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Abstract

We propose a simple and easy-to-apply unsupervised training
method for multi-channel deep separation models used in sound
source separation. Such models require a large amount of train-
ing data, i.e., source signals and their mixtures. A previous
method uses pseudo-target source signals, which can be ob-
tained as the outputs of blind source separation (BSS) based
on statistical models in place of ground-truth source signals.
However, the model performance of the previous method is de-
graded by some pseudo-targets that are inadequately separated
by BSS. To exploit the reliable part of BSS, we select and remix
well-separated signals included in the BSS result. In the se-
lection step, we choose well-separated signals using the direc-
tion of arrival (DOA). As a criterion that addresses the quality
of the separated signals, we adopted the minimum angular dif-
ference of DOA between source signals. In the remixing step,
we introduce resampling of the DOA, which generates mixtures
composed of source signals with both wide and narrow angular
differences. These mixtures are not simply given by BSS and
allow the deep separation model to learn both spectral and spa-
tial information. In our experiment, our method’s model per-
formance was improved for mixture signals composed of the
sources from various angles.

Index Terms: deep sound source separation model, unsuper-
vised training, direction of arrival, blind source separation,
training data generation

1. Introduction
1.1. Background and Motivation

Sound source separation segregates source signals from ob-
served mixture signals. This technology is important for many
sound processing systems running in real environments with
multiple speakers. In such environments, we must contend
with various situations, for example, unknown noises, reverber-
ations, and locations of the sources.

As a conventional sound source separation method, blind
source separation (BSS) has been researched for a long time
[1-7]. BSS is based on statistical models, which do not require
pre-training. For example, spatial clustering infers separation
masks by clustering based on microphone coordinates and the
direction of arrival (DOA) [5,6]. Since BSS mainly uses spatial
information that is available from multi-channel observed sig-
nals, it does not perform well when the spatial information is
poor. When the sources are located nearby and a angular dif-
ference of DOA between source signals is narrow, the spatial
transfer properties of each sound source are similar and cannot
be used as a separation clue.

Recently, deep separation models have been actively re-
searched [8—13]. These models precisely learn complex spec-
tral patterns from many pairs of source signals and their mix-
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tures. Their performance outperforms BSS and is impressive
even if the spatial information is poor. However, the model
performance is degraded when there are mismatches between
training and test data, which occur frequently in real environ-
ments. A straightforward solution is to train a separation model
by preparing all combinations of possible source signals and
their mixtures, but it is impractical. It is too expensive to collect
every possible sources and prepare their all possible mixtures
even with the datasets of various noises and properties [14, 15].

To solve this problem, unsupervised training methods for
deep separation models that use mixture signals existing in real
environments have been researched [16-20]. These methods
are based on the fact that mixture signals are easy to collect
in real environments. By utilizing BSS, the model learns the
separation ability from the mixture signals even when ground-
truth source signals are not prepared. A previous work [16]
trained the separation model with pairs of mixtures and pseudo-
target source signals, i.e., the outputs of BSS as an alternative
to the ground-truth source signals. However, the pseudo-targets
include some signals that are badly separated by BSS due to
poor spatial information. The poor training data degrades the
model performance.

To exploit only the reliable parts of the BSS results, we
propose a simple and novel unsupervised training method that
utilizes the DOA of the source signals. We generate a training
dataset by selecting and remixing the well-separated signals in-
cluded in the BSS result that contains adequate clues to learn
separation ability. First, we select only well-separated signals
with the DOA and store them for remixing. As the selection
criterion, we adopt the minimum angular difference of DOA
between the source signals. This takes advantage of the fact
that the BSS performance depends on the angular difference
between them. Second, we generate training data by remix-
ing the stored well-separated signals. Then we introduce a re-
sampling of the DOA, which generates a training dataset that
includes the mixtures composed of sources with various angu-
lar differences. This allows the separation model to learn both
spectral and spatial information. Hence the separation model is
trained efficiently and becomes less susceptible to BSS bottle-
necks, namely, excessive dependence on spatial information.

The main contribution of our work is as follows:

1. We proposed an unsupervised training method that gen-
erates training datasets for deep sound source separation
models by selecting and remixing well-separated signals
that are included in the BSS results. This method is easy
to implement and to apply to train existing supervised
separation models.

2. In the experiment, the deep separation model trained by
our method performed well for the source signals from
various angles, even for those with narrow angular dif-
ferences of DOA.
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1.2. Related Work

Some proposed methods strongly integrate DNN and BSS
[17-20]. Compared to them, our method focuses on generating
better training data rather than tightly integrating BSS and DNN
to improve performance. Although these models outperformed
a previous method [16], they are complex, and integrating them
with existing supervised separation models is complicated. In
contrast, our method can be applied to supervised models be-
cause we focus on generating a training dataset.

In addition, the number of source signals is unknown in
most cases in real environments. For this case, a sound source
number estimating network was proposed [21]. Although this
method requires training data for the network, our proposed
method can be applied to this method easily.

2. Preliminary
2.1. Problem Statement

In this paper, all signals are represented in the time-frequency
domain. K source signals are denoted by s1, ...,sx € CF*T,
where F' and 7" are the maximum dimensions of the frequency
and time frames. C-channel mixture x = {xf; € (CC};’tT: ,
is observed as a sum of K sources and noise by time-frequency
index f,t as follows:

K

Xft = Z A, fSk,f,t T Nft.
k=1

ey

ai,..ax € CC are the steering vectors of each microphone and
represent the spatial transfer properties and ny ¢ is noise. Our

L . . . FT
objectives are inferring signals yx = {ak,fsk,f,t}f . (B =
1, ..., K) from the observed mixture.

2.2. Deep Separation Model

A deep separation model separates source signals by time-
frequency masks my. € [0,1], which represent the most
dominant source signal per time-frequency slot. The masks in-
ferred by the deep separation model are formulated as follows:

FT,K _ .

{mf,t,k}f,t,k =f(x;Opyn), 2
where f(-;@®pnn) is the non-linear transformation of the
model and ® p v v is a set of parameters of the deep separation

model. By applying a mask, we obtain the following separated
signals as follows:

3

To train the model to directly infer the masks, we need to solve
the label permutation problem, which is caused by ambiguity
about the permutation of the output K masks and the target
signals. Permutation invariant training (PIT) solves this prob-
lem [12]. The following is PIT’s loss function as follows:

Ytk = My rXf.

1 . N 2
L= grmmin d (lGreerll = llyreesl)’, @)

t,f,c
where c¢ is a microphone channel index and R is a set of K!
permutations. Since PIT’s loss function uses permutations with
the lowest loss, the loss does not depend on the permutation of
outputs.

Although the input of the single-channel deep separation
model is the log magnitude of a mixture, spatial information
is used as additional input in a multi-channel condition. Inter-
channel phase difference (IPD) was adopted [22]. IPDs are de-
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noted by
cosIPDy ¢ ¢ e, = cos(éa?f,t,cp — sz,z,cq) 5)
SinIPvatanva = Sin(le’tacp - éxfit)cq)7 (6)

where ¢, and ¢, are the indices of the two selected microphones
and Zz is a phase of x. The separation performance is signifi-
cantly improved by simultaneously exploiting both the spectral
and spatial information.

2.3. Unsupervised Training of Deep Separation Models

A previously proposed unsupervised training method [16] uses
pseudo-target source signals, which are obtained as BSS out-
puts. This method trains the deep separation model with
the pseudo-target source signals and their mixture in place of
ground-truth source signals. A previous method [16] used a
complex angular gaussian mixture model (cACGMM) [6] as a
BSS module. cACGMM clusters an input mixture by each time-
frequency slot using spatial information. In this method, direc-
tional statistics vector zy; = Xy, /||Xs,:|| as being generated
from a mixture distribution as follows:

K
P(zs505) = > arrA(zrByx),

k=1

@)

where Oy is a set of the parameters of K mixtures equal to the
number of sound sources defined as ©; = {ay 1, Brx}re;.
oy i 1s a mixture weight, and B, is a concentration parameter.
A(zy+;By k) is denoted by complex angular central gaussian
(cACG) distribution as follows:

(=) 1

" 2719det B (zHB~12)C"
The parameters are updated by the EM algorithm, and zy; are
clustered by direction patterns. After estimating the parameters,
the posterior of the class affiliation for each zy ; is considered
mask my ; 5. Since the parameters are updated independently
for frequency, there is ambiguity about the frequency of the so-
called frequency permutation problem. For this reason, an ex-
ternal permutation solver is required.

A(z; B) ®)

The previous method can train only single-channel models,
which cannot use the spatial information available in the train-
ing step. On the other hand, if we train a multi-channel model,
the model cannot learn the spectral information because it learns
not only the well-separated signals but also the inadequately-
separated signals. As the result, the model performance is de-
graded when the spatial information is poor, for example, when
the angular difference of DOA between source signals is narrow
as in cAACGMM.

3. Proposed Method

In this section, we propose a simple and easy-to-apply unsuper-
vised training method for multi-channel deep separation mod-
els. Our method just generates a training dataset from well-
separated signals that contain sufficient clues to learn the sep-
aration ability. Fig. 1 overviews our proposed method. Our
method includes two steps: the selection and the remixing,
which utilizes the minimum angular difference of DOA between
source signals. Through these steps, we generate training data
that allow the deep separation models to efficiently learn the
spectral and spatial information and are less susceptible to a
BSS bottleneck, namely, excessive dependence on spatial infor-
mation.
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Figure 1: Overview of our proposed method: In selection step, only well-separated signals are stored by minimum angular difference
of DOA ¢. In remixing step, stored signals are convoluted by DOA convert function with resampled DOA. This method outputs pairs of

pseudo-target source signals and their mixtures.

Algorithm 1 Selecting well-separated signals

1. S ={0}

2: forx € X do

3 A{y1,...¥x} < BSS(x)

4 fork=1,..,Kdo

5: 0r <+ DOA estimation(Jx)
6: end for

7 fork=1,..,K do

8 qbk < mingxg H@k — 91”
9 if o > ¢r then

10: S+ SU{yr}

11: end if

12:  end for

13: end for

14: return S

3.1. Selection step

The selection step consists of three parts: BSS, DOA estima-
tion, and filtering (Algorithm 1). First, we separate the source
signals from mixture signal x from set of mixture signals X us-
ing BSS. We adopt cACGMM as BSS. Second, we estimate the
DOAs él, ey 0 i for all the separated signals. Third, we define
the minimum angular difference of DOA of the k-th separated
signal as follows:

@ = main |6y — 6u]]. ©
We calculate estimated minimum angular difference ng from ék
instead of 0 and adopt it as a criterion of how well the signals
are separated by BSS. Then it exploits the fact that BSS’s per-
formance depends on ¢. If ¢, is greater than threshold value
¢1, Ji is stored in set of selected signals .S as a well-separated
signal.

As a DOA estimator, we adopted MUSIC [23], which
utilizes the subspace of a spatial covariance matrix Ry =
23:1 yf,t,kyfw spanned by source signals and noise signals,
where H represents the hermitian transpose. By scanning 0,
DOA can be estimated as follows:

a;(0)

Gk = arg max NSRS
Z e 2 |ez fkaf(0)|2

where a(f) is a steering vector transmitted from direc-
tion 0, Ap s is the eigenvalue of the separated signal and
e .k, -, €C,f,k are the eigenvectors of the noise subspace.

We adopted steering vector a() instead of a(f) derived
from a physical model in a previous work [24] because there is
a mismatch in the spatial properties of an unknown environment
even if we record the impulse responses.
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Algorithm 2 Remixing stored pseudo-target source signals

: Dataset = {0}
: while | Dataset| < N do
{y1, -, ¥k} < Sampling signal(S)
fork=1,..., K do
05, ~ Uniform(—90, 90)
Vi < 8(0k, 0s,) ® ¥k
end for
x' Zszl y
9:  Dataset + Dataset U {{x,y1, ...
10: end while
11: return Dataset

1
2
3
4
5:
6
7
8

YK}

3.2. Remixing step

The remixing step consists of three parts: sampling the stored
signals, resampling DOA, and remixing the mixture signals (Al-
gorithm 2). In this step, we generate N pairs of pseudo-target
source signals and their mixtures from the selection step’s re-
sult. First, we sampled k well-separated signals N time as
the pseudo-targets from the selected signals S. Second, by
resampling the DOA described below, DOA convert functions
g(0k,0s,) € C° are convoluted with each signal. Here 6, and
05, are the estimated DOA and its resampled value, and ® rep-
resented in Algorithm 2 is an element-wise product. This func-
tion converts the DOA of y’ from 0 to 0, . Finally, the remixed
mixture is generated as a sum of K signals. The pairs of K
pseudo-targets and the mixtures are used as a training dataset.

If sound only comes from certain directions, fewer signals
with a particular DOA are stored in the selection step. To in-
crease the variety of the DOA of the source signals that com-
pose the remixed mixture signal, we introduce resampling of
the DOA and DOA convert function g(ék, 0s,,). This process
allows the generated training dataset to include a mixture com-
posed of sources with various angular differences. It allows the
deep separation models to efficiently learn the spectral and spa-
tial information. This method can be regarded as an applica-
tion of the spatial normalization that was introduced [25] to data
augmentation. g(ék, 05, ) is denoted as follows:

g(ék795k) :5f(05k)®5f(ék)7 (11)

where @ is an element-wise division and &z (0) is a same steer-
ing vector of MUSIC. Since this steering vector is derived
only from phase differences, g(ék, 05, ) does not significantly
change spatial properties of the room impulse response con-
voluted with the source signals except the DOA. g(ék,esk)
normalizes the original DOA by the denominator and converts
DOA to 0, by the numerator.



Table 1: Separation performance of each condition: All columns of evaluation metrics are averages of test data. Each column of
evaluation metrics represents average performance for ¢. The fourth column represents amount of selected signals in selection step.

. Amount of SDR [dB] PESQ
Method ¢ | Resampling | (.o ted signals | ¢ <45° | 6> 45° | Towl | § <45° | 6 > 45° | Towl
60° v 44.5% 6.27 6.91 6.63 1.86 195 | 191
75° v 37.4% 7.06 10.04 | 8.77 1.97 2.24 | 2.12
Proposed 90° v 28.9% 6.74 8.90 8.21 1.92 2.15 | 2.03
105° v 19.2% 6.31 7.95 7.25 1.89 2.08 | 2.00
s T T T T T T 37.4% | 720 | 817 | 776 | " 190 | 201 | 197
Single-channel [16] - - 100.0% 3.48 3.60 3.54 1.72 1.72 | 1.72
Multi-channel [16] - - 100.0% 1.96 7.53 5.15 1.71 2.10 | 1.93
cACGMM [6] - - - 2.11 7.52 5.21 1.72 211 | 1.94
Supervised - - 100.0% 9.87 12.03 | 11.56 2.18 247 | 236
4. Experiments 14 il g
4.1. Configuration 12 [Supeniced]
We conducted experiments with mixtures composed of two 510 /| Multi-channel
sources. We made a dataset by convoluting the dry source 5 8 )
signals of Japanese Newspaper Article Sentences (JNAS)' and 2 6 _ Proposed
the impulzse responses of the Multi-channel Impulse Response 4 without resamping
Database”. JNAS includes speech from newspapers read by .
people of various ages and both genders. All signals were 2
15 30 45 60 75 90 105 120 135 150 165 180

downsampled to 8000 Hz. The DOA degree ranged from —90°
to 90° with a resolution of 15°. The impulse response pairs
were sampled randomly and not in completely the same direc-
tion. We used the impulse responses of two center microphones.
The reverberant time was 160 ms. The distance between the
microphones and the speakers was 1 meter. The whole mixture
was split into 23 hours, 5.9 hours, and a 3.5-hour ratio for train-
ing, valid, and test data. Each signal that composed a mixture
was randomly weighted from +5 to -5 dB. Gaussian noise was
randomly added to all the mixtures from 20 to 30 dB. In any
process with a Short Time Fourier Transform (STFT), we used
a 32-ms Hann window and 8-ms hops.

We adopted a simple LSTM-based deep separation model.
The input was a multi-channel log magnitude and cosIPD and
sinIPD of two microphones. The loss function was PIT (Eq. 4).
We had two Bidirectional Long-Short Term Memory (BLSTM)
layers, each of which had 600 units for each direction. BLSTM
was followed by a linear layer and a softmax function. The op-
timizer was Adam [26]. The learning ratio was 1.0 X 104, and
the minibatch size was 64. The training was stopped when the
minimum validation loss was not updated for ten consecutive
epochs.

We set several threshold values ¢ = 60°,75°,90°, 105°
for selecting well-separated signals. We generated the same
amount of training data as the original training mixtures for our
proposed method. Note the difference in the amount of pseudo-
targets used for learning. In resampling the DOA, the degree
was sampled from the same distribution as the original DOA.
The resolution of MUSIC was 1°. To solve cACGMM’s fre-
quency permutation problem, we used an external permutation
solver’. The number of cACGMM'’s EM iterations was 40. To
identify the effect of resampling the DOA, we trained a deep
separation model without resampling with ¢ = 75°

The evaluation metrics are the Signal-to-Distortion Ratio
(SDR) [27] and the Perceptual Evaluation of Speech Qual-

"http://research.nii.ac.jp/src/JNAS html
Zhttps://www.iks.rwth-aachen.de/en/research/tools-

downloads/databases/multi-channel-impulse-response-database/
3Tt was implemented in https://github.com/fgnt/pb_bss
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¢ [degree]

Figure 2: SDR by ¢: Blue and yellow lines represent our pro-
posed method of ¢r 75° Performances of supervised and
our method have similar tendency.

ity (PESQ) [28]. The baseline is cACGMM, a single-channel
model, and a multi-channel model trained by a previous method
[16].

4.2. Result and Discussion

Table 1 shows the experimental results of each method for SDR
and PESQ. In terms of the total average of PESQ, our proposed
method of ¢ = 75° was the best. Compared with ¢ = 60°,
we found that the separated signals with ¢ < 60° were inappro-
priate for training. In contrast, the results of ¢ = 90°,105°
show that even useful signals for training were removed. In
terms of ¢ > 45° of SDR and PESQ, we found that resam-
pling DOA allowed the deep separation model to learn spatial
information by comparing rows 2 and 5.

Figure 2 shows the relationship between SDR and ¢. Al-
though the performance of the baseline multi-channel model
is lower than the single-channel model in ¢ < 90°, our pro-
posed method outperformed the single-channel model, even if
¢ = 15°, since the selection step allows the separation model
to learn the spectral information. Our proposed method’s model
performance was monotonically increased to ¢ = 165° be-
cause the model learned spatial information and outperformed
cACGMM and the baseline multi-channel model by about 2 dB
for any ¢. This difference was derived from whether the model
uses spectral information.

5. Conclusion

We proposed a simple and easy-to-apply unsupervised training
method for multi-channel deep separation models. Our future
work apply our proposed method to a real environment includ-
ing long reverberations or complex noise patterns, which de-
grade the separation performance.
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