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1. New algorithm for independent vector analysis
2. Solution to new non-convex problem



Blind Source Separation by Independent Vector Analysis
X Yin = WX,

o 4 G
- — / (o)

M inputs M outputs

Frequency-wise demixing matrices

Likelihood Function of Observed Data

M F
LW X, ., Xm) = [ p(Yem) [T | det(We)[*

observation m=1 f=1 _

independence change of variable



Independent Vector Analysis [Kim2006,Hiroe2006]

Maximum Likelihood Estimation
Estimate Wt by minimizing log-likelihood function (G(Y) = — log p(Y))

(({We}) = —log LHWi} [ X4,..., Xm) = > G(Ym) — 2N log | det Wy
m f

AuxIVA [Ono2011]: Mdgjorization-Minimization of ¢/({Ws})
Hypothesis We can majorize the log-pdf of the source
G(Y) <> Gn(Y)I(Y)ml?

Then there exists the upper bound function

WD) S E (W) = 37, [D0 Win™VineWong — 2l0g | det We |

Wr¢

< mth row




Majorization-Minimization Optimization

We want to solve Iteration: 1
mb_.in f(0) 201
Let surrogate func. Q(0, §) be 154

1..Q(0,0) > f(0)

2. Q(,6) =f(h) B 10-
O
The sequencet=0,...,T,
5_
011 < argmin Q(60, 64)
0
— Q(6, 60)
guarantees 0- — f(©)

f(6) > ... > f(b7) o



Majorization-Minimization Optimization

We want to solve Iteration: 1

mein f(0)

Let surrogate func. Q(0, §) be
1. Q(0,0) > f(0)
2. Q(,0) =f(h)

The sequencet=0,...,T,

O11 < argmin Q(0, 64)
0

guarantees

f(0o) > ... > (67 %



Majorization-Minimization Optimization

We want to solve Iteration: 2

mein f(0)

Let surrogate func. Q(0, §) be
1. Q(0,0) > f(0)
2. Q(,0) =f(h)

The sequencet=0,...,T,

O11 < argmin Q(0, 64)
0

guarantees

f(0o) > ... > (67 o



Majorization-Minimization Optimization

We want to solve Iteration: 2

mein f(0)

Let surrogate func. Q(0, §) be
1. Q(0,0) > f(0)
2. Q(,0) =f(h)

The sequencet=0,...,T,

O11 < argmin Q(0, 64)
0

guarantees

f(0o) > ... > (67 o



Majorization-Minimization Optimization

We want to solve Iteration: 3

mein f(0)

Let surrogate func. Q(0, §) be
1. Q(0,0) > f(0)
2. Q(,0) =f(h)

The sequencet=0,...,T,

O11 < argmin Q(0, 64)
0

guarantees

f(0o) > ... > (67 o:



Majorization-Minimization Optimization

We want to solve Iteration: 3

mein f(0)

Let surrogate func. Q(0, §) be
1. Q(0,0) > f(0)
2. Q(,0) =f(h)

The sequencet=0,...,T,

O11 < argmin Q(0, 64)
0

guarantees

f(0o) > ... > (67 o:



AuxIVA Algorithm Idea

Ideal AuxIVA Algorithm

Initialize W¢ (often I)
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AuxIVA Algorithm Idea

Ideal AuxIVA Algorithm

Initialize W¢ (often I)
for loop <+ 1to max. iterations do
Ym < demix({Wf}, X1, R ,XM)

Vit = 1 5 Gtn(Ym)Xen X

W; < argmin 3. Wm 'V W — 2log | det W| <= Problem
WeCMxM

Problem No closed-form solution to the last step, aka HEAD [Yeredor2009]

. H
wimin ;wm ViiWm — 2 log | det W| (HEAD)

Solution Solve for part of W only (i.e., block coordinate descent)



Block Coordinate Descent Algorithms

Iterative Projection (IP) [Ono2011]
¢ The original AuxIVA algorithm
¢ Updates a single row of Wr at a time

Iterative Projection 2 (IP2) [Ono2018]

Iterative Source Steering (ISS) [Scheibler2020]

e ¢ Updates one steering vector at a time
* Low complexity algorithm

¢ Updates a two rows of W at a time

e Faster convergence



Iterative Projection Adjustment



Proposed Iterative Projection Adjustment (IPA) Updates

Proposed Method: Iterative Projection Adjustment (IPA)
Multiplicative updates of Wt by

Tm(u,q) = (I + em(u—em)™ + qey,) .

Apply M updates to W¢ sequentially

for loop < 1to M do

Um, Am < argmin £ (Tm(u, q)Wg)
u,qeCM

Ws < Trn(Um, gm )Wt

10



Proposed Iterative Projection Adjustment (IPA) Updates

Proposed Method: Iterative Projection Adjustment (IPA)
Multiplicative updates of Wt by

Tm(u,q) = (I + em(u—em)™ + qey,) .

Apply M updates to W¢ sequentially

for loop < 1to M do

Um, dm < argmin {4 (Tm(u, q)Ws)
u,qcCM

Ws < Trn(Um, gm )Wt

Contribution: Exact Solution for Update Equation

min " (e + gxem) ' Vi(ex + qkem) + u"Vimu — 2 log | det(l + em(u — em)" + gey)|
u,qeCM kezm

10



Solving the IPA Update Equation

Sketch of Solution

min_ > " (ex + qkem) Vi(ex + akem) + u"Vimu — 2 log | det(l + em(u — em)" + gey,)|
u.q<€ k#m
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Solving the IPA Update Equation

Sketch of Solution
min > " (ex + qkem) Vi(ex + akem) + u"Vimu — 2 log | det(l + em(u — em)" + gey,)|
u.qe k#m

1. For u, closed-form as a function of q exists
2. Replace u*(q) in the objective leads to new problem
3. Solve Log-Quadratically Penalized Quadratic Minimization (LQPQM)

min q"q —log((q + v)"'U(q+ v) + 2) (LQPQM)
qe

where U € €94 PSD, v € €9,z > 0.

Contribution 2
Algorithm to compute global minimum of LQPQM



Log-quadratically Penalized
Quadratic Minimization



LQPQM: Loss Landscape in 2D

min q"q—log((q+ v)'U(q+v)+z), UePSD,veC?z>0. (LQPQM)
qe
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Solve LQPQM

14



Solve LQPQM

Optimality Conditions (V.7(q) = 0)

Cc

U(q—-v) (a+v) (A1)

— = q -
VJ(CI)—CI—(q+V)HU(q+V)+Z_O®{ A =(@+vU(q+v)+z (A2)
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Optimality Conditions (V.7(q) = 0)

Cc

B U(g-v) :oﬁ{q =3U(q+v) (A1)
(g+ v)HU(q+ V) +z A =(q+v)HU(q+v)+z (A2)

vVIJ(d)=q

Reduce to function of ) only

* Solve Al: q(A\) = (Al — U)~"Uv
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Solve LQPQM

Optimality Conditions (V.7(q) = 0)

VI@ =9 o iz -0 | |

= 1U(q+V) (A1)
(a+v)HU(q+v)+z (

q+v)iU(q+v)+z (A2)

Reduce to function of ) only

* Solve Al: q(A\) = (Al — U)~"Uv
® Replacein A2, work in eigenbasis of U
e A2 then leads to constraint (¢m eigenvalues of U, vis v in U eigenbasis)

22 ¥m |Vm|
+z—-X=0.
Zm 1()\ ©m)?
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Solve LQPQM

Optimality Conditions (V.7(q) = 0)

NUCERY (A1)
(@+v)HU(q+v)+2z (A2)

_ U(q-v) _ q
Vj(q)_q_(quv)HU(quv)sz_O(:){ A

Reduce to function of ) only

Solve A1: q(A\) = (Al — U)~"Uv
Replace in A2, work in eigenbasis of U

A2 then leads to constraint (o eigenvalues of U, vis vin U eigenbasis)

22 <Pm |Vm|
z—\A=0.

Similarly, we can express objective value as g(\)

14



Reduce LQPQM to 1D Minimization
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Reduce LQPQM to 1D Minimization

Ane]ﬁ{l g(A) subjectto f(A\)=0

—— f(A) (constraint)
—— g(A) (objective)

e Non-linear
e Local min. f(A

)=0
* g(A) =g(N) k<2 0 7 —
g(>\1 > ... > g(Xs) \
I

0 01 02




Reduce LQPQM to 1D Minimization

min g(A) subjectto f(A\)=0

AER 4
- f(A) (constraint)
—— g(A) (objective)
strictly
decreasing
e Non-linear
e Localmin. f(A\) =0
° 9(M) = g(A) k<t >
¢ Use Newton-Raphson! ;
Global minimum! \*

0 01 02



Experiment: Speed Contest



Experiment: Speed Contest

Convergence (SI-SIR) as function of runtime
(16 kHz, 1000 sim. rooms, SNR 15 dB)

— AuxIVA-IPA e AuxIVA-IP2 — FastlVA e AuxIVA-IP AuxIVA-ISS

4 channels 5 channels 6 channels
— wm
x 10 -
@ dl
—_ o
wm
d 9 Z

10" 10" 10 10" 10° 10" 10" 10" 10

Runtime [s] Runtime [s] Runtime [s]



Conclusion

New IPA Algorithm for BSS with AuxIVA

IP [Ono2011] IP2[0no2018] ISS [Scheibler2020] ‘ IPA
Good separation ] ] ] b
Cost periteration ~ O(M3N) O(M3N) O(M?2N) O(M3N)
Inverse free X X ] X
Speed b el e 1l el

Published in IEEE Trans. Signal Process. Vol. 69, pp. 2509 -2524, 2021.
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New IPA Algorithm for BSS with AuxIVA

IP [Ono2011] IP2[0no2018] ISS [Scheibler2020] ‘ IPA
Good separation ] ] ] b
Cost periteration ~ O(M3N) O(M3N) O(M?2N) O(M3N)
Inverse free X X ] X
Speed b el e 1l el

Exact Solution of LQPQM

min q"q—log((q+ v)'U(q+v)+z), UePSD,vecC?z>0. (LQPQM)
qe

Published in IEEE Trans. Signal Process. Vol. 69, pp. 2509 -2524, 2021.
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