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The relevance vector machine based on cross entropy minimization

Cheng Dansong, Yang Jianzhe, Li Sigian, Shi Daming, Wang Jun, Huang Qingcheng
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001 )
Abstract

The performance of the classical relevance vector machine (RVM) was studied, and it was analyzed that the
performance of the original RVM purely depends on the smoothness of the presumed prior of the connection weights
and parameters, consequently its sparsity is actually still controlled by the choice of kernel functions or kernel pa-
rameters, leading to severe underfitting or overfitting in some cases, and based on these, the RVM based on cross
entropy minimization was constructed by explicitly involving the number of basis functions into the objective of the
optimization procedure, and by the minimization of the cross entropy between the “hypothetical” probability distri-
bution in the forward training pathway and the “true” probability distribution in the backward testing pathway. The
experimental results show that the proposed methodology can achieve the construction of the structure with the least
complexity, and the constructed RVM has the good data fitting, the good detection precision and the good sparsity.

Key words: relevance vector machine (RVM) , Bayesian inference, cross entropy minimization, radial basis
function (RBF) networks
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