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Abstract

In this paper, we apply an efficient partial update to online geomet-
rically constrained independent vector analysis with auxiliary func-
tion approach and iterative source steering (ISS), “oGC-AuxIVA-
ISS” for short. The algorithm fully exploits the advantages of the
auxiliary function approach, i.e., fast convergence and no stepsize
tuning, and ISS, i.e., low computational complexity and numeri-
cal stability, making it highly suitable for practical use. Moreover,
ISS theoretically provides a more efficient way to deal with mov-
ing sources by partially updating the demixing filters corresponding
to the sources, which can further improve computational efficiency.
We conduct moving source separation experiments to confirm its ef-
fect on the online algorithm. Moreover, we adopt a method based on
delay-and-sum (DS) to estimate the directions of arrival (DOAs) of
sources. Experimental results showed that oGC-AuxIVA-ISS with
partial updates outperformed the conventional method without ISS
with partial updates, and the DOA estimation based on DS could
further reduce runtime.

1. Introduction

The presence of background noise and directional interferences
can severely degrade the quality of recorded speech and subse-
quently decrease the performance of speech-targeted applications.
This raises the need for techniques to separate the target speech from
other sounds. Especially for face-to-face applications, e.g., hearing-
aid devices and teleconference systems, it is necessary to develop
real-time source separation systems, where processes for signals in
the current frame have to be finished before the next frame arrives.

Geometrically constrained blind source separation (GC-BSS)
[1–6] allows us to separate signals and select the desired source
by combining the optimization problem of BSS [7–11] with spatial
constraints. Two online extensions of GC-BSS, online geometri-
cally constrained independent vector analysis with auxiliary func-
tion approach and vectorwise coordinate descent (oGC-AuxIVA-
VCD) [2] and online GC-AuxIVA with iterative source steering
(oGC-AuxIVA-ISS) [6], fully exploit the advantages of the auxil-
iary function approach [12, 13], i.e., fast convergence and no step-
size tuning, making them more suitable for practical applications.
oGC-AuxIVA-VCD updates the demixing filters by solving hybrid
exact-approximate diagonalization problems. oGC-AuxIVA-ISS, on
the other hand, uses ISS [11] to update the demixing matrix with a
sequence of rank-1 operations, leading to an inverse-free algorithm.
Furthermore, thanks to the rank-1 updates, ISS provides a more ef-
ficient way to deal with moving sources by partially updating the
demixing filters corresponding to them [14]. In this paper, to im-
prove computational efficiency of oGC-AuxIVA-ISS, we first refer
to the update as “partial update” and examine the effectiveness of it
in oGC-AuxIVA-ISS for moving sound source separation.

Secondly, we investigate the performance impact using estimated
DOAs of the moving sound source. Knowing the exact directions
of arrival (DOA) of sources is a strong constraint in practical appli-
cations for GC-BSS. So far, several studies have used DOA estima-
tion for GC-BSS [2, 6, 15] to address this limitation. In this paper,
we investigate and compare DOA estimation method based on the
delay-and-sum (DS) beamformer [16], multiple signal classification
(MUSIC) [17], and generalized cross correlation with phase trans-
form (GCC-PHAT) [18] as promising methods to improve the DOA
estimation efficiency. We also introduce a scale constraints [5,19] to
both methods to further improve numerical stability.

2. Conventional oGC-AuxIVA-VCD and oGC-AuxIVA-ISS

2.1 AuxIVA with geometric constraints and scale constraints

Let us consider a determined situation where J sources are ob-
served by I microphones. Here, I = J . Let xifn and yjfn denote
the short-time Fourier transform (STFT) coefficients of the signal
observed at the ith microphone and that output at the jth channel,
respectively. Here, f = 1, . . . , F and n = 1, . . . , N are the in-
dices of the frequency and time frame, respectively. We denote the
frequency-wise vector representation of the observed and the esti-
mated signals by

xfn = [x1fn, . . . , xIfn]
T ∈ C

I , (1)

yfn = [y1fn, . . . , yJfn]
T ∈ C

J , (2)

where (·)T denotes the transpose. When considering a time-variant
instantaneous mixture model, the relationship between the observed
and estimated signals can be expressed as

yfn = W fnxfn. (3)

Here, W fn = [w1fn, . . . ,wJfn]
H is an I × I demixing matrix

containing demixing filters wjfn = [w1jfn, . . . , wIjfn]
T and (·)H

denotes the Hermitian transpose.
IVA [8, 9] assumes that each frame of source follows a multivari-

ate distribution, and thus dependencies over frequency components
can be exploited to solve frequency-domain permutation problem si-
multaneously with frequency-wise source separation. The demixing
matrices W fn are estimated by minimizing the following negative
log-likelihood function:

LIVA =

J∑
j=1

E[G(yjn)]−
F∑

f=1

log | detW fn|, (4)
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where E[·] denotes the expectation operator over frames and yjn =

[yj1n, . . . , yjFn]
T ∈ C

F is the source-wise vector representa-
tion. Here, G(yjn) is the contrast function having the relationship

G(yjn) = − log p(yjn). One typical choice of the contrast func-
tion is to use a spherical contract function [8–10], which is expressed
as

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

rjn = ||yjn||2 =

√∑
f

|yjfn|2 =

√∑
f

|wH
jfnxfn|2. (6)

Here, GR(r) is a function of a real-valued scalar variable r and
|| · ||2 denotes the L2 norm. By adopting the auxiliary function ap-
proach [10, 20], an upper bound is optimized instead of the original
objective function, which is expressed as

LIVA ≤ LAuxIVA

=
1

2

F∑
f=1

J∑
j=1

wH
jfnΣjfnwjfn −

F∑
f=1

log | detW fn|. (7)

Here, Σjfn is a weighted spatial covariance matrix and is autore-
gressively calculated at each frame n using the previously calculated
one [21] since only the observed signals up to the present time are
available in the case of online processing:

Σjfn = αΣjf(n−1) + (1− α)ϕ(rjn)xfnx
H
fn. (8)

Here, ϕ(rjn) = G
′
R(rjn)/rjn, where (·)′ denotes the derivative

operator, and 0 ≤ α < 1 denotes a forgetting factor.
Now, let us consider geometric constraints (GC) [22] that restrict

the far-field response of filters estimated by IVA in a set of directions
Θjn, which is described as

LGC =

F∑
f=1

J∑
j=1

∑
θ∈Θjn

λGC|wH
jfndfθ − cjθ|2. (9)

Here, Θjn denotes a set including all directions to be considered,
dfθ is the steering vector pointing to the direction θ, cjθ is a nonneg-

ative value set for all frequency bins as constraints, and λGC ≥ 0 is a
parameter that weighs the importance of the constraint. Note that (9)
with cjθ = 1 forces the spatial filter to form a conventional delay-
and-sum (DS) beamformer steering in the direction θ to preserve the
target source, whereas a small value of cjθ essentially creates a spa-
tial null towards the direction θ so that multiple constraints of spatial
nulls towards the directions of all interferences can be used to sup-
press all interferences and preserve the target. Note that no auxiliary
function is required since these geometric constraints are linear and
can be easily optimized.

In addition, the source separation method based on source inde-
pendence may cause numerical instability due to the scale ambigu-
ity problem. Therefore, in this paper, we consider scale constraints
(SC) [5, 19] expressed as

LSC = λSC
F∑

f=1

J∑
j=1

wH
jfnwjfn, (10)

where λSC is a parameter that weighs the importance of the con-
straint. This is expected to induce the demixing filter to be scaled
down, thus stabilizing the numerical computation.

Therefore, the auxiliary function for GC-AuxIVA, a.k.a., the ob-
jective function to be minimized, is given as

L = LAuxIVA + LGC + LSC. (11)

Hereafter, to derive the update rules easily, the index of f is omitted.

2.2 Online GC-AuxIVA-VCD [2]

The update rule for the weighted spatial covariance matrix Σjn is
obtained straightforwardly by substituting (6) into (8) and those for
W n are derived by embracing the idea adopted in VCD [23], which
are summarized as follows:

ujn = D−1
jn W−1

n ej , (12)

ûjn = λGCD−1
jn

∑
θ∈Θjn

cjθdθ, (13)

hjn = uH
jnDjnujn, (14)

ĥjn = uH
jnDjnûjn, (15)

wjn =

⎧⎪⎨
⎪⎩

1√
hjn

ujn + ûjn (if ĥjn = 0),

ĥjn

2hjn

[
− 1 +

√
1 +

4hjn

|ĥjn|2
]
ujn + ûjn (o.w.).

(16)

Here, Djn = Σjn + λSCI + λGC
∑

θ∈Θjn
dθd

H
θ , I is the I × I

identity matrix, and ej is the jth column of I .

2.3 Online GC-AuxIVA-ISS [6]

As (12) shows, either offline or online GC-AuxIVA-VCD requires
the matrix inversion for each frequency, source, and iteration, which
is typically considered to be computationally expensive and numer-
ically unstable, and therefore should be avoided in practice. To ad-
dress this, an alternative algorithm for online GC-AuxIVA by replac-
ing VCD with the recently proposed ISS is proposed.

Instead of updating each row of the demixing matrix W n alter-
nately, ISS performs a rank-1 update for the whole demixing matrix
as

W n ← W n − vjnw
H
jn (17)

for j = 1, . . . , I . Here, vjn = [v1jn, . . . , vIjn]
T ∈ C

I is a vector
to be estimated instead of the demixing matrix.

Substituting (17) into the objective function of online GC-
AuxIVA-VCD, i.e., (11) with time-varying demixing filters wjn and
looking directions Θjn, we have the new objective function to be
minimized. By solving partial derivative of it w.r.t. v∗ijn, we obtain
following update rules:

vijn =

wH
in(Σin + 2λSCI)wjn + 2λGC

∑
θ∈Θjn

g∗jθ(giθ − ciθ)

wH
jn(Σin + 2λSCI)wjn + 2λGC

∑
θ∈Θjn

|gjθ|2
(∀i �= j) (18)

vjjn =

⎧⎨
⎩
1− p

−1/2
jn (if qjn = 0),

1− q∗jn
|qjn|+

√
|qjn|2+pjn

pjn|qjn| (o.w.),
(19)

where,

gjθ = wH
jndθ, (20)

pjn = wH
jn(Σjn + 2λSCI)wjn + 2λGC

∑
θ∈Θjn

|gjθ|2, (21)

qjn = λGC
∑

θ∈Θjn

cjθgjθ. (22)
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Figure 1: Update flow of the system combining GC-BSS and DOA
estimation

3. Partial update and DOA estimation for oGC-AuxIVA-ISS

3.1 Partial update
This paper investigates the performance of partial update [14]

when applied to online GC-AuxIVA-ISS to improve computational
efficiency. Considering the situation where only the jth source is
moving, namely, the jth steering vector is time-variant and the other
steering vectors are time-invariant, which do not need to update af-
ter convergence. Thanks to the fact that the 1-rank update of ISS
is equivalent to updating the steering vector corresponding to each
source, which is expressed as

ajn ← 1

1− vjjn

⎛
⎝ajn +

∑
i �=j

vijnain

⎞
⎠ , (23)

we are allowed to perform more efficient update in the above moving
source situation by only update vijn (i = 1, . . . I) corresponding to
the moving source while keeping others fixed after convergence.

3.2 DOA estimation
In addition, we consider a system that uses the spatial information

contained in the demixing filter obtained by updating the GC-BSS
for DOA estimation. The system is shown in Fig. 1, where the pro-
cess in each frame can be summarized as follows: 1) estimate the
DOA of the moving source using the source image calculated at the
last frame; 2) input the known DOA and the estimated DOA to GC-
BSS for source separation; 3) generate source images using projec-
tion back technique for the DOA estimation in the next frame. By
iteratively doing these processes in each frame, the separated signal
can be sequentially obtained while controlling the output order.

For DOA estimation methods, this paper compares DS-based
DOA estimation [16], multiple signal classification (MUSIC) [17],
and generalized cross correlation with phase transform (GCC-
PHAT) [18].

DS is a technique to enhance signals arriving from a certain di-
rection by aligning the phase of the wave using the time difference
of arrival (TDOA) between the microphones. It calculates the angle
θjn that maximizes the cross-correlation between the steering vec-
tor ajn obtained from the estimated mixing matrix An = W−1

n

and the steering vector dθ based on the assumption of the arrival of
plane waves:

θjn =
2

F

F/2∑
f=1

argmax
θ

|aH
jndθ|2. (24)

In each frame n, we calculate all angles θjn (j = 1, . . . , J) and take
the farthest angle from the known angle as the DOA of the moving
source since we only consider one unknown DOA.

MUSIC is a subspace-based method that decomposes the covari-
ance matrix of the observed multichannel signals to obtain subspaces
of signals and noise that are orthogonal to each other. The operation
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(a) 2-speaker case
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(b) 3-speaker case

Figure 2: Layout of sound sources and microphones, where “◦” and
“×” denote source and microphone positions, respectively.

of MUSIC in this system is described in [6]. We used [24] for im-
plementing the MUSIC method.

GCC-PHAT estimates the TDOA of the incident wave between
microphone pairs using a generalized cross-correlation function.
The system estimates TDOA τjn as follows:

τjn = argmax
τ

F/2∑
f=1

ỹj1fnỹ
∗
j2fn

|ỹj1fnỹ∗
j2fn|

exp(2
√−1πfτ), (25)

where yjkfn is the source image corresponding to the kth micro-
phone of the separated signal yjfn obtained by projection back.
Since τjn can be calculated based on the microphone arrangement,
GCC-PHAT can calculate the target angle.

4. Experimental evaluations
We conducted source separation experiments containing a mov-

ing source to evaluate the effectiveness of partial updates.
We used speech signals of 6 speakers (3 males and 3 females) ex-

tracted from the ATR Japanese Speech Database [25]. By randomly
selecting 2 or 3 speakers from the database, we generated 20 mixture
signals with length of 60 seconds for each. We used the signal
generator1 to simulate room impulse responses (RIRs), and the
layout of sound sources and microphones is shown in Fig. 2. In both
the 2-speaker and 3-speaker cases, the moving speaker was fixed for
the first 20 seconds, moved on an arc for the next 20 seconds, and
finally fixed for the last 20 seconds. The number of microphones
was set equal to the number of sound sources. The interval of mi-
crophones was set at 2 cm. The reverberation time (RT60) was set
at 200 ms. All the speech signals were sampled at 16 kHz. The
STFT was computed using a Hanning window, whose length and
shift were set at 1024 samples (64 ms) and 512 samples (32 ms),
respectively. We initialized Σjf0 and W f0 as identity matrices and
set the forgetting parameter α at 0.99 for each method. In the DOA
estimation of the first frame, we used the source image of the ob-
served signals instead of the separated signals. We adopted the null
constraint, where Θjn is the set of DOAs of the signal to be sup-
pressed by the jth demixing filter. We investigated several values of
λGC and λSC, and chose the optimal one experimentally.

To confirm the effectiveness of the partial update, we considered
two update rules, “one” and “all”. In “all”, the update rules, (12)–
(16) in oGC-AuxIVA-VCD or (18) and (19) in oGC-AuxIVA-ISS,
were applied for all j = 1, . . . , J throughout the observation. In
“one”, the update rules were applied for all j = 1, . . . , J in the
first 20 seconds and then applied for one specific j corresponding to
the moving source in the remaining 40 seconds. We assumed that the
DOAs of the fixed sources are known in all frames, and we estimated

1https://www.audiolabs-erlangen.de/fau/professor/habets/software
/signalgenerator
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Table 1: Average runtime [s] for 60 second signals.

DOA estimation
oGC-AuxIVA-VCD oGC-AuxIVA-ISS
“all” “one” “all” “one”

2-speaker case
DS 32.66 18.76 13.36 12.01
MUSIC 76.43 67.96 57.19 55.54
GCC-PHAT 37.55 35.23 26.74 25.74

3-speaker case
DS 64.82 45.33 31.03 26.41
MUSIC 154.05 134.92 120.45 115.72
GCC-PHAT 69.51 51.99 37.21 32.40

Table 2: Average of SDR [dB] every 2 seconds for each method.

DOA estimation
oGC-AuxIVA-VCD oGC-AuxIVA-ISS
“all” “one” “all” “one”

2-speaker case
DS 8.29 4.30 8.35 8.20
MUSIC 8.37 4.37 8.33 8.26
GCC-PHAT 8.47 4.60 8.47 8.28

3-speaker case
DS 4.57 0.93 4.55 3.47
MUSIC 4.46 0.47 4.02 2.61
GCC-PHAT 4.53 0.56 4.56 3.51

the DOA of the moving source. The enhancement performance was
evaluated using the source-to-distortions ratio (SDR) [26].

First, regarding the update rules, “one” had shorter runtime than
“all” as shown in Table 1. Next, in terms of the DOA estimation
methods, DS was the fastest for the computation, followed by GCC-
PHAT, and MUSIC. In addition, DS and GCC-PHAT showed almost
equal or higher SDR than MUSIC, as shown in Table 2. Therefore,
DS was the best DOA estimation method in terms of separation per-
formance and computational efficiency in this experiment.

Next, Fig. 3 shows the SDR every 2 seconds with DS. In Fig. 3a,
the 2-speaker case, oGC-AuxIVA-ISS-all and oGC-AuxIVA-one
showed almost the same scores as oGC-AuxIVA-VCD-all. On the
other hand, as expected from the update rules, the score of oGC-
AuxIVA-VCD-one decreased significantly from around 20 seconds
after the start of partial update. In Fig. 3b, the 3-speaker case, oGC-
AuxIVA-ISS-all and oGC-AuxIVA-VCD-all showed similar SDR
scores, while oGC-AuxIVA-ISS-one showed a slightly lower score.
The score of oGC-AuxIVA-VCD-one decreased significantly from
around 20 seconds after the start of partial updating, as was the 2-
speaker case.

5. Conclusions
In this paper, we applied an efficient partial update to oGC-

AuxIVA-ISS and evaluated its effectiveness for moving source sep-
aration when using DOA estimation. Experimental results showed
that the separation performance of oGC-AuxIVA-ISS with partial
updates was higher than that of oGC-AuxIVA-VCD with partial up-
dates. Furthermore, it was shown that DOA estimation based on DS
could further reduce runtime.
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