gooooboooag
IPSJ SIG Technical Report

ooooobood
odoubbuooooobobouood
oooobboogd

0O o o oft 000 ooooo 12
O O O 0Of?
O o o oft o o o oft ooo ooft

Jo000,000000000000000DO00O0O00O0OO, Bayesian non-
parametrics 00 0 0000000000000 00O0OOOOOOOO,0000
joooo0o00000OO0. 00,000000000000000CODOOOOOO
goo0ooooooooO0UoOoOoOoUoUOoOoOoO. D0DoODOo0oOOobOoODoOoOO
00o000o0oo0. 0000000000000 00DUoooOOooUoooooo
0,0000000000000000000O00O0O0DOOO0OOO0OOOO. OO0
0,0000o0o0oooo0oooooooooUoo0,00oooooooooon
000000000 0o0O0o00o0oO0O0oU0O0OoO0DU0OoO0O0DU0DOOOooUbODOO
00o00.00000,0000000000000000000,00000000
0000000000000 0000O0000DO000O00O00OOO0OOoOoOoDOOO
Bayesian nonparametrics 000 0000000000000 DO0ODOOOOO.

Bayesian nonparametric spectrogram modeling
for music signal analysis

MASAHIRO NAKANO,T! JoNATHAN LE Roux ,12
HirRokAZU KAMEOKA,? TOMOHIKO NAKAMURA, !
NoBUTAKA ONO'! and SHIGEKI SAGAYAMAT!

This paper presents a Bayesian nonparametric latent source discovery method
for music signal analysis. Recently, the use of latent variable decompositions,
especially nonnegative matrix factorization (NMF), has been a very active area
of research. These methods are facing two, mutually dependent, problems:
first, instrument sounds often exhibit time-varying spectra, and grasping this
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time-varying nature is an important factor to characterize the diversity of each
instrument; moreover, in many cases we do not know in advance the number of
sources. Conventional decompositions generally fail to cope with these issues
as they suffer from the difficulties of automatically determining the number
of sources and automatically grouping spectra into single events. We address
both these problems by developing a Bayesian nonparametric fusion of NMF
and hidden Markov model (HMM).
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3.1 Hidden Markov model (HMM)
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3.2 Bayesian nonparametric HMM
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The Chinese restaurant process
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3.2.2 Hierarchical Dirichlet process HMM
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4. Infinite factorial hidden Markov model
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wz1a) =iy T ™) (13)
j k

i a+ngj,. F(Ocﬁd’k)
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