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Abstract—In this study, we propose a blind source separation
(BSS) method that incorporates prior knowledge of demixing
vectors by directly optimizing their back-projected versions.
In conventional BSS frameworks, the demixing matrix is first
optimized under scale ambiguity and then rescaled through back-
projection, which yields the actual demixing matrix used for
separation. While some existing approaches have utilized prior
information as regularization in the optimization of demixing
vectors, a mismatch in scale between the optimized vectors and
the prior vectors, which are often defined in the back-projected
domain, makes it difficult to control the strength of the prior
influence, potentially degrading performance. To address this
issue, we build upon our recent formulation that reparameterizes
the optimization to directly update the back-projected demixing
matrix. By incorporating the prior information in this domain,
our method allows for more consistent and effective use of prior
knowledge. Simulated experiments demonstrate that the proposed
method achieves superior separation performance compared to
conventional approaches.

I. INTRODUCTION

Source separation is a technique of estimating the original
source signals from observed signals that are mixtures of
multiple sources. Among various source separation techniques,
Blind Source Separation (BSS) is a method that separates
individual source signals using only the observed mixtures,
without any prior information such as the positions of the
sources or microphones. A commonly used BSS method is
Independent Vector Analysis (IVA) [1], [2], which assumes
the co-occurrence of frequency components belonging to the
same source. An extension of IVA, known as Auxiliary-
function-based Independent Vector Analysis (AuxIVA) [3],
has also been proposed, which incorporates a majorization-
minimization algorithm [4]. In addition, recent studies have
incorporated prior knowledge into BSS frameworks to improve
separation performance [5].

One known issue in IVA-based BSS methods is the am-
biguity in the scale and phase of the separated signals. To
resolve this ambiguity, a post-processing called projection back
[6] is commonly applied, yielding a rescaled demixing matrix
which we call a “back-projected” demixing matrix. However,
since the demixing matrix actually used for separation is
obtained after projection back, conventional approaches have
introduced constraints during the optimization of the pre-
projection demixing matrix. In contrast, our recent study [7] re-
defined the independent variables using the conditions satisfied
by the back-projected demixing matrix, which enables direct
optimization of the demixing matrix before projection back. In

this study, we propose direct incorporating prior information
into the optimization of the back-projected demixing matrix.
To evaluate its effectiveness, simulation experiments were
conducted to compare its separation performance with that of
conventional methods.

II. PROBLEM FORMULATION

We assume that the number of sources and microphones
is equal to K. In the Short-Time Fourier Transform (STFT)
domain, let k, f , and t denote the indices of the source,
frequency bin, and time frame, respectively. The source signals
are represented as sft =

(
s1ft . . . sKft

)⊤ ∈ CK and the
observed signals xft ∈ CK are assumed to follow the mixing
model:

xft =

K∑

k=1

akfskft := Afsft, (1)

where, the indices k, f , and t range over (1, . . . ,K),
(1, . . . , F ), and (1, . . . , T ), respectively. The vector akf :=(
a1kf . . . aKkf

)⊤ ∈ CK is the steering vector from
source skft to each microphone. The matrix Af :=(
a1f . . . aKf

)
∈ CK×K represents the mixing matrix.

In BSS with equal numbers of sources and microphones, the
estimated source signals are obtained by estimating the inverse
of the mixing model:

yft = Wfxft, (2)

where yft denotes the separated signals. The matrix Wf :=(
w1f . . . wKf

)H ∈ CK×K is called the demixing matrix,
and wkf ∈ CK is called the demixing vector (row vector of
Wf ). Ideally, Wf equals A−1

f .
In this study, we consider the problem of source separa-

tion assuming that an approximate back-projected demixing
matrix is available. Such prior information can be obtained,
for example, from DOA estimation, pre-trained dictionaries
tailored to specific recording environments, or past estimates
in online processing. While these estimates are typically noisy
or inaccurate, they can still serve as useful priors to guide the
separation process. Building on this assumption, we formulate
the optimization problem of the demixing matrix by incorpo-
rating constraint terms based on prior information about the
back-projected matrix.
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III. CONVENTIONAL METHODS

A. Demixing Matrix Optimization

In this study, we consider BSS with a time-varying Gaussian
source model. Each source skft is assumed to independently
follow a complex Gaussian distribution with zero mean and a
variance rkt that is common across frequency bins f for each
time frame t. Under these assumptions, the cost function of
BSS is given by:

J(W, R) =
1

T

F∑

f=1

T∑

t=1

(
K∑

k=1

(
|wH

kfxft|2
rkt

+ log rkt

)

− 2 log |detWf |
)
, (3)

where R denotes the set of rkt for all k and t, and W denotes
the set of Wf for all f . The goal is to estimate the parameters
W and R by minimizing (3) [8].

B. BSS with Spatial Regularization

As an approach to incorporating prior information into BSS,
Mitsui et al. [5] proposed a method that introduces a spatial
regularization term into the framework of Independent Low-
Rank Matrix Analysis (ILRMA) [5]. In their method, prior
demixing vectors are used to guide the estimated demixing
vectors toward the desired spatial characteristics, thereby im-
proving the separation performance. This concept is not limited
to ILRMA and can also be applied to other BSS frameworks
such as IVA.

In this work, we adapt this idea to AuxIVA by introducing
a penalty term into its cost function. This penalty encourages
each demixing vector to be close to the corresponding prior
vectorŵkf . The formulation is expressed as follows:

JPG = JAuxIVA +
F∑

f=1

K∑

k=1

λk∥wkf − ŵkf∥2. (4)

where JAuxIVA denote the original cost function of Aux-
IVA [3], and λk is the weight for the regularization term.
We refer to this formulation as Prior-Guided AuxIVA (PG-
AuxIVA) in the rest of this paper. Although such use of prior
demixing vectors has been referred to as “spatial regulariza-
tion” in previous studies, we note that the term “regulariza-
tion” typically implies indirect constraints, such as sparsity
or smoothness. In contrast, the approach in both the previous
work and ours directly guides the solution toward a given
approximate one. Therefore, we refer to it as “prior-guided”
in this paper.

C. Projection Back

This paper proposes an extension of our previous work [7],
which directly updates the back-projected demixing matrix.
We henceforth refer to this method as Back-Projected AuxIVA
(BP-AuxIVA) throughout this paper. First, we describe the
previous method in detail. In general, the separated signals

in BSS suffer from scale ambiguity. Projection back is a
post-processing step to resolve this scale ambiguity after the
demixing matrix is estimated [6]. Specifically, let ℓ be the index
of the reference microphone, then the back-projected demixing
matrix is defined as:

W̃f = diag(aℓ1f , aℓ2f , · · · , aℓKf )Wf , (5)

yft = W̃fxft, (6)

where diag(·) denotes a diagonal matrix whose diagonal
elements are the listed components. Here, the coefficients
aℓ1f , . . . , aℓKf are elements from the ℓ-th row of the inverse
matrix W−1

f . This allows the separated signals to have the
same scale as the observation at the reference microphone. In
what follows, we use a tilde to denote the demixing matrix
after projection back. The original demixing matrix before
projection back can be written as:

Cf := diag
(

1

aℓ1f
,

1

aℓ2f
, . . . ,

1

aℓKf

)
, (7)

and

Wf = CfW̃f . (8)

Moreover, the back-projected demixing matrix satisfies the
constraint:

K∑

k=1

w̃k = eℓ, (9)

as shown in [7]. Without loss of generality, we assume ℓ = 1
in the following discussions.

D. Direct Optimization of the Back-Projected Demixing Ma-
trix

BP-AuxIVA directly optimizes the back-projected demix-
ing matrix. In this approach, w̃1f , · · · , w̃(K−1)f and Cf =
diag(c1f , · · · , cKf ) are treated as independent variables. To
ensure that W̃f = (w̃1f , w̃2f , . . . , w̃Kf )

H always satisfies the
projection-back constraint, the last row vector w̃Kf is defined
as a dependent variable:

w̃Kf = e1 −
K−1∑

k=1

w̃kf . (10)

Since w̃Kf is a dependent variable as defined in (10), it also
implicitly includes the variables w̃kf for k = 1, . . . ,K − 1 in
the Kth row of W̃f . To organize this dependency, we define
the following variables:

W̃f = GW̃ †
f .

Where, W̃ †
f is a matrix composed of w̃1f , · · · , w̃(K−1)f and

e1. G is a transformation matrix.
In this case, since detG = 1, it follows that det W̃f =

det W̃ †
f . Assuming R has already been optimized, we focus
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on a specific w̃kf (k = 1, 2, . . . ,K− 1), treating the others as
fixed. We define:

bkf = |cKf |2VKf


e1 −

∑

l ̸=k,K

w̃lf


 , (11)

Dkf = |ckf |2Vkf + |cKf |2VKf , (12)

and ignoring constant terms irrelevant to optimization, the cost
function is simplified to:

J(W̃, C) =
F∑

f=1

K−1∑

k=1

(
w̃H

kfDkf w̃kf − bHkf w̃kf − w̃H
kfbkf

)

−
F∑

f=1

2 log |detCfW̃
†
f |. (13)

This objective function is the same form as the one appeared
in [5]. Therefore, the update rules are given by:

ukf = D−1
kf (W̃

†
f )

−1ek, (14)

qkf = D−1
kf bkf , (15)

gkf = uH
kfDkfukf , (16)

hkf = uH
kfDkfqkf , (17)

w̃kf ←





ukf√
gkf

+ qkf (hkf = 0),

hkf

2gkf

(
−1 +

√
1 +

4gkf

|hkf |2
)
ukf + qkf (otherwise).

(18)

On the other hand, the optimization of ckf is analogous to the
normalization step in IP [3], and is performed as follows:

ckf ←
1√

wH
kfVkfwkf

. (19)

IV. PROPOSED METHOD

A. Incorporating Prior Information using Demixing Vectors

In the following, we incorporate the prior information
term into (13) using a known back-projected demixing vector
zkf . Let λk be the weighting coefficient that controls the
influence of the prior knowledge for each demixing vector,
and w̃kf be the demixing vector to be optimized.This prior
term encourages each demixing vector w̃kf to be close to the
corresponding known vector zkf , reflecting prior knowledge
such as estimated steering vectors or ideal demixing vectors.
The incorporated prior information term P (W̃) is defined as:

P (W̃) =
F∑

f=1

K∑

k=1

λk∥w̃kf − zkf∥2. (20)

In BP-AuxIVA, w̃Kf is treated not as an independent variable
but as a dependent one. Thus, by substituting w̃Kf = e1 −

∑K−1
k=1 w̃kf into (20), the expression becomes:

P (W̃) =
F∑

f=1

(
K−1∑

k=1

λk∥w̃kf − zkf∥2

+λK

∥∥∥∥∥

(
e1 −

K−1∑

k=1

w̃kf

)
− zKf

∥∥∥∥∥

2

 .

(21)

In BSS algorithms, w̃kf is typically updated sequentially.
Hence, for m ̸= k (where m = 1, . . . ,K−1), the other vectors
are treated as constants, and we rewrite:

K−1∑

k=1

w̃kf = w̃kf +
∑

m̸=k

w̃mf . (22)

By excluding the terms unrelated to the update of w̃kf , we
get:

P (W̃) =
F∑

f=1

K−1∑

k=1

(
λk

(
w̃H

kf w̃kf − zH
kf w̃kf − w̃H

kfzkf
)

+ λK

(
− eH1 w̃kf − w̃H

kfe1

+ w̃H
kf (
∑

m ̸=k

w̃mf ) + (
∑

m̸=k

w̃mf )
Hw̃kf

+ w̃H
kf w̃kf + zH

Kf w̃kf + w̃H
kfzKf

))
. (23)

Grouping the terms by w̃H
kf w̃kf , w̃kf , and w̃H

kf , we obtain:

P (W̃) =

F∑

f=1

K−1∑

k=1

(
w̃H

kf (λk + λK)IK,Kw̃kf

−
(
λkz

H
kf + λK(eH1 − (

∑

m̸=k

w̃mf )
H − zH

Kf )
)
w̃kf

− w̃H
kf

(
λkzkf + λK(e1 − (

∑

m̸=k

w̃mf )− zKf )
))

,

(24)

where, IK,K is the identity matrix of size K. Substituting
Eq. (24) into Eq. (13), we obtain:

J(W̃, C)

=
F∑

f=1

K−1∑

k=1

(
w̃H

kf

(
Dkf + (λk + λK)IK,K

)
w̃kf

−
(
λkzkf + λK

(
e1 −

∑

m̸=k

w̃mf − zKf

))H

w̃kf

− w̃H
kf

(
λkzkf + λK(e1 −

∑

m ̸=k

w̃mf − zKf )

))

−
F∑

f=1

2 log
∣∣∣detCfW̃

†
f

∣∣∣ .

(25)
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(a) Centralized configuration (b) Distributed configuration

Fig. 1: Source and microphone configurations

Thus, by redefining the coefficients as:

D̂kf = Dkf + (λk + λK)IK,K , (26)

b̂kf = bkf + λkzkf + λK


e1 −

∑

m ̸=k

w̃mf − zKf


 ,

(27)

the cost function takes the following form:

J(W̃, C) =
F∑

f=1

K−1∑

k=1

(w̃H
kfD̂kf w̃kf − b̂Hkf w̃kf − w̃H

kf b̂kf )

−
F∑

f=1

2 log |detCfW̃
†
f |, (28)

which retains the same form as Eq. (13). The update of each
variable can be performed in the same manner as Eqs. (14)–
(19). The algorithm is shown in Algorithm 1.

V. EXPERIMENTS

A. Setup

We evaluate the efficacy of the proposed method through
simulated experiments. The sampling rate was set to 16 kHz.
The Short-Time Fourier Transform (STFT) used a window
length of 8192 samples with a frame shift of 4096 samples
and employed a Hann window. As source signals, we used
the Japanese Versatile Speech (JVS) corpus [9]. The number
of sources and microphones was set to two. For each of the
two array configurations, 100 pairs of 20-second audio clips
were generated. The reverberation time was set to 400 ms.
The spatial arrangements of the sources and microphones are
shown in Fig. 1.

The number of iterations for updating the demixing matrix
Ni was fixed at 50 for all methods. As prior information, we
used back-projected demixing vectors derived from an ideal
demixing matrix. Specifically, for each k-th source, we com-
puted the dominant eigenvector of the spatial covariance matrix
constructed from the observed signal dkft := akfskft, which
contains only the k-th source signal skft. This eigenvector was
then used as the steering vector akf :

(
1

T

T∑

t=1

dkftd
H
kft

)
v = λv, (29)

Algorithm 1 Prior-Guided Back-Projected AuxIVA

1: for i = 1, . . . , Ni do
2: for k = 1, . . . ,K − 1 do

3: rkt ←
F∑

f=1

|wH
kfxft|2

4: rKt ←
F∑

f=1

|wH
Kfxft|2

5: for f = 1, . . . , F do

6: Vkf ←
1

T

T∑

t=1

xftx
H
ft

rkt

7: VKf ←
1

T

T∑

t=1

xftx
H
ft

rKt

8: Dkf ← |ckf |2Vkf + |cKf |2VKf

9: D̂kf ←Dkf + (λk + λK)IK,K

10: bkf ← |cKf |2VKf


e1 −

∑

ℓ ̸=k,K

w̃ℓ




11: b̂kf ← bkf +λkzkf +λK(e1−
∑

m ̸=k w̃mf −
zKf )

12: W̃ †
f =

(
w̃1f . . . w̃(K−1)f e1

)H

13: ûkf ← D̂−1
kf (W̃

†
f )

−1ek

14: q̂kf ← D̂−1
kf b̂kf

15: ĝkf ← ûH
kfD̂kf ûkf

16: ĥkf ← ûH
kfD̂kf q̂kf

17: w̃kf ←
2ûkf√

|ĥkf |2 + 4ĝkf + |ĥkf |
+ q̂kf

18: w̃Kf ← e1 −
∑

ℓ ̸=K

w̃ℓ

19: ckf ←
1√

w̃H
kfVkf w̃kf

20: cKf ←
1√

w̃H
KfVKf w̃Kf

21: end for
22: end for
23: end for

where, λ and v denote the eigenvalue and corresponding
eigenvector of the matrix on the left-hand side of Eq. (29),
respectively. Next, a mixing matrix was constructed by con-
catenating all steering vectors and normalized such that the
element corresponding to the reference microphone becomes
1. The inverse of this matrix was then used as the ideal
demixing matrix. For performance evaluation, we used the
Scale-Invariant Signal-to-Distortion Ratio (SI-SDR) [10]. In
the following, the proposed method is referred to as Prior-
Guided Back-Projected AuxIVA (PG-BPAuxIVA). For com-
parison, PG-AuxIVA was also employed. PG-AuxIVA intro-
duces the same prior information term as our method into the
conventional cost function used for optimizing the demixing
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matrix before projection back. Both PG-AuxIVA and PG-
BPAuxIVA utilized the same prior information, which was
obtained from the ideal back-projected demixing matrix.

B. Results and Discussions

In this experiment, we compared the performance of PG-
BPAuxIVA and PG-AuxIVA. To simulate a situation where
the prior information is not perfectly accurate, we added noise
sampled from a complex Gaussian distribution to the demixing
vectors obtained from ideal steering vectors and used the
resulting vectors as prior information. While this assumption
may be considered near-ideal, we regard it as a valuable
benchmark for assessing the potential performance in future
practical applications. The Signal-to-Noise Ratio (SNR) of the
vectors used as prior information was defined as the ratio of the
squared L2-norm of the clean demixing vector to that of the
noise vector. We considered SNRs of 20 dB and 40 dB. In this
experiment, the weight of the prior information term λk was set
to 0.001, 0.01, 0.1, 1, 10, 100, 1000, 10000, which we consider
a sufficiently wide range for evaluating performance. For each
condition, we report the separation performance obtained with
the λk that yielded the best performance. Note that in this
experiment, λk was uniformly applied across all demixing
vectors.

Figs. 2 and 3 show the separation performance under each
SNR in two configurations depicted in Fig. 1. The red values
in the figures indicate the average SI-SDR at the λk that
yielded the best performance. A comparison of the separation
performance of PG-BPAuxIVA and PG-AuxIVA at the optimal
λk for each SNR condition showed that PG-BPAuxIVA con-
sistently achieved higher SI-SDR in both array configurations,
demonstrating its effectiveness as a method that leverages prior
information of the back-projected demixing matrix. In high-
SNR conditions, a larger value of λ tends to result in degraded
performance, which is considered to be due to the optimization
being guided too strongly by inaccurate prior information. In
some cases, the best performance occurred at either the small-
est or largest λk. When the best performance was achieved at
the smallest λk, we observed that the performance tended to
approach that of AuxIVA or BP-AuxIVA (λk = 0). Note that
in some cases, depending on the value of λ, the performance
degraded even when prior information was introduced. We
consider this to be because adding the prior term changes
the shape of the objective function, so that the algorithm may
converge to local minima, or the optimum of the modified
objective may not correspond to the point that yields the best
separation performance.

To investigate the effect of prior information on conver-
gence, we further analyzed the convergence behavior of the
objective function by comparing PG-BPAuxIVA, AuxIVA, and
BP-AuxIVA. In this experiment, λk was tested across values
0.001, 0.01, 0.1, 1. This limited range was chosen because for
larger values of λk, the convergence behavior showed no sig-
nificant changes visually in the plotted results. For fairness, the
prior information term of PG-BPAuxIVA was excluded from
the objective function calculation, and the AuxIVA objective
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Fig. 2: Separation performances under each SNR in the cen-
tralized configuration Fig. 1a.

was used for all methods. As shown in Fig. 4, PG-BPAuxIVA
converged faster than BP-AuxIVA. Furthermore, increasing
λk further improved the convergence speed, highlighting the
utility of the prior information. While the convergence speed
varied depending on the source, PG-BPAuxIVA occasionally
outperformed AuxIVA as well.

VI. CONCLUSION

In this paper, we proposed a method that incorporates
prior information of back-projected demixing vectors into the
update of the back-projected matrix. Simulated experiments
with conventional and other approaches that utilize prior
information demonstrated that the proposed approach achieves
superior separation performance. Although the experiments
were conducted under the assumption that the ideal demixing
vectors are partially known, future work will explore the use
of more flexible prior information—such as known steering
vectors—to further enhance the performance of blind source
separation systems.
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Fig. 4: Convergence behavior of the objective function for
different prior information weights.
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