Theory-Guided Induction of Logic Programs

b y Inference of Regular Languag es

Henrik Bostr� om

Dept. of Computer and Systems Sciences

Sto ckholm University

Electrum 230, 164 40 Kista, Sweden

henke@dsv.su.se

Abstract

Previous resolution-based approaches to

theory-guided induction of logic programs

pro duce hyp otheses in the form of a set of re-

solvents of a theory

, where the resolvents rep-

resent allowed sequence s of resolution steps

for the initial theory

. There are, however,

many characterizations of allowed sequenc es

of resolution steps that cannot b e expressed

by a set of resolvents. One approach to

this problem is presented, the system mer-

lin, which is based on an earlier technique

for learning �nite-state automata that rep-

resent allo wed sequenc es of resolution steps.

merlin extends the previous technique in

three ways: i) negative examples are consid-

ered in addition to p ositive examples, ii) a

new strategy for p erforming generalization is

used, and iii) a technique for converting the

learned automaton to a logic program is in-

cluded. Results from exp eriments are pre-

sented in which merlin outp erforms b oth a

system using the old strategy for p erform-

ing generalization, and a traditional covering

technique. The latter result can b e explained

by the limited expressivenes s of hyp otheses

pro duced by covering and also by the fact

that covering needs to pro duce the correct

base clauses for a recursive de�nition b efore

pro ducing the recursive clauses. merlin on

the other hand do es not require that particu-

lar examples of the base cases are given, since

b oth base clauses and recurs ive clauses can

b e inferred from a single example.

1 In tro duction

The search for a clause in an inductive hyp othesis can

b e p erformed either top-down (i.e. from an overly gen-

eral clause to a more sp eci�c) or b ottom-up (i.e. from a overly sp eci�c clause to a more general). Several

approaches to induction of logic programs search top-

down from clauses in a theory (i.e. de�nite program

1

)

by sp ecializing the clauses using literal addition (e.g.

[14, 13, 18]

2

) or resolution (e.g. [9, 10, 4, 7, 5, 6]) or

b oth (e.g. [3, 16, 15]).

In the previous approaches that use resolution only ,

the theory can b e viewed as a declarative bias that

restricts not only what predicate symb ols can b e used

in learned clauses, but also how the predicates can b e

invoked. In these approaches the theory is used to

identify some sequences of resolution steps that dis-

criminate p ositive examples from negative examples

when proved by the theory . F or example, assume that

we are given the following theory T :

(c1) p([]).

(c2) p([a|L]):- p(L).

(c3) p([b|L]):- p(L).

together with the p ositive examples E

+

= fp([a,b]),

p([a,b,a,b,a,b])g and the negative examples E

�

=

fp([a]), p([a,b,a])g. Then one characterization of

the sequences of resolution steps that are used in the

SLD-refutations of the p ositive examples that do es not

hold for the SLD-refutations of the negative examples

is that the clauses c2 and c3 should b e used in suc-

cession an arbitrary numb er of times follo wed by c1.

This can b e expressed by the following resolvents of

the previous program:

(c1) p([]).

(c4) p([a,b|L]):- p(L).

All previous resolution-based approaches repres ent the

identi�ed sequenc es of resolution steps as a set of resol-

vents of a given theory

. However, there are man y char-

1

F amili ari ty with the standard terminol ogy in logic pro-

gramming is assumed [12].

2

These systems may p erform b ottom-up search as well.

acterizations of what sequence s of resolution steps are

allowed that cannot b e express ed as sets of resolvents

of the theory . F or example, given the theory T ab ove,

there is no way of expressing by a set of resolvents of T

that clause c2 should b e applied an arbitrary numb er

of times follow ed by an arbitrary numb er of applica-

tions of c3 follo wed by c1. The reason for this is that

a new predicate symb ol is needed in order to express

this, and such are never intro duced when applying res-

olution.

In this work, we present one approach to this prob-

lem, a system called merlin

3

. It is based up on the

idea in [8] to learn �nite-state automata that repre-

sent allowed sequences of resolution steps. In the next

section, we show how the learning pro cedure presented

in [8], which only handles p ositive examples

4

, can b e

slightly mo di�ed to deal with negative examples as

well. Another extension to the technique, which has

b een included in merlin, is a novel strategy for p er-

forming generalization when pro ducing the automa-

ton. W e also show how merlin uses the learned au-

tomaton in order to pro duce a resulting inductive hy-

p othesis in the form of a logic program, by calculating

the intersection of the automaton and a context-free

gramm ar that represe nts the original theory

. In sec-

tion three, we present exp erimental results from com-

paring merlin to a traditional covering technique and

from comparing the new strategy to the old for p er-

forming generalization when pro ducing the automa-

ton. Finally

, in section four we give some concluding

remarks and p oint out directions for future research.

2 MERLIN

In this section, we �rst present the pro cedure in mer-

lin for learning a �nite state automaton from a theory

and p ositive and negative examples. W e then show

how the learned automaton is used in merlin to sp e-

cialize the theory .

2.1 Regular Language Inference

The basic idea in [8] is that sequence s of input clauses

in SLD-refutations can b e viewed as strings in a for-

mal language, which can b e represente d by a �nite-

state automaton. The learning pro cedure in [8] can b e

summarized

5

: i) construct an initial automaton from

a given sequence, ii) rep eat as long as p ossible: merge

two states that have out-going arcs lab eled with the

same symb ol, and make the resulting automaton de-

3

Mo del Extraction by Regular Language INference

4

The pro cedure was used to learn recursive concepts in

explana tion -based learnin g.

5

W e use ordinary automata [11] rather than the input-

output automata used in [8].

terministic. In [8] it is also shown how to handle mul-

tiple sequence s: construct initial automata for the se-

quences, merge the start states, make the automaton

deterministic and then apply step ii ab ove.

W e have made two alterations to this learning pro ce-

dure: i) negative examples are considered in addition

to p ositive examples, which ma y prevent overgener-

alization, and ii) a strategy for cho osing what states

to merge is incorp orated, which may result in simpler

automata.

The pro cedure for pro ducing a generalized automaton

takes as input two sets of sequences : one represe nt-

ing SLD-refutations of p ositive examples and one rep-

resenting SLD-refutations of negative examples. One

initial automaton is construct ed that represe nt all the

sequence s, where the �nal states are classi�ed as ei-

ther b elonging to a p ositive example or to a negative

example. F urthermore, the arcs that lie on paths from

the start state to p ositive �nal states are classi�ed as

p ositive, and the others as negative. States that have

p ositive out-going arcs lab eled with the same symb ol

are then merged as long as p ossible, and after each

merge, the automaton is made deterministic and it is

checked that no �nal p ositive state is merged to a �-

nal negative state. Moreover, instead of just merging

any of the mergeable states, as done in [8], the merge

that leads to the fewest numb er of p ositive arcs in the

resulting deterministic automaton is chosen.

Below, we �rst give a formal description of the learn-

ing pro cedure and then illustrate it with an exam-

ple. An automaton is internally represe nted by a tu-

ple (q

0

; A

+

; A

�

; F

+

; F

�

), where q

0 is the start state, A

+

and A

�

are the p ositive and negative arcs, where an

arc from q

a to q

b lab eled with C l ause is represe nted

by (q

a

; C l ause; q

b

), and where F

+

and F

�

are p osi-

tive and negative �nal states. The �nal automaton is,

however, represe nted by the triple (q

0

; A

+

; F

+

), since

there is no need in the following to consider negative

arcs and negative �nal states.

FUNCTION Pro duce-Automaton(S

+

; S

�

)

M := Initial-Automaton(S

+

; S

�

)

REPEA T

Let M = (q

0

; A

+

; A

�

; F

+

; F

�

)

M

succ

:= fMake-Deterministic(Merge(q

a

; q

b

; M )):

q

a

6= q

b and f(q

a

; s; q

0

a

); (q

b

; s; q

0

b

)g � A

+

for some

s; q

0

a and q

0

b g

IF M

succ

6= ; THEN M := M

0

2 M

succ with the

fewest p ositive arcs

UNTIL M

succ

= ;

RETURN (q

0

; A

+

; F

+

)

FUNCTION Initial-Automaton(S

+

; S

�

)

M := (q

0

; ;; ;; ;; ;)

FOR EACH c

1

: : : c

n

2 S

+

DO

A

+

new

:= f(q

0

0

; c

1

; q

0

1

); : : : ; (q

0

n�1

; c

n

; q

0

n

)g, where

q

0

0

; : : : ; q

0

n are new states

Let M = (q

0

; A

+

; A

�

; F

+

; F

�

)

M := Make-Deterministic(Merge(q

0

; q

0

0

; (q

0

; A

+

[

A

+

new

; A

�

; F

+

[ fq

0

n g; F

�

)))

FOR EACH c

1

: : : c

n

2 S

�

DO

A

�

new

:= f(q

0

0

; c

1

; q

0

1

); : : : ; (q

0

n�1

; c

n

; q

0

n

)g, where

q

0

0

; : : : ; q

0

n are new states

Let M = (q

0

; A

+

; A

�

; F

+

; F

�

)

M := Make-Deterministic(Merge(q

0

; q

0

0

; (q

0

; A

+

;

A

�

[ A

�

new

; F

+

[ fq

0

n g; F

�

)))

RETURN M

FUNCTION Merge(q

a

; q

b

; (q

0

; A

+

; A

�

; F

+

; F

�

))

IF (q

a

2 F

+

and q

b

2 F

�

) or (q

a

2 F

�

and q

b

2 F

+

)

THEN fail

q

0

:= a new state

Replace all o ccurrenc es of q

a and q

b with q

0

in A

+

, A

�

,

F

+

and F

�

A

�

:= A

�

n A

+

IF q

a

= q

0 or q

b

= q

0

THEN S := q

0

ELSE S := q

0

RETURN (S; A

+

; A

�

; F

+

; F

�

)

FUNCTION Make-Deterministic((q

0

; A

+

; A

�

; F

+

; F

�

))

M := (q

0

; A

+

; A

�

; F

+

; F

�

)

WHILE f(q ; s; q

a

); (q ; s; q

b

)g � A

+

[ A

�

in M ,

where q

a

6= q

b

DO

IF Merge(q

a

; q

b

; M ) succeeds THEN

M := Merge(q

a

; q

b

; M ) ELSE fail

RETURN M

Example Given the following p ositive and negative

examples:

E

+

= fnat(s(s(s(0))))g

E

�

= fnat(s(s(0))), nat(s(s(s(s(0)))))g

together with the follo wing program:

(c1) nat(0).

(c2) nat(s(X)):- nat(X).

Then there is one SLD-refutation of the p ositive ex-

ample, and hence one sequence in S

+

= fc2 c2 c2

c1g. The set of sequences of input clauses in the SLD-

refutations of the negative examples is S

�

= fc2 c2

c1; c2 c2 c2 c2 c1g. The ab ove sequenc es yield the

following initial automaton, where the p ositive �nal

state is marked with + and the negative �nal states

are marked with �:

c2 c2 c2 c1

           c2

      c1 c1

+

The only p merge of twwith p ositivoutgoing arcs lab eled with the same symb ols sults in a deterministic automaton is to merge state and third state. Merging making resulting automaton deterministic, and removing ativarcs gives the following �nal automa

c2

 c2

     c1

It is easy to where di�erent decisions garding to merge results in �nal automata

accepting di�erent languages. F or if wthe case would have an additionalp itive sequence c2 c2 c2 cc2 c2 c2 c1, and cmerge the last twthat have outgoing arcs b eled with c2 path to new p ositive state, the resulting automaton would accept the p ositive sequenc e as well as all sequences starting �ve c2 more follo wed bone c1. In section our for cho osing merge that in the fewest p ositive arcs is empirically ev

2.2 Sp ecializing Having learned an automaton that shows what quences of input clauses are allowed of given theory

, merlin pro duces a new allows those sequences that are allowed by b the original theory and the learned automaton. This done by representing the set of sequences allowby given as a context-free gramm ar, deriving new congramm ar that resenthe intersection of the �rst grammar and learned automaton. The new grammar used pro duce the �nal program.

2.2.1 Representing the Theory as Context-F reeThe set of p ossible sequences of input in refutations of any of a goal G a given gram P can b e represe nby a context-free gram-

mar, referred to a pr o gr ammar, (S; R), where is start symb ol R a of where eacrule is on form L ! C R: : : R, where n L; R: : : Rare non-terminalsymb ols and C is a minal symb ol. Below, we show how to pro such gramm ar follo wed ban

FUNCTION Pro of-Grammar(G;P S := predicate symb olof FOR EACH C = (H : �B; : : :; B) 2 P , n 0 R R fL ! C R: : : Rg, where L is the symb olof H , Ris the symb of B, where 1 i � nRETURN (S; RExample Givgoal {:- nat(N)} together the program the previous examples. Then ab ove pro cedure pro duces the followingpro of gram-

mar (nat=1; R), where R following nat=1 ! cnat=1 ! cnat=2.2.2 Deriving IntersectioThe intersec tion of a conlanguage a lar language always a context-free language [2]. following pro cedure for deriving a context-free gram-

mar that represen the intersection of pro of gram-

mar a deterministic automaton is rived from the algorithm in [2FUNCTION Intersect ion((SP ; RP ); (q; A; F N T := f(L; S; S) : (! C R: : : R) 2 RP (S; C ; ) 2 A, Sis a state in or ’empty’R FOR EACH pair (L ! C R: : : R) RP (S; C ; S) 2 A R R [ f(L; S; Sn) ! C (R; S; S) : : : (RS; Sn) : (R; S; Si) 2 N , 1 i � nIF S2 F and n 0 R R [ f(L; S; empty ) ! C RETURN ((SP ; q; empty ); RExample Given automaton and the pro of gram-

mar in the previous examples, the following rules pro duced by ab ove pro cedure, together with start symb ol(nat=1; q0

; empty )(nat=1; q0; empty ) ! c2 (nat=1; q1; empty (nat=1; q1; empty ) ! c(nat=1; q1; empty ) ! c2 (nat=1; q0; empty 2.2.3 Pro ducing Final Having derivintersection of the learned automa-

and originalpro of gramm ar, pro the �nal logic program, which is clause

 De
ad rules have b een removeach rule in the inand where eacsymb ol corresp onds to a non-terminalsymb ol.following pro cedure shows how this achieved, givthe intersection and the symb ol corres p ing the symb ol.

FUNCTION Make-Program((S; R); T P S := a bijection from set of non-terminals to a set of predicate symb ols, such that P S (S ) = P := FOR EACH rule (S! C S: : : S) 2 R, = L: �L; : : : ; LP := P [ fN ew: �N ew; : :: ; N ew)g, N ew; 0 � i � npredicate symb olP S (Sand the same arguments LRETURN Example Given congrammar in vious with the symb ol

nat=1, ab ove pro cedure pro duces following gram:

nat(s(X)):- nat2(s(X)):- 3 Empirical Ev

In section we present an empirical ev aluation the p erformance of b oth with new and old for what merges p erform7merlin was also compared a traditional covstrategy

, which is formalized in app endix. W e present the three theories and four example sets were used in the exp eriments and the exp 3.1 DomainThe theory that was investigated is same presente d in section (c1) (c2) p([a|L]):- (c3) p([b|L]):- Two of p ositivexamples of wfor this theory: one where L contained up to 20 ments represen the expression (ab), the other where L contained up to 7 elemenresenting the regular aba. F or each these, a of negativexamples was by domly one of the elements in each p ositiv

The old strategy simply to merge pair states. The pairs are randomly in the exp erimen ts.

example constant, such that the new stance did not b elong to of p ositive examples8The total numb er of in the �rst set was (of which 50% were p ositive), and in the set (of which 60.6% were p ositive). It should b e that a de�nition can, in b pro bcovering for �rst example set, while this is p ossible for the The theory that was invis the aspresente in section(c1) (c2) nat(s(X)):- entire set of examples consisted of the �rst natural numb ers, where the were as p ositive if wdivisible by twor three, negativotherwise (this in 63% p ositive amples). A de�nition of can b e repres ente by set of resolvents of theory

, hence covering was deemed to fail in domaiThe third that was invis shob elotheargument of turing(D,M) repres ena sequence of movements of T uring machine, each move on the form (Read; W r M ov e), �rst argument is a natural numb er repres enthe numb er symb ols left of the head. The of p ositivexamples consisted of sequenc es of mo vments of T uring machine that at the p osition the tap e, and p erforms addition of twnatural num b ers on right side, where each is resente d by b etween zero and �vconsecutivo rences of the symb oli the two numb separated by a blank (#). The set of negative was by randomly of the mo vments each p ositive example with some other rect movement. The total numb er examples domain w72 (of which 50% wp ositive). Note although learning problem in this domain was recognize when addition has b een correctly p any correct hyp othesis that is pro duced can b used guide a T uring machine actually p erform turing(D,turing(s(D),[(#,#,left)|Moves]):-

turing(D,Moves).

turing(s(D),[(#,i,left)|Moves]):-

turing(D,Moves).

turing(s(D),[(i,#,left)|Moves]):-

turing(D,Moves).

turing(s(D),[(i,i,left)|Moves]):-

turing(D,Moves).

turing(D,[(#,#,right)|Moves]

This is always p ossibl for anexample in the �rst but for all examples in the turing(s(D),Movturing(D,[(#,i,right)|Moves]turing(s(D),Movturing(D,[(i,#,right)|Moves]turing(s(D),Movturing(D,[(i,i,right)|Moves]turing(s(D),Mov3.2 Exp erimen talResulEach example set was randomlysplit into two halvone half wfor training other testing. The numb er of examples in training that were given input to the algorithm s were v ied, a larger set always a smaller. same and were used for all tecniques. Each exp eriment was 50 times mean accuracy on examples is presente b loIn Figure the from (ab)domain presente d. In this domain,the for cho what merges p erform was of imp ortance, and hyp otheses pro duced by merlin with the new egy widentical to the ones pro duced with strategy

. However, it can b e seen that merlin duced more accurate hyp otheses than covering for sizes of the training set, although covin ple was able to pro duce a correc t hyp othesis in domain. This can b explained by the fact that coering needed to pro duce the correct clause the recursive de�nition b pro ducing the recurs ivand often of the examples b to pro the correct base

50 55 60 65 70 75 80 85 90 95 100

2 3 4 5 6 7 8 9 10

Accuracy (%)

No. of training examples

Merlin (new and old strategy)

Covering

Figure 1: Accuracy for the (ab)domaiFigure 2, Figure 3, and Figure 4, the results from

the abadomain,divisible-by-2-or-3 domain,the T uring machine domain presente d. As can b een seen, the strategy for cho osing merges p erform was very imp ortant in these domains. lin with new strategy outp erformed b with the old strategy and covering all three domaifor almost all sizes of training sets. That coving should p erform well in domains was p ected, since it wnot evin theory able pro correct hyp

5 10 15 20 25 30

Merlin

Covering

Old strategy

Figure 2: Accuracy for the abadoma

5055606570 7580859095

6 7 8 9 10 11 12 13 14

Accuracy (%)

No. of training examples Merlin

Covering

Old strategy

Figure 3: Accuracy for the divisible-by-2-or-3 domain.

405060708090100 5 10 15 20 25 30

Accuracy (%)

No. of training examplesMerlin

Old strategy

Covering

Figure 4: Accuracy for the T uring machine domai4 Concluding RemW e havpresente a novel approacto top-down induction of logic programs, the merlin. The main motiv ation this approacis that resolution-based approaches represende�nitions as sets of resolvenof a given ory

, many interesting concepts can not b e sented in way

. The new approach is based on technique in [8to a �nite-state automaton represe nts sequences of allowed resolution steps. lin extends the technique in three ways: negative examples are considered in addition p tive examples, ii) new strategy for p erforming alization is included, and iii) an inductivhyp pro duced in form a logic program.exp eriments have b een presented in which new strategy in merlin outp erformed old also a traditional covering technique. The latter can b e explained by limited express iveness hyp pro duced by covering also by the that covering needs to pro duce the base for a recurs ive de�nition b efore pro ducing sivand often of examples can b used to pro duce the correct base clauses. merlin the hand do not require that particular amples of the base cases are given, since the b oth base clauses and recursivclauses can b e inferred from

a single There are a numb er of p ossible directions for research. One is to investigate tecfor ferring automata(e.g. [1]) to ev them merlin. Another direction is to extend expressivene ss by using context-free gramm ars of �nite-state automata, which also investigated [8]. A third for future researcis to investigate how computation a�ects the hyp pro duced by merlin. In all exp eriments, the refutations of the examples wpro using standard Prolog computation (i.e. to select leftmost goal to resolve up on). However, as strated in [7], the of learning pro cedure b e highly dep endent on how SLD-refutations derivAcknowledgemen

This work has b een supp orted by Europ ean Com-

munityESPRIT Long T erm Research Pro ject L o gic Pr o gr II. The author PIdestam-Almquist v aluable App In this app we formalize traditional covstrategy (i.e. until all p ositivexamples are covselect a that covsome p ositivexamples, sp cialize until it covers no negativexamples, and add it to resulting hyp which is initially

empty). However, this technique can not b applied a straight-forward manner when sp ecializing recurs ivclauses. F or example, consider the following program:

nat(s(X)):- together with followingp ositive negative ampl= fnat(s(0)), nat(s(s(s(0))))= fnat(0), nat(s(s(0)))g

Since the covof each must b e using the clauses found so together with the bacground predicates, there is no in this case covers any p ositive examples (we not clauses in overly general hyp othesis as bacpredicates, since then we would never b e able duce a v alid hyp othesis). One solution to this is to intro duce a new which is equiv alent the originalpredicate and to add a clause the new predicate in the head and old predicate b o dy

. The ab ove program wb cinto the following:

nat(s(X)):- nat’(s(X)):- nat’(X):-Nois a de�ning target that with background predicate coers some p ositivexamples, still all resolvents the �rst program can b e obtained fromprogram.In the covering pro cedure b elow, it sumed that ab ove transformation b een and the theory has b divided into two sets clauses: O , whicare clauses de�ning target icate, and B , which are de�ning It should b noted that decision of what resolvento cho ose is unsp in pro cedure and our exp erimenthe resolvent that maximizes the formation (c.f. [17was cCovering(O ; B ; ;H := WHILE 6= := a clause in O which as the clause in SLD-refutation of f eg [ fC g [ H[ for some e WHILE some e 2 is covered by fC g H [ [ C := a resolvent R of C and a clause in B which is a non-empty set , of each e 2 , such that R is used as input clause in an SLD-refutation f eg fRg [ H [ := n H := H [ fC RETURN H [ [1] Angluin Regular Sets fromand Counterexamples", Information and tion, 75, (1987) [2] Bar-Hillel Y., PM. Shamir \On malprop erties of simple phrase structur gram-

mars", Zeitschrift f � ur Phonetik, Spr und Kommunikationsforschung14, 1, Ak V erlag, (1961) [3] Bergadano F. Giordana \A Knotensive Approach to Concept Induction", Pr o c e e the Fifth International Confer enc on chine L e arning, Morgan Kaufmann, CA (1988) [4] Bergadano F. and Gunetti D. \Learning by T racing Deriv ations", Pr o c e e dings of 4th ternational on Inductive L o gic Pr o gr ming, volume of GMD-Studien, Gesel f � ur Datenver arb eitung MBH [5] Bostr� om H., \Sp ecialization Recursivcates", Pr o c e e dings of Eighth Eur op e an Conferenc e on L e arning, Springer-V erlag [6] Bostr� om H., \Covering Divide-and-Conquer T op-Down of Logic Programs", Pr o c e e ings of F ourte enth International enc

Arti�cial Intel ligenc eMorgan Kaufma(1995) 1194{120[7] Bostr� om H. Idestam-Almquist P

\Sp ization Logic Programs bPruning SLD-T Pr o c e e dings the 4th International Workshop Inductive L o gic Pr o gr amming, volum237 of Gesel lschaft f � ur Mathematik arb eitung MBH (1994) [8] Cohen W. W., \Generalizing Numb and ing from Examples in Explanation Learning", Pr o c e e dings of Fifth Confer enc on L e arning, Morgan mann [9] Cohen W. W., \The Generality of OvergeneralitMachine L e arning: Pr o c e e dings of Eighth national Workshop, Morgan Kaufmann [10] Cohen W. W., \Compiling Prior Knowledge Inan Explicit L e arning: Pr o c e e of the Ninth International Workshop, Morgan mann [11] Lewis H. R. and Papadimitriou H., of the The ory of Computation, Pren[12] Lloyd W., F oundations of L o gic Pr o gr amming(2nd edition), Springer-V erlag [13] Mo oney R. and D., "Constructive duction in Re�nement", Machine L e Pr o c e e dings of Eighth WorkshopMorgan Kaufmann (1991) 178{182

[14] Ourston D. and Mo oney R. J., "Changing Rules: A Comprehensive Approach to Theory �nement", Pr o c e e the Eighth National fer enc e Arti�cial Intel ligenc e, MIT [15] Pazzani M. and \Finding F rontiers: A Knowledge- IntensivApproach to lationalPr o c e e the Eleventh tional Confer enc e Arti�cial Intel ligenc e, Kaufma(1993) [16] Pazzani M., Brunk C. Silverstein Knowledge-Intensive Approacto tional Concepts", L e arning: Pr o c e e dings the Eighth Workshop, Morgan mann [17] Quinlan J. R., Logical from

Machine L e arning 5 239{266

[18] Richards B. L. Mo oney R. J., Theory Machine L e arning: Pr o c e e ings of Eighth International Workshop, Kaufmann (1991)