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A proposal of the automatic musical composition method using hierarchical pitman-yor language

FiE 5

Akira Shirai

Al

model

th *1
Iy

Tadahiro Taniguchi

RRYAT N2

Ritsumeikan University

Recently, a lot of researchers in the field of an automatic musical composition use a n-gram model to generate
music. An order n is a very important variable. A high order model can generate a melody which is well featured
by training data. However, possible states exponentially explode when the n increases. Furthermore, which causes
a lack of training data. Thus, we propose a method using Variable-order Pitman-Yor Language Model, extension of
Hierarchical Pitman-Yor Language Model, which generates new melodies based on variable orders with appropriate
smoothing. We also evaluate this method by some experiments.
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