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Abstract—This paper proposes a novel blind source separa-
tion (BSS) method for distributed microphone arrays, namely,
auxiliary-function-based decentralized independent vector analy-
sis (IVA). Previously, a decentralized IVA algorithm based on the
natural gradient method was proposed for image signals. Unlike
conventional BSS approaches, which aggregate all observations
at a central processing unit, the decentralized IVA utilizes signals
only within small groups of nearby microphones, referred to
as subarrays, and shares not the signals themselves, but their
power information among subarrays. In this paper, we first
formulate the optimization problem of decentralized IVA for
audio signals captured by distributed microphone arrays. We
then derive a decentralized IVA algorithm as a modified version
of auxiliary-function-based I'VA to improve the convergence speed
and stability of the conventional decentralized IVA. Experimental
results demonstrate that the proposed algorithm converges faster
and more stably than the natural gradient-based approach and
achieves better performance than centralized IVA.

I. INTRODUCTION

Blind source separation (BSS) [1]-[3] is a technique for
estimating individual source signals from observed mixtures
without prior information about the mixing system, such as mi-
crophone positions. It plays a crucial role in the preprocessing
stage of audio applications, including automatic speech recog-
nition and hearing aids. Independent vector analysis (IVA)
[4]-[6] and independent low-rank matrix analysis (ILRMA)
[7] are widely used techniques for BSS. The optimization
algorithms used in IVA have evolved from gradient-based
methods [4], [5] to those based on the auxiliary function
method, which offer faster and more stable convergence [6].

Recently, the framework of distributed microphone arrays
or wireless acoustic sensor networks has gained significant
attention, where multiple microphones or microphone arrays
are spatially distributed over a wide area [8]-[10]. This frame-
work enables BSS in large-scale environments that cannot be
covered by a single conventional microphone array. In such
a setup, small recording devices, such as smartphones and
voice recorders, can function as individual microphone arrays,
offering high convenience and scalability.

There are two main approaches to performing BSS on
distributed microphone arrays. The first is to collect the signals
observed by each microphone array at a central processor and
treat them as if they were recorded by a single large array
[11], as shown in Fig. 1(a). This approach is hereafter referred
to as centralized BSS. It is a simple and effective method,
as conventional techniques developed for single microphone
arrays can be directly applied. Moreover, by utilizing all
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Fig. 1: Centralized vs. decentralized BSS. Centralized BSS
aggregates all observations at a central processor, whereas de-
centralized BSS allows each subarray to perform BSS locally,
sharing only limited information such as signal power, thereby
reducing communication load and preserving privacy.

observed signals, centralized BSS fully leverages the benefits
of distributed microphone arrays; namely, the large number of
microphones provides rich spatial information that enhances
the performance of array signal processing. However, since
conventional array signal processing methods require strict
time synchronization, the problem known as sampling rate
offset (SRO) must be addressed in advance [12]-[14]. Ad-
ditionally, when using a large number of microphones, the
computational complexity of BSS algorithms becomes sig-
nificant; e.g., standard IVA requires O(FM?) computations,
where F' and M denote the number of frequency bins and
microphones, respectively [15]. Finally, there is concern that
when individuals use their personal devices as components of
a distributed microphone array, aggregating information may
lead to privacy issues, such as voiceprint leakage.

The second approach is to use only a limited subset of
the available microphones. A naive solution is to perform
BSS individually within each microphone array using only
local observations (hereinafter referred to as local BSS). While
this approach completely avoids the challenges of centralized
BSS, it also loses the benefits of spatially distributed sound
information. Another option is to select an optimal subset of
microphones [16]-[18]; however, this also involves discarding
information captured by the remaining arrays.

In this paper, we propose a new decentralized IVA algorithm
as an intermediate between centralized and local IVA, as
shown in Fig. 1(b). Specifically, we first apply decentralized
IVA, originally proposed for image signals [19], to acoustic



(speech) signals. Second, since the original method is based
on optimization using the natural gradient, we develop a faster
and more stable algorithm by adopting the auxiliary function
method [6]. Experimental results show that the proposed
method converges faster and more stably than the conventional
decentralized IVA. Moreover, the proposed decentralized algo-
rithm outperforms centralized IVA in separation performance.

II. CONVENTIONAL BSS ON DISTRIBUTED MICROPHONE
ARRAYS

A. Formulation

In this paper, we consider the problem of BSS using multiple
microphone arrays, each referred to as a subarray. Let N, M,
and P denote the number of sources, microphones in the pth
subarray, and subarrays, respectively, where p € {1 --- P} is
the subarray index. The source and observed signals at the pth
subarray in the short-time Fourier transform (STFT) domain
are modeled as

spe=[spn -+ spn] €CV, (1)
T
Ty po = [p i1 o wpgons,] € CHr, )
where f € {1 --- F} andt € {1 --- T} are the indices of

frequency bins and time frames, respectively. The superscript
T denotes the transpose. We also denote the source index as
ne{l --- N}

In BSS, the observations at subarrays are modeled as

Ty, pr = Ap Sy, 3)

where A, ; € CM»*N denotes the frequency-dependent and
time-invariant mixing matrix. Under the determined condition,
i.e.,, M, = N, and assuming A, ; is nonsingular, BSS can be
achieved by the following demixing process:

Yp, it = W rZp st “4)

where W, ; = A;}f, and Yp 5t = [Yp,ft1 - ypﬂN}T ecV
denotes the separated signals at subarray p, which are estimates
of the sources sy;. The goal of BSS is to obtain y, ¢ by
estimating W, ; without any prior information, such as the
mixing matrix A, y and microphone positions.

In this paper, we assume the following conditions:

o The window length used in the STFT analysis is suffi-
ciently longer than the impulse responses from sources
to microphones, allowing the time-domain convolution to
be approximated as multiplication in the STFT domain;

o The number of sources N is equal to the number of
microphones in each subarray, i.e., M, = N for all
p, which can be satisfied, e.g., by applying dimension
reduction via principal component analysis (PCA).

B. Local BSS

In local BSS, source separation can be straightforwardly
performed by estimating W, ; and applying (4) at each
subarray independently. Well-established BSS methods, such
as IVA [4]-[6] and ILRMA [7], can be employed without
modification for this process.

This approach relies solely on observations within each
subarray; therefore, it inherently avoids privacy concerns,

even when the distributed array is constructed from personal
recording devices, as no information is shared beyond the local
scope. However, this localized processing comes at the cost of
one of the key advantages of distributed microphone arrays,
namely, the ability to exploit spatial information collected
across a wide area.

C. Centralized BSS

In contrast to local BSS, centralized BSS uses all observa-
tions simultaneously. First, the SROs between the microphone
arrays are estimated and compensated to achieve synchroniza-
tion [12]-[14]. Then, a conventional BSS algorithm is applied
as if the signals were captured by a single microphone array.
This procedure is illustrated in Fig. 1(a).

In the distributed microphone arrays, the total number of
microphones, M = Z;;l M, is often greater than the
number of sound sources, /N. Under such overdetermined
conditions, i.e., M > N, PCA is commonly applied before-
hand to reduce the dimensionality and match the number of
observations to that of sources [20]-[22]. With the projection
matrix By € CV*M obtained through the PCA procedure, the
separation can be performed as

yj = WyBjis € CY, 5)
where

Ty =[T1p00 - TLpM o TR e xP,ftM]TECM-

T T
Ty ft Tp ft

(6)
Applying back-projection [23] onto the desired channel yields
separated signals on any subarray. Note that BSS algorithms
for overdetermined situations have also been proposed; see,
e.g., [24], [25].

The advantage of centralized BSS is that conventional
BSS algorithms can be directly applied, as signals from all
microphones are aggregated. Moreover, since full observed
information is available, high separation performance can be
expected. However, in typical use cases assumed by conven-
tional BSS studies, microphones are placed a few centimeters
apart to avoid spatial aliasing. In large-scale arrays with meter-
level spacing, the reliability of phase information becomes
uncertain. In addition, centralized processing poses challenges
in terms of computational complexity and user privacy.

D. Decentralized BSS

The idea of decentralized BSS, originally proposed for
image signal processing, provides an intermediate approach
between local and centralized BSS, as illustrated in Fig. 1(b).
An algorithm based on this idea, decentralized IVA, was
introduced in [19]. In that framework, most of the separation
is carried out within each subarray, thereby reducing com-
putational complexity. Moreover, only information for which
an accurate reconstruction of the original observed waveform
is inherently difficult is exchanged, which lowers privacy
risks by avoiding the transmission of raw audio (e.g., from
a user’s smartphone) to external devices. Such audio may
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contain sensitive information, including private conversations
or background sounds, potentially raising privacy concerns.

III. PROPOSED METHOD
A. Motivation

As described in the previous section, decentralized BSS
offers advantages over centralized BSS in terms of compu-
tational complexity and privacy protection. Moreover, since
phase information of the observed signals is used only within
each subarray, the method is expected to be more robust to
the spatial separation between subarrays. However, existing
decentralized IVA has been proposed for image signals, i.e.,
real-valued data, and its performance on acoustic signals,
which are typically complex-valued in the STFT domain,
remains unclear. In addition, the original method relies on
optimization using the natural gradient method [19], whereas
recent advances in BSS are predominantly based on the
auxiliary function approach due to its improved convergence
properties [6], [26].

To address these issues, this paper introduces an auxiliary-
function-based optimization for decentralized IVA. This exten-
sion also serves as a foundation for developing decentralized
variants of more advanced BSS algorithms introduced after
IVA, such as ILRMA [7].

B. Formulation of decentralized IVA in STFT Domain

This section formulates the decentralized IVA in the STFT
domain. We consider the following observation model:

Ty =Apsp, ()
where f' = f 4 (p — 1)F denotes the combined index of
frequency bin and subarray, ranging over f* € {1 --- F'}

with F/ = PF. The observation &7, € CM» and mixing
matrix A 1S CMe*N are constructed by concatenating x,, r¢
and A, ; from each subarray along the frequency axis. The
source signal 7, € CV is defined by replicating s; across
all P subarrays and stacking them along the frequency axis,
for notational convenience. Again, we assume M, = NN for all
p. If A f+ 1s nonsingular, the separated signal can be obtained
similarly to the conventional BSS as:

Ypre = WpZpy. (8
Let wy,, € CM and wy, r, € CMr denote the demixing
vectors corresponding to source n, where

Wy = [, - athy] (9a)

.
Wyp=[w) s - wpn] (9b)

Here, W}, and @, are formed by concatenating W, ; and
wy, rn, across all subarrays in the frequency direction, respec-
tively. The superscript H denotes the Hermitian transpose.
On the basis of the above mixing model, we define a cost
function 7 (W) of the same form as the conventional IVA [6]:

T N ’

TN =33 Glge) 27 S log‘det Wil (10
=1n=1 =1

Gin = [G14n -+ Groen] € CF (11)

Here, W = {Wp}5_ | denotes the set of demixing ma-
trices for all frequency bins and subarrays, and G(gs:) =
—logp(Y¢n) is the contrast function. This paper employs the
spherical Laplace distribution as in previous studies [4]-[6]:

P(Yin) X exp(—||Ysnll2), (12)

where || - |2 denotes the Euclidean norm. As in conventional
methods, decentralized IVA is formulated as a minimization
problem of (10) with respect to W.

C. Auxiliary-Function-Based Decentralized IVA

The cost function (10) is closely related to auxiliary-
function-based IVA (AuxIVA) and can be optimized in a
similar manner [6]. Assuming the contrast function G(g,)
follows the spherical Laplace distribution, which is a type of
spherically symmetric super-Gaussian distributions, the follow-
ing Q(W,R) serves as an auxiliary function for J(W); that
is, 7(W) < Q(W,R) holds for any W and R:

F/
QW,R) =Y Qp(W,R), (13)
r=
1 . .
Qf/(W, R) = > Z ’lf)?/an/niﬁf/n — 210g‘det Wy |+ C,
n=1
(14)
T ~ ~H
~ 1 Ty
V In = — T 15
(i T ; o (15)

where 74, denotes the auxiliary variable, R = {ren }72Y ,,—;
denotes the set of auxiliary variables, and C is a constant term
independent of Wy,. Equality 7 (W) = Q(W, R) holds if and
only if

Tin = ||gtn||2 (16)

As shown above, the auxiliary function in decentralized Aux-
IVA is essentially the same as in the original AuxIVA formu-
lation, except that the frequency index f is replaced with f”,
which also includes the subarray index.

1) Demixing Matrix Updates: First, we minimize Q(W, R)
with respect to W. For subarray p € {1 --- P}, by setting
OQOW,R) /0w = 0, we obtain the following hybrid

p,fn
exact-approximate joint diagonalization (HEAD) problem:

wh (Vo Wy 0 = 01, (17)
where §;, is the Kronecker delta, [ € {} N}, and
the weighted covariance matrix V), r, = Vj, is the local
covariance within subarray. The superscript * denotes the
complex conjugate.

Now, since the HEAD problem (17) is equivalent to that

in the conventional AuxIVA applied to the pth subarray, the
following update rules are obtained:

Wy, (W sV pn) ' en, (18)
Wy, 4 — e (19
\/wp,fn‘/Pafnwpaf"
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TABLE I: Comparison of centralized, local, and decentralized
IVA algorithms.

Utilized Shared Size of demixing
information signal matrix at f
Centralized | IMter-channel zp pt M x M
correlation P
Local - - M, x My, (xP)
. Higher-order 2
Decentralized | ~ = ° . % 3 flyp‘ fin| Mp x My (xP)

where e, is a unit vector in which only the nth component is
unity and zeros elsewhere.

2) Auxiliary variable updates: Next, we minimize
Q(W, R) with respect to R. From the equality condition, the
update rules are given by:

P F
Ten = wh .z
tn p, fnp,ft

p=1 f=1

T H
1 Tp, ftLy, ¢t
V, = — E e PJE 21
p,fn T — in ( )

2
) (20)

From the above, we obtain the update rules (18)—(21) for
the proposed decentralized AuxIVA.

D. Discussion

Table I summarizes a comparison of the centralized, local,
and proposed decentralized algorithms for AuxIVA.

1) Signal Model: In the model described by (7), the ob-
served signals from each subarray are concatenated along the
frequency axis. This structure allows the model to exploit not
only signal correlations within subarrays but also higher-order
correlations across them. This is analogous to conventional
IVA, which also exploits higher-order correlations arising from
frequency dependencies. Even if the microphone arrays are
spatially separated, it is assumed that the frequency-domain
activation patterns of each sound source are consistent across
subarrays. This co-occurrence of source activity is a common
assumption in conventional IVA. Thus, this formulation can be
considered reasonable. This shared activation assumption may
also help mitigate permutation ambiguity between subarrays.

2) Algorithm: From (18) and (19), it can be seen that the
demixing matrix updates are performed independently within
each subarray p. For updating the auxiliary variables, (20)
requires aggregated information from all subarrays (i.e., the
summation over p), where only information exchanged beyond
subarrays is the power of the separated signals. Since it can-
not directly reconstruct the original waveforms, the proposed
algorithm is more privacy-preserving.

3) Computational Complexity: The size of the demixing
matrix in decentralized IVA is M, x M,, per frequency bin,
which is the same as in local IVA. This is always smaller
than that of centralized IVA, which is M x M, since M =
Zp M,, M, > 2, and P > 1 are required to perform IVA.
Hence, decentralized IVA is computationally efficient while
still leveraging the spatial diversity provided by the distributed
microphone array.

TABLE II: Positions of sources and microphone arrays.

Label (x, y) coordinates

Sources 1 and 2 (3m, 4m), (5m, 1m)
Microphone array 1 (2m, 3m), (2.04 m, 3m)
Microphone array 2 (7m, 3m), (7.04m, 3m)

—— Ngd-Dec-IVA, a=0.1

Ngd-Dec-IVA, a=0.2
—— Ngd-Dec-IVA, a=0.7
—— Aux-Dec-IVA

SDR improvement [dB]

0 100 200 300 400 500
Number of iterations

Fig. 2: Comparison of convergence speed of decentralized IVA
algorithms, where « denotes the step size.

IV. NUMERICAL EXPERIMENTS

In this section, we conduct two numerical experiments using
the Python package “Pyroomacoustics” [27] to evaluate the
effectiveness of the proposed method. The first experiment
compares the decentralized IVA based on the natural gradient
method [19] with the proposed approach. The second ex-
periment evaluates the separation performance of centralized,
local, and decentralized AuxIVA.

A. Convergence

1) Experimental Condition: In this experiment, we assume
a distributed microphone array setup in a relatively large
room environment of 9m X 7.5m x 3m. We simulate a
scenario with two sound sources and two microphone arrays,
each equipped with two microphones. Dry speech signals
from the development dataset of community-based Signal
Separation Evaluation Campaign (SiSEC) [28] were used as
source signals. The dataset comprises eight speech signals, two
each from Japanese male, Japanese female, English male, and
English female speakers, each lasting 10s. The sound sources
were adjusted to achieve an signal-to-noise ratio (SNR) of
0dB, and then mixed through room impulse response (RIR)
generated using the Pyroomacoustics package.

Microphone and source positions are summarized in Ta-
ble II, with all of them placed at a height of 1.5m. The
reverberation time was approximately 200ms, which may
slightly deviate from the desired value due to the approximate
modeling in pyroomacoustics. We used a Hann window of
128 ms with half-overlap for the STFT. The initial demixing
matrices for both decentralized IVA algorithms were set to
identity matrices. We evaluated performance using the signal-
to-distortion ratio (SDR) [29], [30].
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Fig. 3: Experimental results. (a) SDR improvement as a function of the number of subarrays. (b) Histogram of SDR improvement:
centralized vs. decentralized. (c) Histogram of SDR improvement: local vs. decentralized.

2) Result and Discussion: The average SDR improvement
over iterations is shown in Fig. 2. In the natural-gradient-
based decentralized IVA (Ngd-Dec-IVA), convergence be-
comes faster as the step size « increases; however, it remains
slower than the proposed auxiliary-function-based decentral-
ized IVA (Aux-Dec-IVA). Although Ngd-Dec-IVA slightly
outperforms the proposed method when o = 0.2, it diverges
at higher step sizes, making step size tuning challenging. In
contrast, the proposed method exhibits faster and more stable
convergence, achieving separation performance comparable to
that of Ngd-Dec-IVA. This result is consistent with previous
findings for AuxIVA [6].

B. Performance Evaluation

1) Experimental Condition: Next, two sound sources and
one to ten two-channel microphone arrays were randomly
placed in the same room as described in Section IV-A. All
sound sources and arrays were positioned at least 50 cm away
from the walls, without any constraints on their relative posi-
tions. The heights of the sound sources and arrays were set to
1.5m and 1 m, respectively. Two sound sources were randomly
selected from the eight types introduced in Section IV-A.
The average reverberation time was approximately 312ms. A
Hann window of 512ms with half-overlap was used for the
STFT. Note that we assumed perfect synchronization across
all microphones, i.e., no SRO was present.

We compared three methods: centralized, local, and decen-
tralized AuxIVA. For the centralized method, PCA was applied
in advance (except in the case of a single microphone array) to
handle the overdetermined condition. Back-projection [23] was
then applied to the first channel of each subarray to produce
the same number of outputs as the other two methods. No
whitening was applied for the local and decentralized methods.
The number of iterations of all methods was 100.

2) Result and Discussion: Fig. 3 shows the result of 5000
trials. Note that all methods yield theoretically identical results
when only a single subarray is used. As shown in Fig. 3(a)

(average SDR improvement), the proposed decentralized IVA
outperforms the centralized one when the number of subarrays
exceeds two. Fig. 3(b) presents a histogram of the SDR
improvements for each trial and for each number of subarrays.
It can be observed that the proposed method consistently
outperforms the conventional method across all conditions.
In this experiment, the microphone arrays were spaced rel-
atively far apart, which may have limited the effectiveness of
dimensionality reduction using PCA. These results confirm the
effectiveness of the proposed decentralized approach for audio
signals, compared to the centralized one.

Despite the above, the performance of the proposed and
local AuxIVA is nearly identical. From Fig. 3(c), we observe
that the proposed method tends to yield more distinct separa-
tion results in terms of SDR improvement compared to local
IVA. In particular, there is a noticeably higher concentration
of cases around an SDR improvement of 7.5dB with the
proposed method, demonstrating its effectiveness. On the other
hand, there is also an increase in cases with negative SDR
improvement. This may be attributed to two situations: i)
when all sources are located far from a microphone array,
separation becomes inherently difficult; ii) when the sources
are sufficiently distant from each other, little improvement can
be expected due to sufficiently high input SDR. These results
suggest that appropriate channel selection is critical for BSS
on distributed microphone arrays.

V. CONCLUSIONS

In this paper, we proposed a decentralized IVA based on the
auxiliary function method for distributed microphone arrays.
This novel BSS framework utilizes the signals within subarrays
and those powers shared across subarrays, reducing the risk
of privacy invasion while maintaining separation performance.
Experimental results demonstrated that the proposed method
achieves faster and more stable convergence than the con-
ventional natural-gradient-based decentralized IVA, similar to
the advantages of AuxIVA. Moreover, it showed promising
performance for BSS with distributed microphone arrays.
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The proposed method assumes that each subarray has more
microphones than sound sources, which may limit its appli-
cability in practical scenarios. Future work also includes con-
ducting experiments in cases of three or more sound sources
and developing decentralized versions of more advanced BSS
algorithms, such as ILRMA.
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