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A novel regression algorithm of reduced multi-resolution relevance
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Abstract : To further improve the prediction accuracy and running eficiency , a novel sparse Bayesian algorithm for
regresson is proposed. Based on relevance vector machine, a set of complete basises are constructed by combing
scaling and wavelet kernels to increase the prediction accuracy, and then the principal components of input matrix
columns are extracted by usng locality preserving projections to reduce the training time, which forms a primary
mode . To further reduce the time pressurefor alarger training data set , the algorithm creates a smaller training data
set via the primary model based on a stratified sample. Experimenta results of artificial and real data show that the
proposed algorithm is superior to traditional support vector machine and relevance vector machine in both prediction
accuracy and robustness and has less training time than relevance vector machine.
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