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Abstract

Inductive Logic Programming —— ILP — integrates the techniques alrea 3)“ available
and established for logic programming in a framework of learning, ainpng to induce
first-order logic programs from examples, using background knowledge.
The inductive logic programming system called GOLEM -— due to Stephen Mug-
gleton and Cao Feng ~ constructs logic programs from positive and negative ex-
amples using information given by the background knowledge. In GOLEM the
examples and the background knowledge are represented as ground atomic facts.
The purpose of this work is to present the main conceptual notions used by
GOLEM, to show in details its ways of operation, to discuss the “quality” of the
positive and negative examples required for inducing the appropriate expression of
the concept, to e\'idence some of its limitations and Show some of its results.
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1 Introduction

Inductive Logic Programming -— ILP — integrates the techniques already available
and established for logic programming in a framework of learning, aiming to induce
first-order logic programs from examples, using background knowledge.

The foundation of ILP — although not restricted to Horn clauses logic programming
such as Prolog —- were laid by Plotkin [Plotkin 71] through two major contributions

1. the introduction of a relationship of generality between clauses called relative
subsumption

2. the introduction of an inductive mechanism called relative least general general-
ization

The main theoretical result of Plotkin’s work was negative since in general there is
not a. finite relative least general generalization of two clauses. Several attempts have
been made to find ways around Plotkin’s negative result by restricting the mode] of
the background knowledge and /or the hypotheses language.

This work focuses on the inductive logic programming system called GOLEM which
implements both approaches, i.e. it restricts the mode] of the background knowledge
as well as the hypotheses language.

GOLE'M constructs logic programs — restricted to Horn clauses — from positive and
negative examples using information given by the background knowledge. In GOLEM
the examples and the background knowledge are represented as ground atomic facts.
GOLEM has a good level of efficiency and is able to learn predicates such as list reverse.
quicksort, member, integer multiply and other real—world applications.

The purpose of this work is to present the main conceptual notions used by GOLEM.
to show in details its ways of operation, to discuss the “quality” of the positive and
negative examples in inducing the appropriate expression of the concept, to evidence
some of its limitations and show some of its results.

The work is organized as follows: Section 1 highlights some preliminary concepts used
in GOLEM. Section 2 describes the system, states the algorithm and presents a detailed
description of its use in a simple case. Section 3 describes the sort of data needed by
GOLEM as well as declarations and commands. Section 4 describes in detail the learn
ing process used by GOLEM while leaning some concepts. Finally Section 5 presents
our conclusions, as well as guidelines for future work.

2 Preliminary Concepts

The Golem system is based on the notions of:

1. subsumption, a relationship of generality between clauses



2. least general generalization — lgg — (or anti—unification) of terms, literals and
clauses, constructed in terms of 0-subsumption

3. relative least general generalization — rlgg — which is the least general general-
ization in presence of background knowledge

introduced by [Plotkin 71] and presented next.

Definition 2.1 A clause Cl is more general than (0-subsumes) a clause C2 iff thcrc
is a substitution 0 such that Cl 0 Q Cg. The relation C; 0-subsumes Cg is noted by
C1 14 Cg.

This definition focuses clauses being regarded as sets of literals related in a disjunctive
way. For example, the clause '

FURY) *— <I(X)-.f(Z,Y)

is considered as the set

{M‘Xr Y)? _|Q(A- )* “1T(Z, Yl}

The 0-subsumption relation is a partial ordering of generality over clauses in the absence
of background knowledge.

Example 2.1 Let the clauses
A

01 : scene(X) <— on(X, )",Z),circle()")

Cg : scene(picturel) r— on(pictu1‘el,ring.E),circle(ring),flat(E)
It can be said that 01 0-subsumes Cg, with 0 = {picturel/X, ring/Y,E/Z}

The following properties hold for 0-subsumption:

1. if C; is more general than Cg then C1 logically entails CQ

2. the relation -_< induces a lattice on the set of all clauses. This means that for any
two clauses there is a least upper bound and a greatest lower bound. and both
are unique up to equivalence under 0-subsumption

The second property leads to the following definition:

Definition 2.2 The least general generalization —— C = lgg(Cl,Cg) — of ttr-o clauses
C1 and C2 is the least upper bound whithin the clause lattice induced by the relation 5.



A least general generalization is a generalization which is less general than any other
such generalization This concept is important for concept learning as it forms the basis
of cautious generalization algorithms. Cautious generalization assumes that if G, and
C2 are true, it is very likely that lgg(C;,C2) will also be true [Lavraé 94].

Example 2-2 l9.r1(p(g(a),a),p(.<1(b),b)) = p(g(X),X)
It should be noted that under the substitution {ct/X}

p(g(X),X) subsumes p(g(a).a)

and that under the substitution {b/X}

p(g(X),X) subsumes p(g(b,-.b)

Next, three algorithms which compute the Ig of terms, lgg of literals and lgg of clauses
respectively are presented [De Raedt 92].

Igg of terms

procedure lgg(t1 ztermtz zterm)
ift, = t2
then ll
else iftl = f(u,....,uk) and t2 = f(v1,...,vk)

then f(lgg(u1,v1), - - ‘ Jgg(ult.vr))
else variable V. where the same V is used

everywhere as the lgg of these terms
endif

endif
endproc

lgg of literals

procedure lgg(L1 :literal,L2 zliteral)
ifL1= sign p(tl,... ,t,,) and L2 = sign p(u1,...,u,,)
then sign p(lgg(tr,u1), - - - ,199(tn,un))
else undefined
endif

endproc

lgg of clauses

procedure lgg(C, :clause,Cg :clause)
ifC; = {L1,...,L,,} and 02 = {1\’1,...,Km}
then {U,' | U,- = Igg(Lj,Kk) for 1 S j 5 n and l S k 5 m and lgg(L,-,Kk) yé undefined}
endif

endproc



The algorithm for constructing the least general generalization — lgg —— of clauses deals
with the problem of constructing a unique clause that generalizes a set of examples.

Although subsumption has been adopted by several learning systems. it has some lim-
itations; in particular. it does not consider the possibility of using the background
knowledge eventually available, which could contribute with the process of generaliza-
tion. Taking into account background knowledge would give the system a notion of
semantical generalization. This drawback of lgg is overcome through the use of rela-
tive least general generalization —- rlgg — a lgg constructed with respect to the given
background knowledge K.

Definition 2.3 Given the background knowledge consisting of ground facts with K. rep-
resenting the conjunction of all these facts, the rlgg of two positive training examples
e, and e; relative to the given background knowledge is defined as

rlgg(er,ez) = lggtm <— KMez ‘— Kl)

The relative least general generalization between 2 examples is defined as the least gen-
eral generalization between the two corresponding example-clauses: a example-clause
has one example as its head and the conjunction K of all the ground facts which repre-
sents the background knowledge as its body. This constitutes the operational definition
of rlgg. Section 3.3. pg. 8, presents a detailed construction of the rig between two
positive instances of the concept scene.

3 -The ILP System GOLEM

It should be noted that models of a. theory (known also as background knowledge IC)

are not always finite. If the theory contains arbitrary clauses, the model can be infinite
— e.g. this happens when the theory contains recursive clauses. Infinite models result
in infinite clauses C1 and Cg and consequently in an infinite rlgg between them.

In other words, if the logic program P which represents the background knowledge K.

consists of arbitrary clauses, the model M for P can be infinite. In order to deal with
situations like that and restrict" infinite models to finite ones, the notion of h-easiness
was established [Buntine 88] [Muggleton 90] and is discussed in details in [Nicoletti 93].
It has been shown [Muggleton 90] that the Herbrand h-easy model of a special kind of
Horn clause program P, known as sintactically generative and defined next, is finite.

Definition 3.1 The clause A «— B1,B2, . .. ,Bm is syntactically generative whenever
the variables in the head A are a subset of the variables in the body B,,..‘.,Bm. The
logic program P is syntactically generative if every clause in P is syntactically genera-
tive.

Thus, if the logic program which defines the domain theory is syntactically generative,
the number of ground facts which constitute the model of K: is finite, so the rlgg of a,

set of those ground facts can be guaranteed to be finite in length.



Although finite, the rlgg's can be very lengthy. An additional way of overcoming
Plotkin’s results concerning rlgg is through the restriction of the hypotheses language,
as sugested in [Frisch 90].

The GOLEM system adopts both: it uses h-easiness for restricting the background
knowledge and the concept of ij-determinancy for restricting the hypotheses language.
It restricts the hypotheses language by restricting [Aha 92]

1. the number of substitutions required in each literal to instantiate existentially
quantified variables introduced in the literal

2. the depth of the substitution chains required to instantiate an existentially quan-
tified variable in the clause

The constraints imposed on the hypotheses language3 by the two bounds —— ij-deler-
minacy — are a way of controlling the introduction of new variables in the clause being
constructed. The existential quantification in GOLEM is restricted to being exists
exactly one. This is otherwise known as Hilbert ct quantification. Target clauses using
non-eat quantification cannot be learned using GOLEM [Doléak 92].

As stated in [Muggleton 90], in an incremental learning system, learned clauses are
added to the background knowledge. So it isflreasonable to constrain hypothesized
clauses to also being syntactically generative. However. it is important to notice
that there are situations where GOLEM learns clauses which are not syntactically
generative“.

GOLEM builds constrained hypotheses in a bottom-up approach by incrementally find—

ing the rlggs of'éxamples with respect to the ground background knowledge. If the
background knowledge is available in the form of non-ground Horn clauses — inten-
sional predicates definitions — the background knowledge has to be transformed into
an h-easy ground model5 M.

3.1 Computing the ng
Next, an example of interaction with GOLEM, for computing the lgg among given
atoms is shown. The ending of the input stream of atoms is marked by “3" followed
by a. “ .”.

caiua:/vork1/ianomami/IA/carmo/golem/examples>>>../golem
!— rlgg.
g(x,Y).
g(Y.X).
S

3Referred to as an aspect of bias [Utgofl 86].
4e.g., when no negative examples are given — see Table 1], pg. 31.
5Background knowledge considered as a finite depth Herbrand Model (See [Muggleton 90]

[Nicoletti 93].)



g(A,B).
[3133 constructed in One]
!- rlgg.
s(X.Y).
g(X.Y).
3

g(A.B).
[R155 constructed in One]
!— rlgg.
p(f(x.a).b,c,g(a,b,l)).
p(f(X,e),b,d,g(b,a,H)).
3

p(f(A.B).b.C.g(D.E.F))-
[ngg constructed in 17ms]
!- rlgg.
p(f(x.a).b,c,g(a,b,n)).
p(f(a.x),e,c,g(x.e.l)).
S

p(f(A,B),C,c,g(B,C,D)).
[ngg constructed in OmsJ

!- rlgg.
p(H,l,0).
p(r(x).g(Y),3).
p(2.3,4).
p(p(H,l,0),p(H.N.0),p(H.N,0)).
$

p(A,B,C).
[ngg constructed in One]
!— rlgg.
p(1,1,1.1).
p( [1 ,A , U ,B) .

p(f(x).B.f(x),A).
S

p(A,B,A,C).
[ngg constructed in Oms]

Table 1 shows, for various pairs of atoms, the correponding lgg computed by GOLEM.

To generate a single clause, GOLEM randomly selects a subset of pairs of positive
exampless, generates candidate-rules using rigg, verifies consistency with the given
negative examples (i.e. no negative examples should be covered) and chooses the con-
sistent pair of examples which has the best cover (the greatest number of positive
examples covered). This pair is further generalized: a sample of randomly positive

6The number of pairs can be established by the user through parameter settings. GOLEM uses 8

pairs by default.



Literal, Literal; Lyg(Litrral1. Lunch)
9(X,l')‘
a(X,Y)-
concatefl ).M, N).
conceit-fl ].[N|M].Z).
q([a,b,c,d],X.Y).
q([a.c,d].x. V)-
qulv2l!(3'4lvllv213v4ll‘
q([1,1.2,2.31,

a([a,b),X,X).
a([a],X,X).
p(tree(nil,a,nil)).
p([1v2'3])-
p([l,2,3. 43,5,6,7]).
p .

p(l1,2-3l)~
MIMI)-
p([1.1,1, 11).
p([2.2,2,3,4,5]).
P(!(z\',a)- b.c,y(a» WW)-
P(!(z\'ya),b,0.g(a, 11- MD»
P(A. b, CvD1](g| h))'
P(/\'.Y, Z. P(X.Y, 2»-
p(X, Xv ),!p(X1A’) Y’a))'
pd LlLM. [NU], [1.2.3r4l’fl-

[a,b.a).[1.1.2.2.3,u,b,a)).

902M-
9(/\'J'l~
concate(X,[ LN).
concate([2], [3lY]. [2.3l)"]).
cilo.c,dl.x,2i
q([o.b,c,d.c].X,V);
alumnus».
v(l°~bl‘

chla-b'clt
a([a,c,d].V, V).
a([b.c]. v, V).
p(tree(tree(nil, a, nil),a, m'l)).
r(l4,5.6]).
Mini)-
p([1.2,3.4.5,e,7,s}).
p([a,b,c,d.e]).
P(lfl‘a'b.0.d]).
p([2,2.2,3.4,5]).
p([1,1,1.1]).
Piflx, e),b,d,g(b.c.,\!)).
P(f(01 A,» C! CvgiA’. L A,”
p(Arbi Vii-1?)
p(x. Y.Z,p(z\',l’,a))r
P(0,b.m,p(b,a.n.z\')).
pa1.u.j,='.n,z.4,3.7u<],

NAB).
9041?)-
concate(A.B.C).
concate(A,[B|C].D).
q([a,A,B|C],D.E).
q([a,A.BlC],D. E).
v([AlB]v[C|Dl.l/1»Elrl)»
0(lAvB|Cl.

[DlElle' 3- FIGU-
a([a,A|B],C,C).
a([A|B].C,C).
p(tree(.4,a,ni1)).
p([A,B.C]).
PflAlBll
DH)-
P(lA-B»ClDllo
INA-MED-
P([An4. A. Blcll
p([A,A, A, BIC]).
PUMyB)‘ b.C,g(D, E-Fll-
viii/LB), C, C19(B‘('~Dll~
p(.4, b, 3,0, D).
p(A,B,C.p(A.B.D)).
p(A,B,C,p(B,A,D,E)),
p([ ],A,B, C, (1,2,D,E|F].

9(M'N,K))- y(1,1.u))r g(B,G,H)).
p([l.2],[3.4l,[l.2,3,4])‘ Pllalvlblvlflill PilAIBlvl I lylA'EIFll
p(X.)’,Z). p(p(X.Y.Z),Y.Y)t p(A,B,C),
p(h(a,b, v1 C)vh(5|8)'M)‘ p(h(z,y),h(5.8,7.6).B). p(A!B’C)
p([].[],ll,[])- p(a,b,a.b). p(A,B,A,B).
P(1»2'3y4)~ P(l1-2-3-4l-[1,3-lleVll- P(A,B,3,C)-
p(1,2,3). p(2.2.2.2). [Incompatible predicate symbols]

Table 1: ng between pairs of literals computed by GOLEM

examples is selected and their rlgg is computed until the cover of positive examples
does not increase with respect to the increase in the sample. When the generalization
process ends, the so far obtained clause is then reduced. The reduction process aims
to eliminate irrelevant literals in the clause. GOLE'M performs clauses reduction based
0112

1. functional reduction, which uses, the idea of stating the input and output status
of the arguments of a predicate as an additional constraint. for constructing the
clause (see mode declaration next section)

2. negative-based reduction, which is based on the notion that a clause should cover
as many as possible positive example and none negative example

In order to construct definitions consisting of more than one clause, GOLEM uses
the covering approach: it constructs a clause covering positive examples. removes the
covered examples from the training set and repeats the whole process [Lavrac 94].
GOLEM does not automatically create new predicate descriptors.

ul



3.2 GOLEM Algorithm

The GOLEM algorithm for constructing one clause is given by:

8+: set of positive examples
8‘: set of negative examples
MMK’): h-easy model of background knowledge K

s: a given sample limit
Pairs(s) = { {ehej} I 61,61 6 {7+}. | Pairs(s) I = s
ngs = { C consistent wrt S“. | C = rlgg({e,e’}) wrt .M,,(K), {e,c'} e Pairs(s)}
Let S : {e,e'] G ngs the pair whose rlgg has the greatest cover
Do

Let the random sample ffls) C 8+. l 8+(s) I: s
ngs = { C consistent urrt 8‘ | (‘ = rlgg(5 U{f'}} u'rt MAL”), e' G Pairs(s)}
Find e' which produces the greatest cover in ngs '

s=sueq
8+ = S'l — cover(rlgg(5))

while increasing cover

After constructing one clause. the positive examples from the set 5+ covered by it are
removed. and GOLEM repeats the process of clause construction taking into account
the positive examples left.

3.3 Learning with GOLE'M Using only Two Positive Examples

It follows a detailed description of the application of the algorithm where only two
positive examples are considered and no negative examples are provided. This example
can be found in [Quinlan-91]. In this simple case, the greatest cover will be given by
the reduced rlgg of these two examples. Figure 1 shows a picture of the two positive
examples considered.

sl 5?

Figure 1: Two positive examples of scene

Both examples together with the background knowledge in the format required by
GOLEM are shown in Table 2.

It follows the computation of the rig of both examples.

rlgg(sl,s2) = lgg((scene(sl) <— K),(scene(s2) <— IC))



where

[ Examples I Background Knowledge (NH
scene(s] ) (11

scene(s2) GP

on ( sl ,a.b)
on(s2,f,e)
left.of(sl ,b,c)
left.of(s2,d,e)
rect-angle(a)
rectangle“)
square(b)
square(d)
triangle(c)
triangle(e)

Table 2: Positive examples and Background Knowledge for scene

scene(sl) 4— K E

scene(s‘2) 4— K 5

fl on(sl,a,b) V —1 on(s?,f,e)
V n left_of(sl,b,c) V -w leftnf(52,d,e)
V —» rectangle(a) V fl rectangle“)
V -v squa.re(b) V “1 square(dj
V - triangle(c) V _, triangleie)
V scene(sl)

-. on(sl,a,b) V —\ on(52,f.,e)
V -| left_of(sl.b,c) V fl left_ofis‘2,d,e)
V o rectangle(a) V -w rectanglefi)
V fl square(b) V - square(d§
V ._. triangle(c) V —v triangle(e)
V scene(s?)

The following tables show the computation of the lgg between literals as well as the
resulting variables bindings, to obtain the rlgg(sl,s?).

——lgg of— ——rosult——~

—- on(sl,a,b) ,
—. on(s1,a,b) —- on(s1,a,b) 1

fl on(s],a,b) ,
-—- on(s?,f,e) —. on(X,Y,Z; f

—' on(sl,a,b) , —| left.of(sl,b,c) undefined f

—. on(sl,a,b) ,
—- left_of(52,d,e) undefined 5

—~ on(sl,a,b) , —. rectangle(a) undefined i

—' on(sl,a,b) ,
—, rectangle“) undefined i

fl on(sl,a,b) , fl square(b) undefined l

—» on(sl,a,b) , —- square(d) undefined
-w on(sl,a.,b) ,

—- triangle(c) undefined
—' on(sl,a,b) ,

—= triangle(e) undefined
—. on(sl,a,b) , scene(s2) undefined

——Bindings—
X = lgg(sl,s2), Y = lgg(a,f). Z = lgg(b,e)



—lgg of“ ——-resuIt—~

- on(s?.f,e) . - on(sl,a,b) -\ on(X.Y,Z)
- on(s?,f.e) , .. on(s?,f,e) - on(s?,f,e)
fl on(s?,f,e) , - Ieft-of(sl,b,c) undefined
-| on(s?,f,e) , - left-of(s2,d,e) undefined
-. on(s?,f,e) , - rectangle(a) undefined
—* on(s?,f,e) . -' rectangle“) undefined
- on(s2,f,e) , - square(b) undefined
—\ on(s?.f.e) , fl square(d) undefined
-, on(s2.f,e) , -~ triangle(c) undefined
—~ on(52,f,e) , —- triangle(e) undefined
-~ on(s?,f,e) , scene(s?) undefined

-—Bindings—
X1 = lgg(s?,sl), Y] = lgg(f,a), Zl :: lgg(e,b)

It. is important to notice that the lgg of two literals is not commutative. i.e.

lsg(sl,s2) 96 lgg(s2,sl)

——lgg of— ——result—

- left.of(sl,b,c) ,—- on(sl,a,b) undefined
-1 left.of(sl,b,c) . - on(s?,f,e) undefined
- left_of(sl,b,c) , —- left-of(sl,b,c) fl left-of(sl,b,c)
~v left_of(sl,b,c) , fl left-.of(52,d,e) -1 left-of(X,M,N)
-1 left.of(sl,b,c) ,

—w rectangle(a) undefined
- left.of(sl,b,c) , —' rectangle“) undefined
-' left.of(sl,b,c) , - square(b) undefined
—~ left-of(sl,b,c) ,

—- square(d) undefined
-. left.of(sl,b,c) , fl triangle(c) undefined
-» left.of(sl,b,c) , fl triangle(e) undefined
-, left.of(sl,b,c) , scene(s2) undefined

—Bindings——
X = lgg(sl.s?), M = lgg(b,d), N : lgg(c,e)

—lgg of— —result——
—' left.of(52,d,e) ,

—~ on(sl,a,b) undefined
fl left.of(s?,d,e) , —- on(52,f,e) undefined
—~ left_of(52,d,e) , fl left.of(sl,b,c) —' left-of(X,M,N)
—- left_of(s2,d,e) , fl left._of(s2,d,e) -1 left.of(s2,d,e)
fl left.of(s?.d,e) , -= rectangle(a) undefined
—' left.of(52,d,e) , fl rectang|e(f) undefined
fl left.of(s?,d,e) , —' square(b) undefined
—- left.of(52,d.e) ,

—- square(d) undefined
fl left.of(52,d,e) . - triangle(c) undefined
—- left.of(s?,d,e) , —' triangle(e) undefined
—- left.of(s?,d,e) . scene(s?) undefined

—Bindings~—
x1 = lgg(s2,sl), M1 = lgg(d,b), N1 = lgg(e,c)

10



———lgg of— —resull-—

-' rectangle-(a)
- rectangle(a) .

a rectangle(a)
- rectangleh)
- rectangle(a) .

- rectangle(a)

. - on(sl,a.b)
- on(s2,f,e)

. - left.of(sl,b,c)

. - left-of(s2,d,e)
- rectangle(a)

. —~ rectangle“)

undefined
undefined
undefined
undefined

.. rectangle(a)
- rectangle(Y)

—' rectangle(a) . - square(b) undefined
—- rectangle(a) , - square(d) undefined
—~ rectangle(a) . - triangle(c) undefined
—\ rectangle(a) . fl triangle(e) undefined
- rectangle(a) . scene(82) undefined

—Bindings-——
Y = lgg(a,f)

—-lgg of— —result—
—- rectangle“) . - on(sl,a,b) undefined
—~ rectangle“) . fl on(52,f,e) undefined
—' rectangle“) . fl left.of(sl,b,c) undefined
—- rectangle“) . —~ left.of(s2,d,e) undefined
—- rectangle“) ,
—- rectangle“)

—- rectangle(a)
. fl rectangle“)

—~ rectangle(Y)
fl rectangle“)

-—- rectangle“) . _. square(b) undefined
fl rectangle“) . fl square(d) undefined
—. rectangle“ ) . ., triangle(c) undefined
-\ rectangle“) , fl triangle(e) undefined
—' rectangle“) . scene(s2) undefined

—Bindings—
Y] = lgg“,a)

—1g of— —r$ult—
—~ square(b) . —~ on(s1,a,b) undefined
- square(b) . -~ on(s2,f,e) undefined
—1 square(b) . —1 left_0f(s1,b,c) undefined
—1 square(b) . —~ left_of(s2,d,e) undefined
-w square(b) . -- rectangle(a) undefined
-~ square(b) . —s rectangle“) undefined
-» square(b)
-‘ square(b)

. fl square(b)

. —~ square(d)
fl square(b)
fl square(M)

—, square(b) , - triangle(c) undefined
-' square(b) . -~ triangle(e) undefined
- square(b) . scene(s2) undefined

—Bindings—
M = lgg(b,d)
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-—-lgg of—— ——resu|t—

a square(d) , - on(sl.a,b) undefined
- square(d) ,

—v on(s2.f,e) undefined
—~ square(d) , - left-of(sl,b,c) undefined
~ square(d) , —~ left.of(s?.d,e) undefined
—' square(d) , - rectangle(a) undefined
-~ square(d) , -1 rectangle“) undefined
—~ square(d) ,

—~ square(b) - square(M)
-. square(d) , - square(d) - square(d)

A

- square(d) , - triangle(c) undefined
fl square(d) , fl triangle(e) undefined
fl square(d) , scene(s?) undefined

—Bindings——
M1 = lgg(d,b)

——lgg of— ~ro£ult.—-
—~ triangle(c) , —-'on(sl.a.b) undefined
—- triangle(c) , fl on(s2,f.e) undefined
.-. triangle(c) . -1 left-ol'(sl,b,c) undefined
—' triangle(c) , fl left.of(s?,d,e) undefined
-1 triangle(c) , fl rectangle(a) undefined
—. triangle(c) , - rectangle“) undefined
fl triangle(c) , fl square(b) undefined
- triangle(c) , fl square(d) undefined
-= triangle(c) , fl triangle(c)
- triangle(c) , fl triangle(e)

fl triangle(c)
—- triangle(N)

- triangle(c) , scene(s?) undefined
—Bindings—
N = lgg(c,e)

—lgg of— —r$ult——
—~ criangle(e) , —| on(s],a.b) undefined
-- triangle(e) , fl on(s2.f,e) undefined
—- triangle(e) , -1 left-ol'(sl,b,c) undefined
fl triangle(e) , -. left-ol'(s2,d,e) undefined
—. triangle(e) , -1 rectangle(a) undefined
—1 triangle(e) , fl rectangle“) undefined
-- triangle(e) , fl square(b) undefined
fl triangle(e) , —- square(d) undefined
—- triangle(e) , —| triangle(c)
- triangle(e) , —| triangle(e)
—, triangle(e) , scene(s?)

-- triangle(N)
—- triangle(e)

undefined
—Bindings—
N1 = lgg(e,c)
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So,

~lgg of— —resull—
., scene(sl) . —~ on(sl,a,b) undefined
-w scene(sl) . fl on(s?,f.e) undefined
., scene(sl) . fl lefl-of(sl,b,c) undefined
-. scene(sl) . -. left-of(s?,d,e) undefined
-w scene(sl) , H rectangle(a) undefined
-\ scene(sl) . fl rectangle“) undefined
fl scene(sl) , - square(b) undefined
- scene(s]) , - square(d) undefined
—~ scene(sl) , - triangle(c) undefined
-. scene(sl) . ., triangle(e) undefined
fi scene(sl) . scene(s?) sceneQi)

—Bindings—
X = lgg(sl,s?)

1gg((scene(sl) ~—- K),(scene(52) -— K.))

which can be written as

—| on(sl,a.,b) V —| on(X,Y,Z) Vfl 0n(s?,f,e) Vfi on(X1,Y1,Zl)
V -1 left_of(sl,b,c) V -- left_of(X.M,N) V fl left.of(X1,Ml,Nl) V —. left_of(s2,d,e)
V —\ rectangle(a) V fl rectangle(Y) V fl rectangle(Yl)V —- rectangle(f)
V -| square(b) V —‘ square(M) V -| squa.re(M1) V fl square(d).,
V -w triangle(c) V n triangle(N) V - triangle(l\'l) V -1 triangle(e)
V scene(X)

By taking oflirrelevant literals which are true since they are in the background knowl-
edge, the clause can be further reduced to

Since the literals

—, on'(X,Y,Z) V-w on(X1,Yl.le)
fl left_of(X,M,N) V —» left_of(Xl,M],N1)
fl rectangle(Y) V n rectanglefi’l)
—~ square(M_) V -. square(Ml)
-w triangle(1\') V .. triangle(.\'1)
V scene(X)

on(X1,Y1,Z1)
left_of(X1,M1,Nl)
rectangle(Y1)
square(M1)
triangle(N 1)
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have variables which do not appear in the head of the clause —7 scene(X) m as well as
in any previous literals, they can be eliminated. and the clause is reduced to

n on(X,Y,Z) V

-| left.of(X.M,N) V

-\ rectangle(Y) V

fl square(l\l) V

-~ triangle(N) V

scene(X)

which is further reduced to scene(X)

This last sort of reduction will always happen in the absence of negative examples,
since GOLEM eliminates literals from the body of the clause which do not cause the
clause to cover negative examples.

4 Data and Commands used by GOLEM

As explained before, G'OLE'M7IS a first order induction algorithm which can generate
rules from a ghen set of examples where

0 example is a first order ground atom

0 rule is a first order Horn clause

Rules can be used to classify new examples. The syntax of atoms and rules (or clauses)
— see Table 3 — follows that of Edinburgh Prolog (withoutoperator definition and
queries).

I structure J format ] comments ]

ground atom predicatqarg; ,urg2 ..... org"). arg; , org; ..... ci'rgn are terms,
e.g. Iikes(maria, mother(maria)). possibly with function symbols

and no variables

clause Headz—A1,A2,....An Head,A;..—i;....,An arealso
(or rule) e.g. membcr(A, IB, CIDl) : — atoms, but containing at least

natural(B),member(A. [C|D]). one variable

Table 3: Syntax of atoms and rules in GOLEM

7It is implemented in Sun’s implemetation of C and runs under SunOS Release 4.0. The implemen-
tation described here is due to Cao Feng and Stephen Muggleton [Fang 90].
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Figure-2: Data files used by GOLEM

4.1 Files

GOLEM needs three types of input data files and produce (depending on user’s choice)
an output file as shown in Figure 2. The type and extention of the necessary files, as
well as its contents are described in Table 4.

[ type i extent ion 1 comments J
foreground .j set of positives examples. Each element is a

ground atom implied by the target predicate

background .b set of examples which are believed to be
relevant to the example in the foreground set
It. constains, as well. the declarations part
which defines the modes and detemlinations
of each predicate

negative .n set of ground atoms that share the same
predicate symbol a the elements of the
foreground set, but are false with respect
to the target predicate

rules .r set of input or output rules
I

!

Table 4: Types of data. files used by GOLEM

GOLEM can be used in two different modes of operation, batch and interactive, as
described in Table 5.

4.2 Mode and Determination Declaration

Commands in GOLEM can be declared in the background example file. including mode
and determination declaration [Feng 90] — see Table 6.

Through a mode declaration it is possible to specify a relationship between the ar~
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batch Golem accqns data files and produces a set of
rules. At least one foreground. background
and negative files must be present

interactive Golan interacts with the user to perform some
specified induction task

Table 5: Modes of operation in GOLEM

[ declaration I sintax I

mode mode(predicate(+,+,....—,-)).
where:
+ stands for input
— stands for output
with respect to predicate

detennination determinction(predicatcl(-, -, . . . . -). predicate2(-, ., . . . , -)).
where:
predicate] is the head of the expected rules
predicate? is a predicate found in the foreground or background
examples

Table 6: Declarations in GOLEM

guments of a predicate; the values of the arguments being declared output can be
computed from the values of the arguments being declared input. When there are no
mode declarations for some predicate, by default it is assumed that all arguments are
input.

Through a determination declaration it. is possible to specify a relationship between
the predicate in the head of the expected rules and the other predicates found in the
background examples. A determination declaration is a way of telling GOLEM that
some predicates should be used to construct the expected rule(s). When there are
no determination declarations for some predicates, by default it is assumed that the
foreground and all background predicates can be used to construct a rule.

4.3 Other Commands

GOLEM also provides commands which can be used to get help, to display memory
usage, for debugging and tracing information, system statistics, I/O, system setting
parameters, etc. Some of these commands are presented in the order of their likely
usage [Feng 90].

show(Arg1). display examples in memory. Argl can be any offore, back, neg, rules or
hypothesis respectively for displaying positive examples, backgound knowledge,
negative examples, rules in memory or the current hypothesis

read(Argl,Arg2). read in files with the specified file name. Argl can be any of fore,
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back, neg, mic or all respectively for positive examples‘ background knowledgn.
negative examples. rules in memory or to read in all the existing files with the
file name stem specified by Arg2

induce. induce rules

doal|(Argl). read in files with the specified file name stem Argl, induce rules and
write them to the file with extension .r

addhyp. add reduced hypothesis to current rule set in memory

write(Argl,Arg2). output rules and existing examples to the respective files. Arg]
and Arg? are similar to those in read(Argl,Arg2)

subduce. compute the number of positive examples covered by the current hypothesis

subducen. compute the number of negative examples covered by the current hypoth-
esis '

settings. display all system settings described below, together with its default values

settings default value description
i 2 i— determinacy
j 2 j —- deierminacy

noise 0 limit of the permissible number of negative
examples being misclassified by each rule

rIggsamp/c 8 limit of a sample of example pairs used to
construct clauses

tesisample 500 limite of a sample of negative examples used
to test clauses

set(Arg1,Arg2). reset any of the settings described above. Argl is any of the settings
and Arg2 is a number

covers. compute the number of positive examples covered by rules in memory

coversn. compute the number of negative examples covered by rules in memory

5 Using GOLEM

In this section some examples of the learning process carried out by G OLEM are pre-
sented in detail.

5.1 Learning the Concept class

This example is due to Feng and Muggleton [Feng 90]. The ten positive and nine
negative examples used for learning the class concept are given in Table 7 and the
background knowledgein Table 8.
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Examples
Positive Negative

(1) class(al,mammal). class(al,reptile).
(2) class(a?,mammal). cla&<(a-3.mamma.l).
(3) class(a3,mammal).

'

class(a:3.repl.ile).
(4) class(a4,mammal). class(a:3.bird).
(5) class(af>,fis|1). class(aC-.mammal).
(6) class(a6.reptile). class(aT,mamma.l).
(7) class(a7,reptile). class(a.‘3,mamma.l).
(8) class(a8,bird). cla.\<(ai),man1n1al).
(9) class(a9,bird). class(alO,mammal).
(10) class(alO.amphibian).

Table 7: Positive and negative examples for learning class

Background Knowledge (K)
has_coveri11g(al,hair). milk(a] ill habitat(al,land).
has_covering(a2,none). milk(a?,t n. habitat.(a2,sea).
has_covering(a3,hair), milk(33.t ). habit.at‘(a3,sea)'.
has-coveri11g(a4,hair). milk(a4 .l- habit.ati(a4,air).
has_covering(a5,scales). milk(a)3.f:. habitat(a5,sea).
has.coveri11g(a6,scales). milk(a6.f,1. habitat~(a6,land).
has-covering(a7,scales). milk(a7.f_l, habitat(a7,sea).
has-covering(a8,feathers). milk(aS.f). habitatv(38,air).
has-covering(a9,feathers). milk(aQ.f). habitat-(aQJand).
has-covering(alO,none). milk(a10.f)l habit.at.(a10,land).

homeothermic(al t). eggs(al.f11 gills(a1,f).
homeothern1ic(a2)t) . eggs(a?,f1. gills(a2,f).
homeothermic(33. t). eggs(a3.t y. gills(a3,f).
homeothern1ic(a4 t). eggs(a4.fs. gills(a4,f).
homeothermic(a5 f). eggs(a5.1'll gills(a5,t.).
homeothermic(a6. f). eggs(afi.t ‘1. gills(a6,f).
bomeothermic(a7,f). eggs(a7.1 11 gills(a7,f).
homeothermic(38.t). eggs(a.8.t ). gills(a8,f).
homeothermic(a9.t ). eggs(a9.t ). gills(ag,f).
homeothermic(a10,f). eggs(alO.t). gills(alO,f).

Table 8: Background Knowledge for learning class
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With this sort of data GOLEM learns the following concept of Class

class(a5,fish).
class(a10,amphibian).
class(A.mammaJ) :- milk(A,t).
class(A,bird) :- lias-covering(Afeathers)
cl&s(A,reptile) :- has_c0\'ering(A,scales). gills(A.f).

It follows a listing of an interactive session with GOLEM while learning this concept.
Except for the comments included to explain the commands used during this session
the‘complete output. from the interactive process is presented. The input files used are:

animalsf positive examples
animalsn negative examples
animalsb background knowleng

First of all. GOLEM is loaded using option -d (golem -d) to display tracing and de—

bugging information.

!- ianomami:/vork1/ianomami/IA/carmo/golem/examples)». ./golem ~d
[Debugging ON]

All positive. negative examples and background knowledge are read into memory through
the command read(a11,animals) .

!- read(a11,animals).
[Read in 1661115]

Positive examples in memory are shown by the following command

!— shov(fore).
class(a1,mammal).
class(a2,mamna1) . .
class(a3,mamma1).
class(a4,mamma1).
class(a5,fish).
class(a6,reptile).
class(a7,repti1e).
class(a8,bird).
class(a9,bird).
class(a10,anphibian).

Background knowledge in memory is shown by the show(back) . command. Note that
positive examples are automatically included by GOLEM as background knowledge as
well.

!- shov(back).
has_covering(a1 , hair) .

has_covering (a? ,none) .

'has_covering(a3 ,hair) .
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has_covering(a4 ,hair).
has,covering(a5,sca1es).
has-covering(a6.scales).
has_covering(a7,scales).
has_covering(a8,teathers).
has_covering(a9.feathers).
has_covering(a10,none).
milk(a1.t).
mi1k(a2,t).
ni1k(a3.t).
milk(a4,t).
milk(a5,f).
ni1k(a6.f).
mi1k(a7,f).
ni1k(a8,f).
mi1k(39,f).
mi1k(a10 ,f) .

homeothermic(a1,t).
homeothermic(a2,t).
homeothermic(a3,t).
homeothermic(a4,t).
homeothermic(a5,f).
homeothermic(as,f).
homeothermic(a7,f).
homeothermic(a8,t).
homeothermic(a9,t).
homeothermic(a10,f).
habitat(a1,1and).
habitat(a2,sea).
habitat(a3,sea).
habitat(a4,air).
habitat(a5,sea).
habitat(a6,1and).
habitat(a7,sea).
habitat(a8,air).
habitat(a9,land).
habitat(a10,land).
eggs(a1,f).
eggs(a2.f).
eggs(33,t).
eggs(a4,f).
eggs(a5,t).
eggs(a6,t).
eggs(a7,t).
eggs(a8,t).
eggs(a9,t).
eggs(a10,t).
gills(a1,f).
gills(a2,f).
gills(a3,f).
gills(a4,f).
gills(a5,t).
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gills(a6,1).
gi113(a7,t).
gills(aa,f).
gillshQJ).
gills(a10.f).
class(a1.nanma1).
class(a2.nanma1).
class(a3,mamma1).
class(a4,mamma1).
class(a5,fish).
class(a6,repti1e).
class(a7,reptile).
class(a8.bird).
class(a9.bird).
class(a10,anphibian).

Negative examples in memory are shown by the following command

!- show(neg).
class(a1,repti1e).
class(a5,mamma1).
class(a5.repti1e).
class(a5,bird).
class(a6,mamma1).
class(a7,mamma1).
class(a8,mamma1).
class(a9.mamma1).
class(a10,mamma1).

Rule induction is activated by the command induce. as shown below. It should be
noted that defaults settings are being used. This means that GOLEM is working with
22-determinancy, noise is not allowed (noise = 0) meaning that no negative examples
can be covered by the induced rules, and the sample size used to compute the rlgg is 8.
In this case the 8 pairs of positive examples considered by GOLE‘M are: {(2.9). (2,10),

F

(3,7), (4,5). (4,8), (4,9), (5,7), (6,7)}

!— induce.
[Pairz]
class(a2,mamma1).
class(a9,bird).
[Pair:]
class(a2,mammal).
class(a10,amphibian).
[Pairz]
class(a3,mamma1).
class(a7,repti1e).
[Pair1]
class(a4,mamma1).
class(a5,fish).
[Pairz]
class(a4,mamma1).
class(a8,bird).
[Pair:]
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class(a4.mamma1).
class(a9,bird).
[Pairz]
clasa(a5.fish).
class(a7,reptile).
[Pairz]
claee(a6,reptile).
class(a7,repti1e).
At. this point, after having calculated the rig of these 8 pairs of examples, GOLEM
chooses the one which has the greatest coverage (the rlgg obtained from examples 6 and
7 in this particular case —— see below). This rlgg covers 2 positive examples leaving out
8 potential good examples from the 10 positive examples in memory. Next, GOLEM
computes the rlgg of these two examples (6 and 7) with a third one chosen from the
potential good examples left. It does that. eight times (rlggsample is 8 by default).
randomly chosing each time the third example from the potential good examples left.
Unfortunately the tracing facility implemented in GOLEM does not allow to identify
the randomly chosen third example.

[Pas-neg cover=2,potential-good-exanples=8]
[algg 01:3
class(a6,repti1e).
class(a7,reptile).
[is]

class(A,B) :- has_covering(A,C), nilk(A,D). homeothermic(A.D),
habitat(A,E), eggs(A,F), gills(A,f).
[Number of negatives covered=4j
[Overgenerall
[ngg of:]
class(a6,reptile).
class(a7,repti1e).
[is]

class(A,B) :- has_covering(A.C), nilk(A.D). homeothermic(A,D),
habitat(A,E), eggs(A,F), gills(A,1).
[Number of negatives covered=4J
[Overgenerall
[ngg ole
class(a6,repti1e).
class(a7,reptile).
(is)

class(A,B) :- has_covering(A,C), ni1k(A,D), homeothermic(A,D),
habitat(A,E), eggs(A,t), gi11s(A,f), gills(a5,t).
[Number of negatives covered=3J
[Overgenerall
[ngg of:]
class(a6,reptile).
class(a7,repti1e).
[18]

class(A,B) :- has_covering(A,C), lilk(A,D), homeothermic(A,D),
habitat(A.E). eggs(A,F). gills(A,t).
[lumber of negatives covered=4l
[Overgenerall
[algg of:]

22



class(a6.reptile).
claas(a7,repti1e).
[is]

class(A,B) :- hae,covering(l.ecales). milk(A.f), homeothermic(A.
t). habitat(A,C), egge(A.t), gille(A,D), gills(a5,t).
[lumber of negatives covered=5l
[Overgenerall
[Blgg 01:3
class(a6,repti1e).
class(a7.reptile).
[is]

class(A.B) :- has_covering(A,C), mi1k(A,f), homeothermic(A,D),
habitat(A,E), eggs(A.t). gills(A.f). gi11s(as,t).
[lumber of negatives covered=5l
[Overgenerall
[algg 01:1
class(36,repti1e).
class(a7,repti1e).
[is]

class(A.B) :- has_covering(A.C), mi1k(A,t), homeothermic(A.D),
habitat(A,E), eggs(A,t), gills(A,f), gills(a5,t).
[lumber of negatives covered=5l
[Overgeneral]
[ngg of:]
class(a6,reptile).
class(a7.repti1e).
[is]

class(A,B) :- has_covering(A,C), mi1k(A,t), homeothermic(A,f),
habitat(A,D). eggs(A,t), gills(A,f), gills(a5,t).
[lumber of negatives covered=3]
[Overgenerall

After constructing the sample of 8 rlggs of the examples 6 and 7 with a third example,
GOLE'M chooses the one with the greatest coverage and reduces the clause, showing as
well the time taken to construct. the hypothesis (764ms in this case).

[Cover=2]
[Reducing clause]
class(A,repti1e) :— has_covering(A,scales), gills(A,f).
[Hypothesis constructed in 764ms]

The subduce. and subduceu. commands can be used to compute respectively the
number of positive and negative examples covered by the current, hypothesis.

!- subduce.
class(a6,reptile).
class(a7,repti1e).
[Positive Cover = 2]
[Cover found in Oms]

!- subducen.
[legative Cover = 0]
[legative cover found in Oms]
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The reduced hypothesis can he added to the current rule wt in memory by the connnand
addhyp. which also removes from the set of positive examples in memory. the examples
-— class(a6.reptile) and classe(a7.repti1e) in this case- - covered by this new
added rule.

!- addhyp.
(REMOVED: 2 FORES, 0 IEGS]
[Foreground cover removed in One]
!- shov(fore).
class(a1,namma1).
class(a2.lamma1).
class(a3.lamma1).
class(a4,namma1).
class(a$,iish).
class(a8,bird).
class(a9,bird).
class(a10,amphibian).
!- show(tn1es).
class(A,reptile) :- has_covering(A,scales), gills(1,f).
The induce. command below repeats the process usi:.g the 8 positive examples in
memory which have not yet been covered. It constructs zhe rlgg of the following 8 pairs
of examples {(2,9), (3,5), (3,10), (4,5). (4,10), (5,10). (SE). (8.10)}

!- induce.
[Pairz]
class(a2,namma1),
class(a9,bird).
[Pairz]
class(a3,aamma1).
class(a5,fish).
[Pair:]
class(a3,namma1).
class(a10,amphibian).
[Pairz]
class(a4,namma1).
class(as,tish).
[Pairz]
class(a4,namma1).
class(a10,amphibian).
[Pairr]
class(a$,fish).
class(alo,amphibian).
[Pair:]
class(a8,bird).
class(a9,bird).
[Pair:]
class(as,bird).
class(a10,amphibian).
Again, the two examples with the greatest rlgg coverage are chosen. They are examples
8 and 9 in this particular case. Next the process of constructing the rlgg of these
examples plus one randomly chosen is repeated.
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[Poe-neg cover=2,potentiel—good-examples=6]
[ngg 01:3
class(a8.bird).
class(a9,bird).
[is]

‘class(A,B) :- has_covering(A,C), mi1k(A,D), homeothermic(A.t),
habitat(A,E). eggs(A,F). gills(A,f), gi115(a5,t).
[lumber of negatives covered=3J
[Dvergeneral]
[ngg 01:3
class(a8,bird).
claes(a9,bird).
[is]

class(A,B) :- has_covering(A,C). mi1k(A.D), homeothermic(A,t).
. habitat(A,E), eggs(A,F). gills(A,f). gills(a$.t).
[Number of negatives covered=3]
[Overgenerall
[ngg 01:1
class(a8.bird).

' class(a9,bird).
[is]

class(A.B) :- has_covering(A,C). milk(A,D), homeothermic(A,t).
habitat(A,E). eggs(A,t). gills(A,f). gills(a5,t).
[Number of negatives covered=2]
[Overgenerall
[ngg ole
class(a8,bird).
class(a9,bird).
[is]

class(A,B) :- has_covering(A,C), milk(A,D), homeothermic(A,t),
habitat(A.E). eggs(A,F). gills(A,f). gills(a5.t).
[Number of negatives covered=3]
[Overgenerall
[Elgg 01:1
class(a8,bird).
class(a9,bird).
[is]

class(A,B) :- has_covering(A,C), milk(A,f), homeothermic(A,D),
habitat(A,E), eggs(A,t), gills(A,F), gills(a5,t).
[Number of negatives covered=83
[Overgenerall
[Elgg of:3
class(a8,bird).
class(a9,bird).
[is] ..

class(A,B) :- has_covering(A.C), mi1k(A,f), homeothermic(A,D),
habitat(A,E). eggs(A.t). gills(A,f), gills(a5.t).
[lumber of negatives covered=5]
[Overgeneral]

Again the rlgg with the greatest coverage is chosen and the clause is reduced to a. new
hypothesis. It is important to notice the difference between hypothesis and rules. A
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hypothesis is converted to a rule only after the execution of the command addhyp.
which also removes the positive examples covered by the new rule.

[Cover=21
[Reducing clausa]
class(A,bird) :- has_covering(A.feathers).
[Hypothesis constructed in 681ms]
!- shov(hypothesis).
class(A,bird) :— has_covering(A,teathers).
9-‘shov(ru1es). '

class(A,repti1e) :- has_covering(A,scales), gills(A,f).
!- shov(fore).
class(a1,namma1).
class(a2,namma1).
class(a3,mamma1).
class(a4.nammal).
class(a5,fish).
class(a8,bird).
class(a9,bird).
class(a10,amphibian).
!- addhyp.
REMOVED: 2 FORES, o IEGSJ
[Foreground cover removed in 17ms]
!— shov(fore).
class(a1.mamma1).
class(a2,mamma1).
class(a3,mamma1).
class(a4,mamma1).
class(a5,fish).
class(a10,amphibian).
!— shov(ru1es).
class(A,bird) :- has_covering(A,feathers).
c1ass(A,reptile) :- has,covering(A,scales), gills(A,f).
The inductive process is again repeated — using the 6 positive examples left —- con-
structing the rlgg of the following 8 pairs of examples {(l.’2), (1,3), (1,4), (2.5), (2.10),
(3,10), (4-5), (4,10)l

!- induce.
[Pairz]
c1ass(a1,mamma1).
class(a2.mammal).
[Pairz]
class(a1,mammal).
class(a3,mamma1).
[Pairz]
class(a1,mamma1).
class(a4,mamma1).
[Pairz]
class(a2.mamma1).
class(a5.tish).
[Pairz]
class(a2,mamma1).
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class(a10.amphibian).
[Pairz]
class(33,namma1).
class(a10,amphibian).
[Pairz]
class(e4,namma1).
c1ass(a5,tish).
[Pairz]
class(a4,mamma1).
class(a10,amphibian).

The examples with the greatest rlgg coverage are l and 2. Now the rlgg of these hm
examples and a, third one is constructed.

[Poe-neg cover=3,potential-good-examples=3]
[R155 01:3
class(a1,mamma1).
class(a2,mamma1).
[is]

class(A,mamma1) :— has_covering(A,B), milk(A,t), homeothermic(A,
t). habitat(A,C). eggs(A.D). gills(A,f). gills(a5,t).
[Number of negatives covered=0]
[0K]
[ngg 01:1
class(a1,mamma1).
c1ass(a2,mamma1).
[is]

class(A,B) :— has_covering(A,C), nilk(A,D), homeothermic(A,D),
habitat(A,E). eggs(A,F), gills(A,F).
[Number of negatives covered=4]
[Overgeneral]
[R133 of:]
class(a1,mamma1).
class(a2,mamma1).
[is]

class(A,B) :— has_covering(A,C), ni1k(A,D), homeothermic(A,D),
habitat(A,E), eggs(A,F), gi11s(A,t).
[Number of negatives covered=4J
[Overgeneral]
[Best-atom class(a3,mamma1).]

Now GOLEM constructs the new hypothesis which covers 4 examples and'does not
leave any potential good examples out.

[Poe—neg cover=4,potential-good-examples=0]
[Cover=4]
[Reducing clause]
class(A,mamma1) :- mi1k(A,t).
[Hypothesis constructed in 531ms]
!- show(hypothesis).
class(A,mamma1) :- mi1k(A.t).
!- show(ru1es).
class(A,bird) :- has_covering(l,feathers).
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class(A.reptile) :- has-covering(A.eca1es). 3.111qu).
!- ehow(tore).
clese(e1.nenma1).
class(a2.namma1).
clans(a3.mamma1).
clees(a4,manmal).
class(a5.fieh).
claes(a10.amphibian).

This new hypothesis is added to the current rule set. leaving two positive examples out.
for which no good hypothesis can be found.

!— addhyp.
[REHOVED2 4 FORKS, 0 IEGS]
[Foreground cover removed in 17ms]
!- shou(ru1es).
class(A.mamma1) :- mi1k(A,t).
class(A,bird) :- has_covering(A,teathers).
class(A,reptile) :- has_covering(A,sca1es). gi11s(A,f).
!- shov(fore).
class(a5,fish).
class(a10,amphibian).
!- induce.
[Pairz]
class(a5,tish),
class(a10.amphibian).
[No good hypothesis found]

It can be seen that the three rules discovered by GOLEM do not cover negative examples
(since the settings has noise = 0) and cover 8 positive examples, leaving ‘2 out.
If GOLEM is used through the doa11(anima1s). command, the obtained rules are
automaticaly written in the file .r as well as the positive examples not eventually
covered by the constructed rules.

5.2 Learning the Concept scene

This example is concerned with learning the concept of a. scene from positive and
negative examples. Each scene consists of three different objects — chosen among
rectangle, square, triangle and line. The five positive and five negative examples are
illustrated in Figures 3 and 4 respectively. where it. can be seen that a scene can be
described as

a rectangle on any other object and
a square on the left of any other object

The expression of Figures 3 and 4 as positive and negative examples as well as back-
ground knowledge to be used by GOLEM are shown in Tables 9 and 10.
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Figure 3: Positive examples for learning scene
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Figure 4: Negative examples for learning scene
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Positive Examples Negative Examples
scene(sl). scene(sl()).
srcne(s'2). scenc(sl l ).

scene(s3). scene(sl2)r
sccne(s4). scenv(sl3).
sccne(s.5). sceno(s]4).

Table 9: Positive and negative examples for learning sum

Background Knowledge
on(sl,a,b). rectanglda). square(b).
on(s?,f.e). rectangle”). square(d).
on(53‘g.h ). rectangldg). square(h).
on(s4 ‘q,r). rect.angle(q). square(p)i
on(s5,x,v). rectangle“). square(v).
on(le,Lk). rectangle(k). squareflji
on(sll,n1J1). rectaiigle(n). scu1are(o).
on(512,u,r) rectangle(r). square(!l
on(sl3rxl,x2)i rectangle(xl). Square(x3).
on(sl4.x6,x5). rectangle(x5)i square(x4)

triangle(c). left»-of(sl.b.c). line(r).
triangle(e). left--of(s?.d.e). line(y).
trianglefi). left-of(s3.l1‘i). line(u)r
triangle(j). left._of(s4.p.r). Iine(x‘1;.
triangle(m). left -of(s-5.\'._v). line(xGJ

leficofl5103,kl
left.-of(sl 1 no).
left.-of(512,r.t.).
left._of(513.x‘2,x3).
le[t_of(sl4.x4,x5).

Table 10: Background Knowledge for learning scene

With this sort of data GOLEM learns the following concept of scene

scene(A) :- on(A,B,C), left.of(A,D.E), rectangle(B). square(D).

It, follows GOLEM activation (without. tracing option) and output using files stem
scene.

ianomami:/vork1/ianomami/IA/carmo/golem/examples>>>../golem
!— doall(scene).
[Read in 83ms]
(REMOVED: 5 Foxes, o IEGS]
[Foreground cover removed in Oms]

[FORESsz, BACKS: 55, HEGS: 2, RULES: 1]
[Clauses written to scene.r]
[Total time taken for induction = 249ms]
!- read(ru1es,scene).
!— shov(ru1es).
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scene“) :- on(A.B.C). lett_of(A,D,B), rectangle“), squarem).
!_

One important. aspect ofany learning algorithm is related to the quality ofthe examples
provided to learn the concept. Table 1] shows the various rules learned by GOLEM
when different subsets of the set of negative examples {510. st], 512. 513, 514} are
provided, showing that only negative examples {s13, 514} are necessary to learn the
most specific expression of the concept.

Negative Examples Learned Rules
S] 0 511 512 513 514

scene(A).
‘k scene(A):-on(A,B,C).rectangle(B).

* scene(A):—on(A,B,C),rectangle(B).
* scene(A):-on(A,B,C),rectangle(B)i

* ‘k * scene.(A):-on(A,B,C),rectangle(B).
* scene(A):-left.-of(A.B.C),square(B).

* * scene(A):-left.of(A,B,C),square(B).
* ~k * * scene(A):—left.of(A,B,C),square(B).
* ~x scene(A):-on(A,B,C),left.of(A,D,E),rectangle(B),square(D).
* * it * scene(A):—on(A,B,C),left.of(A,D,E),rectangle(B).square(D).

scene(A ) :-on(A ,B,C),rectangle(Bl.
scene(A):-on(A ,B,C),lel't.of(A ,D,E),rectangle( B).square(D).

iiii

*

Table 11: Learned concept providing different negative examples

5.3 Learning the Concept a-kind-of— aka

This final example shows GOLE'M capability to learn recursive predicates: in this par-
ticular case the predicate a-kind.of, which is a transitive relationship predicate. Figure
5 illustrates the example considered.

Tables 12 and 13 show respectively the positive and negative examples as well as back-
ground knowledge input to GOLEM.
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Positive Examples Negative Examples
ako(vertebrateanimais). ako(simi an vfeline).
ako(fish ,vertebral e)i
ako(mammal Aenebrate).
ako(simian,primal.a).
ako(carnivore.mammal).
ako( tiger,mammal ).
ako(carni vore.animais).
ako(carnivore.\'ert ebrate )r

ako(felineyerlebrate).
ako(herbivore.\'ert.ebrat.e).
ako( mammal .animais).
ako(feline,mammal).

Table 12: Positive and negative examples for learning uko

animal

vertebra-
{e

mammal

carnnrone herbivone

feliru

m c 30wau 3
Figure 5: Animal hierarchy
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Background Knowledge
akol (inverlebrate,animais)
akol ( vertebratc‘animais).
alto] ( bird ,vertebrate).
ako 1 (fish .vertebrate).
akol ( mammal .vertebrate)_
akol(carnivoremiammal).
akol (herbivoreJnannnal).
akol (primata,carnivore).
akol (felinecarnivore).
akol(man ,primat.a).
akol (simian ,primata).
akol(liou.feline).
akol(tiger,feline).
akol (cat feline).

ako(invertebratemnimais).
ako(verl.ebrate‘animais).
ako( bird ,vertebrate).
ako(fish,vertebrate).
ako(mammal,vertebrate).
ako(carnivore,mammal ).
ako(herbivoremammal).
ako(primata,camivore).
ako(feline,carnivore).
ako( man ,primata).
ako(simian.primata).
ako(lion .feline).
ako(tiger,feline).
ako(cat ,feline).

ako(tiger.mammal).

Table 13: Background Knowledge for learning aka

The relation ak01/2 is a one pass relation. meaning that it relates each class to its
immediately superior class. In the background knowledge, this relation is exfihaustively
provided. It should be observed as well that the description of the relation alto/2 in
the background knowledge is also exhaustively provided for the one pass description of
this relation.

With this sort of data GOLE’M learns the following concept. of aka

ako(A,B) :- akolt.5t,B).
ako(A,B) :- akoltA,C), ako(C,B).

6 Conclusions

In this work we described in some details the ILP learning system GOLEM. While
learning, this system is able to process large number of examples in a reasonable amount
of time. It should be observed that despite its efficiency. GOLEM is highly dependent
on the vocabulary and the form of examples given in advance, not being able to extend
its vocabulary. Thus. as in any other inductive learning system, GOLEM heavily
depends on the adequacy and quality of provided examples (negative and positive) as
well as background knowledge in order to construct a suitable description of the learned
concept.

GOLEM has an over-simplified way of handling noise; it allows a general clause C cover
a user provided number of negative examples, independently of the number of positive
examples covered by that clause. That is not a significative way of dealing with noise.
since it does not take into consideration the relation between the number of positive
and negative examples covered by the same clause C. It would be better if the user
could provide the percentage of accuracy for constructing rules.
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The implementation described in this work requires that the background knowledge K
is given as ground facts. It would be interesting if the background knowledge could be
given as a logical program P and through preprocessing, be transformed into a set of
ground facts.

As shown in Section 2 this program P should be sintactically generative so to ensure
that the model M for P is finite. We intent to implement a. pre—processor which. for
a given sintactically generative logical program P, constructs the corresponding h-casy
model of P, for h provided by the user.

This approach is particularly interesting since a learned concept can be added to other
background knowledge and eventually, through pre-processing, become part of a li-(asy
model used for learning another concept.

Acknowledgments: to Carmen Lucia Pagadigorria for the assistance in preparing the
Figures contained in this Note.
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