Infinite Superimposed Discrete All-pole Modeling

for Multipitch Analysis of Wavelet Spectrograms

Conventional Statistical Modeling of Linear-frequency Spectrograms

Probabilistic models of parts-based representation and spectral envelope estimation have been proposed

Nonnegative Matrix Factorization (NMF)
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Pros: A probabilisic model can be formulated for maximum likelihood estimation ;
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The number of basis spectra can be automatically adjusted to the observed data def
(gamma process NMF: GaP-NMF) [Hoffman 2010] Xy~ Z‘ ($i© fi)hijn = Yn
Cons: It is hard to cluter basis spectra into instrument parts Xmn ~ Poisson(y,,,) i=1 j=1 Flementuize
Linear Predictive Coding (LPC) and Discrete All-pole Modeling (DAP)
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Source-filter Decomposition of Log-frequency Spectrograms

We propose a new variant of source-filter NMF by complementing CAR with DAP in the log-frequency domain
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The posterior distribution of the parameters is approx1mated by variatinal Bayes (VB) \

Gamma process priors are put on the weights of sources and filters (infinite-dimensional nonnegative vectors) Gamma priors are put on temporal activations
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take non-zero values almost surely

1 2 3 4 5 6 7 8kHzl DAP can be used in the linear-frequency domain or in the log-frequency domain
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Both multipitch estimation

and instrtument-part separation
can be performed jointly

in a unified framework [Yoshii 2012]
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All-pole envelopes

Composite Autoregressive Modeling (CAR)
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J filters (timbres)

Each local spectram is approximated by combinations of sources and filters

Capable of dealing with

superimposed spectra?

Capable of estimating F0s must
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Can be used in the
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Suitable to
multipitch analysis
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0; ~ Gamma( TH | (19) ij ~ Gamma ( 7¢ a¢) Only a limited and finite number of elements hijn ~ Gammal(ay,, by,)

Evaluation of Multipitch Estimation on MAPS Database

The proposed model was tested for multipitch analysis of piano recordings (mono-instrument music signals)

The activation matrix
tends to be sparse

A piano timbre
(spectral envelope)

Filter learning HPSS HMM R P J
- Unsupervised 35.3 579 566
v 622 60.2 612
F-measure: 69.4% Final output v 624 643 634
v v 674 64.2 658
Supervised v 624 67.0 o644
(open test) v v 699 o645 673
Supervised v 394 69.1 639
Lirouing (close test) v v/ 674 678 676
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Since the proposed model can deal with only harmonic sounds, HPSS was used as preprocessing  The proposed model attained the promising results even if
To improve the performance, HMM smoothing was used instead of naive thresholding the model was used in a completely unsupervised setting

can be trained
in advance




