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Semi-supervised sparse Bayesian learning, proposed here, for multiclass classification takes the form of a linear
combination of basis functions transformed by the softmax function. The basis functions are given by kernels,
with one kernel in the model associated with each of the labeled and unlabeled points from the trainig set. Using
the variational Bayesian method with the Laplace approximation enables us to determine the distributions of the
posterior parameters in the model. Several tests for the learning model for artificial data and sensor data show its

high generalization ability.
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