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This report describes cGTTM which combine the generative theory of tonal music (GTTM) with statistical
learning. We previously described exGTTM which extended GTTM for computer implementation. Although
exGTTM has adjustable parameters, these parameters have to be set manually. We solve competition of rule
by determining the priority of each rule with decision tree which is a model of decisions and their possible
consequences. Moreover, we solve ambiguity of local grouping boundary decision by EM learning with
Bayesian Network which able to predict the uncertain phenomenon. Solving those problems, we realize
automatic detection of local grouping boundary. Experimental results showed that the performance of 6GTTM
outperformed a baseline performance of exGTTM.
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