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Abstract—The purpose of a single-channel speech enhancement
is to attenuate the noise component of noisy speech to increase the
intelligibility and the perceived quality of the speech component.
One such approach uses deep neural networks to transform
noisy speech features into clean speech by minimizing the mean
squared errors between the degraded and the clean features using
paired datasets. Most recently, an unpaired datasets approach,
CycleGAN speech enhancement, was proposed, obtaining state-
of-the-art results, regardless there was no supervision during the
actual training. Also, only a small amount of noisy speech data
is usually accessible in comparison to clean speech. Therefore,
in this paper, an augmented semi-supervised CycleGAN speech
enhancement algorithm is proposed, where only a small percent-
age of the training database contains the actual paired data.
This, as a consequence, prevents overfitting of the discriminator
corresponding to the scarce noised speech domain during the
initial training stages and also augments the discriminator by
periodically adding clean speech samples transformed by the
inverse network into the pool of the discriminator of the scarce
noisy speech domain. Significantly better results in the means
of several standard measures are obtained using the proposed
augmented semi-supervised method in comparison to the baseline
CycleGAN speech enhancement approach operating on a reduced
noisy speech domain.

Index Terms—augmented CycleGAN, speech enhancement,
semi-supervised learning

I. INTRODUCTION

Speech enhancement of the perturbed, i.e., noisy speech, is
a very important front-end pre-processing stage component,
aimed to improve the performance of automatic speech recog-
nition (ASR) [1]- [5] and speaker recognition systems under
noisy conditions [6], [7]. This enhancement is commonly used
in mobile speech communications, voice assistants, hearing
aids, smart surroundings, etc.
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Deep learning neural network based methods have recently
achieved state-of-the-art results in a single-channel speech
enhancement. Initial attempts based on mask learning ap-
proach are presented in [8], in which a feature estimation
algorithm was proposed to estimate the ideal ratio mask or
the ideal binary mask on noisy input features in the Mel
frequency domain using a nonlinear mapping represented by
deep neural networks (DNNs) and a set of time-frequency
unit level features. Feature mapping approaches are reported
in [9]- [16], where the DNN mapping serves as a non-
linear regression function. These approaches are based on the
assumption that the scale of the masked signal is the same as
the scale of the clean target and the noise is strictly additive.
Nevertheless, overfitting often occurs using the mentioned
mean squared error (MSE) approach and the network does
not generalize well to the unseen data, especially when the
training dataset is small. Recently, an approach inspired by
cycle-consistent adversarial networks [17] has been proposed.
Apart from direct mapping F from noisy to clean domain, an
additional mapping G from clean to noisy data is introduced.
Both of these mappings are inverse to each other up ”to
a certain extent”, which is enforced by adding additional
losses Ex∼pX(x)∥x−G(F (x))∥ and Ey∼pY (y)∥y−F (G(y))∥,
where pX and pY are distributions of noisy and clean data,
respectively.

Although cycle-consistency can effectively regularize the
structured data by enforcing bijectivity of direct and inverse
network mappings, in many situations it is very hard, if not
impossible, to obtain a sufficient amount of paired data to train
the networks implementing those mappings. A framework
for estimating generative models via an adversarial process
is introduced in [18]. The concept achieved great success
in the areas of image generation (see [19]- [23]) as well
as image-to-image translation (see [17], [24]- [26]), and it
has also been applied in the areas of speech enhancement
[27]- [30] and perturbation invariant ASR [31], [32]. Most
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recently, CycleGAN networks in which the adversarial loss
is combined with the cycle-consistency loss obtained state-
of-the art results in an unpaired image-to-image translation
(see [26]) and the method is also applied with the similar
state-of-the-art efficiency in both speech enhancement [33],
[34] and non-parallel voice conversion tasks [35]- [37]. In this
work, we introduce additional modifications of the CycleGAN
concept, which we refer to as ”Aug SSL CycleGAN”, to
deal with the problem when the noisy speech domain is
scarce, i.e., the domain contains much fewer training samples
than the clean speech domain, which is a very common
situation in speech enhancement. For example, in the ASR
task, large databases of clean speech are mostly available
for the training of ASR systems, while there are much less
noisy speech data available, especially as those should be
separately collected for each specific task. We invoke two
different strategies to cope with the mentioned issues. Firstly,
a semi-supervised learning (SSL) strategy is applied using
only a small percentage of paired, i.e. labelled training data
samples which are combined into ∥ · ∥1 norm loss component
to prevent overfitting of the discriminator related to the scarce
noisy speech domain. Secondly, after a number of initial
iterations, data augmentation is introduced by periodically
adding samples generated by the inverse mapping from the
full (clean) to the scarce (noisy) domain. Experimental results
on speech samples containing different amounts of artificially
added Gaussian and various other types of noises show that the
proposed Aug SSL CycleGAN speech enhancement method
obtained significantly better results in comparison with the
baseline CycleGAN approach.

II. GENERATIVE ADVERSARIAL NETWORKS

In [18], a method of learning the ground truth data dis-
tribution in a nonparametric way is proposed in the form of
Generative Adversarial Networks. The task is as follows: The
discriminator network D is trying to discriminate between the
samples generated by the generator network G and the ground
truth observations. The generator models the ground truth data
distribution by learning how to confuse the discriminator. Both
of them are competing with each other to reach the equilibrium
expressed by the mini-max loss of the training procedure.
Optimization problem is therefore given by:

min
G

max
D

Ex∼p(x) ln[D(x)] +Ez∼p(z) ln[(1−D(G(z)))] (1)

where p(x) represents the ground truth data distribution,
while the latent variable z is sampled by the distribution p(z).

III. CYCLEGAN SPEECH ENHANCEMENT

CycleGAN Speech Enhancement algorithm [33]- [34] uses
two GANs in the opposite directions and combine adversarial
and cycle consistency losses in order to train the mentioned
networks in the task of transition from noisy to clean speech,
in the case of unparalleled data, i.e., in the absence of paired
training samples. Let us denote the noisy speech domain as
X and the clean speech domain as Y , a direct mapping from

noisy to clean speech domain by GX→Y , and an inverse
mapping from the clean speech to the noisy speech domain
by GY→X (both of them implemented in GAN). Let us also
denote the discriminator corresponding to the noisy speech
domain by DX and the discriminator corresponding to the
clean speech domain by DY , respectively. Cycle consistency
loss forces GX→Y and GY→X to be inverse to each other
”as close as possible” i.e., x ≈ GY→X(GX→Y (x)), for all
x ∈ X , as well as y ≈ GX→Y (GY→X(y)), for all y ∈ Y .
Thus, GX→Y will be capt ”close to bijectivity”, causing only
small regions of the noisy domain X to map to the same clean
speech instance y ∈ Y , by the mapping GX→Y . Therefore,
we obtain the following adversarial objectives:

Ladv(GX→Y , DY ) =

Ey∼pY (y)[lnDY (y)]+

Ex∼pX(x)[ln(1−DY (GX→Y (x)))],

Ladv(GY→X , DX) =

Ex∼pX(x)[lnDX(x)]+

Ey∼pY (y)[ln(1−DX(GY→X(y)))]

(2)

a cycle consistency objective:

Lcyc(GX→Y , GY→X) =

Ex∼pX(x)[∥GY→X(GX→Y (x))− x∥]+
Ey∼pY (y)[∥GX→Y (GY→X(y))− y∥]

(3)

and the identity mapping loss given by:

Lid(GX→Y , GY→X) =

Ex∼pY (y)[∥GX→Y (y)− y∥]+
Ex∼pX(x)[∥GY→X(x)− x∥]

(4)

making the full objective given by:

L(GX→Y , GY→X , DX , DY ) =

Ladv(GX→Y , DY )+

Ladv(GY→X , DX)+

λcycLcyc(GX→Y , GY→X)+

λidLid(GX→Y , GY→X)

(5)

to be optimized, where λcyc > 0 and λid > 0 are the mixing
coefficients.

IV. THE PROPOSED APPROACH: AUG SSL CYCLEGAN
SPEECH ENHANCEMENT

In order to deal with the problem when the noisy speech
domain is scarce, two different strategies are invoked. We
propose a semi-supervised learning (SSL) strategy based on
a simple ∥ · ∥1 norm error between the transformed noisy
speech and the ground truth clean speech samples as well as
between the clean speech and the ground truth noisy speech
samples, i.e., the error is calculated in both directions, on
a predefined amount of paired (labelled) training samples
{(xi, yi)|i = 1, . . . ,m} ⊂ X × Y available, where m is the
number of those pairs, xi ∈ X are the noisy speech samples,
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while yi ∈ Y are their clean speech counterparts. Thus, by
applying the previous method during the initial training stages,
we prevent discriminator to overfit, which would otherwise
be inevitable, due to the limited amount of data samples
belonging to the scarce noisy speech domain. This additional
SSL part of the loss function is then given by:

LSSL(GX→Y , GY→X) =

1

m

m∑
i=1

[∥GX→Y (xi)− yi∥1+

∥GY→X(yi)− xi∥1]

(6)

making the full objective given by

L(GX→Y , GY→X , DX , DY ) =

Ladv(GX→Y , DY )+

Ladv(GY→X , DX)+

λcycLcyc(GX→Y , GY→X)+

λidLid(GX→Y , GY→X)+

λSSLLSSL(GX→Y , GY→X)

(7)

where λSSL > 0 is the mixing coefficient.
Secondly, we augment the discriminator corresponding to

the scarce noisy speech domain by adding the samples gen-
erated by the inverse network mapping from the full, i.e., the
clean speech domain to the scarce, i.e., the noisy speech do-
main, after a number of initial iterations, where DX is forced
not to overfit by applying the above mentioned SSL strategy.
Namely, when the discriminator as well as the generator
corresponding to the scarce, i.e, the noisy speech domain are
sufficiently pre-trained using a combination of adversarial and
the SSL loss, we perform the following: Samples generated
by the pre-trained generator GY→X are added to the pool
of data corresponding to the scarce, i.e., the noisy speech
domain X , thus modifying its statistics as p(X) → p̂(X).
More precisely, in every k-th training iteration, additional
samples generated by the network G

(k)
Y→X which transforms

clean speech samples to the scarce, i.e., noisy speech domain
in an inverse mapping procedure, are added to the pool of
the discriminator of the noisy speech domain DX , where (k)
denotes the state of parameters at k-th iteration of training.
Thus, in every k-th iteration, after a predefined number of
epochs, the discriminator DX of the noisy speech domain
is trained using the data pool augmented in the previously
described manner. In our case, the described procedure is
applied after the first 4000 epochs, when the discriminator
is sufficiently trained.

V. NETWORK ARCHITECTURE

We use an architecture proposed in [35], which represents a
modification to the standard CycleGAN architecture presented
in [26]. Namely, this architecture includes a gated CNN
invoked in [38], which not only allows parallelization over
sequential data, but also achieves state-of-the-art in speech
modelling, as well as identity mapping loss invoked in [39].

The parameters of this network are set in the following way:
The number of epochs was set to 5000 (so there was only a
little or no overfitting), mini batch size to 1, generator learning
rate (for both generators) to ηG = 0.0002, generator learning
rate decay to νG = 0.0002/2000000, discriminator learning
rate (for both discriminators) to ηD = 0.0001, discriminator
learning rate decay to νD = 0.0002/2000000, λcyc = λSSL =
10, and λid = 5. 24 Mel-cepstral coefficients, logarithmic
fundamental frequency and aperiodicities are extracted every
5 ms from a randomly chosen fixed-length segment of 128
frames. One-dimensional CNN is used as generator to capture
the relationship among features while preserving the temporal
structure.

VI. EXPERIMENTAL RESULTS

In this section, we present experimental results obtained on a
commercially available speech database, recorded at AlfaNum
Speech Technologies in Novi Sad, containing 200 clean and
200 artificially created noisy samples in the training dataset
(10 male and 10 female speakers, 10 audio files per each), as
well as 50 clean samples and the same number of their noisy
counterparts (5 male and 5 female speakers, 5 samples each).
The noise is combination of an additive stationary (Gaussian)
noise and various kinds of non-stationary components, such as
traffic and office noise, crackling, creaking, etc. Samples are
recorded as mono, PCM signals, at 16000 Hz sampling rate,
16 bits per sample.

Perceptual Evaluation of Speech Quality (PESQ) is a family
of standards used for the objective voice quality assessments
by phone manufacturers, network equipment vendors and
telecom operators (ITU-T P.862 standard recommendation).
Two different measures of speech signal quality are obtained
using these standards, PEQMOS and MOSLQO.

The second standard used in this paper is a Virtual Speech
Quality Objective Listener (ViSQOL). It is a signal-based, full-
reference, intrusive metric that models human speech quality
perception using a spectro-temporal measure of similarity
between referent and degraded speech signal. The metric is
particularly designed for quality assessments associated with
Voice over IP (VoIP) transmissions. Using ViSQOL, other two
measures are obtained, VISQOL and NSIM.

In Tables I and II, average results over 50 test samples on the
noisy speech↔clean speech transformation task are presented
using PEQMOS and MOSLQO measures, respectively. The
measures are evaluated by comparison of the transformed
degraded, i.e., noisy speech signals to corresponding clean
speech samples, for the proposed Aug SSL CycleGAN speech
enhancement in comparison to the baseline CycleGAN speech
enhancement algorithm, for various percentages of the paired
noisy-clean samples given for the scarce domain. SSL denotes
that only SSL strategy is applied on the control part of labelled
training samples included in the training of the CycleGAN.
Aug denotes that only augmentation of the pool of the dis-
criminator corresponding to the scarce, i.e., the noisy speech
domain is applied. SSL+Aug denotes that both SSL and Aug
strategies are applied. The proposed method obtained better
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results in comparison to the baseline CycleGAN algorithm on
the scarce, noisy speech domain, for both of these measures.

In Tables III and IV, VISQOL and NSIM measures are
presented in the same manner as above. For both of these
measures, the Aug SSL CycleGAN speech enhancement
method showed significantly better results in comparison to
the baseline CycleGAN method. Improvements were generally
consistent with the increase in the number of paired speech
samples in the SSL component of the training, as well as
with adding the augmentation component of the training (a
more significant improvement of the results is achieved by
combining these two strategies).

In Fig. 1, spectrograms are presented for one of the signals
transformed using the above-mentioned algorithms. In Fig. 2,
spectrograms are presented for the selected part of the signal
which contains only noise. Significant noise reduction can be
observed in both of these figures while preserving the vocal
component. The same conclusion can be drawn by subjective
comparison (listening tests) of different audio signals gen-
erated using these algorithms. 10 students from the Faculty
of Technical Sciences in Novi Sad provided their subjective
evaluations (scale 1 to 5) of the original signals (average score
of 2.7) and their transformed counterparts (3.4 for the baseline
and 3.9 for the SSL+Aug version).

TABLE I
PEQMOS: NOISY SPEECH↔CLEAN SPEECH TASK

[%] CycleGAN SSL Aug SSL+Aug
25% - 0.831 0.832 0.837
50% - 0.864 0.842 0.857
100% 0.828 0.853 0.850 0.867

TABLE II
MOSLQO: NOISY SPEECH↔CLEAN SPEECH TASK

[%] CycleGAN SSL Aug SSL+Aug
25% - 1.179 1.171 1.178
50% - 1.184 1.186 1.191
100% 1.178 1.211 1.232 1.238

TABLE III
VISQOL: NOISY SPEECH↔CLEAN SPEECH TASK

[%] CycleGAN SSL Aug SSL+Aug
25% - 1.384 1.399 1.392
50% - 1.409 1.410 1.425
100% 1.369 1.436 1.391 1.452

TABLE IV
NSIM: NOISY SPEECH↔CLEAN SPEECH TASK

[%] CycleGAN SSL Aug SSL+Aug
25% - 0.572 0.573 0.579
50% - 0.572 0.575 0.581
100% 0.569 0.576 0.575 0.585

VII. CONCLUSION

In this paper, a novel augmented semi-supervised Cycle-
GAN speech enhancement approach is presented, using var-
ious strategies to improve transformation results by applying
only a small percentage of labelled train data, preventing at
the same time overfitting of the discriminator. The results
were evaluated using various objective measures, by observing
the spectrograms, as well as subjectively. Significantly better
results are obtained in comparison to the baseline algorithm.
However, both of these algorithms result in a noticeable
signal reduction around non-stationary noise components,
which could be the focus of our future work. The proposed
methodology can also be applied to various other tasks, such as
e.g., speech style transformation (using appropriate alignment
methodologies).
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