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Outline

« We introduce positive semidefinite tensor factorization
(PSDTF) based on the Log-Det divergence

= A natural extension of nonnegative matrix factorization (NMF)
based on the Itakura-Saito divergence

- Estimation of locally-stationary Gaussian processes
« We propose a constrained version of LD-PSDTF
for reducing computational complexity
- Kernel matrices are restricted to diagonal + low-rank matrices
- Woodbury formula is used for inversing kernel matrices




Background

« Source separation is essential for various applications
= Speech recognition and understanding
= Automatic music transcription

« Phase information has not been used in most studies

= The characteristics of sounds can be represented well
in the power domain by discarding the phase information

= The low-rankness and sparseness are useful clues
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Motivation

« Phase-aware source separation is promising
- NMF can be extended based on additivity of complex spectra
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Itakura-Saito NMF (|S-NMF) [Févotte 2009]

« Each observed nonnegative vector is approximated as
the weighted sum of basis nonnegative vectors
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LOQ-DEt PSDTF (LD-PSDTF) [Yoshii 2013]

« Each observed pos. semidef. matrix is approximated
as the Welghted sum of basis pos. semldef matrices
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IS-NMF vs LD-PSDTF
« LD-PSDTF is a natural extension of IS-NMF

- Nonnegativity of scalars — Positive semidefinitenss of matrices
= PSDTF reduces to NMF when all PSD matrices are dlagonal
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Itakura-Saito NMF (|S-NMF) [Févotte 2009]

« NMF based on the Itakura-Saito divergence
= The mixture spectrogram is approximated as a low-rank matrix

= The number of sources K should be specified in advance
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LOQ-DEt PSDTF (LD-PSDTF) [Yoshii 2013]

« PSDTF based on the log-determinant divergence

= The covariance matrix at each frame is approximated as the
weighted sum of covariance matrices (basis matrices)

Observed spectrogram Reconstructed spectrogram Ve, Vy V3

— ~ ~H ]
| n

h,

K
X =Y = z Vihie ll:z
k=1 3

. i Scale-invariant measure
DLp(XelVe) = —log|Xe V| + r(X, V) — F Dip(X:|Y;) = Dip(aX |aY,)




Probabilistic Formulation

« The source signals are assumed to follow independent
locally-stationary Gaussian processes in the time domain

- A mlxture S|gnal |s the sum of multiple source signals

| || '|C+G 'E+G ’IC+E+G

Assume the S|gnals to be statlonary ina short wmdoy
Mixture signal Xt = X1t + X2t + X3¢

Source signal 1(C) "o/ ™/ ™M™ e ~ NE(0, R4 V)

Source signal 2 (E) /\\/\WM/\WW Xor ~ N.(0,h,:V>)

source signal 3 (G) \/\/\//\//\/\A/J\/\A/J\/J\/ X5 ~ N:(0,h5:V5)
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Mixing Process & Demixing Process

Sum of Gaussian variables = Gaussian variable
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Maximum Likelihood Estimation

« We aim to estimate H, V that maximizes the likelihood
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Generalized EM Algorithm (Proposed)

« [teratively update latent sources and parameters
= Expectation step

- Calculate covariance matrices Vi = nyVy Y, = z Y
= Calculate posteriors of source spectra k=1

Xie|xe ~ N Q/ktyt Xe, Viee = Vil Yy 1Yk§)
E[xg¢] V[xg:]
= Calculate second-order statistics { IS-NMF: O(KTF) ]

E|xpexl | = ElxieJE|xE | + V[xke] | LD-PSDTF: 0(k7F3)
= Maximization step
= Update parameters (depend on each other)

hyp — tr(Vl:lEl[:xktxgt]) V, — =1 hkt;:[xktxkt]
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Computational Bottleneck

« Inversion of big matrices is computationally prohibitive
= E step: updating source spectra

E[xktxllgt] =YV "X+ Yie = Vi Vi 'Y

= M step: updating parameters

i tr(Vﬁlngktxgt]) V, — Z{=1 hl:tl]]? [xktx’ﬁt]

The inverse matrices Y;! and V! € CF*F are required: 0 (F3)

How to calculate these inversions
in @ more efficient manner?
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Covariance Matrix Revisited

« Basis covariance matrices have diagonal + grid patterns
= Especially for complex spectra with harmonic structures
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Covariance Approximation (Proposed)

« Each Vv, is approximated as a diagonal + low-rank matrix
= The rank N can be around the number of harmonic partials

[Vk = [wg] + Lk[Sk]LIIg]
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EM Algorithm Revisited

« Theinversion of big matrices are required
= E step: updating source spectra

E[xktxgt] =YV "X+ Yie = Vi Vi 'Y

= M step: updating parameters

i tr(VlzlEI[:xktxllgtD V, — ZZ=1 h;?tlﬁ [xktxgt]

/Vk = [wy] + Ly [si LY ( Each term can be inverted efficiently)

K K K
Y, = z hi Vi = z hie[wi] + z hkth[Sk]LII;I
_ k=1 k=1 k=1
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Efficient Matrix Inversion

« Use Woodbury formula for covariance matrices
A+UCV) t=A"1—A'Y(c ' +vatu) A

This formula is useful when 4 and ¢ can be inverted efficiently
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Inversion of a compact matrix!

18



Recursive Matrix Inversion

« Use Woodbury formula in a recursive manner

K @&
Y, = z hie[Wi] + Z hyeLi[si LY Y;!
k=1 k=1

K
Y,Ep) def Z Rie (W] + % hyeLy s, |LE = Y,Ep‘” + hyeLy|s, |LE
k=1 k=1

(@) = (vo )"

() l(mitls g () )

Recurrence formula starting at Yff’) =YK _ hxelwi] (NMF)

Jog (ve)




Evaluation

« Separation performance vs covariance approximation
= Synthesize a mixture signal sampled at 16 [kHz]
K = 3(C4, E4, G4, piano) * F = 256,T = 840
= Test “fast” PSDTF wih N = 0 (NMF), 1,5, 10, 50, 256 (PSDTF)
= Use BSS Eval Toolbox (vincent2006]
C+E C+G E+G C+E+G

Mixture signal % F '*_*F F F F
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Separation Performance

« PSDTF (N = 50) was comparable with PSDTF (N = 256)
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Estimated Results

« The off-diagonal elements of each v, (inter-frequency
correlations) can be approximated by a low-rank matrix

= Alimited number of eigenvalues are significantly larger than 0




Conclusion

« We introduced positive semidefinite tensor factorization
(PSDTF) based on the Log-Det divergence

= A natural extension of nonnegative matrix factorization (NMF)
based on the Itakura-Saito divergence

- Estimation of locally-stationary Gaussian processes

« We proposed a constrained version of LD-PSDTF
for reducing computational complexity
= Kernel matrices are restricted to diagonal + low-rank matrices

- Woodbury formula is used for inversing kernel matrices
(in a recursive manner) &

Vi = [wi] + L [sg]Ly :+
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