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Abstract. Noise comes from a variety of sources in real world, which makes a
lot of non-stationary noises, and it is difficult to find target speech from noisy
auditory signals. Recently, adversarial learning models get attention for its high
performance in the field of noise control, but it has limitation to depend on the
one-to-one mapping between the noisy and the target signals, and unstable
training process due to the various distributions of noise. In this paper, we
propose a novel deep learning model to learn the noise and target speech dis-
tributions at the same time for improving the performance of noise cancellation.
It is composed of two generators to stabilize the training process and two
discriminators to optimize the distributions of noise and target speech, respec-
tively. It helps to compress the distribution over the latent space, because two
distributions from the same source are used simultaneously during adversarial
learning. For the stable learning, one generator is pre-trained with minimum
sample and guides the other generator, so that it can prevent mode collapsing
problem by using prior knowledge. Experiments with the noise speech dataset
composed of 30 speakers and 90 types of noise are conducted with scale-
invariant source-to-noise ratio (SI-SNR) metric. The proposed model shows the
enhanced performance of 7.36, which is 2.13 times better than the state-of-the-
art model. Additional experiment on −10, −5, 0, 5, and 10 dB of the noise
confirms the robustness of the proposed model.
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1 Introduction

All the sounds in ambulances like rescue personnel’s communication with the medical
center are recorded to preserve the situation. Since the loud siren noises of more than
120 dB hinder us from recording and storing the contents of communication, we have
to remove the noise [1]. As illustrated in Fig. 1, the non-stationary noises change the
frequencies quickly, and show the irregular characteristics. Noise cancelation, one of
the major issues in speech enhancement, aims to improve the quality of speech signal
and make the speech understandable to the observer. In order to achieve it in the real
environment where various noises are mixed, we have to eliminate noises with different
distributions and irregularities [2].
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Generative adversarial network (GAN) is recently popular in the field of speech
enhancement due to its powerful performance [3], but the model has tendency to
produce blurred sounds because it works on one-to-one mapping from noisy speech ~xð Þ
to clean speech xð Þ. It has the inherent limitation to deal with the characteristics of non-
stationary noise. In the real environment like ambulances, we have to handle the
various non-stationary noises and mode collapsing problem that can occur in learning
with various distributions of noises and target sounds from various speakers [4].

In this paper, we propose a novel method to overcome the problems of the gen-
erative model mentioned above. In order to prevent the output sound from blurring, an
additional discriminator is designed to guide the distributions of the noise. Unlike the
previous GAN models with only one discriminator, the discriminator which learns the
distribution and characteristics of noise alleviates the problem of blurred sound. To
work out the mode collapsing problem, we utilize a pre-trained generator that guides
the other generator during the adversarial learning. The proposed method is evaluated
with a dataset that randomly mixes the non-stationary noise with clean speech recorded
in the recording studio, in four evaluation scenarios: only validation noise, only vali-
dation speaker, both of them, and training data for test data. The SI-SNR metric is used
for objective numerical evaluation.

2 Related Works

Several methods for noise cancelation are studied in two approaches. One applies
filtering method to remove noise by using threshold and several conditions [5]. Basi-
cally, there is a limitation that a specific noise cannot be removed which is not set at the
design time, resulting in the difficulty to remove the irregularly shaped noise. However,
the first limitation of the filtering method can be solved through the deep learning
method [6]. Recently, the GAN model, which is attracting attention for learning

Fig. 1. Examples of non-stationary noise. They show an irregular characteristic of rapidly
changing frequency. The x-axis means time and y-axis is frequency.
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complex relationships of data, has also been studied in the field of noise cancelation.
This model shows good performance but is still vulnerable to the non-stationary noise,
since they all tried one-to-one mapping, which blurrs the noise characteristics [3, 7]. In
addition, there is a limitation that only limited experiments are conducted [8].

There is also a lot of research to solve the mode collapsing problem of generative
models. In order to perform the mapping with the actual samples having various
distributions, many studies have been conducted toward the additional use of a dis-
criminator or a generator [9–12]. Salimans et al. avoided the mode collapsing problem
by tailoring batch data to ensure that the data in the batch is organized into different
classes [4]. Luke used additional parameters, which predict the changes of discrimi-
nator, while training generator [13]. Although it showed better results, it has the dis-
advantage of increasing the complexity of the model and the amount of training.
Nguyen et al. used two discriminators each of which learned real data and synthesized
data as true [9]. Hoang et al. used a stabilization method similar to ours [10]. They used
multiple generators and combined the results. However, since each generator is
responsible for different portion of data, the computational complexity increases as well
as the performance.

In this paper, we propose a model that can stably remove the untrained non-
stationary noise by using the two generators and two discriminators and evaluate the
performance by constructing four evaluation scenarios similar to the real environment.

3 The Proposed Method

The learning of the proposed method consists of two stages: shadow generator Gh0 is
pretrained for guiding Gh and then Gh learns in adversarial by taking Gh0 ’s guide.
Figure 2(a) shows the pre-training process of Gh0 . Figure 2(b), (c) and (d) illustrate
adversarial learning phase. Gh0 is trained by sampling data and learns the distribution of
data briefly through one-to-one mapping as previous methods did. It is used to increase
the effectiveness of adversarial learning because it can compensate for the instability
that can occur in the adversarial learning. The instability means that generator makes
corrupted signal like sequence of one or zero signal, which is called ‘mode collapsing’
problem. When original generator Gh raises it, the guide is given to the weight
of pre-trained Gh0 , which stabilizes Gh’s adversarial learning. Finally, Gh removes the
noise.

Generative Adversarial Network with Guided Generator 5



3.1 Residuals-Noise Discriminator

Most of generative models attempt to remove the noise by mapping only two distri-
butions: clean speech and noisy speech. They are mixed and produce a more diverse
distribution. This makes it difficult to remove noises with simple one-to-one mapping.
In addition, characteristics of noise become blurred in the process, making them vul-
nerable to non-stationary noise. In order to eliminate the various non-stationary noises,
our model is constructed with two discriminators. Each discriminator learns distribu-
tions of clean speech or noise, respectively. Residuals-noise discriminator Dnoise learns
noise as true by subtracting clean speech x from noisy speech ~x, and learns the residuals
as false by subtracting generated speech x̂ from ~x. The generator does not simply learn
to generate a speech similar to the original speech x, but to what distribution of noise is
mixed. This process is derived from minimizing Jensen-Shannon divergence
(JSD) through two discriminators. The JSD is a measure of the difference between two
probability distributions. By minimizing the JSD, the two probability distributions
become similar, and the model learns the characteristics of the noise and can even

Fig. 2. Overall training process. (a) Pre-training of shadow generator Gh0 . (b), (c), and
(d) Adversarial learning process with Gh0 with guide. Purple boxes mean trainable status. Gray
boxes have a fixed weight.
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eliminate non-stationary noise. The first term in Eq. (1) computes the difference
between the distributions of clean speech and enhances speech. The noise cancelation
performance is improved through a second term meaning difference between the noise
and the residuals. The structure of discriminator is composed of fully convolution layer
to extract and learn features of speech.

min JSD Px;G P~xð Þð Þþ JSD P~x � Px; P~x � G P~xð Þð Þð Þ½ � ð1Þ

where P is the probability distribution of the data.

3.2 Guiding Through the Shadow Generator

The Gh0 is trained about noisy and clean speech pairs using minimum sample. Since the
learning is carried out by the auto-encoder, the prior knowledge can be acquired. It
guides Gh as shown in Fig. 3 through the prior knowledge during adversarial learning.
Its guide makes it possible to proceed with adversarial learning until the Gh has
converged stably. Equations (2) and (3) represent the objective function for each
discriminator.

min
G

Dspeech Gh z;~xð Þð Þ� �2 þ Gh z;~xð Þ � x1k k ð2Þ

min
G

Dnoise Gh z;~xð Þ � xð Þð Þ2 þ 2~x� Gh z;~xð Þþ xð Þ1
�� �� ð3Þ

where z is a random variable with normal distribution. The z adds a stochastic function
to the generator and prevents it from overfitting the learned noise [3]. Also, the second
term of both equations means L1 norm which is often used to help generate near-real

Fig. 3. Pretrained shadow generator Gh0 transfers its gradient to Gh during learning.
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samples [14]. Minimizing this term helps generate samples similar to the actual clean
speech. The generator consists of an encoder and a decoder. Noisy speech is used as the
input of the encoder. As the input of the decoder, z sampled from a Gaussian distri-
bution Z and the output of the encoder are used simultaneously. At this time, the output
of the encoder plays a role similar to the condition of conditional auto-encoder [15].
Both encoder and decoder structure are composed of fully convolution layer to extract
and learn the features of complex speech signal. Skip connection is used between
encoder and decoder. It directly gives fine-grained information of input signal to
decoder [14].

4 Experiments

4.1 Dataset

To verify the proposed method, we use the speech data of 30 people recorded in the
recording room with clean speech and 90 different noise data [16, 17]. Clean speech is
composed 1.2K utterance. 22 speakers and 78 noises are used for training and others
are involved in validation dataset. Noise is selected at an appropriate ratio based on
category. Noise data contains things that may occur in a real world, such as a traffic
sound, clapping, cough, etc. The sample rate of the speech data is 16K, and the training
data was clipped to 16,384 length having a length similar to one second at this rate. The
noisy speech for learning is composed by mixing one random noise with one clean
speech. For systematic evaluation, four scenarios were constructed: only validation
noise, only validation speaker, both of them, and training data for test data. For
objective evaluation, the SI-SNR, which is calculated as shown in Eq. (4)–(6), is used.

Starget ¼ x;~xh i � x
xk k2 ð4Þ

Enoise ¼ ~x� Starget; ð5Þ

SI � SNR ¼ 10log10
Starget
�� ��2
Enoisek k2

 !
ð6Þ

where the x means clean speech, ~x is noisy speech, �; � represents inner product, and �
operator is dot product. If the noise is completely removed, the Starget becomes equal to
x. SI-SNR represents the similarity of speech signals, the higher the performance the
better [18].
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4.2 Learning Stability

Figure 4 depicts the loss of the generator to show the stable learning process through the
guiding of shadow generator. To see the effect of the shadow generator, we set the same
parameters, such as training time and epoch, data, and model structure. Figure 5 shows
that we are guidingwell regardless of the scenario. Experimental results show that shadow
Gmade continuous learning, butwithout shadowG, learning is corrupt after a certain time.

4.3 Noise Cancelation Performance

We evaluated the performance of the comparison model and the proposed model using
four scenarios. Figure 6 and Table 1 show the results of SI-SNR evaluation values
based on the same learning time as boxplot and numeric values. The model proposed in

Fig. 4. Visualization of generator loss under two condition: (a) without shadow generator, and
(b) with shadow generator (b). X-axis is epoch, and y-axis represents value of loss function.

Fig. 5. Examples of wave form in unseen noise scenario. (a) clean speech, (b) generated speech,
(c) noise signal, and (d) synthesized noise signal by generator.
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this paper shows the best performance in most of the four scenarios. In Table 1, the
performance of the dataset C corresponding to the unseen speaker was almost similar to
that of the existing model (4.57 and 4.58). The number following ‘�’ symbol means
Standard deviation. Each number represents how much it can change from the average
value. The dataset A using the training data shows lower values than the competitive
model. However, the validation noise dataset B shows a clear advantage. This means
that the proposed model is good at learning about noise, which improves the noise
rejection performance that is common or irregular. The t-test is performed to check the
statistical significance of the difference of the evaluation results, and the p-values are
close to zero as a result of comparing each model at nine degrees of freedom. This
shows that the difference of performance is statistically significant compared with the
conventional methods.

The second experiment was performed by changing the dB (decibel) of noise based
on the data set in Table 1. This experiment proves that our model learned the noise
distribution reliably. As shown in Table 2, noise cancelation performance is maintained
regardless of dB of noise. In particular, the SI-SNR evaluation of the dataset with the
highest dB increase shows a 2.13-time decrease in noise level because the noise level
increase by approximately 7 the noise speech. The experimental results show that our
method can learn the characteristics of various non-stationary noises well and reliably
remove them.

Table 1. SI-SNR evaluation results with other models. A is composed seen speaker and noise.
B is seen speaker and unseen noise. C is unseen speaker and seen noise. D is unseen speaker and
noise.

Data Ours [3] Filtering Auto-encoder Noise signal

A 7.36 ± 2.61 7.50 ± 3.64 −16.82 ± 8.65 −49.94 ± 9.60 0.95 ± 5.71
B 7.36 ± 2.62 3.29 ± 5.24 −15.98 ± 8.36 −49.94 ± 9.61 3.05 ± 5.54
C 4.57 ± 3.59 4.58 ± 2.88 −19.23 ± 8.43 −48.84 ± 9.89 −0.34 ± 4.73
D 4.571 ± 3.59 2.03 ± 2.03 −18.43 ± 8.67 −48.84 ± 9.88 2.51 ± 6.31

Table 2. Noise cancelation performance according to the noise level SI-SNR evaluation result.

Data Source dB+10 dB+5 dB−5 dB−10

A Enhanced 5.02 6.35 13.01 17.95
Noisy speech −2.54 2.46 12.47 17.47

B Enhanced 3.25 4.55 26.02 20.26
Noisy speech −5.11 0.14 25.10 20.10

C Enhanced 4.74 5.76 11.24 16.25
Noisy speech −4.90 0.11 10.12 15.12

D Enhanced 6.05 7.17 14.06 18.12
Noisy speech −2.68 2.32 12.32 17.32
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5 Conclusion

In this paper, we propose a method to stably remove non-stationary noise. The addi-
tional discriminator learning the distribution of noise helps to remove irregular non-
stationary noise by learning the characteristics of noise. Besides, the other discriminator,
which learns the distribution of the clean speech, is trained to reconstruct the original
well, and the generator can produce a clear target speech. Furthermore, two generators
made a kind of relationship between teacher and student to compensate for the instability
problem. As a result, stable learning could lead to better noise cancellation results. The
results of the several experiments show that our proposed model and learning method
achieves the best performance compared with the conventional models. The visual-
ization of the loss values show that the proposed model is trained in stable.

In the future, we will conduct a comparative experiment using more various
evaluation indexes and develop a demonstration system that can directly evaluate the
usefulness. In addition, since most papers currently use hand-made datasets, the type
and number of noises are not systematic. However, since the data collected in the real
environment cannot create a clean speech targeted, it is necessary to systematically
generate the data.

Acknowledgement. This work was supported by Institute of Information & Communications
Technology Planning & Evaluation (IITP) grant funded by the Korean government (MSIT)
(No. 2020-0-01361, Artificial Intelligence Graduate School Program (Yonsei University)) and
grant funded by 2019 IT promotion fund (Development of AI based Precision Medicine
Emergency System) of the Korean government (MSIT).

Fig. 6. SI-SNR result for each scenario. (a) is seen data, (b) is unseen noise data, (c) is unseen
speaker data, (d) is the data model haven’t seen.
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