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ABSTRACT

In this paper, we experimentally investigate the effect of weight pa-
rameters in the geometrically constrained independent vector anal-
ysis (GC-IVA) based on the auxiliary function approach, where the
algorithms derived using the vectorwise coordinate descent (VCD),
and iterative source steering (ISS) are referred as to GC-AuxIVA-
VCD and GC-AuxIVA-ISS, respectively. GC-IVA aims to achieve
both high source separation performance by blind source separa-
tion and the capability of directional focusing by beamforming tech-
nique. Although the previous studies have shown that separation
performance is highly dependent on the parameters that weigh the
importance of each geometric constraint, the parameter space hav-
ing been investigated is limited, where the weight parameters are
assumed to be the same for the constraints for both the target and in-
terference signals. Furthermore, the lack of guidance for the param-
eter tuning process makes applying these algorithms difficult. To im-
prove separation performance, we separately investigate the effect of
weight parameters for the constraints for the target and interference
signals with numerical experiments. Moreover, we present several
tips for weight parameter tuning based on the experimental results,
which are necessary to bring GC-IVA one step closer to practical ap-
plications. Experimental results showed that separately considering
the weights for the constraints effectively improved the source-to-
distortions ratio (SDR) and source-to-interferences ratio (SIR).

Index Terms— Multichannel source separation, independent
vector analysis, geometric constraints, vectorwise coordinate de-
scent , iterative source steering

1. INTRODUCTION

Speech processing applications have recently become widespread.
However, the appearance of diffuse noise and directional interfer-
ences degrade the performance, leading to an increasing need for
techniques to extract target signals from recorded sound mixtures.

Blind source separation (BSS) methods for the determined cases
(where the number of sources is equal to that of microphones) esti-
mate demixing matrices to obtain individual signals from the mul-
tichannel observations based on the assumption that source signals
are statistically independent with each other [1–6]. However, the
output order of the separated signals is arbitrary and those meth-
ods require postprocessing to select the channel outputting the target

signal. To solve this selection problem simultaneously with separa-
tion problem, geometrically constrained BSS (GC-BSS), including
a variety of geometrically constrained independent vector analysis
(GC-IVA) methods [7–12], exploit spatial information to guide the
demixing matrices estimation. Since GC-BSS usually performs sig-
nal separation using spatial nulls estimated based on the statistical
independence of the source signals, it can be applied with a small
number of microphones without any training samples and can pro-
vide reasonably satisfactory performance. Among them, GC-IVA
with auxiliary function approach [5, 6] and vectorwise coordinate
descent (VCD) [13], referred as to GC-AuxIVA-VCD, is an algo-
rithm noteworthy in high performance, fast convergence, and no re-
quirement of step-size parameter tuning [10, 11]. Currently, GC-
IVA with auxiliary function approach and iterative source steering
(ISS), GC-AuxIVA-ISS for short, has been proposed [12] to reduce
the computational complexity in GC-AuxIVA-VCD and stabilize the
numerical computation by replacing VCD [13] with ISS [14]. GC-
AuxIVA-VCD and GC-AuxIVA-ISS have been shown in previous
studies to achieve high separation performance with signals output
in a predefined order [10–12].

In [10–12], three types of geometric constraints have been
adopted to GC-AuxIVA-VCD and GC-AuxIVA-ISS: unit response
constraint, null constraint, and double constraint. unit constraint
aims to force the demixing filter to preserve the target signal by
returning unit response in the target direction. On the other hand,
null constraint aims to create a null in the direction, which is defined
by the direction of arrival (DOA) of the interference signal, to sup-
press the interference signal. Double constraint is a combination of
unit and null constraints, aiming to suppress the interference signals
while keeping the target signal distortionless. Previous research has
shown that separation performance highly depends on the weight
parameters for each constraint and the optimal weights are different
for unit and null constraints [12]. However, the parameter space
having been investigated in [12] for double constraints is limited,
where the weight parameters are assumed to be the same for the
constraints for both the target and interference signals. Furthermore,
there are still no clear rules for appropriately setting weight param-
eters, leading these two algorithms challenging to apply to practical
applications.

In this paper, to improve separation performance of GC-
AuxIVA-VCD and GC-AuxIVA-ISS, we separately investigate
the effect of weight parameters for constraints for the target and
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interference signals. We conclude several tips based on the nu-
merical experiment results for weight parameter tuning, which are
paramount for making GC-IVA applicable for practical applications.

2. GEOMETRICALLY CONSTRAINED
INDEPENDENT VECTOR ANALYSIS

2.1. GC-AuxIVA-VCD [10]
We consider a determined situation, where I microphones cap-
ture J sound sources. Let yifn and xifn denote the short-time
Fourier transform (STFT) coefficients of the j-th estimated source
and i-th microphone signals, respectively. Here, f = 1, . . . , F
and n = 1, . . . , N are the indices of the frequency and frame,
respectively. The vector representation of the observations and the
estimated sources are shown as

xfn = [x1fn, . . . , xIfn]
T ∈ CI , (1)

yfn = [y1fn, . . . , yJfn]
T ∈ CJ , (2)

where (·)T denotes the transpose. When I = J and assuming a
time-invariant instantaneous mixture model where the STFT win-
dow length is sufficiently longer than the impulse response between
the sound source and microphones, the relationship between the ob-
served signals and estimated sources can be expressed as

yfn = W fxfn. (3)

W f = [w1f , . . . ,wJf ]
H is an I × I demixing matrix containing

demixing filters wjf = [w1jf , . . . , wIjf ]
T, and (·)H denotes the

Hermitian transpose.
IVA uses the dependency between frequency components to

solve frequency-domain permutation alignment by assuming the
signal vectors of all frequencies to be spherical multivariate distri-
butions. We can estimate the demixing matricesW = {W f}f by
minimizing the following negative log-likelihood function:

LIVA(W) =

J∑
j=1

E[G(yjn)]−
F∑

f=1

log | detW f |, (4)

where yjn = [yj1n, . . . , yjFn]
T ∈ CF is the source-wise vec-

tor representation and E[·] denotes the expectation operator. Here,
G(yjn) is the contrast function having the relationship G(yjn) =
− log p(yjn) and p(yjn) represents a multivariate probability den-
sity function of the j-th source at n-th frame. Since IVA assumes
the signal vectors of all frequencies to be spherical multivariate dis-
tributions, we can use the following contrast function

G(yjn) = GR(rjn), (5)

rjn = ||yjn||2 =

√∑
f

|yjfn|2. (6)

GR(r) is a function of a real-valued scalar variable r, and || · ||2
denotes the L2 norm of a vector. Adopting the auxiliary function
approach [6], the following equation is optimized instead of (4),

LIVA(W) ≤ LAuxIVA(Σ,W)

=
1

2

F∑
f=1

J∑
j=1

wH
jfΣjfwjf −

F∑
f=1

log | detW f |, (7)

where, the weighted covariance Σjf is expressed as

Σjf = E
[G′

R(rjn)

rjn
xfx

H
f

]
. (8)

Here, (·)′ denotes the derivative operator.
Considering geometric constraints [15] that restrict the far-field

response of filters estimated by IVA in a set of directions Θ. The
regularization term of the geometric constraint is expressed as

LGC(W) =

J∑
j=1

∑
θ∈Θ

λjθ

F∑
f=1

|wH
jfdfθ − cjθ|2. (9)

Here, Θ = {θ} represents a set including all directions to be consid-
ered, dfθ is a steering vector pointing to the direction θ, cjθ is a non-
negative value set for all frequency bins as constraints, and λjθ ≥ 0
is a parameter that weighs the importance of the constraint. When
cjθ = 1, it forces the spatial filter to form a conventional delay and
sum beamformer that steers in the direction θ to preserve the target
source. On the other hand, a small value of cjθ essentially creates a
spatial null toward direction θ, so multiple constraints of spatial nulls
toward all interference directions can be used to suppress all inter-
ference. The objective function of GC-AuxIVA-VCD [10] is given
as

L(Σ,W) = LAuxIVA(Σ,W) + LGC(W). (10)

The update rule for Σ is derived by applying (6) into (8). The update
rule for W is obtain by using the idea adopted in VCD [13] that
organizing the terms in log | detW | by the properties of the cofactor
expansion. The update rules are given as

Djf = Σjf +
∑
θ∈Θ

λjθdfθd
H
fθ, (11)

ujf = D−1
jf W−1

f ej , (12)

ûjf = D−1
jf

∑
θ∈Θ

λjθcjθdfθ, (13)

hjf = uH
jfDjfujf , (14)

ĥjf = uH
jfDjf ûjf , (15)

wjf =


1√
hjf

ujf + ûjf (if ĥjf = 0),

ĥjf

2hjf

[
− 1 +

√
1 +

4hjf

|ĥjf |2

]
ujf + ûjf (o.w.).

(16)

Here, ej in (12) denotes the j-th column of the I×I identity matrix.
The advantage of these update rules is that the algorithm converges
fast and the objective function is monotonically decreasing. On the
other hand, this method requires inverse matrix operations, which
are computationally expensive and may cause the numerical compu-
tation unstable.

2.2. GC-AuxIVA-ISS [12]

GC-AuxIVA-ISS [12] is a method that aims to stabilize numerical
computations and reduce computational costs of GC-AuxIVA-VCD
by replacing VCD with ISS. ISS performs a rank-1 update for the
whole demixing matrix as

W f ←W f − vjfw
H
jf . (17)

By substituting (17) to (10), the objective function of GC-AuxIVA-
ISS is given as



L(vjf ) = −
F∑

f=1

log | detW f − vjfw
H
jf |

+
1

2

F∑
f=1

I∑
i=1

{
(wif − v∗ijfwjf )

HΣjf (wif − v∗ijfwjf )

+
∑
θ∈Θ

λiθ|(wif − v∗ijfwjf )
Hdfθ − ciθ|2

}
. (18)

From ∂L(vj)/∂v
∗
ij = 0, the update rules for vijf can be derived

[12]. In the following, we omit the index f for the notation simplic-
ity. When i ̸= j, the update rule for vijf is

vij =

∑
n φ(rin)yiny

∗
jn + 2

∑
θ∈Θ λiθg

∗
jθ(giθ − ciθ)∑

n φ(rin)|yjn|2 + 2
∑

θ∈Θ λiθ|gjθ|2
, (19)

where gjθ = wH
j dθ ,

∑
n φ(rin)yiny

∗
jn = wH

i Σiwj ,∑
n φ(rin)|yjn|2 = wH

j Σiwj , and φ(rin) = G(rin)
′
/rin. When

i = j, the update rule for vijf is

vjj =

1− 1√
αj

(βj = 0),

1− β∗
j

|βj |+
√

|βj |2+4αj

2αj |βj |
(βj ̸= 0),

(20)

where αj =
∑

n φ(rjn)|yjn|2 + 2
∑

θ∈Θ λjθ|gjθ|2 and
βj =

∑
θ∈Θ λjθcjθgjθ . With the updated vijf , we can obtain giθ

and the output signal yn by

giθ ← giθ − vijgiθ, (21)
yn ← yn − vjyjn. (22)

These update rules do not require matrix inversion operations, which
has been shown to provide numerical stability and reduce computa-
tion time [12].

3. PROBLEM AND APPROACH

We assume that DOAs of all sources are known and given as ele-
ments of Θ. We adopt unit constraint, null constraint, and double
constraint by setting λjθ (∀j, θ) as

• unit: λjθtgt > 0, λjθinf = 0 (∀j, θtgt, θinf ),

• null: λjθtgt = 0, λjθinf > 0 (∀j, θtgt, θinf ),

• double: λjθtgt > 0, λjθinf > 0 (∀j, θtgt, θinf ),

where θtgt and θinf denote the DOA for target and interference sig-
nals, respectively. Note that update rules of GC-AuxIVA-VCD and
GC-AuxIVA-ISS with λjθ = 0 (∀j, θ) are equivalent to those em-
ployed in the AuxIVA [5]. In previous studies, experiments have
only been conducted with the setting λjθtgt = λjθinf (∀j) for the
double constraint [12]. However, since the appropriate values for
λjθtgt and λjθinf have been shown to be different for unit and null
constraints, we cannot expect λjθtgt = λjθinf (∀j) to be the op-
timal setting for the double constraint. Therefore, we propose to
separately consider and investigate values for λjθtgt and λjθinf for
the double constraint to improve the performance.

Furthermore, there are no rules to help parameter tuning in GC-
AuxIVA-VCD and GC-AuxIVA-ISS, making it challenging to apply
these two algorithms to practical applications. Since double con-
straints impose constraints on both the target and interference sig-
nals, the parameter tuning becomes more complicated. We conclude
with several tips for parameter tuning based on numerical experi-
ments to facilitate the difficulty.

4
m

6m

src 1

20�

src 2

70�
src 3

120�

src 4

170�
0�

4 microphones

2cm  2cm  2cm

1 or 2m

Fig. 1: Layout of speech sources and microphones.

Table 1: Avarage SDR and SIR [dB] achieved by each method with
the optimal parameter setting, which was selected based on SDR and
the accuracy of output signal order. The accuracy of output signal
orders for all results in the table were 100%.

method constraint λjθ
SDR SIR

[dB] [dB]

2 channels

GC-AuxIVA-VCD

unit 100 8.26 9.70

null 1 11.05 13.27

double (previous) [12] 1 10.96 13.19

double (proposed)
λjθtgt = 1

11.10 13.39
λjθinf = 10

GC-AuxIVA-ISS

unit 70 10.99 13.26

null 100000 11.08 13.34
double (previous) [12] 100 10.88 13.12

double (proposed)
λjθtgt = 70

11.05 13.29
λjθinf = 100000

3 channels

GC-AuxIVA-VCD

unit 10 6.90 8.55

null 10 10.58 12.66

double (previous) [12] 1 10.66 12.85

double (proposed)
λjθtgt = 0.1

10.81 12.97
λjθinf = 10

GC-AuxIVA-ISS

unit 60 10.35 12.46

null 100000 10.66 12.80
double (previous) [12] 100 10.07 12.16

double (proposed)
λjθtgt = 10

10.52 12.62
λjθinf = 100000

4 channels

GC-AuxIVA-VCD

unit 10 4.36 5.96

null 10 9.31 11.24

double (previous) [12] 1 9.55 11.83

double (proposed)
λjθtgt = 1

9.85 11.98
λjθinf = 10

GC-AuxIVA-ISS

unit 50 8.98 11.15

null 20000 9.28 11.48
double (previous) [12] 100 8.13 10.17

double (proposed)
λjθtgt = 50

9.08 11.24
λjθinf = 10000

4. EXPERIMENT

4.1. Experimental conditions

To separately investigate the effect of λjθ (∀j, θ) in separation
performance of GC-AuxIVA-VCD and GC-AuxIVA-ISS, we con-
ducted several speech separation experiments. We conducted the
experiments for 2 to 4 sources and used the speech signals of 2 to
4 different speakers, which were randomly selected from 6 speak-
ers (3 males and 3 females) in Set B of the ATR Japanese Speech
Database [16]. We created a total of 48 patterns of observed signals
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Fig. 2: Relation between λjθinf and average SDR, SIR [dB], and accuracy of output signal order [%] in GC-AuxIVA-ISS with null constraint,
where λjθtgt = 0.

for each number of speech sources by convoluting the speech with
the room impulse responses (RIR) generated by the Python package
pyroomacoustics [17]. The reverberation times (RT60) were
100 and 300 ms. DOAs were set to 20◦ and 70◦ for the 2 sound
sources, 20◦, 70◦, and 120◦ for the 3 sound sources, and 20◦, 70◦,
120◦ and 170◦ for 4 sound sources. The layout of sound sources
and microphones is shown in Fig.1. The number of microphones
was set equal to the number of sources, and the microphone spac-
ing was set to 2 cm. In these experiments, the correct DOAs of
the speakers were assumed to be known. Therefore, the direction
set Θ was given as Θ = {20◦, 70◦}, Θ = {20◦, 70◦, 120◦}, and
Θ = {20◦, 70◦, 120◦, 170◦} for J = 2, J = 3, and J = 4,
respectively.

We sampled all speech signals at 16 kHz. The STFT was com-
puted using a Hanning window with a window length of 512 samples
(32 ms) and a shift of 256 samples (16 ms). All methods were run
for 50 iterations.

The following three objective metrics were used to evaluate the
separation performance: source-to-distortions ratio (SDR), source-
to-interferences ratio (SIR) [18], and the order of the output sig-
nals. For AuxIVA with no geometric constraints, the order of the
output signals was determined as the one that achieved the highest
SIR among all permutations.

4.2. Results

Table 1 shows the average SDR and SIR. 　 The proposed double
constraint in both GC-AuxIVA-VCD and GC-AuxIVA-ISS showed
higher SDR and SIR scores than the previous double constraint.
These results indicate that setting λjθtgt and λjθinf with different
optimal values for double constraint is effective in improving source
separation performance. In GC-AuxIVA-VCD, the separation per-
formance of the proposed double constraint was higher than unit and
null constraints as the number of sound sources increases. On the
other hand, in GC-AuxIVA-ISS, null constraint has the best perfor-
mance regardless of the number of sound sources. Therefore, we
found that the effective constraints and parameters were widely dif-
ferent for each method.

Tables 2 shows the average SDR in GC-AuxIVA-VCD with dou-
ble constraint applied for varying values of λjθtgt and λjθinf . GC-
AuxIVA-VCD achieved the highest SDR when λjθtgt was set below
1 for each λjθinf . Therefore, in GC-AuxIVA-VCD with double con-
straint, by setting λjθtgt a low value, such as below 1, we can obtain
high separation performance by tuning only λjθinf .

Figure 2 shows the average SDR, SIR, and accuracy of output
signal order in GC-AuxIVA-ISS with null constraint for various val-
ues of λjθinf . GC-AuxIVA-ISS with null constraint achieved high
separation performance in terms of SDR, SIR, and accuracy of out-
put signal order when λjθinf was set at a high value, such as above
10,000. These results confirmed that setting λjθinf with high values
could eliminate the need for parameter tuning.

Table 2: Avarage SDR [dB] of GC-AuxIVA-VCD with double con-
straint. Parentheses indicate scores with accuracy of output signal
order less than 100%.

(a) 2 channels
``````````̀λjθtgt

λjθinf 0.01 0.1 1 10 100 1000

0.01 (10.15) 10.99 11.06 11.02 10.53 9.40

0.1 (10.66) (10.28) 11.09 11.05 10.63 9.53

1 (8.19) (8.30) 10.96 11.10 10.69 9.60
10 8.69 8.91 9.92 9.84 9.91 9.27

100 8.43 8.86 9.68 9.89 9.93 8.72

1000 8.28 8.74 9.62 9.95 9.91 8.36

(b) 3 channels
``````````̀λjθtgt

λjθinf 0.01 0.1 1 10 100 1000

0.01 (9.96) (9.28) 10.64 10.64 9.33 6.65

0.1 (9.34) (9.73) 10.76 10.81 9.70 6.94

1 (6.51) (9.07) 10.66 10.81 9.94 7.16
10 7.07 7.61 8.65 8.63 8.47 6.65

100 6.18 6.54 7.19 7.31 7.09 5.71

1000 6.01 6.34 7.03 7.22 6.95 5.44

(c) 4 channels
``````````̀λjθtgt

λjθinf 0.01 0.1 1 10 100 1000

0.01 (8.83) (7.96) 9.36 9.50 7.99 5.05

0.1 (9.01) (8.58) 9.51 9.80 8.47 5.47

1 (5.16) 8.60 9.55 9.85 8.71 5.75
10 4.93 5.51 6.76 6.64 6.44 5.04

100 3.91 4.32 5.15 5.48 4.87 3.29

1000 3.70 4.10 5.00 5.40 4.47 2.72

5. CONCLUSION

In this paper, we numerically investigated the effect of weight pa-
rameters for GC-AuxIVA-VCD and GC-AuxIVA-ISS. The experi-
mental results showed that (1) the optimal weights for the constraints
on the directions of the target and interference signals are different in
these two algorithms; (2) setting different values of weights for the
constraints was effective in improving separation performance; (3)
the parameter tuning of GC-AuxIVA-VCD with double constraints
could be simplified to only tuning weights for the interference con-
straints while setting those for the target constraints at values smaller
than 1; (4) GC-AuxIVA-ISS with null constraints could achieve rea-
sonably good and stable performance with the weight parameters for
the interference constraints setting at a high value.
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