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From Gaussian Processes to the Mixture of Gaussian Processes[ A Survey
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Abstractl] Gaussian process [GPL model is a paradigmatic machine learning model that combines the advantages of both
kernel learning method and Bayesian inference mechanismJand thus has become a very popular area in machine learning in
recent years. As an extension of the GP modelUthel Mixture of Gaussian Processes (IMGPU fits datasets more effectively and

thus it has a better ability of learning and generalization. However
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