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Matrix Analysis and Its Extensions

Daichi KITAMURA

1 National Institute of Technology, Kagawa College 355 Chokushi, Takamatsu, Kagawa, 761-8058 Japan

E-mail: fkitamura-d@t.kagawa-nct.ac.jp

Abstract Audio source separation is a technique for separating individual audio sources from an observed mixture signal. In

particular, blind source separation (BSS) does not require any information about locations of audio sources and microphones.

Because of its importance, BSS has been investigated for more than 20 years. In this talk, one of the new BSS algorithms

called independent low-rank matrix analysis (ILRMA) is explained. Also, some recent extensions of ILRMA are introduced.
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Fig. 1 Permutation problem in frequency-domain BSS based on FDICA.
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grayscale depicts intensity of variance.
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Fig. 4 Principle of source separation based on IDLMA, where N = 2 and 7 is index of discrete time.

Algorithm 1 ILRMA

Input: {x;; }fz’{’jzl, maxlter
1,J
Output: {y;;},” 1=l
1: Initialize {T”}n 1’{V"}n 1,{Wi}l(:l
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1
[1¥ul20(TuV,a) 2V |2
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1
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* V”FWQQ{ TWﬂKJ* v
5: Uln JZ] le]xU Vi,n
6:  Win < (WlUln) ey Vi,n

7. Wip <« Wip (ngmwm) Yi,n
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s: end for
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(#2) : https://github.com/d-kitamura/ILRMA/blob/master/ILRMA.m

(7¥3) : https://pyroomacoustics.readthedocs.io/en/pypi-release/pyroomacoustics.
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(#£4) : http://d-kitamura.net/demo- ILRMA.html
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Fig.6 Inconsistent power spectrograms |Sar¢ |'2 (left column) and their con-

sistent version (right column) obtained via inverse STFT and STFT.
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4. ARV +OY S LEFEMHIFITE ILRMA
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O—E LELERIGEFEFHEN, FELZARZ vurInk
2%, FIEARY haZ 5 a2 STRT 2L 73546, PG

Algorithm 2 Consistent ILRMA

Input: {xij},{:’{ =10 maxIter
1,J
Output: {yij}i:]’j:1
- Initialize {T,, }_ AV} AW}

2. foriter=1,2, .-, maxiter do
3 Y, « STFT, (ISTFT5(Yy)) Vn

1
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4 Ty «—T,0 { [ TV VT

[

1
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LMn|mnW)]} i
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>

. 1y 1 . Hy
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1

2.
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13: end for
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(5) : http://d-kitamura.net/demo- IDLMA.html

(#6) : https://github.com/d-kitamura/ILRMA/blob/master/consistentILRMA.m
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