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Abstract

Speech separation is a task of separating single signals from the given mixture of multiple speakers.

Speech separation systems are trained on artificial mixtures generated from single speaker’s
signals. These signals are then used as targets for the training. Neural networks trained this
way work well on artificial data but they often fail on real-world examples. To improve their
behavior on real-world mixtures it is possible to use training data augmentations for example noise
addition. Nevertheless, the power of these augmentations is limited as they have to be manually
designed. Using generative adversarial networks (GAN) could improve this process by generating
augmentations for data depending on the success of confusing the separation system using these
data. Speech separation could be then made more and more robust with each generator and
separator training step.

This paper describes experiments that are used to find the right parameters and their combination
for the GAN model training. Although the experiments do not yet lead to a more robust speech
separation, they provide an analysis of the pitfalls of training the GAN, which is the necessary
first step towards a successful system. These experiments show that training the GAN model to
the stable state is difficult by adjusting the exact number of batches, after which the separator
and generator training is switched. On the other hand, adjusting the to-be-achieved scores of the

generator or separator training move could work much better and train the GAN model properly.

Other experiments have to be done to prove the correctness of these parameters and their settings.
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be trained on the mixed signals for which single sig-

nals are well known. For real-world mixtures, single-
Speech separation systems are useful as a pre-process-  speaker signals are usually unavailable, and thus it is
ing for speech recognition systems which often fail on  necessary to use artificial mixtures. This leads to a
more overlapped speech. In these cases, the speech sep-  problem with bad performance of speech separation
aration system could improve the result of the recog-  systems on the real-world mixtures. This creates the
nition system by separating individual signals from  need to make the speech separation systems more ro-

the mixed speech. However, as speech separation sys-  bust towards the real-world mixtures.
tems today are based on neural networks, they need to
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The more robust speech separation system could
be achieved by using different data augmentations
on the training data. Classic data augmentations are
performed by well-known methods, that are more de-
scribed in Section 3. The disadvantage of these meth-
ods is that they do not cover all possible augmentations
and each new augmentation needs to be manually de-
signed. Generative adversarial networks could be used
to perform data augmentations for speech separation
systems automatically. Their advantage is that they can
generate augmentations depending on the response of
the speech separation system.

In this paper, a modified version of the generative
adversarial network is used. It consists of the generator
network generating the augmentations, the separator
network that should be trained to be more robust, and
the similarity loss function that constraints the genera-
tor network. The Separator network and the similarity
loss function represent the discriminator role. For both
networks, the ConvTasNet [1] architecture (with dif-
ferent parameters) has been used.

This section introduces the speech separation task and
the way neural networks are used to tackle it.

2.1 Speech separation task

The speech separation task could be explained as a
Cocktail party problem. Imagine a cocktail party where
a lot of people talk over each other. The listener present
at the party is trying to focus on one specific speech.
The human ear and brain are well adapted to solve
this task, but for computer systems, it is very difficult.
More formally, there is a mixture defined as:

N
V= Z St,n (D
n=1

where y; is the mixture to be separated, s;, is the
speech signal of a single speaker or noise, ¢ is the
time index, 7 is the source index, and N is the number
of sources. The main task in speech separation is to
reconstruct signals s; , from the mixture y, with no
information about the signals s; .

In the past, there were attempts to solve this task
with classical methods such as principal component
analysis [2] or independent component analysis [3].
These classical methods usually work well when the
task is greatly simplified, but they fail when silent
blocks, echoes, and delays are present. Nowadays
neural networks are used for speech separation tasks

and they work well. The most used neural network
architectures are convolutional neural networks and
recurrent neural networks.

2.2 Training neural networks for speech sepa-
ration

Neural network is used to estimate the single signals

from the given mixture. During training, estimated

signals are compared with the known original ones us-

ing the scale-invariant signal-to-noise-ratio (SI-SNR)

function [4], which is defined as:

. (5,55

Starget *= 5 (2)
5l
Enoise =5 — Etarget 3)
- 2
A N
SI-SNR(5,5) := 10 log,, H ()
noise

where 5§ € R'7 is the estimated source. § € R!*7
is the original source signal used as the target. The
|5]|* = (5,5) denotes the signal power, where (5,5)
denotes the dot product between estimated and original
source. The function is scale-invariant because the
scale of the estimated signal does not influence the
result. The neural network is trained to maximize this
function.

The neural network estimates the N separated sig-
nals from the given mixture to the N outputs. Never-
theless the neural network can output the signals of
individual speakers in any order. This gives rise to a
permutation problem.

Lpi7(S,8)
—
2 W
S(y)@ radira = =
y 51,52 $1,52

L

Figure 1. Example of permutation invariant training
(PIT) with two estimated outputs by neural network in
the orange dotted boxes and two ground truth targets
on the right from them. PIT compares estimations and
ground truth in all permutations and chooses the
permutation with the best result.

The solution is the permutation invariant training
(PIT) method [5] shown in Figure 1. This method
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computes the loss function between all permutations
of original and estimated signals. The best-computed
value corresponds to the right permutation of the es-
timated outputs and this value is also used for the
training of the neural network. This method is defined
as:

27"'7§N:y(y)

Zb
Ll

; (5)

A N A

lpir(S,8) = min )| —SI-SNR (55, ,5;)  (6)
i i=1 '

where . (¥) is separator function, that estimates sepa-
rated signal as outputs from the given mixture y. These
signals are represented by vectors 51,82, ,EA'N. The
lp,T(S,S) function takes two parameters: S, which
is matrix of vectors of target signals and matrix S,
which consists of vectors of estimated separated sig-
nals. Variable N represents the number of single speak-
ers present in the mixture. Permutation o; ; is the index
of j-th target signal in the i-th permutation of target
vectors given by the matrix S.

To train the speech separation system on real-world
mixtures is really difficult as it is hard to obtain single
speech signals from them. Therefore, the artificial
mixtures are used instead with known single speech
signals.

Using solely artificial mixtures during training usu-
ally leads to worse system results on real-world mix-
tures. Real-world mixtures contain echoes, noises, and
reverberations obtained from real-world spaces like
concert halls, public places, congress rooms, airports,
etc. The neural network does not experience all the
variety during training, so it often leads to improper
separation of the speech signals.

To prevent the neural network from confusion there
are methods to make the speech separation system
more robust. The common way is to use data augmen-
tations for the training data. There are many classical
data augmentations [6] such as polarity inversion aug-
mentation, frequency filters, decreasing or increasing
the volume, adding noises, adding reverberation etc.

3.1 Generative adversarial networks

The above mentioned data augmentation methods are
well known and they help the speech separation sys-
tem to work better on real-world data. These methods,
however, can not cover all the features of real-world
mixtures, so there is a potential to use generative ad-
versarial networks (GAN).

The principle of a GAN models is to use two neural
networks, where the first one is used as the generator
and the second one is used as the discriminator. These
two networks are then trained by playing a min-max
game against each other. This principle is slightly mod-
ified in this paper. There are also two neural networks:
the first one is the generator network, which takes an
artificial mixture signal as input and provides an aug-
mented signal, while the second network is the speech
separation neural network which should be made ro-
bust. The basic idea is to make speech separation
more robust epoch by epoch by generating better and
better-generated data augmentations. These generated
augmentations are constrained by maximizing the sim-
ilarity between the original mixture and the augmented
mixture.

The training of GAN model consists of two steps:

1. Generator training, which is shown in Figure 2.
The weights of the separator network are locked.
Mixtures are given to the generator network,
which generates the augmented mixtures on the
output. Augmented mixtures are then submitted
to a separator network, which provides separated
signals. The /p;r loss function which is defined
in Equitation 6 is then computed between the
separated signals and the target ones while the
generator is trained to maximize it. In parallel,
the SI-SNR is computed between the augmented
mixtures and the original ones, which gives a
similarity value the generator tries to maximize.
This is necessary to prevent the generator from
completely destroying the information in the
mixture. The loss value used for training of the
generator network is computed as a weighted
sum of the similarity value and the separator loss
value, which is defined as:

§=9() @)
Xsim = —SI-SNR(¥, §) (8)
Xsep = lpit(svy(g)) “

—

lgen (gayv S) = —Wsep * Xsep + Wsim * Xsim (10)

where g is the generated augmented mixture by
the generator function ¢ (¥), which takes mix-
ture y as an input. The xgin, is the similarity value
computed by the SI-SNR function between the
generated augmented mixture g and the original
mixture . The x,p is the value computed by
the PIT loss function between the target signals
in the matrix S and the separated signals by the
separator function .7(g), that takes the gener-
ated augmented mixture g as an input. Then
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the generator loss function (g,,S), which takes
the generated augmented mixture g, the original
mixture ¥ and the matrix of the target signals S
as an input is computed by the weighted sum
of the similarity x5y, and the xp, values. The
weights are set by the parameters wgep, which
sets the importance of the separator loss, and
Wsim, Which sets the importance of the similarity
value in the generator loss function.

2. Separator training, which is shown in Figure 3.
The weights of the generator network are locked
in this step. The separator neural network is
trained in the classical speech separation way,
but it receives a certain amount of augmented
mixtures, for example, 50%. The ratio of the
augmented mixtures will be denoted as r,y,. In
this step, the separator network is trained to han-
dle the augmented mixtures to be more robust.

‘EPIT(g)’.’)_;'S) ’EP[T(S §)
SI-SNR(S, S)
5.5 20
y 4

Figure 2. Architecture of generative adversarial
network training used in this paper. This figure shows
the step where the generator is trained.
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Figure 3. Architecture of generative adversarial
network training used in this paper. This figure shows
the step where the separator is trained.

3.2 Problems with generative adversarial net-
works

There are several problems with training GAN mod-
els [7]. The first of them is non-convergence, which
means that the GAN weights oscillate and never con-
verge to the one best state. The second problem is
mode collapse, where GAN is collapsing to the few
generating modes. For example, the model which is
trained to generate numbers only generates numbers
two and five. Another problem is called diminished
gradient. In this problem, the discriminator gets too
successful so the generator is unable to learn anything.
In this paper, we experienced a problem with the im-
balance between the separator and generator networks.
The imbalance problem and the problem of finding the
right parameters are described in Section 4 in a more
detailed manner.

Another problem that appears when training the
separator together with the generator is the right choice
of the best model. In the classical neural networks
training methods, the best model is chosen depending
on the best cross-validation loss value during the train-
ing. This is not applicable in this paper. It is necessary
to find the right separator model, which works well on
both the original and the augmented data. The gener-
ated augmentations are changing during the training
due to the changes in the generator. Therefore, it is not
possible to compare the validation loss values through
separator models from different epochs. This causes a
problem with the best separator network selection.

The solution is to save generator and separator
models from each epoch during training. They can
be used to generate augmented mixtures by randomly
choosing a generator from a uniform distribution for
each mixture of the cross-validation set. Thus aug-
mented mixtures now represent all possible augmen-
tations learned during training. Now it is necessary
to choose the right separator, which will be the most
robust one. This task could be achieved by evaluating
each separator on mentioned augmented mixtures. The
separator with the best evaluation result should be the
most robust one.

4. Experiments

Experiments with a generative adversarial network
used to make the speech separation more robust are
performed with the setup described below. The first
experiments try to find the applicable combinations
of parameters, which do not lead to one of the GAN
training problems.
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Figure 4. ConvTasNet neural network architecture. Image adapted from [1]

4.1 Dataset

Experiments are provided on the Wall Street Journal
dataset (WSJ) [8]. It consists of three parts, which
contain training, cross-validation, and testing data.
The dataset contains both mixtures and parallel single-
speaker recordings. Speakers are randomly mixed with
various signal-to-noise ratios (SNR) between 0 dB and
5 dB. For training there are 20000 mixtures correspond-
ing to 30 hours, for cross-validation, there are 5000
mixtures corresponding to 10 hours, and there are 3000
mixtures corresponding to 5 hours for testing.

The second dataset used in the experiment is WSJO
Hipster Ambient Mixtures (WHAM) [9]. This dataset
pairs each two-speaker mixture in the WSJ dataset
with the unique noise background scene. The sizes
of training, cross-validation, and testing parts are the
same as in the raw WSJ dataset.

4.2 ConvTasNet

The neural network architecture used for both networks
(separator and generator) is ConvTasNet [10]. This
architecture consists of three parts as it is shown in
Figure 4.

The first part is the encoder which consists of one
convolutional layer. This layer takes the mixture signal
as an input and provides pseudo short-time Fourier
transform (STFT) transformation of the given signal.
An encoded signal is then given to the second part of
the architecture.

This part is called separator and provides separa-
tion as the name reveals. The separation part consists
of the blocks of the convolutional layers that are ap-
plied to the larger and larger context. The output of

this part is a series of masks for each speaker. These
masks are applied to the encoded signal and given to
the last part, decoder, as an input.

The decoder part consists of one convolutional
layer like the encoder part. The task of this part is to
reassemble the signal from the encoded pseudo STFT
format. Parameters of the ConvTasNet are shown in
Table 1. The table also shows the parameter values for
the generator and separator neural networks used in
the experiments.

4.3 Initial separator and generator networks
setups

The separator network used for training has been pre-

trained on one of the above mentioned datasets or their

combination. So there are three separator networks

used in experiments, each pretrained on one of them.

The baseline pretrained scores are shown in Table 2. 2

From the given results it is obvious that the WHAM
dataset is much more difficult than the WSJ. This is
caused by the noises added to the mixtures. If the sys-
tem is trained on the WSJ and tested on the WHAM,
then the results are quite poor.

The generator network is much smaller than the
separator one and it has been pretrained for the self-
identity task. Since the aim of the GAN training is
not to train the encoder and decoder parts of the Con-
vTasNet, pretraining the self-identity task removes the
encoder and decoder training problem.

4.4 Adjustable parameters

The first task of the experiments is to find the right
combination of parameters that will train GAN prop-
erly. The adjustable parameters are:
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Table 1. Hyperparameters of the ConvTasNet network [1]

Symbol Description Generator | Separator
F Number of filters in autoencoder 128 128
L Length of the filters (in samples) 40 40
B Number of channels in bottleneck 128 128
and the residual paths’ 1 x 1-conv blocks
’ H Number of channels in convolutional blocks 192 192
P Kernel size in convolutional blocks 3 3
X Number of convolutional blocks in each repeat 3 7
R Number of repeats 1 3
o Number of outputs 1 2

Table 2. Baseline results of pretrained separator
neural networks. Results are computed by SI-SNR
loss function using PIT method. Datasets in rows are
the training ones. Testing datasets are in columns.

WSJ | WHAM
WSJ 12.46| -2.99
WHAM 9.04 | 6.09
WSJ+ WHAM |12.34| 6.45

* Separator loss weight wgep, which sets the impor-
tance of the separator loss in generator training.
The generator training loss function is defined
by Equation 10. The separator loss value is com-
puted during generator training on the generated
augmented mixtures. The generator is trained to
maximize the separator loss in order to confuse
the separator as much as possible.

* Similarity loss weight wg;,, is used to indicate
the importance of the similarity between the
generated augmented mixture and the original
one. This loss function is also computed during
training and its role is to constrict the generator
so that it would not generate complete nonsense.

GAN model is switching between the separator
and generator training during each epoch. Two param-
eters control this:

* Separator batch cap csep, Which sets how many
batches will be used in separator training turn.

* Generator batch cap cgeq, Which sets how many
batches will be used in generator training turn.

For example, when ¢, and cge, are set to 10, the
generator will be trained on the first ten batches. After
this, the training is switched to the separator training,
which uses other ten batches and then switches back.
The number of batches for each model can significantly
influence the training and these parameters are difficult
to set properly.

The last two adjustable parameters are the ratio of
the augmented mixtures during the separator training

Taug and the similarity loss SI-SNR cap ¢, which
sets the value that is used to clip the similarity loss to

a maximum value. This serves to prevent the similar- :

ity function to be too strong in comparison with the
separator loss function results.

4.5 Initial experiment

The initial experiment is set with following parameters: 32:

* Weep and wgim = 1.0,
* Cyep and cgen = 10,

* raug = 0.5 and

® Csim = 40.

The purpose of the initial experiment was to in- :

spect the basic behavior of the loss functions during
the training. The results are shown in Figure 5. The
separator loss function curve shows that the generator
network managed to completely confuse the separator

network. Although this is the task of the generator, 33:

in this case, the generator completely dominated the
training to the point that the separator was unable to
adapt to the augmented mixtures. The strength of the
generator network is possibly caused by:

1. Too much emphasis on the separator network
confusion, which could be adjusted by the pa-
rameters wgep and wgiy,. These adjustments will
be examined in Section 4.6, or

2. Too much training space for the generator net- :

work, which could be adjusted by the parameters
Cgen and cgep. These adjustments will be exam-
ined in Section 4.7.

4.6 Generator loss weights

The base experiments lead to the imbalance between
the generator and separator network. There is a chance
to solve this imbalance problem by finding the correct
weights weep and wijm.

Therefore, other experiments are set with different
combinations of values of the weight parameters. Thus
the separator weight wye, value is reduced by tenths
to 0.1 with similarity weight wg, locked at 1.0. This
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Figure 5. Training curves of the separator and
similarity loss computed during the generator training
move each epoch. These curves shows collapse of the
GAN model with initial parameters setting to the
imbalance state, where the generator is too strong for
the separator.

could reduce the generator strength and help to a better
system balance.

Experiments collapse to two modes, where the
generator network:

1. Is too strong and overwhelms the separator net-
work, or

2. Generates very similar mixtures to the original
ones and does not make any changes.

The first mode is achieved when the cep, is above
the value 0.5 as shown by the orange curves in Fig-
ure 6. Lower values collapse to the second mode,
where the similarity loss function has a big influence
on the generator as it is shown by the blue curves in
Figure 6.
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Figure 6. Training curves of the separator and
similarity loss computed during the generator training
move each epoch. These curves show the collapse of
the GAN model with wg., = 0.7 to the imbalance
state, where the generator is too strong for the
separator.

4.7 Separator and generator batch caps

Another idea is to solve the collapsing to the first mode

by the right combination of the separator and genera- 37:

tor batch cap parameter values. The main issue is that

the generator confuses the separator too much. There- 37

fore, increasing the separator batch cap ce, could help

the separator to better adapt to the augmented mix- :

tures. The fixed value wye, = 0.7 was used in batch
cap experiments. This value has been chosen because
although the system with these settings collapses to
the first mode, it reduces the impact of the separator

loss function on the generator. The cgep value is incre- -

mented by the unit. Nevertheless, the system does not
stabilize again, it collapses to the second mode when
the cgp >= 13 as it is shown by the blue curves in

376



Figure 7. With lower values of cep, the system stands
in the first collapse mode as it is shown by the orange
curves in Figure 7. Therefore, it means that the batch
cap parameters are not distinguished finely enough.
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Figure 7. Training curves of the separator and
similarity loss computed during the generator training
move each epoch. The blue curves show the collapse
of the GAN model with ¢,., = 12 to the imbalance
state, where the generator does not generate any
augmentations. The orange curves show the collapse
of the GAN model with ¢,., = 13 to the imbalance
state, where the generator is too strong for the
separator.

4.8 Automatic separator and generator batch
caps
After these experiments, it turned out that adjusting the
batch caps cep and cgim 1s not enough to stabilize the
training. The constant batch cap values still lead to one
of the two collapse modes described in Section 4.6,
i.e. one of the models is too strong while the other
does not learn anything. Here, we explore another way

to balance the training, where the number of batches
for each model is adjusted dynamically, based on the
SI-SNR value of the separator. The generator is thus
trained until the separator gains loss values higher than
parameter Cgsnreen and the separator is trained until the
separator does not achieve a loss value higher than
parameter Cgyrsep ON the augmented mixtures.

Experiments using this method are initially set
with parameters:

« Weep =0.6,0.7,0.9
* Wgim = 1.0,

® Csnrgen = 0

® Csnrsep = 5.0,
* raug = 0.5 and
® Csim = 20.

The cgim value follows the knowledge from the pre-
vious experiment, where the similarity values around
the 40dB overweight values of the separator loss func-
tion during the generator training. These experiments
use the pretrained separator model on the WSJ dataset.
From training curves shown in Figure 8 it is evident,
that systems trained by using this method do no longer
collapse to the modes mentioned in Section 4.6. The
training curve that stands for the level of the separator
confusion converges to the value set by the parame-
ter Csnrgen. The second chart shows that the training
curve of the separator gained values on the augmented
data, which converges to the value set by the parameter

Csnrsep-

4.9 Final results
The best-trained separator model has to be found. This
is provided by generating augmented mixtures by ran-

domly chosen trained generators. Then each tenth sep- -

arator model is evaluated on all generated augmented
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mixtures. The model with the best result is then cho- 432

sen for the evaluation using the test data. The results
of the separator selection are shown in Figure 9. The
first chart shows the overall results of each evaluated
separator model. The bar charts show how the separa-
tor was successful on the generated augmentations by
each generator. Bars represent groups of generators,
which are grouped by their epoch number.

The separator with the best score is chosen as the
best one. This separator is then evaluated on the WSJ
and WHAM datasets. The results are shown in Table 3.
They show that the trained GAN model with the above

mentioned parameters setting does not train the separa- -

tor to be more robust. This is tested by evaluating the
best separator model on the testing part of the WHAM
dataset. The SI-SNR result achieved by the separator
model pretrained on the WSJ dataset is similar to the
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Figure 8. The training curve of the separator loss
computed during the generator training moves each
epoch and the training curve of the computed
separator loss function during the separator training
on the augmented mixtures. These curves show, that
the curves converge to the set parameters Cgprgen and
Csnrsep- The Csnrsep parameter value is inverted during
the training.

model trained by the GAN, when evaluating on both
the WSJ and WHAM datasets. There are three exper-
iments using different separator weights, but none of
them has achieved better results. Further experiment-
ing is to be done to examine if there is any parameters
settings combination that leads to better final results.

This paper investigates the usage of generative net-
works to automatically augment training data for speech
separation systems. This could replace manually de-
signed data augmentation methods and make the speech
separation system more robust.

Table 3. Final results of the experiments with
automated cgen and cgep parameter settings. In first
column there are different wge, parameter settings.
Other columns represent results from the evaluation
on the tested part of the WSJ or WHAM dataset. The
columns with original annotation contain evaluation
results of the raw pretrained separator model on the
WSJ dataset. The columns with the augmented
annotation contain the evaluation results of the best
separator model chosen from the GAN training.

WSJ | WSJ [WHAM | WHAM
original | robust | original | robust
weep = 0.6 12,46 | 12.18 ] -2.99 | -2.89
wsep =0.7] 1246 | 11.95] -2.99 | -2.78
weep = 0.9 12,46 | 11.36 | -2.99 | -3.05

The main obstacle to training such a system is find-
ing the correct parameters. These parameters should
be chosen experimentally. The presented experiments
show, that the system collapses to the two modes.
Other experiments are set to solve this collapsing show
that adjusting exactly the amount of the training space,
which is given for both separator and generator net-
works during the training epoch is ineffective. There-
fore, it is better to use the automated adjusting method
of the amount of the training space. The automated
method sets the goals of the generator and separator
networks that should be achieved by each of them
during their training turn.

The model using this automated method no longer
collapses to one of the instability modes. However, as
the final results reveal it does not train the separator net-
work to be more robust properly. Further experiments
have to be done to find the right parameters combina-
tion, that will train the separator network to be more
robust. Adjusting the weight of the similarity function
or different values of the generator and separator goals
parameters could improve these results.

If such a parameters combination will be discov-
ered, it will fit only for the current model with current
settings and the current dataset. If there will be any
change in of those three things, it is necessary to find
the right parameters combination again. Therefore, the
GAN parameters are very sensitive, it is very difficult
to find such a combination. Nevertheless it is possible
to use some algorithms to find the right parameters
such as evolutionary algorithms [11] or bayesian hy-
perparameter optimization [12]. If these methods will
work how they should then the using a GAN to make
speech separation system robust could be used widely.
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Figure 9. Results from finding the best separator model from trained GAN with parameter wge, = 0.7. The first
chart shows the SI-SNR means of evaluated separators. The other charts show the results on generated
augmented mixtures of the separator models from the each selected epoch
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