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Extended abstract

Multi-relational data mining algorithms search a large hypothesis space in
order to find a suitable model for a given data set. During this search, a huge
number of queries has to be evaluated on the data set. Evaluating a query that
uses and combines information from different relations is far more complex com-
paring to evaluating a test on a single table the way propositional data mining
algorithms do. The main reason for this is that in the multi-relational context,
when executing queries top-down, backtracking can occur over different rela-
tions. Because query evaluation is more complex, multi-relational data mining
algorithms typically have high run times and it becomes interesting to do re-
search for techniques that speed up model building. The goal of this text is to
give an overview of two such techniques. The first one is query-pack evaluation
[2] and the second one is parallel cross-validation [3], [5].
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Fig. 1. A query-pack (Prolog notation).

A first order data mining algorithm usually selects queries by navigating
through a lattice structure defined by the algorithm’s refinement operator. First
order decision tree induction systems (TILDE [1], S-Cart [4]) for example consider
refinements of the query from the previous level of the tree when selecting a
query for a new node. Because each refinement is obtained by extending the
parent query with a few new literals, different refinements are highly similar
(share literals). As a consequence, independent execution of all refinements may
involve a lot of redundant computations. These redundancies can be removed by
integrating the similar queries in a so-called query-pack [2]. A query-pack (Fig. 1)
is a tree structure with literals or conjunctions of literals in the nodes. Each
path from the root to some node represents a conjunctive query. Query-pack
execution is more efficient comparing to independent execution because answer



substitutions from the trunk (branches) can be used at different places in the
branches (sub-branches) and leaves. The theoretical speedup factor depends on
the pack’s branching factor and on the computational complexity of the shared
and non-shared part of the pack. If the branching factor is high and most of
the complexity is concentrated in the shared part of the pack, then we can
expect high speedups. This was validated experimentally by the authors of [2]
by implementing query-pack execution in the ACE data mining tool'. Running
TILDE [1], the decision tree learner integrated in ACE, yields in the best case a
speedup of 20 times.

Cross-validation can be used when insufficient data is available to reliably
train on one subset of the data and validate the results on a disjoint subset. It
consists of partitioning a data set D into n subsets D; and then running a data
mining algorithm n times, each time using a different training set D — D; and
validating the results on D;. The results on each D; are averaged to provide a
reliable estimate of the induced model’s performance on unseen cases. The ob-
vious disadvantage of cross-validation is the computational overhead of running
the data mining algorithm n times. However, for some data mining techniques,
this overhead can be reduced significantly, again by removing redundancies. With
query-pack execution, redundancies occurred when executing similar queries sep-
arately on a data set. Here the redundancies stem from running the same queries
on similar data sets. Note that the training sets T; = D — D; used in the different
cross-validation folds are highly similar because each example from D is repli-
cated n — 1 times in the different T;. By building the n cross-validations models
in parallel it is possible to remove these redundancies. The complexity of this
parallel cross-validation algorithm is influenced by the number of refinements,
the data access time, the time for updating statistics and the model stability
(how similar are the models generated in different folds). If model stability and
data access time is high and statistic update time low, then a speedup up till
n times comparing to classical serial cross-validation can be achieved. Paral-
lel cross-validation is explained in more detail in [3]. This work also provides
experimental results based on an implementation of parallel cross-validation in
TILDE. In the best case parallel cross-validation (10 folds) is about 9 times faster
comparing to serial cross-validation.

It is also possible to combine query-pack execution and parallel cross-valida-
tion (we summarize the work from [5] - see Fig. 2). In this case we remove the
two types of redundancies at once. Similar queries are evaluated efficiently using
query-pack execution. Similar training sets are handled efficiently by parallel
cross-validation. The obtained speedup will be maximal if query complexity is
high (due to query-pack execution - this is the case for Mutagenesis) or if model
stability is high (due to parallel cross-validation - this is the case for Simple Bon-
gard). Note that high query complexity can imply low model stability. Combining
query-pack execution and parallel cross-validation results in a robust algorithm
that scores reasonable on a wide range of data sets.

L ACE [2] is available for academic purposes upon request.
http://www.cs.kuleuven.ac.be/~dtai/ACE/
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Fig. 2. Execution time relative to serial 10-fold cross-validation. Data sets are: Simple
(1453 examples) and Complex (1521 examples) Bongard, Adaptive Systems Manage-
ment (999 examples) and Mutagenesis (230 examples). Note that the current query-
pack implementation does not handle the huge number of discretized numerical at-
tributes of the ASM set efficiently.

We conclude with a final note on the applicability of the techniques discussed.
Query-pack execution is very general and can be applied if many similar queries
have to be evaluated on the same data set. Parallel cross-validation can be
integrated in different data mining algorithms. It is shown in [3] and [5] how this
can be done for decision tree and rule induction systems. The main limitation
is that parallel cross-validation is not immediately applicable to algorithms that
built continuous models, such as neural networks.
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