
Efficient and Stable Adversarial Learning Using Unpaired Data for
Unsupervised Multichannel Speech Separation

Yu Nakagome1, Masahito Togami2, Tetsuji Ogawa1, Tetsunori Kobayashi1

1Department of Communications and Computer Engineering, Waseda University, Tokyo, Japan
2LINE Corporation, Tokyo, Japan
nakagome@pcl.cs.waseda.ac.jp

Abstract
This study presents a framework to enable efficient and stable
adversarial learning of unsupervised multichannel source sepa-
ration models. When the paired data, i.e., the mixture and the
corresponding clean speech, are not available for training, it is
promising to exploit generative adversarial networks (GANs),
where a source separation system is treated as a generator and
trained to bring the distribution of the separated (fake) speech
closer to that of the clean (real) speech. The separated speech,
however, contains many errors, especially when the system is
trained unsupervised and can be easily distinguished from the
clean speech. A real/fake binary discriminator therefore will
stop the adversarial learning process unreasonably early. This
study aims to balance the convergence of the generator and dis-
criminator to achieve efficient and stable learning. For that
purpose, the autoencoder-based discriminator and more stable
adversarial loss, which are designed in boundary equilibrium
GAN (BEGAN), are introduced. In addition, generator-specific
distortions are added to real examples so that the models can
be trained to focus only on source separation. Experimental
comparisons demonstrated that the present stabilizing learning
techniques improved the performance of multiple unsupervised
source separation systems.
Index Terms: unpaired data, boundary equilibrium genera-
tive adversarial network, unsupervised training, multichannel
speech separation

1. Introduction
Speech source separation [1, 2] has played an important role in
communication robots, automatic speech recognition systems,
automatic diarization systems, and hands-free communication
systems. In recent years, supervised source separation methods
using deep neural network (DNN), such as Deep clustering [3]
and permutation invariant learning [4, 5], and hybrid methods
consisting of DNNs and blind source separation based on prob-
abilistic statistical models [6, 7] have shown to achieve excel-
lent separation performance due to the high expressive power of
DNNs. This approach generally aims to train a DNN that yields
a time-frequency (TF) mask for extracting the corresponding
sound source. Although this approach can capture complicated
spectral characteristics of a speech source, it requires a large
amount of paired data composed of the observed mixed signal
and supervisory clean signal. It should be noted that collect-
ing such clean signals in a real environment is infeasible. The
paired data therefore have been created by simulation, such as
the image method [8]. Consideration of all possible types of
sound sources and room shapes in our daily lives for robust
training, however, is troublesome work. For practical use of
source separation systems, it is desirable to use only the micro-
phone observations (i.e., not require oracle clean signals) for
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Figure 1: Overview of proposed stable adversarial training
of speech separation network using unpaired data. Unsuper-
vised speech separation system is treated as generator (G), and
trained by using adversarial loss designed for boundary equi-
librium generative adversarial network (BEGAN) [9], where
autoencoder is applied to discriminator (D) instead of general
real/fake binary discriminator, for efficient and stable learning.

training DNNs.
The present study therefore focuses on unsupervised train-

ing of speech separation models using available clean speech
(hereafter referred to as “unpaired data”) rather than oracle
clean speech corresponding to mixed sounds. Adversarial learn-
ing, in which the source separation network is trained so that the
distribution of the separated (fake) signals is close to the distri-
bution of the clean (real) speech, is well suited for this purpose.
Existing adversarial network-based source separation models
have shown to be effective but generally been constructed using
paired data [10–16]. The performance of unsupervised source
separation systems, however, is not as good as that of super-
vised source separation systems that can use paired data, and
their output is likely to contain many errors. In this case, since
the separated (fake) speech differs significantly from the clean
(real) speech, the real/fake binary discriminator can easily dis-
criminate between the two, so the discriminator training stops
at its early stage, and as a result, the generator training does not
progress. It thus is difficult to balance the convergence of the
generator and discriminator, when using the general real/fake
discriminator, especially in unsupervised speech source separa-
tion.

In contrast, in order to stabilize adversarial learning even
when using unpaired data with large differences for unsuper-
vised training, the present study attempts to i) introduce a dis-
criminator and a loss function to enable stable learning and
to ii) add reasonable noise to the real examples (see Fig. 1).
First, we use an autoencoder-based discriminator, instead of the
real/fake binary discriminator, and more stable adversarial loss,
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which are designed in boundary equilibrium generative adver-
sarial network (BEGAN) [9] and has been shown to be capa-
ble of converging GANs efficiently and stably. In BEGAN, the
autoencoder-based discriminator aims to solve the problem of
reconstructing the signal. Weighting the losses in the discrim-
inator by the reconstruction error facilitates the elimination of
the imbalance in learning between the two. Our second pro-
posal is to add reasonable noise to the real example to fur-
ther stabilize adversarial learning. The output of the generator
(i.e., source separation system) contains the separation errors
and the processing distortions inherent to the generator. Here,
the generator-specific distortion is added to the unpaired clean
speech (i.e., real example) and the result is fed into the discrim-
inator. By doing so, the difference between the real and fake
example is reduced and the learning process can be stabilized.
More importantly, the model can be trained to focus on speech
source separation rather than distortion reduction.

The rest of the present paper is organized as follows. Sec-
tion 2 presents existing works and their relevance to the pro-
posed method. Section 3 describes the proposed speech sepa-
ration framework based on generative adversarial network with
unpaired data. Section 4 demonstrates the effectiveness of the
proposed method on multichannel speech separation. Section 5
concludes this paper.

2. Related works
This section surveys the literature on unsupervised training
methods of neural speech separators and GAN-based speech en-
hancement and separation methods.

2.1. Unsupervised training of neural separators

Several attempts have been made to train neural speech sepa-
rators in unsupervised manners [17–22]. In [17], a DNN was
directly optimized by using the likelihood function of a spa-
tial model based on cACGMM [23]. Another method attempts
to simultaneously learn a separation network and a localiza-
tion network [18]: the former and the latter aim to estimate a
time-frequency mask and a direction of arrival (DoA) for each
source, respectively, to solve the frequency permutation ambi-
guity. Although these methods have performed well in unsuper-
vised source separation, their performances are limited because
they do not use any prior knowledge such as time-frequency
characteristics of the target source. The present work incor-
porates the adversarial loss into the training of unsupervised
source separation systems to leverage the knowledge on the
characteristics of the target source (i.e., clean speech).

2.2. GAN-based speech enhancement and separation

GAN [24] is a generative model that learns a mapping between
a sample z from a prior distribution Z and sample x from an-
other distribution X . GAN has been successful in the field of
computer vision and speech synthesis (i.e., realistic image and
speech generation). Its great success has been similarly ob-
served in speech enhancement [10–16]. Speech enhancement
GAN (SEGAN) [10] is the pioneering work among them. In
this method, a denoising network that maps noisy speech to
clean speech is regarded as a generator, while a binary clas-
sifier that distinguishes between clean and enhanced speech is
exploited as a discriminator. SEGAN optimizes the min-max
game between the generator (G) and discriminator (D) with the

loss function L as:

min
G

max
D

L(D,G) = Ex∼pdata (x)[logD(x)]+

+ Ez∼pz(z)[log(1−D(G(z)))].
(1)

These methods, however, require a large amount of paired data
(i.e., the observed signal and the corresponding clean signal) to
learn the mapping of the data distribution, which is not feasi-
ble in realistic settings. In addition, most of the existing stud-
ies have focused on speech enhancement or noise suppression,
and not enough attention has been paid to speech separation,
which is more challenging in terms of handling signals contain-
ing sources in the same domain (i.e., simultaneous speech).

Adversarial learning using unpaired data has been applied
to the task of separating singing voice and accompaniment [25].
In this work, a real/fake binary discriminator was exploited and
performed well for stable training. Because of the different na-
ture of singing voice and accompaniment, it is possible that un-
supervised learning could have performed well. On the other
hand, the problem of separating speech from multiple speakers
is more difficult, and adversarial learning based on the binary
discriminator is not likely to be stable. In fact, in our prelim-
inary experiments, the binary discriminator did not work at all
in unsupervised simultaneous speech separation.

3. Stabilizing learning of speech separation
models using unpaired data

This section describes two of our attempts to stabilize adversar-
ial learning: i) the introduction of the BEGAN concept and ii)
the addition of reasonable noise to real examples (i.e., unpaired
clean signals).

3.1. System overview

Figure 2 illustrates an overview of the developed system. Since
the speech separation system obtained by unsupervised learn-
ing contains a relatively large amount of separation errors and
processing distortion, we aim to improve the performance of
the system by bringing its output explicitly closer to the char-
acteristics of clean speech. For this purpose, the speech separa-
tion system to be developed is considered as a generator and is
trained by using the adversarial loss (i.e., to deceive a discrimi-
nator). To stabilize the convergence of the adversarial learning,
an autoencoder-based discriminator is used as in BEGAN, in-
stead of the more general real/fake binary discriminator. We
also add reasonable noise to the real example (i.e., unpaired
clean speech) to further stabilize the learning.

3.2. Generator

The generator is composed of the neural separator and a local
Gaussian model (LGM)-based speech source separator [26,27].
To separate multiple speech sources, the LGM-based speech
source separation assumes that the probability density function
(PDF) of each speech source belongs to a time-varying Gaus-
sian distribution that is represented as:

p(si,l,k) = N (0, vi,l,kRi,k), (2)

where l denotes the frame index, k denotes the frequency index,
si,l,k denotes the i-th source, vi,l,k denotes the time-frequency
variance of the i-th source, and Ri,k denotes the multichannel
spatial covariance matrix of the i-th source. After estimating
the parameter θk = {vi,l,k,Ri,k} by DNN from multichannel
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Figure 2: Structure of proposed stable adversarial training of speech separation network using unpaired data.

observed singnal xi,l,k, a separated source Gi,l,k(x) can be ob-
tained using a time-varying multichannel Wiener filter (MWF)
as:

Gi,l,k(x) = Wi,l,kxi,l,k, (3)

where Wi,l,k denotes the time-varying MWF that is defined as:

Wi,l,k = Ri,l,k

(
Ns∑
í=1

Rí,l,k

)−1

. (4)

Here, the number of sources Ns and the number of speech
sources in the observed signal are assumed to be known.
Among the output signals of the generator, the source with the
index of speech source is input to the discriminator.

The separation network in this generator can be trained in
the unsupervised manner by directly maximising the likelihood
function of the separation parameter [17,18]. The log likelihood
function is calculated as

∑
l log p(xl,k | θk).

3.3. Adversarial loss in BEGAN

Using adversarial loss is a promising option to bring the output
of a speech separation system closer to clean speech. However,
since the output of unsupervised speech separation has a large
difference from clean speech, and the real/fake binary discrimi-
nator can easily determine the difference, the adversarial learn-
ing of the generator can stop early. The present study attempts
to exploit the autoencoder-based discriminator and adversarial
loss designed in BEGAN to achieve stable learning while bal-
ancing the convergence of the generator and discriminator.

The autoencoder-based discriminator takes either the signal
of each source separated by the generator (i.e., fake example)
or a clean signal that is not paired with the mixture (i.e., real
example). The discriminator is trained to minimize the recon-
struction error for the real example while maximizing the error
for the fake example.

Let θD and θG be the parameters for the discriminator and
generator, respectively. These parameters are learned by min-
imizing the corresponding objective functions LD and LG as
follows: LD = L(c)− ktL(G(x)) for θD

LG = L(G(x)) for θG
kt+1 = kt + λk(L(c)− L(G(x)))

(5)

where L(·) denotes the reconstruction error in the discrimina-
tor; G(·), the output signal of the generator; c, the clean speech
signal; x, the multichannel observation signal; and kt, the bal-
ancing term for the losses of the generator and discriminator at

the t-th training step. In addition, λk denotes the learning rate
for k. Here, the reconstruction error L(·) is the mean square
error between the input and output signals. Weighting the loss
function of the discriminator with the balancing term kt avoids
that either the generator or the discriminator always wins and
stopping the DNN training.

Based on the reconstruction error of the clean and separated
speech signals, the convergence of the learning can be deter-
mined. When Mglobal in the following equation approaches
zero, the learning is judged to be converged.

Mglobal = L(c) + |L(c)− L(G(x))|. (6)

3.4. Reasonable noise addition to real examples

Another attempt to stabilize adversarial learning is to add rea-
sonable noise to the real example. One of the goals of doing
so is to stabilize learning by intentionally reducing the differ-
ence between the real example and the fake example. Here,
generator-specific distortions are selected as reasonable noise
and added to the unpaired clean signal (i.e., the real example).
The aim is to enable efficient training of the generator by fo-
cusing on improving the source separation ability rather than
reducing the separation processing distortion.

The generator-specific processing distortions occur mainly
when the Wiener filter is applied. We therefore consider adding
the distortion caused by Wiener filtering to a real clean signal
by the following procedure: i) the real clean speech is super-
imposed with another clean speech and noise; ii) An oracle
time-invariant Wiener filter that extracts the real clean speech
is estimated by using an ideal ratio mask; and iii) the estimated
Wiener filter is applied to the real clean speech. The clean
speech with generator-specific distortions obtained in this way
is taken as an input to the discriminator as a real example.

4. Experiments
To demonstrate the effectiveness of the proposed method, ex-
perimental comparisons were conducted in an environment with
multiple speech sources and diffuse noise.

4.1. Speech materials

The clean speech and the diffuse noise were selected from the
TIMIT corpus [28] and the diverse environments multichannel
acoustic noise database (DEMAND) [29], respectively. To sim-
ulate simultaneous speech, a target and an interference speech
source were placed respectively at one of the 13 directions (-
90◦ to 90◦ at 15◦ intervals) without duplication. Here, the mea-
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Table 1: Performance of existing unsupervised speech separation methods and effectiveness of proposed stable adversarial learning.
Lines with check marks are proposed method. PIT uses paired data, which corresponds to upper bound on performance of systems built
using only unpaired data.

speech separation + BEGAN-based + distortion SDR SIR FWseg.SNR CD PESQ
method adversarial loss addition [dB] [dB] [dB]

Unprocessed -0.80 2.26 7.38 4.78 1.69
5.12 6.29 8.79 4.40 1.78

[17] X 5.51 6.44 8.89 4.36 1.80
X X 5.67 6.52 8.91 4.33 1.81

5.47 8.88 9.15 4.46 2.02
[18] X 5.63 9.16 9.29 4.33 2.03

X X 5.76 9.30 9.35 4.31 2.03
PIT [5] 8.65 10.92 11.56 3.39 2.18

sured impulse responses in the multichannel impulse response
database (MIRD) [30] were convoluted to the aforementioned
dry sources at a signal-to-interference ratio (SIR) of the range
of -5 dB to 5 dB. Then, the diffuse noise was superposed at a
signal-to-noise ratio (SNR) of the range of 20 dB to 30 dB.

A linear microphone array with eight microphones was
used. The microphone spacing was 3-3-3-8-3-3-3 cm, 4-4-4-
8-4-4-4 cm, or 8-8-8-8-8-8-8 cm. The microphone alignment
was assumed to be known to calculate steering vectors used for
an input feature of the DNN. The distance between a speech
source and a microphone was 1 m, and the reverberation time
was randomly set to 0.16 s, 0.36 s, or 0.61 s for each utterance.

The unpaired clean speech that is input to the discriminator
was also selected from the TIMIT corpus. The talkers and ut-
terances were different between the observed speech in training
data, the unpaired clean speech in training data and the observed
speech in testing data. For training, 3000 utterances were used
for each the observed and unpaired signals. For testing, 500
utterances were used.

The sampling rate was 8 kHz, the frame size was 256, and
the frame-shift was 64. The number of frequency bins was 129.

4.2. Neural network architecture

The network architecture for the proposed method was empir-
ically determined. The neural separator in the generator had
three layers of bi-directional long short-term memory (BLSTM)
with 300 units for each direction, followed by one fully con-
nected layer for estimating a time-frequency mask and a time-
frequency activity. The autoencoder in the discriminator had
four convolutional layers for each encoder and decoder, and the
dimensionality of the intermediate feature was 256. In equa-
tion 5, k0 was 0 and λk was 1.0×10−3. All network parameters
were optimized using the Adam optimizer [31]. The learning
rate of the optimizer was 1.0×10−3 and the mini-batch size
was 32.

4.3. Developed systems

We compared the sound quality of unprocessed speech with the
outputs of the following four speech separation systems:

1. the speech separation system trained in the existing un-
supervised manner [17, 18];

2. the speech separation system developed with the
BEGAN-based adversarial training of a generator pre-
trained in the unsupervised manner;

3. the speech separation system developed with the
BEGAN-based adversarial training of a generator pre-

trained in the unsupervised manner and the generator-
specific distortion addition to the real clean signal; and

4. the speech separation system developed with permuta-
tion invariant training [5] of a generator using paired
data.

In this experiment, we applied two existing unsupervised
speech separation schemes: one aims to train a DNN by di-
rectly maximizing the likelihood of the separated signal against
the observed signal [17], and the other aims to solve the fre-
quency permutation ambiguity by jointly training localization
and separation [18].

4.4. Experimental results

The performance of speech source separation was evaluated us-
ing the signal-to-distortion ratio (SDR) and the SIR from BSS-
EVAL [32], the frequency-weighted segmented SNR (FWseg.
SNR), the cepstrum distortion (CD), and the PESQ.

Table 1 lists the effect of stabilizing adversarial learning by
i) introducing the concept of BEGAN and ii) adding process-
ing distortions to unpaired clean speech on the performance of
the source separation system. The results show that regardless
of the base unsupervised source separation methods, the intro-
duction of BEGAN improved the performance for all evaluation
measures, and the introduction of processing distortion further
improved the performance. It can also be seen that these sys-
tems are obtained by unsupervised learning using unpaired data,
and did not reach the performance of source separation systems
built using paired data (i.e, PIT [5]).

5. Conclusions
Attempts were made to stabilize adversarial learning of unsu-
pervised multichannel speech separation models. Using the
autoencoder-based discriminator instead of the general real/fake
binary discriminator enabled stable learning by balancing the
convergence of the generator and discriminator. To further sta-
bilize the learning process, the generator-specific distortion was
added to the real clean speech and fed into the discriminator.
The experimental comparisons demonstrated that the proposed
stabilizing learning techniques performed well in unsupervised
speech separation.
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