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1. Introduction
Blind source separation (BSS) [1] is a technique to

estimate source signals in an observed mixture signal without
knowing any prior information. When the number of sources
is equal to or greater than the number of sensors (microphones
in audio cases), which is called the (over-)determined
situation, independent component analysis (ICA) [2] and its
extensions have been studied. Since audio sources are
convolutively mixed with room reverberation, frequency-
domain ICA (FDICA) [3] is a basic algorithm for audio
BSS.

In FDICA, scales and permutation of frequency-wise
estimated signals cannot be determined, and post-processes
are required to fix these ambiguities. The scale ambiguity can
easily be recovered by the back projection [4], whereas the
permutation alignment of the estimated signals for all the
frequencies (so-called the permutation problem [5]) has been
tackled for many years. In particular, independent vector
analysis (IVA) [6,7] and independent low-rank matrix analy-
sis (ILRMA) [8,9] are the most successful approaches for
solving the permutation problem. These methods assume
specific time-frequency structures of sources (source models)
to avoid encountering the permutation problem during the
optimization.

Although ILRMA accurately separates mixtures of music
sources, the performance of IVA and ILRMA often degrades
for speech mixtures. The main reason of the degradation in
IVA and ILRMA is a block permutation problem [10,11],
namely, the permutation misalignment of the estimated
signals occurs with subband blocks (see Fig. 1). This is
caused by a mismatch between the source model assumed in
IVA or ILRMA and actual time-frequency structure of speech
sources.

In this letter, we propose to solve the block permutation
problem based on user annotations and develop a new
interactive speech source separation system. In the proposed
system, ILRMA-based source separation is performed while
the user annotation is utilized for escaping from bad local
minima in ILRMA optimization and searching for more
accurate separation results.

2. BSS based on ILRMA
Let N and M be the numbers of sources and microphones,

respectively. The time-frequency components of source,
mixture, and estimated signals are respectively defined as

si; j ¼ ½si; j;1; � � � ; si; j;n; � � � ; si; j;N�T 2 CN ; ð1Þ

xi; j ¼ ½xi; j;1; � � � ; xi; j;m; � � � ; xi; j;M�T 2 CM ; ð2Þ

yi; j ¼ ½yi; j;1; � � � ; yi; j;n; � � � ; yi; j;N�T 2 CN ; ð3Þ

where i ¼ 1; 2; � � � ; I, j ¼ 1; 2; � � � ; J, n ¼ 1; 2; � � � ;N, and
m ¼ 1; 2; � � � ;M are the indices of frequency, time, source,
and microphone, respectively, and �T denotes the transpose.
We assume that the observed signal is represented by

xi; j ¼ Aisi; j; ð4Þ

where Ai 2 CM�N is a frequency-wise mixing matrix. Here-
after, we consider the determined situation (M ¼ N). If W i ¼
A�1

i exists for all the frequencies, the estimated signal can be
obtained by

yi; j ¼ W ixi; j; ð5Þ

where W i ¼ ½wi;1wi;2 � � �wi;N�H is called the demixing matrix
and �H denotes the Hermitian transpose.

ILRMA is an extension of IVA: the low-rank source
model based on nonnegative matrix factorization (NMF) [12]
is introduced. ILRMA optimizes both the demixing matrix W i

and the NMF source model T nV n, where T n 2 RI�L
�0 and V n 2

R
L�J
�0 are the basis and activation matrices in NMF.

In ILRMA, the following cost function is minimized:

J ¼ �2J
X
i

log jdetW ij

þ
X
i; j;n

jwH
i;nxi; jj

2P
l ti;l;nvl; j;n

þ log
X
l

ti;l;nvl; j;n

" #
; ð6Þ

where ti;l;n and vl; j;n are the elements of T n and V n,
respectively, and l ¼ 1; 2; � � � ;L is the index of NMF bases.
The minimization of (6) w.r.t. W i is performed via iterative
projection [7] as

Ui;n ¼
1

J

X
j

1P
l ti;l;nvl; j;n

xi; jx
H
i; j; ð7Þ

wi;n  ðW iUi;nÞ�1en; ð8Þ

wi;n  wi;nðwH
i;nUi;nwi;nÞ�

1
2 ; ð9Þ

where en 2 RN
f0;1g is a unit vector whose nth element is unity.

Also, the minimization of (6) w.r.t. T n and V n is performed by
iterating the following update rules:
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Thus, all the variables can be optimized by iterating (7)–(11)
with appropriate initialization, and the estimated signal is
obtained by (5). However, since the cost function (6) is non-
convex, there exist many local minima in this optimization:
some of them provide poor separation performance because of
the block permutation problem.

3. Interactive speech source separation
3.1. Motivation and system overview

BSS of IVA and ILRMA often encounters the block
permutation problem [10,11]. This is because the parameter
optimization gets stuck in a bad local minimum, which
confuses the permutation-misaligned estimated signals with
the source signals. However, as shown in Fig. 1, the boundary
frequency of the block permutation problem is often visually
recognizable by users. On the basis of this idea, we propose to
solve the block permutation problem using user annotations
and develop a new interactive speech source separation
system.

Figure 2 shows the user interface of the proposed system,
where the system is implemented to work on web browsers.
The system returns spectrograms of the estimated signals
obtained by ILRMA to the user as a temporary result. The
user can listen these estimated signals by clicking play
buttons. When the user noticed that the estimated signals
contain a permutation-misaligned subband or the separation
performance is not satisfactory, a region-based annotation
(see the red rectangle in Fig. 2) can be fed back to the system.
The detailed explanations of this annotation and processing
after the feedback are presented in the following subsections.
Then, ILRMA re-estimates the demixing matrix using the user
annotation to output permutation-fixed and more accurate

estimated signals. This interaction between ILRMA and the
user can be iterated until the satisfactory separation is
achieved.
3.2. Frequency annotation with block permutation problem

When the user noticed that the estimated signals contain
a permutation-misaligned subband, frequency annotation
should be fed back to the system. Let i ¼ is and i ¼ ie
(1 � is < ie � I) be the frequency indices of the lowest
and the highest frequencies in the permutation-misaligned
subband, respectively. Also, let n ¼ ns and n ¼ nt be the
source and target indices of the signals, respectively, i.e.,
yis; j;ns

; yisþ1; j;ns
; � � � ; yie; j;ns

and yis; j;nt
; yisþ1; j;nt

; � � � ; yie; j;nt
are

mistakenly swapped. These indices are obtained from the
frequency annotation, which is a frequency range of the
selected region, by the user. In this case, since we need to
swap the demixing filters wi;n and the basis components ti;k;n,
the following process is performed:

wis;ns
;wisþ1;ns

; � � � ;wie ;ns

, wis;nt
;wisþ1;nt

; � � � ;wie ;nt
; ð12Þ

tis;k;ns
; tisþ1;k;ns

; � � � ; tie;k;ns

, tis;k;nt
; tisþ1;k;nt

; � � � ; tie;k;nt
8k; ð13Þ

where , denotes the swapping process between the each
component of left-hand and right-hand sides. In addition, the
activation matrices of the corresponding sources are reset as

Fig. 1 Example of estimated signals with block permu-
tation problem. Components over 4 kHz are swapped
as subband block because of permutation misalign-
ment.

Fig. 2 User interface of proposed interactive speech
source separation system in two-source case. Spectro-
grams are temporarily estimated signals obtained by
ILRMA, where block permutation problem is occurred
in annotated frequency subband.
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vk; j;ns
; vk; j;nt

 �; � 8k; j; ð14Þ

where  denotes the substitution of each component and �
is a random value that obeys the uniform distribution in the
range ð0; 1Þ. The other parameters are inherited from the
previously performed ILRMA. Thus, we expect that the
optimization parameters can escape from the bad local
minimum with block permutation problem by continuing the
ILRMA algorithm after applying (12)–(14).
3.3. Time annotation with silent segment of the other

sources (I)
When the user does not satisfied with the quality of

separation, a time annotation is useful to improve the
performance. In this case, the user annotates a silent time
segment of the other sources, namely, the silent segment
must contain only one source components. This annotation is
reasonable because most of time of a typical speech mixture
(conversation) contains only one speaker, which can easily
be annotated by listening the observed or the temporarily
estimated signal. Similar approach was proposed with IVA
[13], but, to the best of our knowledge, ILRMA-based BSS
using the time annotation has not been proposed yet.

Let j ¼ js and j ¼ je (1 � js < je � J) be the time indices
of the beginning and the ending time frames in the silent
segment, respectively. Also, let n ¼ nt be the active source in
the silent segment, i.e., the sources n 6¼ nt are inactive. These
indices are obtained from the time annotation, which is a time
range of the selected region, by the user. In this case, since
we need to suppress the time-frequency variance T nV n of the
silent sources, the following process is performed:

vk; js;n; vk; jsþ1;n; � � � ; vk; je;n
 "; "; � � � ; " 8k; n 6¼ nt; ð15Þ

wi;n ½�; �; � � � ; ��T 8i; n; ð16Þ

where " is a machine epsilon. Similarly to Sect. 3.2, the other
parameters are inherited from the previously performed
ILRMA.
3.4. Time annotation with silent segment of the other

sources (II)
The process (15) in Sect. 3.3 substitutes " to the

corresponding elements in V n (n 6¼ nt). In addition to (15),
we also propose to reset the other components in V n as
follows:

vk;1;n; vk;2;n; � � � ; vk; js�1;n

 �; �; � � � ; � 8k; n 6¼ nt; ð17Þ

vk; jeþ1;n; vk; jeþ2;n; � � � ; vk;J;n
 �; �; � � � ; � 8k; n 6¼ nt; ð18Þ

vk; j;nt
 � 8k; j; ð19Þ

where � is a random value that obeys the uniform distribution
in the range ½1:0� 105; 1:1� 105�, which is sufficiently larger
than ". Compared with the processing (15) and (16) (hereafter
referred to as time annotation (I)), the processing (15)–
(19) (hereafter referred to as time annotation (II))
provides more drastic change to the ILRMA optimization,
resulting in more effective induction to escape from the bad
local minimum.

4. Experiments
4.1. Conditions

We evaluated the performance of conventional simple
ILRMA and the proposed interactive speech source separation
system. In this experiment, we produced three mixture signals
(nos. 1–3) as listed in Table 1, where the speech sources were
obtained from SiSEC2011 dataset (see [14] for the detailed
conditions). In short-time Fourier transform, we used 128-
ms-long hamming window with half-overlap shifting. The
number of bases in ILRMA was set to L ¼ 3, and the
improvement of source-to-distortion ratio (SDR) [15] was
calculated.

In this experiment, the conventional ILRMA estimates yi; j
with 160 iterations (parameter updates). The proposed system
returns temporarily estimated results to the user after 80
iterations of ILRMA and requires the frequency or time
annotation at that time. After the annotation feedback and the
processing described in Sect. 3, the proposed system contin-
ues ILRMA optimization with 80 iterations. The annotation is
subjectively provided.
4.2. Results

Figure 3 shows behaviors of SDR improvement for the
mixtures nos. 1–3 when the frequency or time annotation is
fed back by the user at the 80th iteration. For all the cases,
we can confirm that the proposed system outperforms the
conventional ILRMA. In particular, the conventional ILRMA
for the mixture no. 2 (Fig. 3(b)) cannot separate the sources
because of encountering the block permutation problem

Table 1 Sources obtained from SiSEC2011 dataset
[14].

Mixture Source signals

No. 1
dev1 female3 synthconv 130ms 5cm sim 1

dev1 female3 synthconv 130ms 5cm sim 2

No. 2
dev1 male3 synthconv 130ms 5cm sim 1

dev1 male3 synthconv 130ms 5cm sim 2

No. 3
dev1 male3 synthconv 130ms 5cm sim 1

dev1 female3 synthconv 130ms 5cm sim 2

Fig. 3 SDR improvements of the proposed system with
frequency or time annotation for mixtures (a) no. 1,
(b) no. 2, and (c) no. 3.
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during the parameter optimization. However, in the proposed
system, the user annotation assists to escape from the bad
local minimum and provides significant improvement for the
correct estimation of the demixing matrix W i.

Regarding the type of annotations, we can see that
both the frequency and time annotations effectively improve
the separation accuracy in the proposed system. Since the
demixing filters wi;n are completely reset using random values
� in the time annotations (I) and (II), the value of SDR
improvement drops after the annotation feedback. In other
words, this performance drop is necessary for escaping from
the bad local minimum or solving the block permutation
problem. Thus, it is important to sufficiently iterate ILRMA
after the time annotation is fed back to the system (at least
40 iterations).

Figure 4 shows the spectrograms of oracle sources and
estimated signals obtained by simple ILRMA and ILRMA
with time annotation (I) for the mixture no. 2. The estimated
signals obtained by simple ILRMA (the center column in
Fig. 4) include the block permutation problem: the compo-
nents between 0.4–1.7 kHz are swapped, whereas the pro-
posed ILRMA (the right column in Fig. 4) correctly solves
this misalignment.

This experiment only compares the performance at the
160th iteration in conventional ILRMA and the proposed
system. Note that the interaction between ILRMA and the
user can be iterated until the satisfactory separation is
achieved in an actual application. The judgment can be
subjectively taken by listening the estimated signals yi; j.

5. Conclusion
In this letter, we proposed a new ILRMA-based inter-

active speech source separation system, where frequency and
time annotations were utilized. The experimental results show
that these annotations significantly improve the separation
performance by escaping from the bad local minima in
ILRMA optimization.
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