mother(esther,lieve)
male(leon) female(a ice) father(willem,katleen) mother(esther,katleen)
male(rene) female(z'uolnne) father(rene, willem) mother(yvonne, willem)
male(bart) female(l 'at een) father(rene,lucy) mother(yvonne,lucy)
male(luc) female( zew;g). father(leon,rose) mother(alice,rose)
male(pieter) female(soet n) father(etienne,luc) mother(rose,luc)
male(stign) }CZTTZZIZ?ZL”C)) father(etienne,an) mother(rose,an)

Y father(prudent,esther) mother(laura,esther)

MULT_ICN learns the following program:

female_ancestor(X,Y) < mother(X,Y).

female_ancestor(X,Y) < male_ancestor(Z,Y), female_ancestor(X, Z).

female_ancestor(X,Y) «— male_ancestor(Z,Y ), mother(X,T),
female_ancestor(T,Y).

male_ancestor(X,Y) — father(X,Y).

male_ancestor(X,Y) — female_ancestor(Z,Y ), male_ancestor(X, Z).

male_ancestor(X,Y) — father(X, Z), father(Z,Y).

4 Discussion

4.1 Choice of the predicate to learn

Let us recall that, when it is possible, MULT_ICN tries to find a definition for a
predicate which is the deepest leaf of the precedence graph between the target
predicates, induced by the previously learned definitions.

This way of choosing the predicates to learn has some advantages:

- We can reach a predicate that depends only on knowledge base and therefore
computing the actual semantics of the program defining this predicate is easy and
it will be easier to compute the semantics of predicates that depend on it (the set
Prec will be simplified as shown in section 3.3).
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- When a predicate is chosen, we learn all the predicates that are strongly
connected to it. If we succeed we can then forget the whole set of recursive
dependencies between these predicates and focus on a new predicate that has not
yet been learned.

- When all the positive examples have been covered, we test whether it remains
some positive examples that are not proved. In this case, for the time being, we try
to cover them with new clauses using only background knowledge. But we could
extend the definition by allowing predicates that are not linked to this predicate.

4.2 Influence of the order of learning the predicates

We discuss, in this section, the influence of the order the predicates are learned.
When predicates are only partially defined, a first problem can appear in systems
that compute, directly or indirectly, the semantics of the program obtained with
the new learned clause and use these new facts to learn other definitions [16].
In our framework, MULT_ICN does not take into account learned information and
keeps always the same knowledge base for learning new definitions, therefore this
problem does not occur.

The second problem can be stated as follows: the choice of a clause for a
predicate p; can prevent from building a clause for a predicate ps. Let us illustrate
this point by the following example in which we have six persons yves, pterre, paul,
jean, yann and leon, 3 basic predicates defined as follows:

BK = {hate(jean,pierre) «— , hate(leon,yann) <},
U {indebted(pierre, paul) « , indebted(pierre, jean) <}
U {indebted(yves, jean) «— , indebted(yann,leon) <}
U {melancholic(pierre) <}
and two predicates to learn, happy and sad defined by sad(pierre), sad(yves) and
happy(jean) are true and all the other facts about happy and sad are false.

Let us assume that we start by learning a clause for the predicate sad, and
suppose that the clause is C1: sad(X) « indebted(X,Y), happy(Y). It means
that to prove that sad(pierre) is true, we must prove happy(jean). We must then
learn happy; the only possible clause is Cy: happy(X) « hate(X,Y), sad(Y). In
this clause, we must prove that pierre is sad to prove that jean is happy. Then,
when adding C5 to Cy, although all the positive examples are covered, no one is
proved, and then the clause is accepted by MULT_ICN, only if the acceptability
rate € is equal to 0. If € = 0, since no example is proved, MULT_ICN searches for
a clause built with predicates different from sad and happy which covers either
happy(jean) or sad(pierre) or sad(yves) and rejects the negative examples; there
is no possible clause which covers happy(jean), but sad(pierre) is covered by the
clause C3: sad(X) < melancholic(X). Finally, C; U Cy U C3 forms an acceptable
program.

This example shows that when the acceptability rate is high, the learning task
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is sensitive to the order the predicates are learned: in this case, it is not possible
to learn a definition for happy and then the learning system fails. This drawback
disappears when the acceptability rate is low. Therefore,

- on one hand, the more this rate is low, the less the mpl task is sensitive to
the order the clauses are built. When this rate is equal to 0, any clause which
extensionally covers a positive example and rejects all the negative ones is accept-
able, and when every positive example is covered, MULT_ICN tries to complete the
definition of predicates for which it remains positive examples that are not proved.

- on the other hand, if we add clauses for which the number of covered but
not proved examples is high, it will probably be necessary to build new definitions
in order to cover some examples that were previously covered, and some previous
clauses may become redundant. This is the case in the previous example: if we
add to the knowledge base the fact melancholic(yves), then Cs covers the two
positive examples of sad and C is useless.

5 Conclusion

This paper addresses the problem of multiple predicate learning, introduced in [16].
MULT_ICN has been implemented in Sicstus Prolog on a Sun. It has been runned on
the examples given in this paper and has given the expected results. Biases have
been introduced in MULT_ICN to reduce the search space. As already mentioned,
MULT_ICN uses only the knowledge given by the user to learn. This point and the
study of the dependency set enable to ensure that the learned program will prove
that the positive examples are true and that the negative ones are false. But, if
the specification of the predicates are too partial, then it can be difficult to find a
consistent and complete definition.

We are now extending MULT_ICN in two directions, as done in ICN [8]: on one
hand we allow the use of the negation in the body of a clause, by replacing the
set of recursive and mutually recursive dependencies between positive examples,
by the set of recursive and mutually recursive dependencies between positive and
negative examples, and extending the notion of acceptable clause; on the other
hand, we allow partial definitions for basic predicates. Both extension are studied
in the case of 3-valued semantics for general logic programs.

This work is currently applied to revise deductive databases [18].

References

[1] F. Bergadano, D. Gunetti, 1994. Learning Clauses by Tracing Derivations.
Proc. of the Fourth Int. Whorkshop on Inductive Learning Programming
(ILP-94), pp. 11-29.



ILP-95, Leuven

2]

8]

[4]

[5]
[6]

[7]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

S. Bell, S.Weber, 1993. On the close logical relationship between FOIL and
the frameworks of Helft and Plotkin. Proceedings of the Inductive Logic Pro-
gramming Workshop, Bled, 1993.

R. M. Cameron-Jones, J.R. Quinlan, 1993. Avoiding Pitfalls When Learning
Recursive Theories. Proceedings of the Thirteen International Joint Confer-
ence on Artificial Intelligence, Chambéry, France, August 28 - September 3,
1993, Vol. 2, pp. 1050-1055.

Fitting M., 1985. A Kripke-Kleene semantics for logic programs. Journal of
Logic Programming, 2(4), pp. 295-312.

J. W. Lloyd. Foundations of Logic Programming. Springer Verlag, 1987.

Martin L., Vrain C., 1995. Apprentissage empirique d’un concept: le systeme
ICN, Research report LIFO 95-3, University of Orléans.

Martin L., Vrain C., 1995. MULT_ICN: an empirical multiple predicate learner,
Research report LIFO 95-4, University of Orléans.

Martin L., Vrain C., 1995. A three-valued framework for the induction of
general programs. In this volume (Proceedings of the fifth ILP workshop).

Muggleton S., Feng C., 1992. Efficient Induction of Logic Programs. Inductive
Logic programming. The A.P.I.C. Series N° 38, S. Muggleton (Ed.), Academic
Press. pp. 281-298.

K. Morik, S. Wrobel, J.U. Kietz, W. Emde, 1993. Knowledge Acquisition
and Machine learning: Theory, Methods and Applications. Academic Press,
London.

Pazzani M., Kibler D., 1992. The Utility of Knowledge in Inductive Learning.
Machine Learning, Vol. 9, N°. 1, June 1992, Kluwer Academic Publishers, pp.
56-94.

Plotkin G., 1970. A note on inductive generalization. Machine Intelligence,
Vol. 5, Edinburgh University Press, Edinburgh.

Plotkin G., 1971. A further note on inductive generalization. Machine Intel-
ligence, Vol. 6, Edinburgh University Press, Edinburgh.

Quinlan J.R., 1990. Learning Logical Definitions from Relations. Machine
Learning Journal, Vol. 5, Kluwer Academic Publishers, pp. 239-266.

de Raedt L., 1992. Interactive theory revision, an inductive logic programming
approach. Academic Press Limited.



ILP-95, Leuven

[16] de Raedt L., Lavrac N., Dzeroski S., 1993. Multiple Predicate Learning. Pro-
ceedings of the Thirteen International Joint Conference on Artificial Intelli-
gence, Chambéry, France, August 28 - September 3, 1993, Vol. 2, pp. 1037-
1043.

[17] Van Gelder A., Ross K.A., Schlipf J.S., 1991. The well-founded Semantics
for General Logic Program. Journal of the ACM, Vol. 38, No. 3, July 1991,
620-650.

[18] Vrain C., Laurent D., Apprentissage de régles et Bases de Données déductives,
, Research report LIFO 95-5, University of Orléans.

[19] Vrain C., Martin L., 1994. Inductive learning of normal clauses. Ma-
chine Learning: ECML-94, Lecture Notes in Artificial Intelligence 784, F.
Bergadano, L. De Raedt (Eds.), Springer Verlag, pp. 435-438.

A Proof of theorem 1

Theorem 1. If E"FARG C Mp,__ then E"FARG C MpyBK-

rec

Let us recall that Tp(I) = {p € Hp | there exists C € Instp with p =
head(C) and body(C) C I}.

and let us define:

T, =0
Tptt = Tp(TR), n>0

Before proving theorem 1, we must prove the two following lemmas.
Lemma 1. For all i, T C Th gk

Proof: by induction

The case ¢+ = 0 is obvious.

If the result of lemma 1 holds for ¢, let a € Tgf(l, there exists a ground clause C' of
Instgy such that head(C) = a and body(C) C Tj. C belongs to Instpupk and

by hypothesis of induction, body(C) C T}, k. Therefore, a € TngBK.

Lemma 2. Let a be the smallest integer such that Tgy = T]g‘f(rl. (i.e.,, Mgk =
T5k)- Then,

For alln , Ef NTp C Thte

» “TARG c PUBK-
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Remark: The integer a given in lemma 2 exists, since the set of ground atoms is
finite.

Proof: by induction

—n = 0: obvious

— Let us suppose that the result holds for n. Let e € E"}‘_ARG N Tg:i There
exists a clause Cyec of Prec With e = head(Cre.) and body(Cree) CTp (1)

Clec comes from a ground instance C' of a clause of P. Since e € E"FARG? C
extensionally covers e and therefore for all I; € body(C), l; € Ef,pq U Mpk (2).

e If[; is built with a predicate of TARG, [; € E{CARG (2). Moreover, [; appears in
Crec (construction of Pre.). Therefore, I; € E;EARGHT{DLW and by hypothesis

of induction, I; € T;ng.

e If [; is built with a predicate of BASE, [; € Mgk (2), i.e., [; € Tgk.

Therefore, I; € Th gk, (lemma 2), and l; € Tl 5 (T is monotonous)

For all I; € body(C), I; € nggK and therefore e € nggle

Proof of theorem 1: When such a result holds, let us consider 8 the smallest
integer satisfying Tgrec = Tg:i, ie., Mp = Tgrec.

rec

If E%ARG C Mp,, . then on one hand, E%ARG N Mop

the other hand, E:IF_ARG NMp.  C E"}‘_ARG N nggK. Consequently, E:IF_ARG C

+ B+a T
Etsre N Tpipk € MpuBk

rec

= E%ARG and on

B Proof of theorem 2

Theorem 2. If each clause of the learned program extensionally rejects each
negative example, then Ep,no © Mpupk.

Before proving this result, we prove the two following lemmas, lemma 3 is used
in the proof of lemma 4.

Lemma 3. For all 7, T’;i?UBK N"Hpk € MpBxk.

Proof: by induction

— Case i = 0 obvious.

— Let us suppose that the result holds for ¢. If there exists I; € T;EJIBK N
Hpk N Mpk then there exists a ground instance of a clause of BK (no clause of P
can be unified with 1;) with head(C) = l; and body(C) C Tp k- By hypothesis
of induction, body(C) C Mgk (all the clauses of BK are built with predicates of
BASE) and therefore I; € Mpy, which contradicts I; € Mgk.
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Lemma 4. For all i, E,p N Tp pg = 9.

Proof: by induction

—1 = 0: obvious

— Let us suppose that the result holds for ¢, i.e., E3,gq N T7i>uBK =0.@3)

If there exists e € Epypg N T’;TJIBK’ then there exists a ground instance C' of
a clause of P (no clause of BK can be unified with e) such that head(C) = e and
body(C) C T px-

But, e € Eq, e, therefore this clause extensionally rejects e and there exists
a literal [; of body(C) with I; € Ex)po U MBK.

e Ifl; belongs to Epygq, then [; belongs to By pa mTf?uBKv which contradicts

the hypothesis (3).

e If I; belongs to Mgk then I; € T pi (lemma 3) which contradicts the
hypothesis (3).

Proof of theorem 2: Let us call v the least integer such that T’;UBK = T;jéK, ie.,
Tpopk = MPUBK-
Lemma 4 applied to v gives ETypa N T’IZuBK =0, ie., E;ypa © MpuBk-



