o000 o0ooooooD
THE INSTITUTE OF ELECTRONICS,
INFORMATION AND COMMUNICATION ENGINEERS

odboubboboobtobtbobobobobtububobnobogn

oooo
TECHNICAL REPORT OF IEICE.

oo oof

10000 O0000DO0O0O0 DbOeoe-8o1O000OOOOOoOOoOoOO
E-mail: {yoshii@kuis.kyoto-u.ac.jp

o000 OoboobOoboooobooooboOoooboOoOoOoboobOOoOoboOobOOobOOobObObOobOobObDOobDOobDOoD
obobooooooboobooooboobobooooobobOoboboobobobOoboboobOobDoooobOoDbon
gboboobooboooooooooooobooobooooobooooboooOoboobobobooboooooooobOon
gboobooooboobooobooboooobooooobooboooooboooooooobooboobooobooobDOobDOobDoDn
obooobooooooooboOoooooooboooobooooboooboboobooobooooooboooooon
oboooooooooboooooboobooOooboOobOOobOobOOoOoboOoooOoobObOobobOooboooooon
obooooobooooobobobobobOobOobOobOobOoObOOoOoOobOOobOOobOobOOobOoOoooooobooono
obooboo0oooobobooooobobooooobobooooon

o000 oobOooboooobooobOooOoobOoOobOOooOOobOOoOoOoOobOOoOoOOobObOOobOOoOoboOooOon
obooobooooooboooo

[Invited Talk] Unsupervised Music Understanding

based on Hierarchical Bayesian Acoustic and Language Models
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E-mail: tyoshii@kuis.kyoto-u.ac.jp

Abstract This paper presents a statistical approach to unsupervised music understanding. Our goal is to esti-
mate musical notes from music audio signals and induce music grammars from the estimated notes by formulating
a unified hierarchical Bayesian model consisting of probabilistic acoustic and language models. Given music audio
signals, both models are jointly trained in a self-organizing manner. In this paper, we introduce our nonparametric
Bayesian acoustic and language models for multipitch analysis and chord progression analysis. We then explain how
to unify those models in a hierarchical Bayesian manner.
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