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Abstract : A collapsed variational Bayesian inference agorithm for binary probit regresson mode is proposed. The
agorithm is a better approximation of the alogrithm of the margina likelihood than standard variational Bayesan
inference algorithm. It also can achieve more accurate posterior expectation of model parameters than the latter. If the
classfication error rates of two algorithms are close, the iteration number of the proposed algorithm is siginificantly
decreased. Smulation experiments show the effectiveness of the algorithm.
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