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Abstract

Switching Independent Vector Analysis (SWIVA) is a blind
source separation algorithm that employs a switching mecha-
nism over multiple separation matrices to enhance separation
accuracy. However, SWIVA suffers from the global permu-
tation problem when prior information about the sources is
unavailable. Furthermore, it exhibits poor performance un-
der reverberant environments. This paper extends SWIVA to
a convolutional beamforming algorithm with a spatially regu-
larized separation method (SR-SwCIVA). We conduct exper-
iments to confirm that SR-SwCIVA achieves excellent sepa-
ration performance under reverberant conditions while main-
taining strong robustness against the global permutation prob-
lem.

1. Introduction

Blind source separation (BSS) [I] aims to recover indi-
vidual source signals from observed mixtures. Independent
Component Analysis (ICA) [2] is a fundamental BSS tech-
nique that achieves source separation by maximizing the sta-
tistical independence of the estimated source signals. How-
ever, in the time-frequency (TF) domain, ICA suffers from
the frequency permutation problem on frequency bins. Inde-
pendent Vector Analysis (IVA) [3] resolves this by exploit-
ing higher-order dependency across frequency components.
Independent Vector Extraction (IVE) [4] and convolutional
beamforming (CBF) algorithm of IVA (CIVA) [5] are exten-
tions to IVA. IVE can extract a specific source of interest,
and CIVA has better separation performance than IVA under
reverberant environments. To improve performance with lim-
ited microphones, a switching mechanism was introduced, al-
lowing dynamic selection of the optimal separation matrix per
TF domain, leading to Switching Independent Vector Analy-
sis (SWIVA) [6], SWCIVA [6], and SWIVE [7].

The global permutation problem means that the order of
the estimated source signals is inconsistent with the order
of the input source signals. Conventional SWIVA requires a
careful initialization using the oracle Acoustic Transfer Func-
tion (ATF) to ease the above problem. Obtaining the oracle
ATF necessitates not only Direction-of-Arrival (DOA) infor-

mation but also knowledge of other precise acoustic environ-
ment properties. Spatially Regularized Switching Indepen-
dent Vector Analysis (SR-SwIVA) [8] simplifies this require-
ment significantly by guiding the separation matrix updates
solely with the steering vector derived from DOA informa-
tion. Similarly, in the speech extraction area, the Switch-
ing Constant Separating Vector for Moving Source Extraction
with Geometric Constraints [9] has been proposed.

Despite these advancements, the performance of SR-
SwIVA degrades in reverberant environments. To overcome
this, we propose the SR-SwCIVA method, which integrates
the spatial regularization and switching mechanism of SR-
SwIVA with a CBF structure. This structure enables the sys-
tem to model and invert the convolution introduced by room
acoustics, thereby achieving effective dereverberation and su-
perior separation performance while maintaining strong per-
mutation robustness. Experimental results show that SR-
SwCIVA provides a marked improvement in source separa-
tion performance compared to SR-SwIVA under reverberant
conditions and overcomes the global permutation problem.

2. Signal Model and Problem Formulation

We consider N sources captured by an M -microphone ar-
ray under a reverberant environment. The observed signal
vector x 7, € CM*1 at the TF domain (f, ) is modeled as:

N
Xpe = M s i+ 1+ v,

n=1

ey

where s, s+ and h,, r € CMx1 are the n-th source signal and
the corresponding n-th ATF vector, respectively, 1 is the late
reverberation, and vy ; is the additive noise.

The overall task is separated into two parts: dereverbera-
tion and separation.

2.1 Dereverberation

CBF-like dereverberation operation estimates the derever-
berated signal z ¢ ;:

zr0 = x50 — GY%yy, 2
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where ()H denotes the conjugate transpose operator, G €
CM(L=D)xM g the dereverberation matrix, and X;; =

T .
Xy presXpy 4] € CMEZDIXD g the expanded

observation vector of past time frames. The prediction de-
lay D > 1 can guide dereverberation part to suppress the late
reverberation.

2.2 Separation
The separation of z;; uses the separation matrix Wy &

(CJ\IXM.

3

where y; is the estimated signal. To avoid the global per-
mutation problem, a spatial regularization term is imposed on
the separation filter w,, y using a,, s:

Yie= Wiz,

N F
Lreg (W) =D llwn s — an 3, @
f=1

n=1

where w, 5 € CMx1 ig the n-th column of W;and a, r €

CMx1 is the steering vector derived from DOA information
[8]. This £5-norm regularization aligns w, ; with the steering
VeCtor a,, f.

3. Proposed Method

This section first introduces the switching mechanism, fol-
lowed by the probabilistic model and objective function, and
then concludes with a detailed discussion of the parameter
optimization strategy.

3.1 Switching Mechanism

A switching mechanism is incorporated into the derever-
beration and separation matrices to select a specific time-
invariant matrix for each TF domain via switching values. For
dereverberation, we employ a set of I time-invariant matrices

{G(z)} _1- The optimal matrix G( ) is selected per TF do-

main via the binary switching value *yj(f_t) =107 f t =1).
Eq. (2) is thus extended to:
LI L\ H
2 =xp0= 250 (GF) %ee ®
i=1

Similarly, for separation, a set of J matrices {ng )}3]:1 is
applied, with the optimal matrix W(j ) chosen by the binary
switching value 6(J )1 o, 5(” = 1). Eq. (3) becomes:

yii= 25@) ( (J))H .

(6)

3.2 Probabilistic Model and Objective Function

We assume the estimated source signals ¥, r; are mutu-
ally independent and follow a zero-mean, time-varying Gaus-

sian model with variance A, r+. We define the unified binary

switching weight as 8;; (09) — 1(011)55;] 2 The overall optimiza-

tion is achieved by mlmmlzmg the spatially regularized neg-
ative log-likelihood function:

LG w.AB) = Z (5(2,7 £(m (G ) W(J) Af,t))

3,5,ft
. 7
+ g D w0l —an 13,
g, f
where A controls the spatial regularization strength,
G={GVYi s W={WD}, ;. A={Ass}s0, ®

Asi = OB = (857D
The log-likelihood term 5(” )(

by:
M (4,9) |12
Y.
(}\ft +log A, ot

@ W(j) ,Ayy) is given

‘CS‘l,’tJ) (GEJ)’ W;j), Af,t) —

n=1 n,fit
— 2log ‘det Wgcj) ,
. ©)
where yf;’]{?t is the n-th separated signal, defined as:
.. . H X H
g, = (wﬁj}) (xf_’t - (G(fw) xf,t> . 10)

3.3 Optimization Algorithm

We employ the coordinate descent algorithm to minimize
the objective function (7) by iteratively updating the parame-
ter sets G, W, A, and B.

3.3.1 Initialization

The optimization utilizes a two-stage strategy. First is SR-
IVA initialization; a single separation matrix Wy is updated
via the SR-IVA algorithm for half iterations, corresponding
to G = 1 in Figure 1. This result is then replicated to ini-
tialize all J separation matrices {W(j )} _, for the second
stage (G = J). The remaining iterations are used to update
SR-SwCIVA.

3.3.2 Update of G

Fixing all other parameters, the cost function for G is sim-
plified from (7) to:
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Figure 1: Flowchart of the SR-SwCIVA Optimization Procedure.

M DV x e — (@D Vg, )2
J(G) = Z ﬁj(”it])z I( n.f) (xf.6 = ( f) £.0)] .

A
i, f ot n=1 mfit

(1)
The update rule for g(fz) = vec(G(fZ)) € CMM(L=D)x1 jq
given in a closed-form solution:

. o\ -1 ;
ggf) = (\Ifgf)) vec (CDEC)) ,

where \Ilgf) =>n (wg)f(wif)f)"') ® R(Z”}) and (I>§f) =

n

(12)

dim Pii’;) (wff)f(wff)f)"'), (-)" is the complex conjugate

operator, and ® is the Kronecker product operator, with:

vy & ﬁ](ci,tﬂ s & B}i;j)

] ’ 2 H ] ’ e H

Rn,f = Z X xf,txﬁt, me = Z b\ Xf,txﬁt'
t=1 n,ft t=1 n, f,t

3.3.3 Update of W

The cost function for W is minimized by updating each
separation filter wff;) using the Vectorwise Coordinate De-
scent (VCD) algorithm [10]. The VCD update utilizes the
generalized weighted covariance matrix H;j, )f and the regu-
larization vector P,, ¢, defined as:

, 29 4 Moy, 1<n <N,
mly =gl - (14)
S =Y, N+1<n<M,
)\rc n,fs 1< < N
P, =4 " (15)
O, N+1<n<M,
here 0, = (70} 5. 27,0 0,041 4ng 1)
where Sy = \Ur it Xo g 2ft\2pa) ANG L =

> it ﬂj(f;"tj ). The VCD procedure then solves the optimization

problem for 'wglj )f in a closed-form. The final update rule is:

1 ) ~(7) e 7(9)
) —u, . +u; ), ifh; =0,
wnj)f _ N(/}.L)Sﬁf(,) f . f f (16)
h,’ fun{ r+ fln]’ t»  otherwise,

) WH .o\ 1 )
where uslj)f = ((W;])> Hilj)f) en, ﬁsf)f =
N . . .
() P - ()M

o CNH o
iy = (u)) myal aa B, =
0D h
n,f _ n, f
zhsz'ff[ Ly ohs |

3.3.4 Update of A and B

The variance parameter A, ¢ is updated based on the
power of the separated signal y,, ¢ :

Anogt = lyn,pal® + e, (17)

where € is a small positive scalar to avoid zero division dur-
ing the optimization. The binary switching weight B}Zf ) is
updated by selecting the state {4, j} that minimizes (9):

B(i,j) _ 1, if {i,j} = argmingy ;, /j;t‘f ) 18)
Uk 0, otherwise.

4. Experiments

In this section, we evaluate the performance of the pro-
posed SR-SwCIVA method against the baseline methods
SwIVA, SwCIVA, and SR-SwIVA in a reverberant acoustic
environment.

4.1 Experimental Conditions
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The setup involved N = 3 speech sources and M = 3 mi-
crophones, with 5 additional point noise sources. Three rever-
berated speech signals (from CMUARCTIC [1 1]) were mixed
with five cafe background noises [12] at a Signal-to-Noise
Ratio (SNR) of 10 dB. Directions of sources were selected
from 10° to 170°. The minimum pairwise angular differ-
ence between any two speech sources was set to 40°. Room
Impulse Responses (RIRs) were generated using the image
method for an 8 x 8 x 3 m®3-size room, reverberation time
Tso = 300 ms and 600 ms. The Short-Time Fourier Trans-
form (STFT) utilized a 512-sample (32 ms) Hanning window
with a 128-sample (8 ms) shift.

All algorithms were initialized with the SR-IVA method
for half iterations. They were configured with two derever-
beration matrices and two separation matrices (I = J = 2)
and were executed for ' = 50 iterations. Performance met-
rics included the Improvement of Signal-to-Distortion Ra-
tio (SDRi) and Improvement of Signal-to-Interference Ratio
(SIRi), along with the Permutation Error (permE) [8].

4.2 Results and Discussion

We summarize the separation and alignment results in Ta-
ble 1.

SwCIVA significantly outperformed SwIVA in SDRi and
SIRi scores due to its integrated dereverberation component.
However, both methods suffered from high permutation am-
biguity under 759 = 300 ms and 79 = 600 ms: SwIVA
reached 80% and 100% permE, and SwCIVA reached 65%
and 90% permE, highlighting their lack of robust alignment
despite using SR-IVA initialization.

By incorporating spatial regularization, both SR-SwIVA
and the proposed SR-SwCIVA successfully achieved a 0%
permE across both reverberation conditions, confirming the
effectiveness of the regularization term in eliminating per-
mutation ambiguity. While SR-SwIVA provides performance
gains over SWIVA, its SDRi and SIRi scores significantly de-
grade at Tgo = 600 ms. The proposed SR-SwCIVA consis-
tently achieved the highest SDRi and SIRi scores under both
reverberant conditions. The improvement over SR-SwIVA
is particularly pronounced at Tsy = 600 ms, where the
CBF model effectively mitigates severe reverberation. This
demonstrates the robustness and efficacy of SR-SwCIVA in
source separation tasks under highly reverberant conditions.

5. Conclusions

In this paper, we proposed the SR-SwCIVA method, which
consistently achieved superior source separation performance
than other algorithms under challenging reverberant condi-
tions. Critically, this enhanced performance was attained
while retaining the strong robustness against the global per-
mutation problem.

Table 1: Results of compared methods

Reverb . . permE
Method Time SDRi [dB] SIRi [dB] [%]
SwIVA 300 ms 6.14 14.17 80
SwCIVA 300 ms 7.89 19.30 65
SR-SwWIVA 300 ms 8.27 19.29 0
SRSWCIVA =505 s 019 24.65 0
(proposed)
SwIVA 600 ms 6.38 15.98 100
SwCIVA 600 ms 7.92 19.12 90
SR-SwIVA 600 ms 6.96 17.03 0
SR-SWCIVA 606 s 8.53 21.99 0
(proposed)
References

[1]
[2]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

52—

S. Makino, Audio Source Separation. Springer, 2018.

S. Makino, S. Araki, R. Mukai, and H. Sawada, “Audio source separa-
tion based on independent component analysis,” in Proc. ISCAS, vol.
5, 2004, pp. V-668-V-671.

T. Kim, T. Eltoft, and T.-W. Lee, “Independent vector analysis: An
extension of ICA to multivariate components,” in Proc. ICA, 2006,
pp. 165-172.

R. Scheibler and N. Ono, “Independent vector analysis with more mi-
crophones than sources,” in Proc. IEEE WASPAA, 2019, pp. 185-189.

T. Nakashima, R. Scheibler, M. Togami, and N. Ono, “Joint derever-
beration and separation with iterative source steering,” in Proc. IEEE
ICASSP, 2021, pp. 216-220.

T. Nakatani, R. Ikeshita, K. Kinoshita, H. Sawada, N. Kamo, and
S. Araki, “Switching independent vector analysis and its extension
to blind and spatially guided convolutional beamforming algorithms,”
IEEE/ACM Trans. Audio, Speech, Lang. Process., vol. 30, pp. 1032-
1047, Mar. 2022.

T. Ueda, T. Nakatani, R. Ikeshita, S. Araki, and S. Makino, “DOA in-
formed switching independent vector extraction and beamforming for
speech enhancement in underdetermined situations,” EURASIP J. Au-
dio, Speech, Music Process., vol. 2024, no. 52, pp. 1-20, Oct. 2024.

T. Ueda, T. Nakatani, R. Ikeshita, S. Araki, and S. Makino, “Spatially-
regularized switching independent vector analysis,” in Proc. APSIPA
ASC, 2023, pp. 2024-2030.

C. Chen, Y. Yang, Y. Zhao, S. Makino, and J. Chen, “Switching con-
stant separating vector for moving source extraction with geometric
constraints,” in Proc. APSIPA ASC, 2025, pp. 13-18.

Y. Mitsui, N. Takamune, D. Kitamura, H. Saruwatari, Y. Takahashi,
and K. Kondo, “Vectorwise coordinate descent algorithm for spatially
regularized independent low-rank matrix analysis,” in Proc. ICASSP,
2018, pp. 746-750.

J. Kominek and A. W. Black, “The CMU arctic speech databases,” in
Proc. ISCA SSW, 2004, pp. 223-224.

J. Barker, R. Marxer, E. Vincent, and S. Watanabe, “The third
‘CHIiME’ speech separation and recognition challenge: Dataset, task
and baselines,” in Proc. ASRU, 2015, pp. 504-511.



