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Bayesian nonparametric spectrogram modeling
for music signal analysis

MASAHIRO NAKANO,™ JONATHAN LE Roux ,2
HirRokAZU KAMEOKA,? TOMOHIKO NAKAMURA, !
NoBUTAKA ONOT! 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

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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3.2.2 Hierarchical Dirichlet process HMM
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4. Infinite factorial hidden Markov model
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vz100) =iy T ™) (13)
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(© 2011 Information Processing Society of Japan



gooooboooag
IPSJ SIG Technical Report

00000.000,0000000 (421)00000 Gamma0OOO00O00D0O00
0000000000000000.000,000000000000 GammaOOO0O
00,0000000000000000000 (4.21)000000000000000
00000000000000. 000000 (sajk)pxrxk(l < sajr < najk) 00
0000, d (4.2.1)0

I(«) Nd,jk Sy
p(Zs|aB)= EJ[_ {F(a + na,j,-) 1:[ (Sd,j,k> (@Bar) d,m}

000D000000. 000, ()00000000000000. 000, (Sdjk)DxKxK
0000000000,0 (4.21)0000000000000000000000000.
000000000, 0000000000000 YOOOOOOOOOOOOo
p(C,0,H,U, Z,B,s|a,n,\,a,d) 0000000 ¢(C)q(0)g(H)q(U)q(Z)q(B)q(s|Z) D
000000000000000000.0000,00000000 ¢-)0000000
0000000000000000000000000. 00000000,000000
0000000000,000 HDPOOOOOOOOOOOOO0OOO0OOOO0O000000
00000000000000000000,0000000000000000'9.
4.2.2 BnNMF-CRFHMM
00000000000000000C0000 BoNMF-CRFHMM 000000000
000.000000000000,000000000000000000000000
00000000000000%). BoNMF-HDPHMM OOOO0,3,00000000
000000000000000,B3,000000000000000.00000000
00,0000000000000000000003Y. 000000000000000
00000000000000000000000000000000.
BnNMF-CRFHMM 000 00000000000000000000000, 000
00000000000000000. 0000000000000000,000000
00000000000000000.

5. O O

0000000000000000000000000000000000000000
00000. 00000000,00000000000000000000000000
00. 000 (C),000000 (E),0000 (G)0000400000 MIDIOOODO
00,0000 10000000,0020000000000000,00030000

e

|

il

Frequency [kHz]
e
rHH" "

Freauency [kHz]

CITERERRE
i

(O

L
2 4 6
Time [s] Time [s]

(b)0DOODOOO (C)

Frequency [kHz]
I

[EHEE) T

Freauency [kHz]
(N

T
JITER

I
!
I

0 ! L L 0
0 2 4

2 4 6
Time [s] Time [s]

()D0DO0OOOOOOOO (B) () 000000000 (G)
01 0000000000 () 0000 NMFOOOOODODOOO00 Hy qUa(b), (), (d).

00000o0o00o0o0oo0oUo0O. 0000000 LO0O00DO0OUDOUOOO0LDO (ODO
00000 16kHz0OOOO0O 64ms00000000 32ms0Hanning 0) 000000
0. 00000000,0000NMF(D=3)00000000000010000. 0O
goooobooboooooooobooooboooooboooboobooooooooooooooboo
0000. 00000000000 D=10,K=3000 a=v=1, ag = by = 0.001,
aU:1,77:0.1,)\:QT/Zw‘tYw,t[IDEIDDDD (BnNMF-HDPHMM) 000000
gob2000.000000,000000000000O0O00O0OO00O0DODOOODODOO
gooooo,bo0ooooboooboobooooooo,obboboboooooDo
1000ooooooooobooooo.

6. 0 0O0ODO

000D00,00000000000000 Infinite factorial infinite hidden Markov
model 00O 0O0O. OO0ODODO,00000000D000DODOODOOODODOO, O
gobooooboobooboobooboboobooboobobobUoboboboobooo
goooboobogo,bdoooobobob 100 oobobbooooooooboo.
goooooboooobooboboo,boobboobOooboboobboooboooo
gooodboo. joboooboobooboobobooboobooboboobooo
oooboooo.

(© 2011 Information Processing Society of Japan



gooooboooag
IPSJ SIG Technical Report

Al ; LA v > vl -

L] L] e e " Raacios e !
| = = = ¥ R  ; == === ¥ — — — —
Sof L - = i 1 gar [oo— - —_— —= 1 Z2 — —_— i —
s I T I T 3 e — ————— e 3 e f— b
d — | — —_— —_ 2 ———— — — e—— o . f f
I — — — - S — AR = O —_— p—

 — — —  — = = = == —_— —

0 I I I 0 L I I 0 I I I i
0 2 4 6 0 2 4 6 0 2 4 6
- - -
-I—_I—-I——I—. - \ \ = — | —
1 1 1 1
51 ' ' '
Ef'-i - — LS WAL I A . . . .
E E 10 IIIIIIIII‘IIIII IIIII IIIIII IIIIIIIIIIII IIIIIIH III III — E
3 8 2l
‘ ‘ : ‘ : ‘ ‘ : ‘
0 2 4 6 0 2 4 6 0 2 4 6
Time [s] Time [s] Time [s]

() 00000000 (C)

() DOODODOOODOOOO (E)

(000000000 (G)

zZ
02 00000000: E[edHf)j’”Ud,t] (0), ¢(Za, =k) (0). 00 3000000000000,000000000000000 109.2dBOO00.

o o O 0O

1) D.D. Lee and H.S. Seung, “Learning the parts of objects by non-negative matrix factorization,”
Nature, pp. 788-791, Oct. 1999.
2) R.Hennequin, R.Badeau and B.David, “NMF with time-frequency activations to model non
stationary audio events,” IEEE Trans. on Audio, Speech, and Language Process., 2010.
3) A. Ozerov, C. Févotte, and M. Charbit, “Factorial scaled hidden Markov model for polyphonic
audio representation and source separation,” in Proc. WASPAA, 2009.
4) M. Nakano, J. Le Roux, H. Kameoka, N. Ono and S. Sagayama, “Infinite-state spectrum model
for music signal analysis,” in Proc. ICASSP, May 2011.
5) V. Y. F. Tan and C. Févotte, “Automatic relevance determination in nonnegative matrix
factorization,” in Proc. SPARS, 2009.
6) M. Hoffman, D. Blei, and P. Cook, “Bayesian nonparametric matrix factorization for recorded
music,” in Proc. ICML, 2010.
7) D.FitzGerald, M.Cranitch and E.Coyle, “On the use of the Beta Divergence for Musical Source
Separation,” in Proc. ISSC, 2009.
8) T.Virtanen, A.T.Cemgil, and S.J.Godsill, “Bayesian Extensions to Non-negative Matrix Fac-
torisation for Audio Signal Modelling,” in Proc. ICASSP, 2008.
9) A.T.Cemgil, “Bayesian inference in non-negative matrix factorisation models,” in University
of Cambridge, 2008.
10) M. N. Schmidt and M. Mgrup, “Infinite non-negative matrix factorization,” in Proc. EU-
SIPCO, 2010.

11) J. F. C. Kingman, “Poisson processes,” Ozford University Press, 1993.

12) A.T.Cemgil and O.Dikmen, “Conjugate gamma markov random fields for modelling nonsta-
tionary sources,” in Proc. ICA, 2007.

13) Y. Teh, M. Jordan, M. Beal and D. Blei, “Hierarchical Dirichlet processes,” in Proc. NIPS,
2004.

14) T.Ferguson, “A Bayesian Analysis of Some Nonparametric Problems,” Annals of Statistics,
1973.

15) J.Sethuraman, “A Constructive Definition of Dirichlet Priors,” Statistica Sinica, 1994.

16) D.Blackwell and J.MacQueen, “Ferguson Distributions via Pélya Urn Schemes,” Annals of
Statistics, 1973.

17) J. V. Gael, Y. Saatci, Y. W. Teh and Z. Ghahramani, “Beam sampling for the infinite hidden
Markov model,” in Proc. ICML, 2008.

18) E. B. Fox, E. B. Sudderth, M. I. Jordan and A. S. Willsky, “An HDP-HMM for systems with
state persistence,” in Proc. ICML, 2008.

19) Y. W. Teh, K. Kurihara and M. Welling, “Collapsed Variational Inference for HDP,” in Proc.
NIPS, 2008.

20) K.Yoshii and M.Goto, “Infinite Latent Harmonic Allocation: A Nonparametric Bayesian Ap-
proach to Multipitch Analysis,” in Proc. ISMIR, 2010.

21) P.Liang, S.Petrov, M.I.Jordan and D.Klein, “The infinite PCFG using hierarchical Dirichlet
processes,” in Proc. EMNLP/CoNLL, 2007.

22) C. Wang, J. Paisley and D. M. Blei, “Online Variational Inference for the Hierarchical Dirichlet
Process,” in Proc. AISTATS, 2011.

(© 2011 Information Processing Society of Japan



