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A recently proposed paradigm [Alphonse and Matwin, 2002] shows how ILP
tasks can be filtered in a manner similar to Feature Subset Selection (FSS) in
classical Attribute-value learning (AVL). Let us recall that, due to the expres-
sivity of ILP, the need to reduce the dimensionality of its tasks is even more
acute than in AVL. In the proposed paradigm, an ILP task is converted into a
set of so called Multi-instance Problems (MIPs) [Dietterich et al., 1997], which
are a particular setting of AVL problems. This conversion process introduces
inherent attribute and class noise.

Here we present an FSS method which is designed specifically to deal with
these particular noisy MIP problems. We first show that, in a MI context, the
filtering task is equivalent to the learning one. To address the learning task,
we use a Bayesian approach based on the idea of Diverse Density proposed
by Maron [1998]. In this approach, the quantity we need to maximize is the
likelihood function, given by:

P(D|h) = HPB|h H (h|B HPh|B

where the data D consists of the bags B; and h is the target concept. Note
that the distributions P(h|B;) are chosen to handle attribute noise. An EM
algorithm [Zhang and Goldman, 2001, Neal and Hinton, 1998] is also proposed
to reduce the needed computation.

The obtained FSS method is used to reduce MIP problems corresponding
to the original ILP task, and the results are converted back into the ILP rep-
resentation, to be given to an ILP learner. Preliminary experiments have been
performed on artificial trains problems (100 training examples and 100 test
examples), as summarized in table , in which we compare the performance of
selected ILP learners given original ILP tasks and their reduced versions. Filter-
ing these problems yields noisy MIPs with up to 30 attributes and 100 instances



Table 1: Compared Performances

Problem Propal | F. + Propal | #hyp for P. | #hyp for F. + P. | filtering ratio
Conj. Trains 99% 100% 112 2 26.8%
Disj. Trains 91% 94% 1230 245 61.7%

per bag, and therefore is considered a non trivial task in the FSS community.
As we can see, filtering disjunctive problems, which involve both class-noise and
attribute-noise, is well-handled by our technique. We plan to further investigate
the filtering of ILP tasks involving high amount of class-noise, like Mutagenesis
[Alphonse and Matwin, 2002].
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