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Abstract

Many ILP systems, such as GOLEM, FOIL, and MIS, take advantage of user
supplied meta-knowledge to restrict the hypothesis space. This meta-knowledge
can be in the form of type information about arguments in the predicate being
learned, or it can be information about whether a certain argument in the predicate
is functionally dependent on the other arguments (supplied as mode information).
This meta-knowledge is explicitly supplied to an ILP system in addition to the
data.

The present paper argues that in many cases the meta- knowledge can be ex-
tracted directly from the raw data. Three algorithms are presented that learn type,
mode, and symmetric meta-knowledge from data. These algorithms can be incor-
porated in existing ILP systems in the form of a preprocessor that obviates the need
for a user to explicitly provide this information. In many cases, the algorithms can
extract meta-knowledge that the user is either unaware of, but which information
can be used by the ILP system to restrict the hypothesis space.

Empirical evidence for the effectiveness of these algorithms is demonstrated by
incorporating them in FOIL. Finally, the biasing effects of the different kinds of
meta-knowledge on the hypothesis space are discussed.

Keywords: Inductive Logic Programming, Machine Learning.

1 Introduction

A fundamental problem in the design of Inductive Logic Programming (ILP) systems is
the explosion in the size of the hypothesis space. A system is provided with a set of true
facts about a relation, £, and a set of false facts, £, and definition of some background
predicates, B, either in intensional or extensional form. The system is required to find
an intensional definition of the relation that explains every true fact in £t and does not
explain any false fact in £7. The system makes use of a hypotheses space induced by
the predicates in the background knowledge and the predicate being learned (to allow for
recursive definitions). In general, the size of this hypotheses space turns out to be huge. In
order to discover a correct hypothesis feasibly, this space must be structured and searched
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efficiently. Many ILP systems provide extra information or meta-knowledge [6, 8] about
the relation being learned. This information renders a large number of hypotheses in
the search space incompatible, and the system can safely exclude them from the search
space. This compacts or biases the search space and improves the efficiency of the ILP
system.

Table 1 shows the biasing properties employed by different ILP systems. All these
systems require that the user explicitly provide this additional information. In some
cases, the information is necessary to the operation of the system; in others, the biasing
information is optional, and when added improves the performance.

Several of these properties are implicitly contained in the raw data. An ILP system
may be modified by attaching a preprocessor of the data that acts as a property generator,
as shown in Figure 1. Preprocessing of the raw data can yield different kinds of meta-
knowledge, making it unnecessary for the user to explicitly provide it. This yields systems
that learn with less assistance from the user. Moreover, if the user is not aware of certain
properties of the data, or is unable to provide them, then this technique allows the system
to perform more efficiently, and in some cases succeed in learning where it was previously
unable to learn. Additionally, the same preprocessor can be used to learn properties of
the background knowledge. This further improves the efficiency of the ILP system by
creating a strong bias on the hypothesis space.
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Table 1 : ILP Systems using meta knowledge (b) ILP System with property generator

Information such as rule models and predicate sets can not be learned by examining
the examples of the relation. However, other properties, such as type, mode, symmetric,
anti-symmetric, exclusive, transitive, and reflexive properties are implicitly present within
the data. This paper describes a preprocessor that extracts type, functional dependency,
and symmetry information from data. We briefly illustrate these properties next.

The relation for the length of a list has two arguments, the first is of type List and
the second is of type Integer. This information may be described by a type declaration
Type(length(List, Integer)). The relation for addition can be expressed as add(ty, ts, t3),
where t3 is the sum of ¢; and t,. Now, t3 is functionally dependent on ¢{,,. That is, when
t; and t, are bound, ¢3 will also be bound. This information could be given to the ILP
system in the form of a mode declaration Mode(add(+,+,—)). Additionally, addition is
symmetric in its first two arguments; this information may be given to an ILP system in
the form of a symmetry declaration Symmetry(add(x,*,—)).

The effectiveness of the preprocessor is demonstrated by combining it with FOIL [3].
We now proceed as follows. In Section 2, we illustrate the working of the algorithms
for extracting type, mode, and symmetric information with the help of an example.
In Section 3, we present and discuss experimental results demonstrating the speedup
achieved as a result of the use of the preprocessor with FOIL. Finally, in Section 4,
we briefly touch upon the usefulness of this approach in the design of an incremental



ILP system that dynamically modifies its hypothesis space based on feedback from a
preprocessor that inspects the data for meta-knowledge.

2 An Illustration Of The Approach

We illustrate the proposed preprocessing technique in the context of a system that is
required to learn an intensional definition of the predicate merge. This predicate, which
takes three arguments, asserts that the third argument is a sorted list formed by merging
the first two arguments that are also sorted lists. Suppose the system is also provided
with background knowledge about the predicates less, less-eq, and comp. Predicates less
and less-eq have the usual meaning over numbers; the predicate comp is true if the second
and the third arguments are the head and tail of the list in the first argument. We assume
that the background knowledge about these predicates is also provided extensionally as
shown in Table 2. We now demonstrate how meta knowledge about type, mode, and
symmetry can be extracted purely by examining the data. The three algorithms are
sketched in Figure 2.

£+ £ B comp([2,1],2, [1]).
merge([], [], [1)- merge([],[], [1])- less(1,2). comp([2,2],2,[2]).
merge([], [;], [;]) merge([1],[1],)- less-eq(1,2). comp([1,1,1], 1,1, 1]).
move B . merve 2L, less-eq(1,1). comp(1,1,2],1,[1,2]).
merge([f], []” [1’])" - merge((],[1,2],]1,1,2]). Zs;e(q[(ﬁa i)-[]) comp([1,2,1],1,[2,1)).
merge([1], [1], [1, 1]). .me’“ge([l], [2], [1]). comﬁ(m: 2: []): :

: ’ comp([1,1],1,[1]). comp([2,2,1],2,[2,1]).
merge([1,2],[2],[1,2,2)). merge([1, 2}, [1,2],[1,2])- comp([1,2],1,[2)). comp((2,2,2],2,[2,2)).

Table 2: Raw information for learning merge

Below, the algorithms for functional dependency and symmetry extract correct infor-
mation in the incremental (limiting) sense from complete data or under the closed world
assumption. In batch mode, without the closed world assumption, the correctness of the
information extracted depends on the “density” of the data. The algorithm for extract-
ing type information, however, allways produces the the most specific type assignment
implied by the given data.

2.1 Type
A type assignment that is consistent with the predicate being learned and the predicates
in the background knowledge can be found in one pass of the positive examples, negative
examples, and the background knowledge (i.e., ETUE~UB). This may proceed as follows.
Initially, set the types associated with each argument of each predicate to a different type.
This may be represented as:

Type(merge(ty, T2, 73), less(Ty, T5), less-eq(T6, T7), comp(Ts, To, T10))-
Then begin to scan each member of £ U £~ U B. An inspection of the very first fact,
merge([], [],[]), implies that each argument of merge must have the same type, as the set
of types partitions the Herbrand universe and each argument contains the same element
[].} The type assignment will now be updated to:

Type(merge(y, 11, T1), less(Ts, T5), less-eq(T6, T7), comp(Ts, T, T10))-

!Note, the type extraction algorithm as described does not distinguish between types, one of which
is a subset of the other; for example, the set of natural numbers and the set of integers.



The scan will pass over less(1,2) having no effect on the type assignment as there is no
evidence to show that 1 and 2 are of the same type. When less-eq(1,2) is reached, and
the same elements are seen as in the previous fact less(1,2), it can be inferred that both
the predicates must have the same type vector. Thus, the type assignment will now be
updated to
Type(merge(ry, 11, 71), less(Ty, T5), less-eq(T4, T5), comp(Ts, To, T10))-
This process is continued until £T U £~ U B is completely scanned. The final type
assignment will be
Type(merge(Ty,T1,T1), less(T4, Ts), less-eq(T4, T4), comp(T1, T4, T1))-
This type meta-knowledge would restrict the search space by excluding clauses that
are inconsistent with this type assignment. For example, a clause such as
merge(Xl, XQ, X3) — Comp(Xla X4a X3)5 leSS(X4a Xl)
is inconsistent with the induced type assignment, and hence can be excluded from the
search space, thereby improving the performance of the system. We would like to note
that type meta knowledge is learned in the MOBAL [9] system.

2.2 Functional Dependency
Extraction of mode or functional dependency information proceeds as follows. First, the
merge predicate is considered. Initially, it is assumed that each possible grouping of argu-
ments in merge has functional dependency. This premise is then checked against the data.
If the premise is false, then the data will show a counterexample, and the preprocessor
will discard that possible functional dependency from its list of functional dependen-
cies. More specifically, suppose it is being checked whether the first argument in merge
is functionally dependent on the second argument (expressed as Mode(merge(+,—, ))).
For this the merge predicate is scanned for any counterexamples. If a counterexample is
found then such a functional dependency does not exist. In this case the first two facts
provide a counterexample, as the first fact maps [] to [| and the second maps || to [1].
No such conflict is found for Mode(merge(+,+, —)). By repeating this process for other
predicates, less, less-eq, and comp, the remaining mode information may be discovered.
For the merge example this information will be:
Mode(merge(+,+, —), merge(+, —, +), merge(—, +, +),
1688(—, +)a 1688(+, _)a comp(+, ) _)a comp(—, =+, +))

It should be noted that a functional dependency is induced in the less relation, even
though no such dependency exists. This is due to the limited number of facts about less
in the background knowledge.

Once again this information can be used to restrict the hypothesis search space. For
example, merge(X1, Xo, X3) < comp(X1, Xs, X3) is not consistent with the functional
dependency information induced above.

2.3 Symmetry

Meta knowledge about symmetry can also be derived from the data about the merge
predicate. Clearly, merge is symmetric in its first two arguments. The generation of this
information involves testing each pair of arguments for symmetry. This test requires two
steps. First, a scan of the merge ground facts is made to show there are no examples con-
trary to merge being symmetric in the pair of arguments under consideration. When the
last two arguments are being tested for symmetry the positive example merge([1], [], [1])
and the negative example merge([1], [1],[]) signal that no symmetry exists. Second, some
positive confirmation that the symmetry exists is found. When the first two arguments



Algorithm 1 Learning symmetric properties

foreach argument pair i,j in predicate p do

foreach p(t, £ " t,) € £t do Algorithm 3 Learning functional dependencies
N T 7 TR

i p(t, ...ty sty ta) €€ then foreach predicate name p € £t do

output tforeach mapping of sets of arguments
p is not symmetric in arguments i, j to an argument in p do
fi reset_table(T)
od foreach fact p(t1,ts,...,t,) € ET do
output p is symmetric in arguments i,j fun_input := input terms of p(t1,ta, ..., tn)
od fun_output := output term of p(ti,ta,...,tn)

if in_table(T, fun_input) then
pre_output := get_value(T, fun_input)

Algorithm 2 Learning type properties if fun_output # pre_output then

exit loop ¥
assign each predicate argument to a different type fi
assign each type to have an empty set of elements else
foreach c€ EYUE-UB do insert_element (7, fun_input, fun_output)
. . fi
if ¢ signal the need to merge types then od

merge types output functional dependence exists in p

fi
od
update type information
a4 od
o

output type information

Figure 2: Algorithms for learning meta-knowledge
are being tested for symmetry the positive confirmation is first found in the examples
merge([], [1], [1]) and merge([1], ], [1]).

It is easy to see that the information about symmetry can be used to restrict the hy-
potheses search space, as only one of the logically equivalent pair of clauses is considered.
For example, the following two clauses are equivalent

merge(X1, Xo, X3) < comp(X1, X4, Xs5), merge(Xs, Xo, X3)

me’rge(Xl, XQ, X3) — comp(Xb X4a X5)7 merge(XQa X5a X3)
because merge is symmetric in its first two arguments. So, there is no need to include
both in the search space. Only MISST [6], LINUS [7], and mFOIL [4] use symmetry
information.

3 Experimental Results

The meta-knowledge extraction algorithms have been incorporated into a preprocessor
that generates meta-knowledge for Quinlan’s FOIL([3]. FOIL was chosen because it is a
stable ILP system and it makes use of type information and key information?. Two series
of experiments were carried out. First, nine target relations from Bratko’s Prolog book
[2] were considered: member, conc, del, sublistl, sublist2, permutation, add, ged, and
length. These results, shown in Table 3, contrast learning with generated meta-knowledge
and learning with no meta-knowledge. The second set of experiments considered five of
the examples that came with FOIL: member, ncm, hinton, ackermann, and ¢s44. These
experiments, summarized in Table 4, compare learning with preprocessor generated meta-
knowledge, learning with user supplied meta-knowledge, and learning without any meta-
knowledge. The experiments were carried out on a DECstation 5000/33. In the tables,

2The key information, as will be seen later, can be ‘derived’ from the mode information.



‘y/" denotes that FOIL returned a correct hypothesis, ‘x’ denotes that FOIL returned an

incorrect hypothesis, ‘oo’ denotes that FOIL didn’t return ay hypothesis.

Relation FOIL Processing Times Speed up Preprocessing
with learned | no
meta-knowledge | meta-knowledge
member 0.13y/ 0.20/ 1.5 1.2
conc 0.87y/ 3.70y/ 4.6 3.4
del 0.22/ 0.25/ 1.1 1.5
sublist1 1.77x 8.52/ 13.5
sublist2 43.87,/ 47.98,/ 1.1 78.0
permutation 1.90+/ 8.65/ 4.6 2.5
add 1.76,/ 1.77y/ 1.0 2.1
ged 704.60,/ 718.32¢/ 1.0 94
length 0.15¢/ 2.60,/ 17.3 1.5

Table 3: Processing Times — Examples from Bratko’s PROLOG book

Examples from Bratko’s Book: Addition of preprocessor generated meta-knowledge
to FOIL improved the performance of FOIL on seven out of nine relations as shown in
Table 3. On some relations the improvement in performance was significant. For one of
the predicates, sublist!, addition of generated meta-knowledge actually caused FOIL to
learn an incorrect hypothesis. The reason for this is explained below.

FOIL receives type information, specifying the types used, the elements that consti-
tute the types, and the type of each argument in each relation. FOIL also receives a set
of keys for each relation. Each key is a string where the characters map to the arguments
of the relation. If the character is ‘#’ then the corresponding argument must be bound;
otherwise the character is ‘-’ and the corresponding argument may be bound or unbound.
FOIL only adds literals to the growing clause that are consistent with a key binding. If
no keys are given for a relation, then any binding is valid. This information forms a
semantic constraint on the clauses generated by FOIL. Information about keys may be
induced from the functional dependency (mode) information learned from the raw data.
When the preprocessor is used on a relation that contains functional dependencies, a set
of keys is induced. However, this relation may be intended for use in a non-determinate
manner. This can be seen in the sublist! example; the clause to be induced is:

sublist1(S, L) < conc(X, Y, L), conc(S, Z,Y)

Since the key information for the concatenation relation, conc, is ##-/#-#/-## the above
clause can not be induced by FOIL as X and Y are not bound in the literal conc(X, Y, L).
This is a significant problem, as the hypothesis search space has been over reduced,
thereby excluding the correct hypothesis. One way this may be overcome is to only use
key information as an initial restriction; removing it when no sensible logic program is
generated. In sublist? example, the background knowledge includes both concatenation
and composition (conc and comp) predicates, and this problem does not arise. Hence,
sublist2 can be induced with the generated meta-knowledge.

Examples that came with FOIL: The experiments on the examples that came with
FOIL turn out to be a bit more tricky (Table 4). For all these examples, the prepro-
cessor is successful in inducing the intended type meta-knowledge. Also, it is able to
induce a super set of the key meta-knowledge. One would expect that if FOIL could



Relation FOIL Execution Times Pre-
raw data, | with learned | m.k. explicitly | key m.k. | type m.k. | processing
no m.k.* | m.k. provided?® only only Time
member 0.32/ 0.18,/ 0.18/ 0.304/ 0.22y/ 3.8
ncm 263.93 x 100.02+/ 18.48,/ 18.35y/ | 272.83x% 10.7
hinton 4.52,/ 5.32¢/ 4.52,/ 4.52,/ 4.53+/ 4.1
ackermann | 53.50+/ 50.92% 54.81,/ 55.03y/ | oo 3.6
qsd4 00 11771.53x 125.204/ 155.304/ | 47332.80x | 39.0

“meta-knowledge
bThese are the unmodified examples that come with FOIL
Table 4: Processing Times — FOIL’s given examples

learn an example without any key meta-knowledge then FOIL would be able to learn the
example, perhaps even learn faster, with a super set of the correct key meta-knowledge.
Unfortunately, there are problems with this expectation. This can be seen in the con-
text of ackermann example, where correct meta-knowledge prevents learning. The extra
information misdirects FOIL’s greedy search technique. In the member and ncm exam-
ples, using generated meta-knowledge improves the performance of FOIL over not using
meta-knowledge. In fact, ncm can’t be learned without this meta-knowledge. In hin-
ton, introducing meta-knowledge has a slightly negative effect. FOIL could not learn
gs44 with generated meta-knowledge, as it does not create a sufficient restriction on the
hypothesis search space. It should be noted that FOIL is able to learn ¢s44 with user
supplied meta-knowledge, but that is because after trial and error a user can just give
the right bit of meta-knowledge that does not throw FOIL off. Hence, in such situa-
tions, the preprocessor can be used as a guide to the user in selecting the right bit of
meta-knowledge.

The nem (n-choose-m) example is interesting. First, only integers are used so intro-
ducing type meta-knowledge has no effect. Second, key information is necessary for FOIL
to induce the correct clauses, when this type information is induced by the preproces-
sor, FOIL can induce the correct hypothesis. Third, the key information for decrement
predicate is the only difference between the data with user supplied meta-knowledge and
data with preprocessor generated meta-knowledge. The unmodified data only allows dec
to be used as the decrement function:

xdec (M,M) #-
whereas when this meta-knowledge is induced by the preprocessor, dec may be used ei-
ther as decrement function or as increment function
*dec (M,M) #-/-#.
Note how this small change has a significant impact on the hypothesis search space, and
hence, a significant effect in the performance of the ILP system.

In the case of ackermann, key information misdirects the greedy search algorithm.
Hence, FOIL is unable to learn a correct hypothesis. Even-though, the key information is
consistent with the target hypothesis. Note the ‘raw data no m.k.” and ‘m.k. explicitly
provided’ input files are identical, as there is no key information in the ackermenn example
provided with FOIL.

The preprocessor was implemented in the functional programming language Gofer.
When it is re-implemented in C and included within FOIL, its effect on the overall
system performance would be insignificant. So, preprocessing time is not included in the



calculation of speed-up.

4 Discussion

The preprocessor described in this paper has successfully demonstrated the usefulness
of extracting three kinds of meta-knowledge from raw data. The capability of the pre-
processor is being expanded to further extract anti-symmetric, exclusive, transitive, and
reflexive properties from relational data. Due to lack of space, we postpone a disscusion
of the theoretical properties of the algorithms to the full version of the paper.

The development of algorithms for extracting various kinds of meta-knowledge is
aimed at design of an incremental ILP system that dynamically changes its hypothesis
generation strategy based on the feedback provided from the meta-knowledge discovered.
We illustrate this with the help of an example. Suppose, an ILP system is learning a
predicate, and it begins with a conservative hypothesis generation heuristic by assuming
that the predicate is symmetric with respect to certain arguments. In case, its assumption
is true, the system continues to use this heuristic. However, if a new fact provides a
counterexample to the symmetry assumption, the system widens its hypothesis generation
heuristic. Such a system can be seen to make more prudent search of the hypothesis space.
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