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Tutorial structure

1. Introduction
1. Separation of audio/speech signals
2. Live demonstration
2. ICA and IVA
1. ICA: Independent Component Analysis
2. IVA: Independent Vector Analysis
3. NMF
1. NMF: Nonnegative Matrix Factorization
2. MNMF: Multichannel NMF
4. ILRMA
1. ILRMA: Independent Low-Rank Matrix Analysis
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Separation of audio/speech signal

cocktail party effect

speech recognition
in noisy environment

music analysis g4
-~

4
Live demonstration

» Separate 2 speeches with 2 microphones

-iPhone app W——

* Script
The ICASSP meeting is the We are demonstrating the
world’s largest and most Blind Source Separation for
comprehensive technical convolutive mixtures of
conference focused on signal speech in a real room with
processing and its applications.  real talkers.
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BSS: Blind Source Separation

» Separate the mixtures at microphones 1, T2
«into the original sources S1, So
» assuming M=N=2 for simplicity

« source activity and mixing system H is unknown (blind)

w =
LN L ——u [
W21
W12

o T —o— v i

Sl

Instantaneous BSS

* Mixing system H is described by scalars
« Sources are multiplied by scalars and then mixed

N
Im, (IL) — Z h"m/n, Sn (T>

n=1

Simple and basic
BSS model
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Convolutive BSS

* Delay and reverberations in a real room situation
* mixing system H is described by impulse responses

* Sources are convolutively mixed =

hi1 Lm (t> - Z Z hmn(T)Sn(t B T)

Ui :M.W . n=1 =0
S1 B

........... o

Convolutive BSS is a much
harder problem than
instantaneous BSS

N
:l"m(t) — Z h III,II,SH/(ZL’)

n=1

8
The whole system
Source Mixtures Separations
, h ) %
S1 11 :&\ T W11 q_\ U @E
ha1 w21
@ hio w12
v 1 52 hao B L2 Y2 ,@g
Mixing system Separation system

N L-1 M

Convolution filter Tm(t) = Z Z B (T)30(t = 7)) yn(t) = Z Lz_:lwnm(r)xm(t —7)
=0

(time domain) 1o m=1|r

@ STFT: short-time Fourier transform convolution ~ multiplication
M

N
Frequency response CoN . . Lo ; .
(frequency domain) T (i, 7) = Zlhmn(z)sn(zv]) yn(i,J) = Z Wy (1)1 (4, )
n=

m=1
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STFT: short-time Fourier transform

* From a time-domain real-valued signal
« Toa time-frequency-domain complex-valued signal

z(t) € R z(i,j) € C

Spectrogram only amplltudes are d|sp|ayed

Frequency (kHz)
~

-0.5
0

2 3
Time (sec)

10
Three key axes

Frequency

* Frequency-domain processing is effective
* source characteristic

* convolution — multiplication

Time
» Source activity, Onset and offset
Channel chanmel
» Source, Mixture, Separation m Mixture
1
Tensor representation Frequem@y

Time j
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Tensor and sliced matrices

Channel

/22 WA —— ZHIA m Mixure

component — vector SaaRan ﬁj

Time J

Channel
4.1. ILRMA / m Mixture

ZT slice into matrices
Freqency
Time j T
F
32.MNMF +— '“'"e“‘y

multichannel 31 NMF Time J

12
Notations
$: sources i: frequency bin index
X: mixtures/observations Jj: time frame index
y: separations m: microphone index

n: source/separation index
H: mixing system
W: separation system I: number of frequency bins
J: number of time frames
M: number of microphones
N: number of sources
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Tutorial structure

2. ICA and IVA
1. ICA: Independent Component Analysis

14
Tensor and sliced matrices
Channel
2.1. ICA/ m Mixture
Channel |||||‘ﬁj
am Mixture Time J
T slice into matrices
(
Frequency
Time J
) becomes easier
Convolutive BSS + |[nstantaneous BSS
—— /
permutation indeterminacy needs to be aligned
to properly reconstruct the whole separations
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ICA: Independent Component Analysis

« Extract the original sources from the mixtures x1, T2
» Mixing matrix H cannot be obtained

X w =
LN L — 1 (E

~
>~

~

h22

B 12 W22 N2 Y2 @é

Sources are

Makes V1, Y2
assumedtobe m=mm) independent to
independent each other

16

ICA: Independent Component Analysis

* In addition to independence, need to assume
* source distributions are different from Gaussian

~

h w =
P o, T LI ' yl@—

W21

W12

i 2T e o— e (i

Distributions are Makes the

different from mm) distribution far
Gaussian from Gaussian
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Speech mixtures

Q
3
=
c
o
(0]
X
AF ‘ 7
p(a:) N=1 N=2
N=2 |
2 2 g
2 25 3 35s
15 15
1 1
05 0.5
amplitude @

18

& apnydwe

0 0.5 1 1.5 2 2.5 3 3.5
Time (sec)
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Statistics of the mixtures
p(x)
=l N=2 N=8 N=16
2 2 2 2
1.5 1.5 1.5 1.5
1 1 ‘: 1 1
0.5 0.5 0.5 0.5
amplitude @
20
Statistics of the mixtures
p(x)
= N=2 N=8 N=16
2 ‘ 2 2 2
1.5 1.5 1.5 1.5
1 J 1 | 1 1
0.5 il 0.5 05 /\ 0.5 /\
S 5 3 o 5 ‘T o 5 °% o 5
amplitude T  — converge to the red line (Gaussian)
Central Limit Theorem
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A complex-valued source model
» Super-Gaussian distribution
/ 2
p(yn) o exp (—M) yn € C
» Sharper peak at the origin than Gaussian
(a) Assumed, o = 0 (b) Assumed, oo = 0.1 (c) Gaussian
0.8
0.6
0.4
0.2
0
-2
2 -2
Real Imaginary
part part
22
Independent component analysis
£} ¢ % w11 I y]_ ::,:
% Unknown ’@‘\
mixing
. 6] process -
1) m—o— 2 (@
- Linear operation y(j) = Wx(j) *= LM
- Output independence p(y) = [T>_, p(yn) B {2{1 ]
YN

 Non-gaussianity p(yn)#%exp (_\ynf)
iyea g
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Likelihood of separation matrix W
£ Likelihood of W for the whole observations
p(X[W) =TT7_, p(x(7)|W) X = {x(1),...,x())}
* Probability density function, linear transformation
p(x|W) = | det W|? p(y) =y (j) = Wx(j)
» Output independence

~ p(y) = [Tnzy 2(yn)
Log-likelihood function
log p(X|W)
J N .
=2J -log|det W[+ > %, >, log p(yn (7))

24
Objective function to be minimized

Maximum likelihood estimation = Minimize the negative log-likelihood

T(W) = J [N E{G(yn)} — 2log | det W]

Contrast function ol et ( . f/,,j)! )
v T 19 . (b) Assumed, o = 0.1
G(yn) = —1ogp(yn) Gl =Viml+a
1st order derivative 0t

9(yn) = 8?;?) = —alogﬁy") 9(yn) = Z\/Tﬁ R et
2nd order derivative

0°G dg i | L |ynl?
~ 9y 0yn  Oyn §) = TP o { }

g (yn)
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Optimization methods
* Gradient descent 22og1 S W _ wrhy
o 1ag 7 :step size
W W-—9p oW N
1 &7 H Hy—1 9\
- —E — (W W= :
Jows ~ sy)xT = (WH) T Loow
* Expensive matrix inversion
. Gl . S
Slow convergence 9(yn) N AT
* Three practical ways
* Natural gradient
* Pre-whitening + FastICA
* Auxiliary function-based optimization
26
Natural gradient
1 8j H [Amari et al., 1996]
W W-—p-— W"WwW
T oW
1 0J o H
— W'W = |E —I-W
7 W [E{gx)y"} - 1]
- Yn
« No matrix inversion o) = T ra

» Efficient computation

* Equivariance property [Cardoso and Souloumiac, 1996]

* Free from the characteristics of mixing matrix
(e.g. close to singular)
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Convergence example

Gradient descent

Estimated mixing matrix A = W~! w4,

Starting from W = 10 N B ORI
0 1 S5 LN
san

Step size: n=0.1

—Gradient descent
2 —Natural gradient -1 0 d
1+ |
0

Natural gradient

kel
3
= Qg i
g i ! : -4 e
§1—2 ><NO + %ﬁu
-3 oy A
4+ -1
_5 L L Lo, W2
0 20 40 60 80 100 -1 0 1

Iterations

28

Pre-whitening + FastICA

Separation matrix of the form: W — [y [Hyvarinen etal, 2001
Mixtures ~\/~ Whitened ~{J  Separated

2 2 2
<0 N0 o
-2 2 -2
-2 0 2 -2 0 2 -2 0 2
X, z, Y4
Pre-whitening FastICA
z(j) = Vx(j) s.t. E{zz"} =1 y(j) = Uz(y)

via eigenvalue Maximize the log-likelihood
decomposition of E{xx"} w.r.t. a unitary matrix U
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FastICA
* Objective function w.r.t a unitary matrix U
J(U) = J [ £, B{G(ya)} — 21log | det U]
= IS N B{G(yn)} - etU = 1
* Minimize E{G(y.)} for ¥1,Y2,..., YN
C;(Un) =V 1."/:('2 I
* with unitary constraint
H . 1 ifn=k . o H
u”u’“_{o ith#k U=lu---unl
_ 30
FastICA algorithm
«Forn =1,..., N (sequentially) [Hyvarinen et al., 2001}

« [terate the followings until convergence
Separated signal calculation

. _ H .
yn(J) = u,z(j)
Optimization of G by Newton’s method

u, < E{g(yn)z} — E{g'(yn) }un

Un ] 1 ; 2
.’]’(UHJ — 9 /%— .’f/(ﬁ’u) = [l — —- ‘!/l,|
-—\/|Uu|‘ Fa 2\/}1/,,|3+n 2 lyn|? + a
Gram-schmidt orthogonalization
n—1,__H
U, < uy, — . (ugu,)ug
Unit-norm normalization
U,
Un < T, Tl
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FastICA convergence example

*Red (1)
. Starting from u; = [1 0]"
* Likelihood maximization: points close to the origin
* Unit-norm normalization: points on the unit sphere

» Good solution only by 5 iterations
«Green (/\) ARG T
- Starting from up = [0 1]" S ol é
» One-step solution by orthogonalization
_1 PNl N
-1 0 1
z

32
Auxiliary function

[Ono and Miyabe, 2010]

* Objective function to be minimized
[Ono 2011]

T(W) = J [ X0 E{G(lya))} — 210 det W]

“If Gly,) = Gr(|ly|) and Gun) Vv
Gr(lyn)

[Yn|
* Auxiliary function - o

Gi’%(rn)
2r,

is monotonically decreasing (i) = ;= = S

G(yn) < lynl® + F(ry)
with auxiliary variable 7,

Equal when 7, = |yn|
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Auxiliary function-based optimization
« lterate the followings until convergence [©n°and Mi%bfézz%ﬂ
Separated signal calculation i wh!
y = Wx (O I I I
YN W
Weighted covariance matrices for each separation
Grynl) Grlyal) 1
V, =E ¢ B xxH RS =
! { yal vl Vg +a
Solve the HEAD problem for V1,..., Vy
1 if m=n
0 if m#n
34

Auxiliary ICA convergence example

Estimated mixing matrix A = W !

Starting from W = [(1) ﬂ

Auxiliary function-based

—Gradient descent
2 ——Natural gradient
—— Auxiliary function-based

Negative log-likelihood

able to take a big step
at an early stage

0 20 40 60 80 100
Iterations
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Comparisons of three methods

 Separation of 6-second 3 speeches with 3 microphones

» measured by signal-to-interference ratio (SIR)
« at frequency 3586 Hz, 201 samples, pre-whitening applied

convergence behavior computational cost considered

25 25

Natural gradient (y = 0.1)
Natural gradient (y = 0.2)
FastiCA

Auxiliary ICA

N
o

Averaged SIR (dB)
Averaged SIR (dB)

-
S)

Natural gradient (y = 0.1)
Natural gradient (y = 0.2)
FastiCA

Auxiliary ICA

5 5
0 10 20 30 40 50 0 0.5 1 15 2 2.5
#iterations

time (seconds) x1073

v Natural gradient: sensitive to step-size 7

v FastICA: fast convergence, slightly limited SIR (unitary constraint)
v Auxiliary ICA: fast convergence

36
Permutation and Scaling problem

* Ambiguities of ICA solutions
If y(j) = W x(j) is a solution, then
yv(j) <~ APy(j) isalso a solution
for any diagonal A and permutation P matrix

i 3 0 0][o0o 0

1 1
y2 | < [0 0.5 0 1 0 0 Y2
Y3 0 0 4[]0 1 0] |ys

Independence of ¥1,¥%2,¥3 does not change
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Permutation and Scaling problem
Raw ICA outputs Permutation Permutation/Scaling
aligned aligned
IOg |y1(7'7.])|
i
log [y2(i, j)| &
Time frame 7§
38
Solving Permutation and Scaling Problems
* Permutation
* Post-processing
*see e.g. [Sawada et al.,, 2004], [Sawada et al., 2011]
* Tensor methods (IVA, ILRMA)
* will be explained in later sections
*Scaling
* Refer to a microphone observation [Cardoso 1998]
* So-called “projection back” [Murata et al., 2001]
o \/| i : : [Matsuoka and Nakashima 2001]
via mixing system estimation Takatani et al., 2004]
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Scaling alighnment example

Untouched Aligned reference
Yn () < a1nyn(j) microphone

m=1

20 40 60 80 20 40 60 80

Y1,Y2

71— (y1+y2) wj\«f\Wf :

20 40 60 80 20 40 60 80

a1y estimated mixing scalar

40
Mixing system estimation

Estimated mixing situation ICA result
N
X=Y, 18y, =Ay 4mm y=Wx
A1n L1
a, = A:[al7”'7aN] X =
A Mn T\

= How to calculate matrix A

o If W has an inverse
A=w"!
o Otherwise (N < M) ,
I a1  Least-mean-square estimator
A =E{xy" HE{yy"}) that minimizes E{||x — Ay||?}
A=WT * Moore-Penrose pseudo inverse
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Tutorial structure

2. ICA and IVA

2. IVA: Independent Vector Analysis

Tensor and sliced matrices

Channel

22. IVA —m— 2.1. ICA/ M Mixture

component — vector ’ | | | | | ﬁj

Time j

Channel
/ m, Mixture

1

(2
Frequency

Time j
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Two papers at ICA 2006

Solution of Permutation Problem
in Frequency Domain ICA, Using Multivariate
Probability Density Functions

Independent Vector Analysis: An Extension of
ICA to Multivariate Components

Taesu Kim'+2, Torbjorn Eltoft®, and Te-Won Lee!
Atsuo Hiroe
! Institute for Neural Computation, UCSD, USA

{taesu, tewon}@ucsd.edu Intelligent Systems Research Laboratory, Information Technologies Laboratories,
2 Department of BioSystems, KAIST, Korea Sony Corporation, 6-7-35 Kitashinagawa, Shinagawa-ku, Tokyo 141-0001, Japan
3 Department of Physics, University of Tromse, Norway Atsuo.HiroeQjp. sony.com

torbjorn.eltof t@phys.uit.no

Abstract. Conventional Independent C Analysis (ICA) in
frequency domain inherently causes the permutation problem. To solve
the problem fundamentally, we propose a new framework for separation
of the whole spectrograms instead of the conventional binwise separation.
Under our framework, a measure of independence is calculated from the
whole spectrograms, not individual frequency bins. For the calculation,

Abstract. In this paper, we solve an ICA problem where both source
and observation signals are multivariate, thus, vectorized signals. To de-
rive the algorithm, we define dependence between vectors as Kullback-
Leibler divergence between joint probability and the product of marginal

probabilities, and propose a vector density model that has a variance de- we introduce some multivariate probability density functions (PDFs)
pendency within a source vector. The example shows that the algorithm which take a spectrum as arguments. To seek the unmixing matrix that
suceessfully recovers the sources and it does not cause any permutation makes spectrograms independent, we demonstrate a gradient-based al-
ambiguities within the sources. Finally, we propose the frequency domain gorithm using multivariate activation functions derived from the PDFs
blind source separation (BSS) for convolutive mixtures as an application Through experiments using real sound data, we have confirmed that our
of IVA, which separates 6 speeches with 6 microphones in a reverberant framework is effective to generate permutation-free unmixed results.

room environment

Concept of “multivariate source model” was presented
in two papers at the same conference independently

44
Independent vector analysis

* ICA: Sources generate stochastic scalar variables

Source 1
Source 2

?
Frequency L
Time 7 7 _ A Separation process:

Mixing process: X;; = A;S;; yij = Wix;;

* IVA: Sources generate stochastic vector variables

Source 1 ' A
Source 2 \_\_\jj

Mixture

Same mixing / separation process as ICA, but multivariate source model
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Likelihood of separation matrices W
£ Likelihood of all Ws for the whole observations
- Jm=1,--- N}

— J . X = {X.7,7Tl|j = 17 o
PAIW) = [T, p(ynfW) 5= Pami=t
* Probability densitylfunction, linear transformation
P15 %N W) = [ [ 1 det Wil*p(y 1.+ )

 Output independjgiﬁée ey = WX

Channel

v Pyt YiN) = H P(Yjm) Am Mixture
Xij 1
Log-likelihood function i
Frequency
L= log p(X|W) Time /.
= 2JZlog|detW | —i—ZZlogp Yin)
j=1n=1
46
Objective function of IVA
* A set of demixing matrices to be estimated
W = {W17W2 e 7WI}
* Objective function of IVA
TW) = ZZG (¥jn) —2JZlog|detW|
J=1n=1 Contrast
G(yJ’n) - log—p(yJ’n) function y is a function of w
Multivariate p.d.f. Yijm Yijm = W x;
Yijn Vim = Yaim | Yain = WanXaj
_T Yijn Yrjn = W}I*,nxfj
1
Frequency
. . —>
Time J
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What p.d.f. is appropriate for a spectrum vector?

48
Choice of multivariate p.d.f.

* Necessary properties
* Non-Gaussian (like ICA)
* Representing higher-order dependency  Yjn

between vector components T
R =S
Frequency

* Well-used multivariate p.d.f. Time 7
» Spherical super-Gaussian [Hiroe 2006],[Kim 2006]
P(Yjn) = Cexp(—||yjnll2)
* Time-varying Gaussian [Ono+ 2012]

||}’j " |% Variance is time-varying.
p(yj’n) = —S—€exp|——F— Totally it is super-Gaussian.
Oin Oin (Show later)
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Why spherical super-Gaussian?

*Let p(y) = p(y1,92) = q(r) where 7= /y} +y3

« When ¢(7) is Gaussian, sub-Gaussian, and super-

Gaussian, what dependency between y; and ys is
represented?

Y, 2

Y2
Gaussian Sub-Gaussian Super-Gaussian

50
Spherical Gaussian

Joint p.d.f. Conditional p.d.f.

0.7
0.6

~—

P(y2ly1 =(
p(y2lyr =1

Complete
overlappe

[
~—

)
i\

> T =,
0.2 i
5 ,'“‘

()
(L
p(y1=0,92)

A
p(y1=1,y2)

(1IN

o<

Yo

In spherical Gaussian case, the value of y, does not change
the p.d.f. of y,. It means y, and y, do not have any dependencies.
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Spherical Sub-Gaussian
Joint p.d.f. Conditional p.d.f.
p(y2ly1=1)
p(y2ly1=0)
Y2
In spherical sub-Gaussian case, when |y,| is larger,
ly,| tends to be smaller oppositely.
52
Spherical Super-Gaussian
Joint p.d.f. Conditional p.d.f.
0.8 1
o8] o8 p(y2ly1=0
>§j 04 ~ 06
° pn=0,40) Fos ]
0 p(y1=1,1y2) p(yalyr =1
5 0.2
Y4 ’ N Y, 5
In spherical super-Gaussian case, when |y,| is larger,
ly,| tends to be also larger. Therefore, it represents
co-occurrence among components.
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Time-Varying Gaussian
« P.d.f. of time-varying Gaussian gf.n
C Yin 2
p(¥jn) = —5—exp <—HJT|2> >
(o o7 e
Jm Jm S
» Co-occurrence among frequency g ]
components are explicitly
represented by o7, .
« Shared among all frequency i. Time
» Can be changed at each time frame j.
54

Solutions for IVA

* The objective function of IVAis also nonlinear.

J N 1
TW) =" Glyjn) — 27> _log|det W]

j=1n=1 i=1

» Similarly as ICA, three typical methods
* Natural gradient [Kim+ 2006,Hiroe 2006]
* Pre-whitening + Fixed-point iteration (FastIVA) [Lee+ 2007]
* Dr. Taesu Kim (an inventor of IVA)'s code is available
https://github.com/teradepth/iva
* Auxiliary function-based optimization (AuxIVVA) [0no2011, Ono2012b]
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Auxiliary Function Approach
+ Optimization Problem 0©,6""™)
J((-)) — min o(e, (:)(k+2))\\\ , //
AN )
« Auxiliary Function * (@)
Q(0,0) > J(©)
* Alternative Update Rules
Auxiliary variable update (like E-step) P :
= (k+1) . ) A —
Q)] = argming Q((—)(’”),@) 0*++2) gk+1gh)
Parameter update (like M-step)
Okt — argming Q(@,é(k+1))
» Advantages
 Stable: Convergence is guaranteed
+ Simple: No tuning parameters such as step size
But how to find useful auxiliary function is problem-dependent
More details will be explained later
56

Theorem for quadratic auxiliary function

*If G(y) = Gr(|lyll2) and G’;(r)/r is monotonically decreasinginr >0,
Spherical

Gg(r)
Gly) < “EZ||yl3 + F(r)
Nonlinear Quadratic
contrast function  auxiliary function

holds. The equality sign is valid iff » = ||y]||2.

Examples Multivariate Contrast Weight
p.d.f. function function
p(y) G(y) = —logp(y)  Gr(r)/2r
ceWIE  [ly|}3 =17 |
Ce=lI¥ll2 llylla =7 1/2r

Celoscoshllyllz cosh||y||e = cosh(r) tanh(r)/2r
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Auxiliary Function for IVA

* Objective Function of IVA
J N

I
=33 Gly;n) — 273 log|det W,

Jj=1n=1 Nonlinear =1
If G is spherical and function of w
derived from super-Gaussian
* Auxiliary Function for IVA
I
1
QW,r)=2J ZZWHLVMWM Zlog|detW |

i=1n=1 Quadratic i=1
r={rjn} function of w

7 I
Source activit
(auxiliary varigble) Tim = |¥jmnllz = W

Weighted

: . _ GR T3, n)
covariance matrix: z n— 7 E XijX;
27 ]
7,mn

+ F(r)

58
Minimizing auxiliary function

* The demixing matrix should be updated such that auxiliary
function is minimized

QW,r)=2J ZZW WVin Wi, — Zlog|detW| + F(r)

i=1 n=1
MZO‘W?mVi’nWim:émn (mzl,,N)
aWi,n ’
-Fromw—()foralln—l , N,
8Wi’n

HEAD (Hybrid Exact-Approximate Joint Diagonalization)
problem [Yeredor 2009] is derived.
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HEAD Problem (1/2)
For simplicity, a frequency index i is dropped in this slide.
Given N positive definite matrices Vi, V,,--- , Vy,
find an N X N matrix W = (w; w, --- wy)" such that
whV,w, =6m, (m,n=1,2,---,N)
[Yeredor 2009]
ex. N=3 case
WlHV1W1 =1 W?VQWQ =0 W|1—|V3W3 =0
W;'Vlwl =0 WSVQWQ =1 W;‘V:;Wg =0
W?Vlwl =0 W3HV2W2 =0 W?V3W3 =1
60
HEAD Problem (2/2)
For simplicity, a frequency index i is dropped in this slide.
Given N positive definite matrices Vi, Vo, -, Vy,
find an N X N matrix W = (w; wo --- wy)" such that
wHV.w, =0mn (m,n=1,2,--- ,N)
[Yeredor 2009]

* Remarks
* Number of equations = number of variables = N2
* When N = 2, itis equivalent to generalized eigenvalue problem,
which can be solved in a closed form. (Show later)

* When N > 3, a closed-form solution has never been found.
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Derivation of sequential update rule
For simplicity, a frequency index i is dropped in this slide.
, . oQ(W,r) o o
Let’s consider to solve —Aw. 0 in with fixing wo, wg.
W1

Some vector linearly If we choose w1 obtained

m\gfz_;_)_?‘ndent of W,%.fpd Ws at the previous iteration as b,
i bV wy =ici B can be rewritten by W .
¢_ ................. g‘

W2V1W1 =0t w1 — (WV)) le;
HWsViws =0 wi = wi/\/wiViwg
B cor

We can update wa, w3
BV ,w; = ce; sequentially in the same way.

-— W = c(BVl)_lel

Scale can be fixed by

‘wi —wy/ W{'Vlwl

62

Algorithm of AuxIVA

Iterate until convergence [Ono 2011]
Forn=1: N (every source)

Update of separation

Update of source activity
(shared in all frequency)

.........................................................

Update of
weighted
} covariance matrix

Update of
: demixing matrix

.........................................................
........................................................

....................

Unit vector with the nth element unity
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Separation Example (1/6)

Mixture (L) L | S a4 Mixture (R)

frequency [kHz]
N
frequency [kHz]
N

"-\r' ’v,

0.5 My VoA . gd‘/y; J_l‘v’ ‘ H» 05| .
N _mw ‘—J‘-’E:S“ﬁé .
0 2 4 6 8 10

time [s] time [s]

64

Separation Example (2/6)

Source 1 (|tr 1) Source 2 (|tr 1)

N

frequency [kHz]

time [s]

time [s]
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Separation Example (3/6)

~Source 2 (it

r: 2)

35 3.5
3 3
’E 2.5 T]El‘ 25
=5 =
> >
2 2 2 2
() o
=] L >
815 815
fi= = i
1 1
0.5 0.5
0 0
0 2 4 6 8 10
time [s] time [s]
66
Separation Example (4/6)
2 2 ource 2 (ltr 5)
35 35

NS
3,1

—
3]

frequency [kHz]
N
frequency [kHz]
N

—_

0.5

time [s] time [s]
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Separation Example (5/6)

N

frequency [kHz]

B s e S ——

time [s] time [s]

68

Separation Example (6/6)

NS

Source 2 (after back—projection)

Source 1 (after back—projection) S 4

4
35 35
3 3
25 T25
= =
3 >
2 2 2 2
(0] [
3 o
o015 015
& &

. ®
0 2 4 6 8 10 0 2 4 6 8 10
time [s] time [s]
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HEAD Problem in Two-Sources Case

69
Comparison with Natural Gradient
Three sources case
10 T T T T T
- One iteration
9r @/@W JOTOee A,&&Aj::‘;*/% ek (Matlab)
dl : 1 AuxIVA :0.34s
1r 1 GradlVA: 0.16s
g 5 /
e /
@ 4
3r /
# —o— AuVA
27 —*— Natural Grad. (mu=0.1)
”X/ ‘ ‘ ‘—A— Natural Grad. (mu‘=0.2)
10 50 100 150 200 250 300
Iteration steps
70

W2

:1'.'.'.'.'.'.'.:‘." - Viw, || Vow, mmp Viw; = A\Vow,

HEAD problem is deformed to generalized eigenvalue problem,
which can be solved in a closed form [Yoshioka 2008,0no 2010]
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Algorithm of Stereo AuxIVA

Iterate until convergence [Ono 2012b]

......................................................................
o

{ Yijn = wi, X ¢ Update of separation

1 =1,2) i -
Fim = 1Yz = Z i |2 (n=1,2) i Update qf source activity
P ’ = : (shared in all frequency)

o o
---------------------------------------------------------------------

.....................................................................
. .,

1 GR(Min) o ow B i Update of weighted
P Vin = J Z ' (n=1,2) covariance matrix

........................................................................
.............................................................................................................

.............................................................................................................

Update of demixing matrix

72
Comparison with Natural Gradient (2)

Two sources case

T —

_______

10

—©— Natural Grad. (mu=0.1) ||
—+—Natural Grad. (mu=0.2)
—&— Natural Grad. (mu=0.3)
_| —E—AuxIVA

—6— Stereo AuxIVA

0 50 100 150 200
Iteration steps

SIR improvement [dB]
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Explicit Representation of Eigenvectors of 2 X 2 Matrix

For simplicity, a frequency index i is dropped in this slide.

* Vou, = A\, Viu, <= Hu, = \,u, (H=V;'V,)
» Two eigenvectors of 2 X 2 matrix can be explicitly given by

...................................................................................................
o *,

A1 > A2

always holds

. 0
..................................................................................................

* See [0Ono 2012b] about fast implementation using vector
operation.

74
Implementation on iPhone

« Stereo AuxIVA was implemented on iPhone [Ono 2012b]

+ Calculation time is almost linear to input signal length
(RTF=1/5 @ 16kHz, 10itr. on iPhone4)

i SoftBank = 1042 100% 52

* Demo on youtube
(https://www.youtube.com/watch?v=ILMbfIDMMeE)
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Tutorial structure

75

3. NMF
1. NMF: Nonnegative Matrix Factorization

Tensor and sliced matrices

76

Channel
/ m, Mixture

1

Frequency EEEEE ZT

Frequency

3.1. NMF Time 7
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What is NMF? From “generative model” perspective

Frequency ;

78

What is NMF? From “generative model” perspective

Time-varying amplitude of each basis spectrum

Basis spectrum Vv

z TV
O
[
()
=}
o

T |t

time Jj
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What is NMF? From “generative model” perspective

Source separation = inverse problem of estimating T and V from X

Vv
z TV
(@)
[
()
>
o
T |&
time J

80
NMF as spectrogram model fitting

* Model a mixture spectrum as the sum of basis spectra

scaled by time-varying magnitudes
, Time-varying magnitude

R DT

Frequency/-T k Basis spectrum
Matrix notation: fime vV : ™
X ~ TV Time-varying J¢ 2 — : ]
magnitudes || : R 1k
Basis spectra : ; — .
—A—\F - = . s .aa g o
3T X
2
(]
>
o
g rl
wott o 3
- time j
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Popular divergence measures

D(ylx)

100

80

60 -

40 -

20 -

» Measure of difference between x and y

— Euclidean distance
D(ylz) = (y — x)°

Kullback-Leibler (KL)
divergence

Y
Dlyla) = ylog L ~ (y — )

— Itakura-Saito (1S)
divegence

K) Yy
D(y|z) = i 10%; -1

82

Geometrical understanding of NMF

A

» Because of the non-negativity of T, all basis vectors lie in the first quadrant.

* Because of the non-negativity of V, Tv; can only cover the area (a convex
cone) enclosed by the extended lines of all the basis vectors.

* NMF attempts to find a convex cone that is closest to all the observed vectors.
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Sparsity-inducing effect of NMF

* NMF naturally produces sparse representations

* Let ¥ be the solution to an unconstrained optimization problem:
v = argmm D(x|Tv)

» TV corresponds to the closest point from y in the subspace
spanned by ty, ..., tk.

» Except for the case where ¥ is non-negative, the solution to the
constrained optimization problem, TV, will be the closest point toT¥
in the area enclosed by the extended lines of all the basis vectors

» This means at least one of the elements of ¥ becomes 0

(unconstrained) ? (constrained)
TV | TV
$~
t ~
L Subspace spanned
by t1 and t2
to

84
ltakura-Saito divergence NMF fevotter2009

* Model mixture signal as the sum of Gaussian-distributed
random signals with rank-1 power spectrograms

Complex spectrogram of component k Power spectrogram of component k
cijk ~ Ne(cijrl0, tinvrg)

| ——
tr x Vi
Tij =Y Cijk K
k

7

Rank-1 spectrogram
v If Cijk and Cijk)/

zi ~ Ne (fvij 0, tikvkj)
k

re independent

—> Likelihood function of T and V
p(X|T, V)

* Maximum likelihood of T and V amounts to NMF using Itakura-
Saito divergence

argmax log p(X|T, V) Itakura-Saito divergence
|5 |51 )
= argmln -1
iz: (Zk bavky O Sy bk
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Local Gaussian model (LGM)
» Generative model assuming each element of a complex spectrogram
to independently follow a zero-mean complex Gaussian distribution
with a different variance (power)
2
Cijk ™~ N(C(Cz‘jkm:aijk)/_\" variance
grayscale
T25 527! 0
Likely to generate
complex numbers near 0
Time j
Likely to generate complex
numbers with larger magnitudes
86

ltakura-Saito divergence NMF (IS-NMF)

* Optimization problem:
Minimize
Dis(T, V) =) ( Jzal log el 1)
’ =\ g tikj 2k LikUkj

EXS
3 (o
o <Ek bikUkj -

subjectto Vi, j, k, tip >0, vg; >0
* How can we solve this?
* EM algorithm [revotte+2009]

* Auxiliary function approach

—Majorization-Maximization (MM) algorithm
[Kameoka+2006], [Nakano+2010], [Févotte+2011]
—Majorization-Equalization (ME) algorithm [Févotte+2011]
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Expectation-Maximization (EM) algorithm

*When a certain likelihood function can be written as
p(x]0) = [ p(x,c|f)dc where c is a set of latent variables,
a stationary point of log p(x|#) can be found by iteratively
performing the following steps:

p(x,clf)
fp(x, c’|f)dc’

* Maximization-Step 6 < argmax/q(c\x) log p(x, c|@)dc
0

. Expectation-Step Q(C‘X) — = p(CIX, 9)

- J

~
Q(0,0") = Ecp(c|x,0) [log p(x, c[6)]
Q function

88

IS-NMF optimization with EM algorithm

[Févotte+2009]

» Likelihood function for IS-NMF:
p(x]0) = [ p(x,c|f)de = [ p(x|c)p(c|d)dc where § = {T,V}

I (= Sewn) TTANE(esel0, taony)
(independent of 9) kg

—log ti,vk; — M
« Q function _ A T tikvng
Q(97 9/) = Z Z Ecijkwp(c,-jﬂxijﬂ’) [IOgN(C(Cijkma tikvkj)]
k 2,7

 E-step
2
Tijk < Ecijk”\‘p(cijklﬂ?ij,@’)['cijk| ]
vty | tviglmil?

= tiUkj — o pl where ¢i; = ;tikvkj
v ]
* M-step .
0 + argmaxzz < — log tigvrj — y zUJ )
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Auxiliary function approach
* Techniques to find a stationary point of an objective function
D(@) using an auxiliary function G(0, «) that satisfies
D(0) = minG(0, a)
* Majorization-minimization objective auxiliary
[Hunter & Lange 2004] A 1
[1] oD = argminG(B(F),a)
P G(g(f)’a(-‘f))
[2] 6TV = argmin G(8, o' +1)) [1] I
7
DY) = (89, at+D) --{ DY) |--3 G(09, a1y K---
> G(9(£+1)!a(n‘?+l)) ,ll | )[2]
= D(g(é+l)) =‘ G(Q(Ml)aﬂf(“l))
« Majorization-equalization x| FpJ(AS ) ) S — I ----------
[Févotte & Idier 2010]
[1] oY) = argmin G(H(ﬁ),a)
[/
[2] 8¥+Y) + @ such that G(0,a“*V) = G0, altHD)), 0 £ o)
90

Graphical illustration of MM and ME algorithms

» Comparison between MM and ME updates

G(8, a(‘g—l)) auxiliary function objective function
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Graphical illustration of MM and ME algorithms

* MM algorithm
G(0, a(g_l)) auxiliary function

objective
function

D(0)

92
Graphical illustration of MM and ME algorithms

* ME algorithm
G(8, a(e—1)) auxiliary function
G(6,a")

objective
function

D(6)
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Relation to EM algorithm
* Objective: maximize p(x|0) w.r.t. 6
log p(x|0) = log/p(x, clf)dc c: latent variable
= log/q(c|x)p()(cc’|c|§)dc
X
pq(x cl) <---Jensen’s inequality
> c|x)lo ———dc Auxiliary function
[ atehonos 25t ry
E step- M step:
Maximize auxiliary function w.r.t. q Maximize auxiliary function w.r.t. 8
p(x,clf) p(x,c[f)
q(c|x) « Tp0x o l0)dd 0 « arg;nax/q(dx) log ) de
Il
p(clx,0)
94

Another look at MM algorithm

+ Coordinate descent of G(0, a)

Contour line of G(6, «)

~_

parameter 6

Initial
parameter

D(0) auxiliary variable
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Another look at MM algorithm

* Coordinate descent of G(0, a)

Contour line of G(0, «)

-~

S
—
[}

2
[}
S
©
—

o
a

Initial
parameter

D(0) auxiliary variable a

96

Another look at MM algorithm

+ Coordinate descent of G(0, a)
Contour line of G(6, «)

parameter ?

Initial
parameter ¢f______ B

D(0) auxiliary variable
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Another look at MM algorithm

+ Coordinate descent of G(0, «)

Contour line of G(0, «)

parameter ¢

Initial
parameter

D(6) i

auxiliary variable «a

97

98
Motivations for auxiliary function approach

* Auxiliary function can be useful and effective
when one wants to

» handle a non-convex objective function with multiple
local optima and stationary points,

* handle an objective function that has
discontinuous/non-differentiable points,

* handle equality/inequality constraints, and
 avoid matrix inversions.

Hiroshi Sawada, Nobutaka Ono, Hirokazu Kameoka, Daichi Kitamura
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Useful inequalities for auxiliary function design (1/7)
+ Jensen's inequality for non-negative arguments
i 9 :convex function L T,
< -
o >0, ] g(%:x’“)—zk:)‘kg M
i\ >0, Z)\k =1 i -
: R : Equality halds when ), = ——"
e ! q y k= Zk’ (L'k/
E.g.) when g(y) = —logy _ 9(y)
nghbhagd
side T2
~1 Ap =2 2
o (M)
k T (
< =Y Aplog= 9
100

Useful inequalities for auxiliary function design (2/7)

g :convex function |

Zak = 0, :

; :

B>0, Y Pr=1 |
k

1

* Used for complex NMF
[Kameoka+2009]
and RBM optimization
[Kameoka+2014][Takamune+2014]

» Jensen's inequality for real number arguments

() <m0 (57

k k

Equality holds when o, = xp — Ok ( Z a;k)
k

9(y)

o(22522)

2

right-hand
side

N— left-hand |
! side |
T1—o To—o y

51 B2

v
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Useful inequalities for auxiliary function design (3/7)

« 1st order Taylor expansion of convex/concave functions
i
! h: concave function 3 h(z) < A'(u)(x — u) + h(u)

S 4

Equality holds when v =«

h' (u)(z — u) + h(u)

E.g.) when h(z) = —logz:

1
logx < —(x —u) + logu
u

102
Useful inequalities for auxiliary function design (4/7)

* 1st order Taylor expansion of logarithmic function
Scalar case:

x
logx < — +logu—1 Equality holds when © =z
U

Extension to matrix case:
log det X < tr(U™'X) + logdet U — M
Equality holds when U = X

Equals to the sum of the logarithms
of the eigenvalues of X

Used in multichannel NMF frameworks [Sawada+2012, Higuchi+2014]
and Positive Semidefinite Tensor Factorization [Yoshii+2013]
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Useful inequalities for auxiliary function design (5/7)

103

 Quadratic function tangent to power functions

When0 <p < 2:
p — p
2” < SlulP ™ + ful? = Slul?

Equality holds when u = x

jzf?

» Used for sparse regularization
for complex NMF [Kameoka+2009]

v

Useful inequalities for auxiliary function design (6/7)

104

* 1st order Taylor expansion of L2 norm

1
| when [[wllz = 1+ —[|x]l> < —w'x
1

1
| When lw| =1 | —|z] < —Re(w*z)
1

» Used for sound source localization
[Ono+2009][0no+2010]

and Time-domain Spectrogram
Factorization (TSF) [kameoka2015]

Equality holds when
w = x/[|x]|2

Equality holds when
w=2z/|z]

A
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Useful inequalities for auxiliary function design (7/7)

* Logistic function

1
> fmesp (157 - I 02 )

Gaussian distribution function
Equality holds when n =«

v

106

IS-NMF optimization with MM algorithm

[Kameoka+2006][Nakano+2010][Févotte+2011]

* Objective function to be minimized:
_ 7 N e
Dis(T, V)= ; (Zk Lkt +1 g;tzk kj )

] Reciprocal function is convex in positive domain

1 \ A7
Zkzk Zk/\’»q _Z Fa Z

& <k

A2
Jensen's inequality mmmu» <3 ik
Ektikvkj  LikVkj
m Logarithmic function is concave
Right-hand

g(u) < ¢'(u)(z — u) + g(u)

) g 3t <

(Zt KVkj — uzj) + log u; §
Usj

side

: - -
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IS-NMF optimization with MM algorithm

[Kameoka+2006][Nakano+2010][Févotte+2011]

* Majorizer
)\% :|‘T'77,"|
Gis(T,V,\,U) = Z (Z ;:k—vk; w (ZMUIU uu) +logu;; — -+ )

i.j k

* Update rules for Aand U

tikv
Aiji 4 el Uij &= E tikVk;
ZI\’ 7k/Uk/

* Update rules for T and V
0Gis )‘?jk|$ij|2 Vkj ZJ )‘:JA|11/| /Vk;
Ote ZJ: <_ 3. T Ui =0 <tk = UA7/ZL,]

t: kv’\J
agIS Z zyk|x13| -0 Zz )\?JAETLA /tzk
= — | = & Vg =
kaj . tzk:vkj Uzg E tﬂt/ulj

* Update rules of ME algorithm can be obtained by solving T and V
that satisfies Gis(T, V, A, U) = Gis(T', V', A, U)

108
Tutorial structure

3. NMF

2. MNMF: Multichannel NMF
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Tensor and sliced matrices

109

Channel
/ m Mixture
2
Frequency
Time j ZT
3.2. MNMF Frequency
multichannel 3.1. NMF Time J

110
Extension to multichannel input
* Frequency-domain instantaneous mixture:
Xij = His;j
Observed signals Mixing matrix ~ Source signals
2 ] 1 N
o ; b \
S 3 1K N
L JJJ\ 1
frequ,enkl i, %] = H. [Si15- -+, 8iJ] Tsol;{ce
L |
time source —_—
] n time

J
* Assume local Gaussian model (LGM) with source power
spectrograms expressed using NMF (low-rank) model

Hiroshi Sawada, Nobutaka Ono, Hirokazu Kameoka, Daichi Kitamura
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Local Gaussian model

» Source model assuming each element of a complex spectrogram to

independently follow a zero-mean complex Gaussian distribution with
a different variance (power)

2
Sijmn ~ NC(Sijm|Oa Uz‘j,n)/_\'k variance

112
Local Gaussian model

» Source model assuming each element of a complex spectrogram to

independently follow a zero-mean complex Gaussian distribution with
a different variance (power)

2
Sijmn ™ NC(Sijm[Ov Uij,n)/_\l variance

06 \ grayscale
044

Nz P2 0
Likely to generate
complex numbers near 0

Time j
Likely to generate complex
numbers with larger magnitudes
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Local Gaussian model

113

» Source model assuming each element of a complex spectrogram to

independently follow a zero-mean complex Gaussian distribution with
a different variance (power)

2
Sijmn ~ NC(Sij7n|07 Uz‘j,n) ' variance

Allows us to incorporate power spectrogram model in crizj_n
. aizj'n = Yk tiknVkjn COrresponds to NMF model

114

Local Gaussian model

» Source model assuming each element of a complex spectrogram to

independently follow a zero-mean complex Gaussian distribution with
a different variance (power)

2
Sijmn ~ N(C(Sij,nlov Uz'j,n)/_\l variance

Allows us to incorporate power spectrogram model in ¢

ijn Tn V'n,
Jl_zj'n = Yk tiknVijn coOrresponds to NMF model
Xij = Hz§< - ' SoilE
(] —
C
Sij1 S&
< | <
. o T )
- Y
- frequency — — S
Sij,N i time j source  —> 3
o n time j
~ Likelihood

7 Xy~ NC (xij

2
o 0
oH; | 7 - |HY
0 TN

Hiroshi Sawada, Nobutaka Ono, Hirokazu Kameoka, Daichi Kitamura
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Super-Gaussianity of local Gaussian model

* Theorem

The time average of zero-mean Gaussian distributions
with time-varying variances is super-Gaussian.

pla) = waN (30, 0,) (an — 1)

* Proof omitted

Kurtosis becomes 0 if and only
if all the variances are equal.

» Using local Gaussian models implies assuming
source signals to follow super-Gaussian distributions

116

Multichannel NMF

[Ozerov&Févotte2010][Kameoka+2010][Sawada+2012]
* Probability density function of microphone array observations

01-2-. 0

Xij ~ N(C (Xz’j O,HZ [_(;_1 2

} HlH) <«— local Gaussian model

Z tik,nVkj,n <— NMF model
k

93N
N

log-likelihood -

LH,T,V) = Z{_ log det ®;; — x%@_i;lxij}

2]

2

LORUY H 2 _E :
where ®,; =H; { T, } H; and Oijn = tik,nVkjn
k

0 0N

Assumption on mixing matrix Optimization
* None [Ozerov+2010][Sawada+2012] * EM algorithm
— Applicable for underdetermined system [Ozerov+2010][Kameoka+2010]
* Invertible [Kkameoka+2010][Kitamura+2015] * Auxiliary function approach
—> Specialized for determined system [Sawada+2012][Kitamura+2015]
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Multivariate extension of IS divergence

« Different expression of ®,;

x;j = Hisij = E hznszz‘n
n

Sijn ~ Ne (865,010, D7 tiknVkjn)

k
07 Z hz,nhlz-!n Z tik,nvkj,n)
H; ,, : spatial property of source n
I J
Xij(= @)
» Multivariate extension of IS divergence
(a.k.a. log-determinant divergence)

LH, T, V)= Z{— log det X;; — x" X7 1x,5)

157N j

~ N(C (Xz'j

-

2,7
— Z{— log det Xij — tr(XZjlxin?j)}

/L‘?j

118
Treating NMF bases as individual sources

Special case where X;; = " Hixtivr;
k

SEH T NMF bases:
5 f EEE Frequent spectral
{ £ . patterns
4’;&7&57 k
: -

allocated to each
separation according
to the spatial property
of NMF bases
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Nonnegativity: from scalar to vector
Scalar Vector
Z1
Observation X x=| :
T M
N . lz1|> ... maly,
onnegatlye | ‘2 — oyt X — excH — '
representation o "
TMTy .- |:L‘A[|
B ——— nonnegative /HH\ complex
Low-rank . K 5 K
model Bij = L Lik ks Xij =D pe1 I:ik‘tikvkj
* Hermitian positive-semidefinite matrix
H= HH All eigenvalues are nonnegative
* Spatial property of the k-th NMF basis at frequency i
120

Optimization problem of multichannel NMF

* Objective function to be minimized
L(T,V.H) =}, Cﬁ* (Xij, Xij)

typically IS divergence
drs(Xij, Xij) = tr(X;;X;;1) — log det X;; Xt — M

. ¥ K
with Xij = Zk:l Hiktikvkj

~
™
o
<

Q

Aousnbali4

Time  ~ J
ij-element wise: g ~ HO+ HO
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Auxiliary function design

[Sawada+2012, Higuchi+2014, Yoshii+2013]

Objective function
L(T,V.H) =3, , [tr<x'ij>A(i_jl) + log det Xu} with X = S| Hirtinvn;

. — N (- — A
tr [(Zk Xk)_l] < 3ntr (ReX;'Re) | [logdet X < tr(XU™Y) + logdet U — M
matrix extension t matrix extension t
Jensen's inequality applied 1t order Taylor expansion
to reciprocal function of logarithmic function
: zlﬁziwﬁziﬁ log s < 1 +logu — 1

J \\
Auxiliary function\ \

LHT,VHRU) = 5, [, SR fon) 4o (57, 4ipHisUj;') +logdet Uy — M

tikVkj

122
Multiplicative update rules

Multichannel IS-NMF IS-NMF

Zj vkjtr(X;jlxin;jl sz)
Zj vkjtr(Xi_leik)

tik < tik

Zi tiktr()A(i_jlxij)A(i_jl sz)
> taetr(X3 Hir)

Vkj < Vkj

H;xAH;, = B  Algebraic Riccati equation
A= Zj tikviji_jl
B = Hik (Z] tikvij;jlxin;jl> Hik
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Learned spatial property example

Basis-wise

The 10 bases seem to form 2 clusters,
each of which corresponds to each source.

source 1 ‘

Argument
o

301
Frequency bin index {i)

arg([Hix]12)
k=110 o

Inter-channel phase difference of source k
becomes w; 2228 where C is speed of sound

124
Clustering NMF bases for sources

» Modify the modeling of the spatial property

1 2 3 4 5 k=1 2 3 4 5
i EE H HH B B B NMFbases
» N e
B &
n= 1 2
* X;; With source-wise spatial property

o K N
Xig = D et D 1 ZknHintikUk;

Similar multiplicative updates derived

Sources
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Argument

125
Learned spatial property example
Basis-wise Source-wise
3 % ; 3 RS ‘%;_'_-:. ?
0 g source 1 ‘
:j _ : ; Ty ! :_f":::
T i 2 e SN
Ty source 2
arg([H;xl12) arg([H;n]12) . N
k=1,...,10 ms n=1,2 |

Inter-channel phase difference of source k

becomes w; 2228 where C is speed of sound

126

3 music parts separation example

* 3 sources and 2 microphones (underdetermined case)

Reverberation time
RTg =200 ms

‘ 150°

245° v X
: Loudspeakers

el
iel

Microphones : The computational burden
4cm apart & 70° was heavy: it took 838.30
: seconds for separating 24-

Distance: 120cm .
: second mixture.

Roomsize: 4.45x3.55x2.5m
Height of microphones and loudspeakers: 120 cm

4 examples in total can be found at
http://www.kecl.ntt.co.jp/icl/signal/sawada/demo/mchnmf/

Hiroshi Sawada, Nobutaka Ono, Hirokazu Kameoka, Daichi Kitamura
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Determined multichannel NMF

[Kameoka+2010]

* Special case of multichannel NMF where mixing matrix
H; is invertible

*When W, =H; ', we can write W;x;; =s;; and so
LH,T,V) =) {-logdet ®;; — x[\®."x;;}

i
= Z (log det w;.*z;jlwi - x?jwyxfjlwixm)

L’]
2
:Z{?logdetwi—z (logafj’n—k ‘i?zn )}

ir in

2
ij,N

o2 0
—_— g

2
and Oijmn = § tik,nvkj,n
k

« Earlier idea of Independent Low-Rank Analysis (ILRMA)

128
BSS methods and optimization techniques
2000 2010 =
Determined BSS (Earlier idea of ILRMA)
Determined
ICA IVA MNME
FD-ICA o |
Underdetermined BSS | TFmask
estimation
MNMF MNMF
(EM) (MM)
MFHMM
(MM)
Monaural source NMF 1S-NMF
Separatlon Complex Factorial
NMF HMM
Optimization techniques
. IS divergence mini- Separation matrix
Natural gradient mization with MM optimization with IP
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BSS methods and optimization techniques

2000 2010 =
Determined BSS (Earlier idea of ILRMA)
Determined
ICA IVA MNMF
AuxIVA ILRMA
FD-ICA /’ (MM) (MM)
d 7
Underdetermined BSS | Trmask | ¢ / /
estimation |/ / 1
4 Y 7
S MNMF | /7| 4vinvEs
/ EmM) 0| Ty
’/ 1
S S :l EHMM
4 ) 1 ! (MM)
4 L2 1
= y
Monaural source | ~mr sy’ /z{ J
separation e 1
’ Comp! 4 Factorla' I
,/ /’ HMM 1
. . . . ,’ e
Optimization j&chniques »~ H
. IS divergence mini- Separation matrix
Natural gradient mization with MM optimization with IP

Categorization of LGM-based BSS methods

Generative model x; ; ~ Nc(xi ;| j, ®ij)

Method Hij P

Attias (2003) 0 >0 2 Ot gt aHigrm
Ozerov & Févotte (2010) 0 > 007 inHin + B
Duong et al. (2010) 0 >on 0% jmHin

Kameoka et al. (2010) Wi S T Foyxigoy | WS W
Yoshioka et al. (2011) w;! Zj,':‘ll Fijxij—p |W;' 'S ;W;!

Ono et al. (2012) 0 WS Wi

Sawada et al. (2013) 0 >on 0t jnHin

Higuchi et al. (2014) 0 > on 202t aHigim
Kitamura et al. (2015) 0 W;lzi,jW;1

Lopez et al. (2015) 0 Wi_lzfi,,jwi_l

Adiloglu & Vincent (2016) 0 Zn, U?,j.nHi«,n
Kounades-Bastian et al. (2016) | O Zn U?.j,n Hijn
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Categorization of LGM-based BSS methods
Constraints on o7,
Method Uz'Q,jm,
Attias (2003) tik; nm Where kj, ~
Ozerov & Févotte (2010) Dok tikenUk jn
Duong et al. (2010) 0l in
Kameoka et al. (2010) > kg tik @il nVk jin
Yoshioka et al. (2011) Vi nQi,jn
Ono et al. (2012) Vjn
Sawada et al. (2013) >k Zlenti kVk,j
Higuchi et al. (2014) Lik; »,nVjn Where kjp, ~
Kitamura et al. (2015) >k Zhkonti KUk,
Lopez et al. (2015) 0l in
Adiloglu & Vincent (2016) okt hn ¥ gin) Ok s Wk i)
Kounades-Bastian et al. (2016) | >, t; &.nVk jn
132

Tutorial structure

4. ILRMA
1. ILRMA: Independent Low-Rank Matrix Analysis
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Tensor and sliced matrices

/ 2.2. IVA
Channel
4.1. ILRMA / m Mixture

1

{/
Freqency

Time j

3.2. MNMF

134
Historical development

(Over-)determined problem Underdetermined problem

1
1994***273” Independent component analysis (ICA) ‘ 1
1
1
2.1 - 1
1998f-------- ‘ Frequency-domain ICA (FDICA) ‘ 131
1999 ----------mem oo T et '—-‘ Nonnegative matrix factorization (NMF)
Many permutation solvers 1
were proposed for FDICA !
! Many applications of NMF
o 2.2 : Generative models in NMF
>G_J 2006 ------ ‘{ Independent vector analysis (IVA) ‘ . Many extensions of NMF
1
3.1 -
2009 - ‘ Itakura—Saito NMF (ISNMF)

2011+
2012
2013+

More efficient calculation
for determined situation

2016; " Independent low-rank matrix analysis (ILRMA)
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Historical development

2.
Auxiliary-function-based IVA (AuxIVA)

Time-varying Gaussian IVA

More precise spectral ‘ ‘
41 odel using NMF

Independent low-rank matrix analysis (ILRMA)

136
Spatial and spectral models in BSS

* Spatial model: assumption of mixing/demixing system

» Spectral model: assumption for each source
Source /I\Z'—'\ > Observed D/ N Estimated
signal ) IXINg "\ mixture emixin signal
system , system ‘
L TN :XWWMWMW: S B A e

L= (’s)' — ~ _  Spatial model
.~ P {E *, - Instantaneous mixture in frequency domain
1 - Liner time-invariant mixing system

- Super Gaussianity of source dist.
- Sparse or low-rank time-freq. structure

ICASSP 2018 Tutorial T-1 Blind Audio Source Separation on Tensor Representation

Hiroshi Sawada, Nobutaka Ono, Hirokazu Kameoka, Daichi Kitamura

68



137
IVA revisited: model

* IVA extends ICA to multivariate probabilistic model
[Hiroe+, 2006], [Kim+, 2006], [Kim+, 2007]

Frequency-domain ICA: frequency scalar random variables
IVA: frequency vector random variables

Source . Observed .. Estimated
~ Mutually vector Mixing yactor  DemMixing yacror
p(s2) 52 TIx Hi 2 _x;H|x Wi
Spherical i

distribution _ _ T2~ H, : W2 :

p(sn)=ptsim ol M ° | ' '

Higher- order xS My o= ) W =
correlations

-

Permutation-problem-free estimation of W,

138

IVA revisited: compared to FDICA
* Frequency-domain ICA (FDICA)

Scalar r.v.s Current Non-Gaussian
\ empirical dist.  source dist.

Mixture is close to Gaussian signal Source obeys
because of central limit theorem non-Gaussian dist.

Observati/on/ 4 Estimatiol Wi
Yi ‘ LB

1(7) WWW/" Demixing | ¥1(") e STFT Time |
3 (7) dewiiing —! SYStem éyﬂT)Wm\ Yija I

—

Mutually
indegendent

Frequency
-
l\\ r\)\
=
=S
K:
S
- :,
=
=S
»
&
---E

g
=4
’ . . . ~g yl] (SIJ 3)
Update separation filter so that the estimated z
signals obey non-Gaussian distribution & |
Time Semmmmmmm Nemeeoo e
. Non-Gaussian
IVA Vector r.v.s Current spherical
> e"lp_itiﬁ[d_ift source dist.
S / ”"’ NS N
Observation 4 Estimation Vi % | E / P(Yj.l) i TP(Sj.l),
a g i = - 2 !
&y () sl — Demixing s gy () s et & = : g : :403:
Ime
system . H Mutuall
Iz(T)WWm% 'Y —>y2("')wmm~ iz L:’ i s |ndepen¥jent
“ o
Update separation filter so that the estimated % p(y, l] | p(s, ?)
signals obey non-Gaussian multivariate distribution &

Time = Te--Tm---7 Teeo-Te-o-
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Extension of vector source model in IVA

* Frequency vector spectral model (IVA)

Co-occurrence among frequency bins
of each source

Extend vector model to :
° Time
low-rank matrix model vector-activated model
* NMF spectral model

Co-occurrence among time-frequency slots
of each source with a low-rank structure

Frequency

Frequency

More precise representation of
time-frequency structure

Time
Low-rank model

Incrementation of frequency bases

140
ISNMF revisited: low-rank spectral model

* [takura—Saito NMF (ISNMF) (revotte+, 2009]

.. |2
DIS (|X|2||TV) = E [_E|:;le—k +10g E tikvkj]
ikUkj A

1,

Minimization of the above is equivalent to a maximum likelihood
(ML) estimation with a following generative model:

At each time-frequency slot, complex-valued component x;; obeys

___Variance 1 |x|2
Ti; ~ Ne (2i5]0,3 tikUkj) = ——=———— €xp (——“ )
(¥ C( ’LJ| ) —."_:__’L___—*]) ﬂ_zk tzk'UkJ Ek tkukJ

If z;; can be decomposed as T;; =Y _;Cijk, then
-----.«+— Parameters are
Cijk ™ N (Cz'jk|0,'\§i’§f‘flw'7 also decomposed
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ISNMF revisited: low-rank spectral model

* Itakura—Saito NMF (ISNMF) (revottes, 2009]

|X|2: Power spectrogram

Grayscale shows
intensity of variance

i

Frequency

ReD 2 5 "|mz
Small variance

\

Time frame

NOTE: p(X) = I ;p(zi;; 0, > i tikvis) is non-Gaussian
because the variance Y, tixv; can fluctuate along
time and frequency

ReD 2 i |Z
Large variance

142

ILRMA: unified method of IVA and NMF

* Independent low-rank matrix analysis (ILRMA) kitamura+, 2016]
Unification of

1. Estimation of demixing matrix W; (IVA spatial model)
2. Low-rank approximation using T,,V,, (ISNMF spectral model)

Estimated Low-rank

. Low-rank
signal spectral model
Observed ig modeling

signal Maximize
~ independence‘@‘ ISNME
-» VA | -
% )= ISNMF
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ILRMA: unified method of IVA and NMF

* Independent low-rank matrix analysis (ILRMA) ikitamura+, 2016]

Motivation of ILRMA?

When sources are mixed...
(2) Rank of spectrogram increases

(1) Mixture dist. approaches to Gaussian
N=1 |N=2 N=8 N=16
2 2 2 2 Sl

15

15 15J 1.5

| 1 1

1 | 1
1

42}
N
Frequency
Frequency

0.5 ) 0.5 \ 05 A 05/ 2
g 9 5 %% 0 5 %% o 5 Time

‘ To separate the sources... ‘
Maximize non-Gaussianity Restrict rank of separated signal
(using ICA or IVA theory) (using NMF theory)

Low-rank assumption can avoid
the permutation problem

144

Cost function in ILRMA

Source distribution
(spectral model)

 Cost function in FDICA, IVA, or ILRMA
L= —2J210g | det W;;| — Zlog p(Yn)"

FDICA (Laplace)

p(Yn) = H «a exp (—|yij,n|) Separable for frequency
e.g., [Sawada+, 2003] ig

Yijn
IVA (spherical Laplace) p(Yn) = Haexp (=ll¥smll2) Yin = ( :
[Hiroe+, 2006], [Kim+, 2006] J YIjimn
Frequency vector

3

[Ono+, 2012]

[Kitamura+, 2016]

a in
IVA (time-varying Gauss) P(Yn) = H —5— €Xp (—”yJT)
J Gj)n o-jan

1
ILRMA (ISNMF model) p(Yn) = H 71'2?5—?) exp (
k Vik,nVkjn

i’j

|%ijn|*

>k LiknVkim

)
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Cost function in ILRMA
» Cost function in ILRMA

Demixing matrix:

,/' \
IS il L,
L= ;2J213‘|‘“*Z .+1g2

Cost function in Cost function in
time-varying Gaussian IVA ISNMF
(estimates demixing matrix) (estimates low-rank spectral structure)

Spatial model update: AuxIVA All the variables are
Spectral model update: ISNMF alternatively updated

146

Update rule of parameters in ILRMA

* Maximum-likelihood-based update rules
Alternatively update both models

Spatial model Spectral model
(demixing matrix) (NMF variables)
Update demixing filter [Ono+, 2011] Update NMF parameters [Nakano+, 2010]
Vin = % Z injxg Likn < Likn Zj Wik (Zkltik""vk’j"l‘)_z
I T',],n L Z]. Vkjn (zk,tikl’"vklj,")_
W;n ¢ (W;V;n) e
i (WiVia) en 1 o g | 20 il tin O tibin Vi)
Win ¢ Win (Wi VinWin) TStk (S tantiga)
Update estimated signal Update estimated variance
Yijn = wgnx,-j Tijn = Ztik,n'vkj,n

e,: one-hot vector with one
at nth element

See also (pseudo code)
http://d-kitamura.net/pdf/misc/AlgorithmsForindependentLowRankMatrixAnalysis.pdf
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Clustering NMF bases for sources

* NMF bases should be automatically clustered into
each source

Introduce
partitioning function

Tijm = § :tik,nvkj,n ‘ Tijn = E :antz‘k’ukj
k k

Fixed number of Adaptive number of
bases for each source bases for each source

T (IxK) Ty(IxK) T(IxK)
Z
R1 Rz Rl R2

E

148
Update rule of parameters in ILRMA
« Maximum-likelihood-based update rules with Z
Alternatively update both models
Spatial model Spectral model
(demixing matrix) (NMF variables)
Update demixing filter [Ono+, 2011] Update NMF parameters [Nakano+, 2010]
_1 1 H --yi'n2t,"l)' ) Z t"I'UI'_2
j B i,j LikUkj k' “k'nlik’ Uk/j
Win — (Wivi,n)_l € —2
1 tae ok Zj,n |Yijin |2 20n ks (g Zembin Vi)
Win < Win (W;{nvi,ﬂwifﬂ) : ) ) Z,-,,, ZkenVki g zk‘ntik’vk’j)_l
Upda'f es:limated signal e 3 50 Pt (e b vey) 2
Yign = WinXij M D i Zntit (O ZintinrUrs)
e,.: one-hot vector with one Update estimated variance
at nth element Tijm = Zzlmtikvkj
See also (pseudo code) k
http://d-kitamura.net/pdf/misc/AlgorithmsForindependentLowRankMatrixAnalysis.pdf
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Historical development

4.1

Rm Independent low-rank matrix analysis (ILRMA)

More efficient calculation
for determined situation

150
Multichannel NMF revisited: model
* Multichannel NMF with full-rank covariance (sawada+, 2013]
Multichannel Instantaneous spatial covariance
vector Xij = XX}
Tij1 |-’L'ij,1|2 zijylz:j,M
M x-':'=( : ) = : :
FyM Ty MTigy o |wigml?
Spatial covariances in SPatial covariances  Partitioning function
each time-frequency slot of each source / Basis matrix Activation matrix
~(H z )o T \"
K
~ K
1 ~ I OI J Gains
Spectral patterns
N J Y, N K J
Ay - v
Observed Spatial model Spectral model
multichannel signal Spatial property of each source Spectral patterns of all sources

ICASSP 2018 Tutorial T-1 Blind Audio Source Separation on Tensor Representation
Hiroshi Sawada, Nobutaka Ono, Hirokazu Kameoka, Daichi Kitamura



151

ILRMA and multichannel ISNMF

* Relationship b/w ILRMA and multichannel ISNMF?

Source distribution: same  p(y;5.n) = Ne(¥ijn; 0, Y xtik,nVkjn)
Spatial model: different

ILRMA Multichannel ISNMF
Instantaneous mixture Mixture of full-rank covariances
in frequency domain (and power spectrograms)
Xij = Hisij Z Zkzkn zkvk_y 1,M

* Rank-1 spatial model (buong+, 2010]
Equivalent to instantaneous mixture

H h’i,'n,: steering vector
Hi,n = hz,nhz n (column vector of mixing matrix)
?

H; = (hi; --- h;n)

152

ILRMA and multichannel ISNMF
* Multichannel ISNMF with rank-1 spatial model

Cost function of multichannel ISNMF

J = ZJ [tr (XUX” ) + log det X“] )A(ij S S Hontat

Substitute rank-1 spatial model H;,=h; nh?n into Xij
Zkz hz n.h n?kn zk'Ukj

= Enh’i,nhi,nzkzkn ikUkj
= HiDinzH
>k 2r1tikVkj 0 e 0
H, = (hi,l . hi,N) , Dy = 0 Dk sz.tik'Ukj - )
6 T 0 >k ZentikUkj
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ILRMA and multichannel ISNMF

* Multichannel ISNMF with rank-1 spatial model
Substitute )A(ij =H,;D,;H} into the cost function of multichannel ISNMF

J= Z tr X,UX,LI;(HDUH?)_l) +10gdet H'LDZJH?}

= Z tr (xix0H; "D 'H; ) + log(det H;)(det D;;)(det H;)]

Transform the variables as W;=H™ and y;; = W;x;;
T =) [tr (Wi yyy5 Wi WD W) + log | det Hy[* + log det D]

sJ
=-2J Z ].Og | det W,l + Z log H Ekzkntikvkj + tr (y”yUD_l):|

____________________________________‘

. |Yij,n | Cost in
=_—9J log | det W;| + ZenlikV
| = Z g| | ;[ KZknbikVkj z,cz,m.kvkj] , ILRMA
154

Summary of ILRMA

* From IVA side:

Introduce NMF spectral model (basis incrementation)

* From multichannel NMF side:
Introduce rank-1 spatial model (instantaneous mixture assumption)

()
é"‘ Multichannel
T2 NMF
o
o Rank-1 spatial
E l model
E= NMF spectral Xij = H’S"J
Qo model
» g IVA =) ILRMA
= >

Limited Spectral model Flexible
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Experiment
» Conditions
Source signals Music signals obtained from SiSEC2011
g Two microphones and two sources (determined)
Analysis window 512-ms-long Hamming window
Shift length 128 ms (1/4 shift)
Number of bases 30 per each source/60 for all sources
Evaluation score Improvement ot signal-to-distortion ratio (SDR)
Source 177 ------- “._Source 2
2m <§ Impulse response E2A
(reverberation time: 300 ms)
50°. ,f"é"o°
ZEF )?
5.56cm
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Experiment

» Two source case (ultimate nz tour)

20

Good

[y
W

]
SDR improvement [dB]
w =)

| |

Poor

AuxIVA Multichannel ILRMA ILRMA
(Laplace) ISNMF (without Z) (with Z)
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Experiment

» Conditions

Music signals obtained from SiSEC2011

Source signals Three microphones and three sources (determined)

Analysis window 512-ms-long Hamming window
Shift length 128 ms (1/4 shift)
Number of bases 30 per each source/90 for all sources
Evaluation score Improvement ot signal-to-distortion ratio (SDR)
Source 2 Source 3
Source 1@77®
Z 2m Impulse response E2A

(reverberation time: 300 ms)

2.83cm 2.83cm
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Experiment
» Three source case (bearlin-roads, 14 s)
Good 12
A soP
y N e b

5 104 “NILRMA W/ Z, 60.7s
| ILRMAW/0Z, 1515
E o
F o8 X/gg‘\m”m
g 2 . VA, 11.5s Multichannel ISNMF, 7647.3
{2

S 4

£ - IVA

g 2] —%<— Multichannel ISNMF

n —+— ILRMA without Z

~5— ILRMA with Z
0+ Other demo:
http://d-kitamura.net/en/demo_en.htm
) 1 1 1
Poor 0 100 200 300 400
lteration steps
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Conclusion
Channel
Complex-valued Tensor _m Mixure
* Multichannel audio mixture LT
* Frequency domain via STFT  Frequency
Time j
ICA, IVA ¥ ILRMA NMF, MNMF
* Independence | - : Update W, .‘,@-'@‘%% * Spectral bases !
* Super-Gaussian =~ ®"@"@}E * Low-rank ==
Component — Vector — Low-rank Matrix
Auxiliary function-based optimization
* Fast convergence
* Problem dependent, but “cookbook” works
160

Advertisement: book chapters

* MNMF and ILRMA will be published from Springer in
March, 2018!

Audio Source Separation (Signals and
Communication Technology)
1st ed. 2018 by Ed. Shoji Makino

Shoji Makino Editor

' Ch.5
Audio General formulation of multichannel extensions of
NMF variants;
Source Hirokazu Kameoka, Hiroshi Sawada, and Takuya
Higuchi.

Separation S

Determined Blind Source Separation with
Independent Low-Rank Matrix analysis;

Daichi Kitamura, Nobutaka Ono, Hiroshi Sawada,
Hirokazu Kameoka, and Hiroshi Saruwatari.
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Thank you very much
for attending this tutorial !

Hiroshi Sawada Nobutaka Ono Hirokazu Kameoka Daichi Kitamura
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FastIVA [Lee et al., 2006], [Lee et al., 2007]

HEAD problem [Yeredor, 2009]

Auxiliary function based IVA (AuxIVA) [Ono, 2011], [Ono, 2012b], [Ikeshita et al., 2017]
Time-varying Gaussian p.d.f. [Ono, 2012a], [Ono et al., 2012]

Supervised or model-based IVA [Ono et al., 2012], [Lopez et al., 2015],
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Online IVA [Kim, 2010], [Taniguchi et al., 2014], [Sunohara et al., 2017]

NMF: Nonnegative Matrix Factorization

Auxiliary function based optimization for Euclidean distance NMF and generalized
Kullback-Leibler divergence NMF [Lee and Seung, 1999], [Lee and Seung, 2001]
EM-based optimization for Itakura-Saito divergence NMF [Févotte et al., 2009]

Auxiliary function based optimization for Itakura-Saito divergence NMF [Kameoka et al., 2006],

[Nakano et al., 2010], [Févotte and Idier, 2011]

Auxiliary function based optimization for 5 divergence NMF [Nakano et al., 2010],
[Févotte and Idier, 2011]

Aucxiliary function based optimization for sparse NMF [Kameoka et al., 2009]

Multi-channel NMF

EM-based optimization [Ozerov and Févotte, 2010]
Auxiliary function based optimization [Sawada et al., 2012], [Sawada et al., 2013],
[Higuchi and Kameoka, 2014]

ILRMA: Independent Low-Rank Matrix Analysis

Earlier idea (determined multi-channel NMF) [Kameoka et al., 2010]
Multichannel NMF with rank-1 spatial model [Kitamura et al., 2015a]
ILRMA [Kitamura et al., 2016], [Kitamura et al., 2018]

Relaxation of Rank-1 spatial model [Kitamura et al., 2015b]
Maximization-equalization algorithm [Mitsui et al., 2017b]

Optimal window length [Kitamura et al., 2017]

Based on Student’s t-distribution [Mogami et al., 2017]

With sparse regularization [Mitsui et al., 2017a]

With spatial regularization [Mitsui et al., 2018]
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Other references related to auxiliary function based optimization

o [Lange et al., 2000], [Hunter and Lange, 2000], [Hunter and Lange, 2004], [Ono et al., 2009],
[Ono and Sagayama, 2010], [Févotte and Idier, 2011], [Yoshii et al., 2013],
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