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Abstract
A crucial problem which arises when dealing with Bayesian neural networks is that
of determining their most appropriate size, expressed in terms of number of compu-
tational units and/or connections. In fact, too small a network may not be able to
learn the sample data, whereas one that is too large may give rise to overfitting phe-
nomena and cause poor “generalization” performance. A few solutions have been
proposed in the literature to solve this problem, such as the use of a geometric prior
probability on the number of hidden units (Müller and Rios Insua, 1998), thereby
favouring smaller-size networks, and a reversible jump algorithm to move between
architectures having a different number of hidden units (Rios Insua and Müller,
1998).

In this work we propose a variable architecture model where input-to-hidden
connections and, therefore, hidden units are selected by using a variant of the Evo-
lutionary Monte Carlo (EMC) algorithm developed by Liang and Wong (2000). The
EMC algorithm works by simulating a population of models in parallel. The popu-
lation is updated by three genetic operators: selection, crossover and mutation. For
Bayesian learning of parameters we implement a hybrid Markov chain Monte Carlo
algorithm which consists in a Gibbs-sampling algorithm with Metropolis steps to
update the network parameters and an Evolutionary Monte Carlo step to select the
architecture (Bozza, Mantovan, Schiavo, 2002). The most attractive features of ge-
netic algorithms and simulated annealing are thus incorporated into the framework
of Markov chain Monte Carlo.

Some experimental results which demonstrate the effectiveness of the proposed
approach are reported.
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