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ABSTRACT

In this paper, we apply a chord progression learning model to a rule-based generation of a four-part chorus.
The proposed system is given a 32-note melody line and completes the four-part chorus based on the rule of
harmonics, predicting the chord progression with the CRBM model. The data for the training model was
collected from various harmony textbooks, and chord progressions were extracted with key-independent features
so as to utilize the given data effectively. It was shown that the output piece obtained with the proposed

learning model had a more natural progression than the piece that used only the rule-based approach.
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