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In this paper, we present a new approach that automatically learns a pianist performance. We use a Gaussian
Process Regression (GPR) to learn the pianist’s performance based on CrestMusePEDB that consists of several
sets of score information and its corresponding pianist’s performance information. Our model can learn the
pianist’s performance without generating and selecting the useful rules, nor perform complex optimization of
parameters in the rules. The results show that the trained GPR has an acceptable learning ability for known'
pieces those are included in a given training data set.
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