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a b s t r a c t

Adversarial Multi-Task Learning (AMTL) has demonstrated its promising capability of information
capturing and representation learning, however, is hardly explored in speech enhancement. In this
paper, we propose a novel adversarial multi-task learning with inverse mapping method for speech
enhancement. Our method focuses on enhancing the generator’s capability of speech information
capturing and representation learning. To implement this method, two extra networks (namely P
and Q) are developed to establish the inverse mapping from the generated distribution to the input
data domains. Correspondingly, two new loss functions (i.e., latent loss and equilibrium loss) are
proposed for the inverse mapping learning and the enhancement model training with the original
adversarial loss. Our method obtains the state-of-the-art performance in terms of speech quality
(PESQ=2.93, CVOL=3.55). For speech intelligibility, our method can also obtain competitive performance
(STOI=0.947). The experimental results demonstrate that our method can effectively improve speech
representation learning and speech enhancement performance.

© 2022 Elsevier B.V. All rights reserved.
1. Introduction

Speech enhancement, one of the most important topics in
peech signal processing [1], aims at improving the intelligibility
nd overall perceptual quality of degraded speech signals. The
ntelligibility is a measurement of how comprehensible a speech
s, while the perceptual quality measures how easy it is for a
istener to perceive the content of a speech. Normally, a percep-
ual high-quality speech sounds more natural, rhythmic, yet less
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raspy, hoarse, or scratchy. In real life, there are various nega-
tive environmental interferences such as additive noise (e.g., fan
noise) and convolutional noise (e.g., room reverberation), which
can badly degrade speech intelligibility and overall perceptual
quality. In practice, speech enhancement has been widely applied
in many scenarios such as mobile communications [2], hear-
ing aids [3], and noise-robust speech recognition [4] or speaker
recognition [5].

There have been various speech enhancement methods pro-
posed to eliminate the negative effect of the environmental noise
and improve the intelligibility and overall perceptual quality of
degraded speech signals. For example, Wiener filtering [6], a

classic single-channel statistical estimation based approach, is
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ffective in reducing stationary additive noise. However, for re-
erberation or unknown noise interference, the statistical esti-
ation based approaches perform unsatisfactorily in complex
oisy environment generally. Another prominent approach is the
icrophone arrays based multi-channel speech enhancement [7].
or example, the acoustical beamforming algorithm [8] is con-
ucted on the output signals of microphone arrays and converts
hem into a single-channel speech signal while amplifying the
peech signals from the targeted direction and attenuating the
oise signals coming from other directions. The microphone ar-
ays based multi-channel approaches usually take the spatial
osition information into account and can effectively mitigate the
everberation problem [9].

With the rapid development of intelligent technologies and
ardware resources, data-driven based deep neural network such
s Recurrent Neural Network (RNN) and Convolutional Neural
etwork (CNN) has been a thriving technology in speech sig-
al processing [10], computer vision [11], and natural language
rocessing [12]. Long Short-Term Memory (LSTM) [13], a variant
f RNN with multiple gates control operation, is suitable for
equences of data learning. CNN [14] is based on the shared-
eight architecture of the convolution kernels that slide along

nput features and provide feature maps of translation responses.
STM and CNN are basic neural network blocks, which can be
ccumulated to multiple layers for complex data learning. For
peech enhancement, Zhao et al. [15] introduced convolutional-
ecurrent neural networks to exploit local structures in the fre-
uency and temporal domains. The results showed that their
ethod was more data-efficient and achieved better general-

zation on both seen and unseen noise. Deep neural network
ased approaches display a huge potential in dealing with com-
lex speech signal processing and specific speech representation
earning [16]. However, the performance of deep architecture
egrades inversely if we exhaustively enlarge the network scale
nly [17], which would cause vanishing gradients or degrada-
ion problems. Benefiting from the normalized initialization [18],
ntermediate normalization layers [19], and skip connections of
esidual network [20], these aforementioned problems can be
argely addressed.

Moreover, to further improve the generalization and perfor-
ance of speech enhancement models, Meng et al. [21] proposed
n Adversarial Multi-Task Learning (AMTL) based method. AMTL,
hich combines Generative Adversarial Network (GAN) [22] with
ulti-Task Learning (MTL), is an effective method to improve the
omplex information learning of multiple domains and the gen-
ralization of models [23]. In [21], two discriminators were added
n top of the basic cycle-consistent framework. The multiple
oss functions (i.e., discrimination losses, reconstruction losses,
nd identity-mapping losses) were jointly optimized to distin-
uish the enhanced and noised features from the real samples.
he experimental results showed that the AMTL-based speech
nhancement methods effectively reduced the Word Error Ratio
WER) of noise-robust speech recognition.

The method in [21] focused on discriminability improvement
f the discriminator, however, little attention was paid to im-
rove the specific information capturing and speech representa-
ion learning of the generator. To address this issue, we propose
novel adversarial multi-task learning based method for speech
nhancement in this paper. Based on the architecture of GAN,
wo extra networks (namely P and Q ) are developed to estab-
ish the inverse mapping from the generated distribution to the
nput data domains. Correspondingly, two new loss functions
i.e., latent loss and equilibrium loss) are proposed for the inverse
apping learning and the enhancement model training based
n the original adversarial loss. With the latent loss function,

etwork P aims to explore relevant latent information from the

2

latent space (i.e., random noise domain) and further facilitate
the sample generation. The network Q is developed to balance
he adversarial representation learning by mapping the generated
istribution to the noisy speech domain with an equilibrium loss
unction.

The remainder of this paper is organized as follows. Sec-
ion 2 describes the related work. Section 3 details the proposed
ethod. Section 4 provides the details of our experiments. The

esults and discussions are presented in Section 5. Finally, the
onclusions are shown in Section 6.

. Related work

With promising adversarial training mechanism, GAN-based
peech enhancement methods have successfully attracted much
ttention. Moreover, inverse mapping learning becomes hot re-
earch topic gradually for representation learning improvement.
n this section, we introduce the related GAN-based speech en-
ancement and inverse mapping learning in detail.

.1. GAN-based speech enhancement

The original GAN [22] consists of a Generator (G) and a Dis-
riminator (D). G is set to learn an effective mapping between the
iven random noise (z), which is subject to the normal distribu-
ion (i.e., mean = 0, stddev = 1) generally, and the ground-truth
(x). Differently, D is considered as an initialized binary classifier,
which is trained to give a corresponding judgment of x (real)
and G(z) (fake). With the continuous iterative processing, the
procedure is trained adversarially up to a Nash Equilibrium [22].

Speech Enhancement GAN (SEGAN) [24] is one of the most fa-
mous GAN-based frameworks for time-domain speech enhance-
ment as shown in Fig. 1. SEGAN combines the conditional GAN
[25] with the Least-Squares GAN (LSGAN) [26] to further allevi-
ate vanishing gradients. The Generator (G) usually takes original
random noise z and extra noisy speech xc as input and exports
targeted data distribution (i.e., G(z, xc)). The Discriminator (D) is
considered as a binary classifier trained to distinguish generated
samples G(z, xc) and clean speech x as fake or real (i.e., D(x, xc)
and D(G(z, xc), xc)). This modification is proved to be effective
for performance improvement. Below is the loss functions of its
discriminator (i.e., LD) and generator (i.e., LG):

LD =
1
2
Ex∼Px,xc∼Pxc [(D(x, xc)− 1)2]

+
1
2
Ez∼Pz ,xc∼Pxc [(D(G(z, xc), xc))

2
], (1)

LG =
1
2
Ez∼Pz ,xc∼Pxc [(D(G(z, xc), xc)− 1)2], (2)

where xc denotes noisy speech; x denotes clean speech; z de-
notes random noise subject to Gaussian distribution. The binary
classifier D codes 1 for real sample and 0 for fake sample.

SEGAN operated directly on the raw speech waveform rather
than on the processed spectral features with an end-to-end ar-
chitecture. The fully convolutional architecture consisted of a
downsampling and upsampling module (i.e., encoder and de-
coder). This enforced the network to focus on temporally close
correlations of the input speech signal and throughout the entire
processing of the network [24]. The random noise z (i.e., la-
tent vectors) was added to the bottleneck layer for information
compensation. However, the latent vectors may be used by the
generator in a highly entangled way [27]. For inducing latent
vectors, Chen et al. [27] proposed to adopt a mutual information
strategy, which decomposed the input noise vectors into a set of
semantically meaning factors of variation rather than using single
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Fig. 1. The framework of SEGAN. The Generator (G) consumes raw noisy speech and latent vector (i.e., random noise) as input. The Discriminator (D) is a binary
classifier aiming to judge the similarity between the generated sample and raw clean speech.
unstructured noise vectors. They discovered that these latent fac-
tors could target salient semantic features of data distribution. In
our speech enhancement, the latent space information is explored
further.

Speech Enhancement Relativistic GAN (SERGAN) [28] is an-
other effective GAN-based framework for speech enhancement.
As we know in the original GAN, the discriminator was trained
to detect if a sample was an original one or a generated one,
while the generator was trained to generate data to be more
similar to original data to fool the discriminator. The relativistic
GAN [29] argued that the probability of D(x) should decrease as
the probability of D(G(z, xc)) increases. However, the original GAN
cannot incorporate this situation described above, since G does
not influence D(x). To circumvent this problem, the relativistic
loss function was proposed and used in speech enhancement [28].
Below is the loss functions of SERGAN:

LD = −Ex∼Px,xc∼Pxc [log(σ (C(x, xc)− C(G(z, xc), xc)))], (3)

LG = −Ex∼Px,xc∼Pxc [log(σ (C(G(z, xc), xc)− C(x, xc)))], (4)

where C(x) denotes the discriminator without the final sigmoid
layer; σ is the sigmoid non-linearity, and thus D(x) = σ (C(x)).
With a similar architecture of SEGAN, SERGAN adopted a new
loss function to boost information communication between the
generator and discriminator.

Benefiting from adversarial training, more GAN-based meth-
ods have been proposed for speech enhancement. Michelsanti
and Tan [30] explored the potential of the conditional GAN
for speech enhancement; Soni et al. [31] exploited GAN with
time–frequency mask based enhancement framework; Donahue
et al. [32] conducted a detailed study to measure the effec-
tiveness of GAN-based speech enhancement for robust speech
recognition where the speech is contaminated by both additive
and convolutional noise. With various model architectures and
task requirements, GAN-based speech enhancement has demon-
strated a promising capability of complex distribution modeling
and speech representation learning.

2.2. Inverse mapping learning

For effective information capturing and data representation
learning, the inverse mapping learning with GAN’s architecture
has shown its success in image processing. Donahue et al. [33]
noticed that GAN models could capture semantic variation from
latent space but with no means of projecting data back into
the latent space. Thus, the GAN architecture ignored much of
the useful information found in the structure of the data it-
self. Besides, interpolations in the latent space of the generator
produced smooth and plausible semantic variations and made
the model learn to associate particular latent directions with
specific features. Thus, the Bidirectional Generative Adversarial
3

Networks (BiGAN) was proposed to learn an inverse mapping
from the projecting data back into the latent spaces [33] with
a new encoder model. The learned feature representation was
thus useful for auxiliary supervised discrimination tasks. Another
similar work about latent space exploration with multiple models
was proposed in [34]. As introduced in [34], the generation net-
work mapped samples from stochastic latent variables to the data
domain while the inference network mapped training examples
in data domain to the space of latent variables inversely. The
operation could effectively enhance representation learning and
sample reconstruction with an adversarial process.

In addition, Huang et al. proposed the Stacked GAN (SGAN)
[35] to invert the hierarchical representations of a traditional
bottom-up encoder to a stack of top-down generators for high-
quality image generation. In SGAN, each generator learned to
generate lower-level data representations conditional on high-
level representations. The bottom-up encoder, employing a fully
connected network, was pre-trained to provide inherent infor-
mation for the stacked layers of generators. The separated gen-
erators and discriminators were trained independently and then
jointly to invert the hidden layers information of the encoders.
SGAN improved the inherent information learning and enhanced
high-resolution image generation by inverting the hidden layers
information to the target data domain inversely.

3. Methodology

Based on adversarial multi-task learning and inverse mapping
learning, we propose a novel method to further enhance speech
representation learning and the performance of speech enhance-
ment. As shown in Fig. 2, our method consists of four networks:
a Generator G, a Discriminator D, and the proposed two new
networks P and Q . G consumes raw noisy speech and random
noise as input and output the generated sample; D aims to judge
the similarity between the generated sample and the raw clean
speech. The networks P and Q compensate the information learn-
ing of G by the inverse mappings with two new loss functions
(i.e., latent loss and equilibrium loss).

3.1. Loss functions

The loss function of G consists of three parts: adversarial
loss (LG_adv), latent loss (LG_lat ), and equilibrium loss (LG_equ). The
weighted sum of these three parts is expected to capture real-
data information and learn an effective representation of G. Below
is the combined loss function of G:

LG = LG_adv + λ1LG_lat + λ2LG_equ, (5)

where P and Q can be activated or deactivated by setting λ1 and
λ2 as 0 or 1. We can also try different weight groups to evaluate
the effect of P and Q to the whole model.
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Fig. 2. The framework of our proposed method. The Generator (G) receives raw noisy speech and random noise as input. The Discriminator (D) gives the judgment
(i.e., fake or true) of the generated sample and raw clean speech. The networks P and Q are proposed to establish the inverse mapping from the generated distribution
to the input data domain for information capturing and representation learning.
The basic adversarial loss function can learn necessary infor-
mation for G when D is frozen. Here, we adopt the adversarial
loss function used in SERGAN [28]. Below is the adversarial loss
function:

LG_adv = −Ex∼Px,xc∼Pxc [log(σ (C(G(z, xc), xc)− C(x, xc)))], (6)

where x denotes the clean speech subject to data distribution Px;
xc denotes the noisy speech subject to data distribution Pxc ; z
denotes the random noise subject to distribution Pz (i.e., latent
space); D(x, xc) = σ (C(x, xc)) as mentioned above.

The latent space plays an important role in GAN architecture-
based representation learning and stable model training [33].
However, current models generally ignore thoroughly explor-
ing latent space information. Thus, in our method, P is built
to excavate latent space information by mapping the generated
distribution to the latent space inversely. Below is the latent loss
function:

LG_lat = −Ez∼Pz ,xc∼Pxc [∥P(G(z, xc))− z∥22], (7)

where the squared Euclidean distance ∥·∥22 is adopted to measure
the similarity of random noise distribution z with the output
distribution of P . Here, the distance measurement can be de-
signed in other ways, but we choose ∥·∥22 because it makes the
hyper-parameter tuning easier [36].

We propose to establish the inverse mapping from generated
data distribution to latent space with network P . The latent loss
function works with the adversarial loss function together to
enhance G to capture more effective information for information
reconstruction. However, a potential unbalanced learning prob-
lem may appear and result in defective real-data distribution
modeling. Also, unnecessary complexity and model instability
may be introduced if just feeding more extra conditional infor-
mation [35]. Thus, another network Q with the equilibrium loss
function is developed as well to obtain a trade-off during model
training. Below is the equilibrium loss function:

LG_equ = −Ez∼Pz ,xc∼Pxc [∥Q (G(z, xc))− xc∥22], (8)

where ∥·∥22 is also adopted to measure the similarity of noisy
speech distribution with the output of Q .

With the pre-set weights, the adversarial loss, latent loss, and
equilibrium loss functions form the overall loss function of G. The
4

multi-task learning based architecture achieves the related distri-
bution mapping and representation learning with an adversarial
training mechanism.

Following [28], the gradient penalty regularization is also ap-
plied in our work to avoid further vanishing gradients. Below is
the loss function of D:

LD =− Ex∼Px,xc∼Pxc [log(σ (C(x, xc)− C(G(z, xc), xc)))]

− γ Ex̃,x∼P(x̃,x) [(∥ ▽x̃,x C(x̃, x)∥2 − 1)2] (9)

where x and xc denote the clean and noisy speech pair subject to
data distribution Px and Pxc , respectively; z denotes random noise
subject to Pz ; P(x̃,x) is the joint probability of x̃ = ϵx+(1−ϵ)G(z, xc)
and x; ϵ is sampled from a uniform distribution in [0, 1], and
γ = 10 is the hyper-parameter that controls the gradient penalty.

3.2. Model architecture setup

Algorithm 1 Training procedure of our speech enhancement
method
Require:

Raw clean-noisy speech pairs (x, xc) and random noise z
Initialized weights and biases of D,G, P,Q networks

Ensure:
Trained speech enhancement model

1: θD, θG, θP , θQ ← initialize networks with Xavier-initialization
[37]

2: for epoch (number of training iterations) do
3: speech signal pre-processing
4: (z, xc)← batch input of G
5: G(z, xc)← enhanced output of G
6: (x,G(z, xc))← batch input of D
7: LD, LG ← loss calculation
8: θD, θG, θP , θQ ← parameters update
9: end for

10: return trained model

In this subsection, we introduce the architecture of our model.
As shown in Fig. 3, G is a standard downsampling and upsampling
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Fig. 3. The details of Generator (G). The downsampling adopts 2D convolutional
kernels followed by PReLU for information capturing. The upsampling adopts 2D
transposed convolutional kernels followed by PReLU for sample reconstruction.
Latent vector z gets concatenated with the condensed representation of the
bottleneck layer. The skip connections are used to boost the stability of model
training.

Fig. 4. The details of Discriminator (D). D is a binary classifier to give the
judgment (fake or true) of the ground truth and the generated sample. The
main components are the 2D convolutional kernels followed by Virtual Batch
Normalization (VBN) and LeakyReLU for distinguishable information learning.

architecture developed for information learning and reconstruc-
tion. Before the intermediate bottleneck layer, the normal 2D con-
volutional kernels followed by Parametric Rectified Linear Units
(PReLU) [18] are adopted for information capturing from real-data
distributions. Then, the 2D transposed convolutional kernels with
PReLU are applied for desirable sample reconstruction. Latent
vector z gets concatenated with the condensed representation of
the bottleneck layer. Additionally, the skip connections linking
the downsampling and upsampling of G can transfer the fine-
grained information of the speech waveform to the upsampling
stage and boost the stability of model training [38].

As shown in Fig. 4, D is considered as a binary classifier to
udge the similarity between the ground truth and the generated
ample. The main components of D are also the 2D convolu-
ional kernels but followed by Virtual Batch Normalization (VBN)
5

and LeakyReLU [24]. This architecture is suitable for learning
distinguishable information.

In this work, network P also employs 2D convolutional kernels
with PReLU similar to D but removes the final fully connected
ayer to match the dimension of random noise. Network Q em-
ploys a downsampling and upsampling architecture similar to G
but reduces the number of layers and discards the skip connec-
tions. The model’s training procedure is presented in Algorithm 1
(the initialization refers to [37]). In particular, we also apply the
multi-head self-attention to G and Q in the bottleneck layer for
locating specific speech information and learning the contextual
long-range dependencies.

3.3. Multi-head self-attention

In this subsection, we introduce multi-head self-attention
carefully. The self-attention mechanism, also called intra-
attention, has demonstrated a better balance of learning between
modeling long-range dependencies and statistical efficiency [39].
For every input sequence, the query (q), key (k), and value (v)
vectors will be created by applying learned linear projection or
using feed-forward layers. Then, the attention will be applied to
all other positions with the three vectors. The procedure can be
described as below:

Attention(q, k, v) = softmax(
qkT
√
dk

) · v, (10)

where dk is the dimension of the key vectors. The purpose of
this scaling is to improve numerical stability as the dimensions
of keys, values, and queries grow. The obtained attention at
each position will be used to times the value vector of all other
positions including itself. This will produce multiple results called
multi-head attention. The sum of all heads will be the final result
of the first position input. The same operation will be applied to
each subsequent position.

MultiHead(q, k, v) = concat(head1, . . . , headh)W o, (11)

where headi = Attention(qW q
i , kW k

i , vW v
i ), and the matrices W q

i ,
W k

i , W
v
i , and W o are the projection weight matrices, respectively.

The multi-head self-attention can calculate the response at a
specific local position based on the resource collecting from all
positions, where the attention vectors are calculated with a small
computational cost. Moreover, as described in [40] that a self-
attention module is complementary to the generator architecture
in detail and the discriminator can also enforce complicated ge-
ometric constraints on the global structure. To further improve
information capturing and the long-range dependencies learning,
the multi-head self-attention is applied in this work.

4. Experiments

4.1. Database

The selected database [41] is an open and standard speech
corpus for the evaluation of speech enhancement systems [41].
The database contains selected speech resources from multiple
speech corpus. Some of the noise files were obtained from the
DEMAND corpus.1 Another two noise files2 (i.e., the speech-
shaped and babble noise) were also selected for noisy speech
production. The original clean speech was selected from the Voice
Bank corpus [42]. According to the number of speakers, two sub-
databases were created: one includes 28 speakers (14 males and
14 females) with the same accent (England); another one includes

1 http://parole.loria.fr/DEMAND/.
2 http://homepages.inf.ed.ac.uk/cvbotinh/se/noises/.

http://parole.loria.fr/DEMAND/
http://homepages.inf.ed.ac.uk/cvbotinh/se/noises/
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6 speakers (28 males and 28 females) with different accents
Scotland and United States).

As mentioned above, the database added ten different noise
ypes to the clean speech waveform using the ITU-T P.56 method
1], including eight real noise types and two artificially generated
oises. In detail, the eight real noise types include a domestic
itchen room noise, a meeting room noise, three public space
oises including cafeteria, restaurant, and subway station, two
ransportation noises including car and metro, a busy traffic in-
ersection noise; the two artificially generated noises contains a
peech-shaped noise by adding white noise and a babble noise by
dding extra speech.
For training data, the Signal-to-Noise Ratio (SNR) values were

et to 15 dB, 10 dB, 5 dB, and 0 dB. It signified that each
lean sentence would produce 40 noisy sentences with different
oise types. Each speaker contributed with 10 clean sentences.
hus, each speaker would contribute with 400 sentences to the
atabase. Moreover, each clean speech waveform would be nor-
alized, and the silence segments would be trimmed off when

he silence segments were longer than 200 ms at the beginning
nd at the end.
Another two speakers (a male and a female), not included

n the training data, were selected for the testing data with an
ccent from England. Five other noise types were selected from
he DEMAND database, including a domestic living room noise, an
ffice room noise, a transport noise of a bus, and two street noises
ncluding an open area and a public square. The SNR values were
.5 dB, 7.5 dB, 12.5 dB, and 17.5 dB, respectively.

.2. Setup

Our model is trained using the RMSprop optimizer [43] with
learning rate of 0.0002. The number of epochs is 180 and

he batch size is 100. As an end-to-end architecture, our model
akes in the raw speech waveform and outputs the enhanced
aveform directly, which is considered to preserve the original
ontent of speech signals including phase information. About
ne-second speech chunks (16384 samples) are segmented by a
liding window (500 ms overlap) during training, however there
s no overlap during the test. Besides, a high-frequency pre-
mphasis filter of coefficient 0.95 is applied to all input samples.
e train the models with 2 NVIDIA GTX 1080 Ti GPUs. The
odel Ours_I and Ours_II spend about 2.5 and 3 days achieving

convergence. The models Ours_III and Ours_IV spend about 4
ays achieving convergence. The model sizes of Ours_I , Ours_II ,
urs_III , and Ours_IV are 1.8G, 2.0G, 2.3G and 2.3G, respectively.

.3. Evaluation metrics

Although subjective evaluation is more accurate and reliable,
t is costly and time-consuming [48]. Many objective evalua-
ion measures can evaluate enhanced speech with high correla-
ion. The Perceptual Evaluation of Speech Quality (PESQ: from
0.5 to 4.5) for wideband speech is an effective full-reference
peech quality evaluation algorithm [48]. Moreover, we also im-
lement the evaluation metrics of the enhanced speech including
he Composite mean opinion score predictor of Signal distortion
CSIG: from 1 to 5), Background noise distortion (CBAK: from 1 to
), and Overall quality (COVL: from 1 to 5). The Segmental Signal-
o-Noise Ratio (SSNR: from 0 to∞) is another crucial evaluation
metric for speech quality.

The intelligibility of enhanced speech is also tested in this
work. The Coherence-based Speech Intelligibility Index (CSII)
measure is computed for the low-level high-level (CSIIhigh),
edium-level (CSIImid), and (CSIIlow) segments of each speech

entence, which can predict the intelligibility of peak-clipping h

6

Table 1
The evaluation results of our method compared with previous methods including
Wiener filtering [44], SEGAN [24], SERGAN [28], MMSE-GAN [31], BiLSTM [45],
CRN-MSN [46], NAAGN [47]. All the presented methods were trained with
the 28-speaker database. ‘‘†’’ denotes that we reproduced the results with the
provided open resource. ‘‘-’’ denotes that the result is not reported or not
available. The best scores are highlighted in bold.
Models PESQ CSIG CBAK CVOL SSNR STOI

Noisy 1.97 3.35 2.44 2.63 1.68 0.921
Wiener filtering 2.22 3.23 2.68 2.67 5.07 –
SEGAN† 2.16 3.48 2.94 2.80 7.73 0.928
SERGAN† 2.52 3.66 3.18 3.06 9.40 0.937
MMSE-GAN 2.53 3.80 3.12 3.14 – 0.930
BiLSTM 2.70 3.99 2.95 3.34 – 0.925
MDPhD 2.70 3.85 3.39 3.27 10.2 –
CRN-MSE 2.74 3.86 3.14 3.30 – 0.934
NAAGN 2.90 4.13 3.50 3.51 10.3 0.948
Ours_I(λ1=1,λ2=0) 2.57 3.78 3.23 3.16 9.32 0.937
Ours_II(λ1=0,λ2=1) 2.52 3.73 3.22 3.11 9.06 0.935
Ours_III(λ1=1,λ2=1) 2.79 3.90 3.34 3.56 9.67 0.941
Ours_IV(λ1=1,λ2=1,MHSA) 2.88 4.01 3.50 3.51 9.72 0.945

and centering-clipping distortions in a speech signal [49]. Besides,
the Normalized Covariance Metric (NCM) [49] and the Short-
Time Objective Intelligibility (STOI) [50] are also conducted for
intelligibility evaluation of enhanced speech.

5. Results and discussions

In this section, we report the experimental results and give
the related discussion. We firstly conduct our experiments on 28-
speaker database. The experimental results are demonstrated in
terms of several main evaluation metrics including PESQ, CSIG,
CBAK, CVOL, SSNR, and STOI as shown in Table 1.

In our ablation experiments, we activate the networks P and
with corresponding loss functions by controlling the parameter
for inverse mapping learning from output space to input space.
e adopt SERGAN architecture in this paper. Thus, the experi-
ental results are the same as SERGAN† if we set λ1 = 0, λ2 = 0.
e just activate the network P and learn the inverse mapping

rom the generated space to the latent space when we set λ1 =

, λ2 = 0. Compared with the original architecture (SERGAN),
he experimental results show that our method achieves higher
valuation scores in terms of PESQ (2.52 to 2.57), CSIG (3.66 to
.78), CBAK (3.18 to 3.23), CVOL (3.06 to 3.16), which relatively
mproves by 1.98%, 3.28%, 1.57%, and 5.23%, respectively. More-
ver, we also find that the evaluation score decreases slightly
n terms of SSNR (9.40 to 9.32) and remains the same in terms
f STOI (0.937). We can infer that the proposed method can
urther improve the speech representation learning and speech
nhancement performance.
Further, when we activate Q and inactivate P (i.e., λ1 =

, λ2 = 1), the performance degrades slightly compared with
he first ablation experiment (i.e., λ1 = 1, λ2 = 0) but still
btains a slight improvement compared with the original SERGAN
rchitecture. We infer that re-excavating information from the
nput data domain by inverse mapping learning can improve
epresentation learning and speech enhancement performance.
owever, the network P learning inverse mapping from the gen-
rated data domain to the latent domain is more effective in
peech enhancement improvement than network Q .
Naturally, when we activate P and Q simultaneously (i.e., λ1 =

, λ2 = 1), our method further improves the enhancement per-
ormance. Thus, we can infer that our method can improve speech
epresentation learning and speech enhancement performance by
nverse mapping learning. Moreover, when we add the multi-

ead self-attention layer in the bottleneck layer of network G
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Fig. 5. The bar plot of PESQ on different SNR values (i.e., 17.5 dB, 12.5 dB, 7.5 dB, and 2.5 dB). The compared methods are SEGAN, SERGAN, and Ours_IV .
Fig. 6. The bar plot of STOI on different SNR values (i.e., 17.5 dB, 12.5 dB, 7.5 dB, 2.5 dB). The compared methods are SEGAN, SERGAN, and Ours_IV .
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nd Q , the evaluation results are further improved and obtain
competitive score compared with the state-of-the-art method

i.e., NAAGN [47]). Although more values of λ1 and λ2 have
een tested, the most representative experimental results are
resented in Table 1.
To further demonstrate the effectiveness of our proposed

ethod, we also unfold the details of the evaluation results with
wo reproducible methods (i.e., SEGAN [24] and SERGAN [28])
ith a more comprehensive evaluation metric. As shown in
able 2, our method improves speech enhancement performance
n each SNR condition and evaluation metrics. Moreover, through
areful comparison from high SNR to low SNR (17.5 dB to 2.5 dB),
e find that our method performs better in lower SNR. In par-
icular, the intelligibility improvement is dramatic. For example,
n the 17.5 dB scene, the NCM evaluation score of our method
0.997) is similar to other methods (0.994 and 0.997). However,
n 2.5 dB, the NCM score of our method (0.967) is much higher
han other methods (0.928 and 0.959). With the same training
esource, the models SEGAN, SERGAN, and Ours_IV spend about
days, 2.2 days, and 4 days achieving convergence, respectively.
he trained model sizes of SEGAN, SERGAN and Ours_IV are about
.1G, 1.4G, and 2.3G, respectively. Compared with single-task
earning, multi-task learning generally increases the computa-
ional overhead. However, in consideration of performance gain,
he increased computational load is acceptable.
7

To visualize the performance of compared methods on differ-
nt SNR, we present the histogram of PESQ in Fig. 5 and STOI in
ig. 6. We can see the obvious improvements of our method in
erms of both speech intelligibility and quality. We also present
he spectrograms of four selected speech utterances in different
NR in Fig. 7 (2.5 dB and 7.5 dB) and Fig. 8 (12.5 dB and 17.5 dB).
rom the top to bottom, the figures are noisy, clean, and enhanced
peech waveforms. We can observe that our method can enhance
oisy speech. Compared to Figs. 7 and 8, we can see that the
nhancement performance in low SNR (2.5 dB and 7.5 dB) is more
ffective than in high SNR (12.5 dB and 17.5 dB).
Moreover, we conduct experiments in different sizes of train-

ng data to further explore the effectiveness of our method. As
e can see from Table 3, Ours_IV obtains further improvement

n terms of speech quality and intelligibility with more training
ata. However, not all the evaluation metrics can achieve further
mprovement on this occasion. We speculate that the results may
e caused by the different distribution of training data.

. Conclusions

In this paper, we propose a novel adversarial multi-task learn-
ng with inverse mapping method for speech enhancement. The
roposed networks P and Q establish the inverse mapping from



Y. Qiu, R. Wang, F. Hou et al. Applied Soft Computing 120 (2022) 108568

r

Fig. 7. Spectrograms of selected utterance in different SNR enhanced with our method. Top: noisy speech. Middle: clean speech. Bottom: enhanced speech (a) SNR
= 2.5 dB, (b) SNR = 7.5 dB.
Table 2
The unfolded evaluation results on different SNR values (i.e., 17.5 dB, 12.5 dB, 7.5 dB, 2.5 dB, and overall). We evaluate SEGAN [24], SERGAN [28] and our method
with more comprehensive speech quality and intelligibility metrics on the 28-speaker database. ‘‘†’’ denotes that we reproduced the results with the provided open
esources.
Strategies Quality Intelligibility

Methods SNR PESQ CSIG CBAK CVOL SSNR CSIIhigh CSIImid CSIIlow NCM STOI

17.5 dB 2.60 3.93 3.28 3.26 9.23 0.997 0.956 0.684 0.994 0.954
12.5 dB 2.29 3.65 3.06 2.96 8.46 0.991 0.911 0.587 0.989 0.943

SEGAN† 7.5 dB 2.06 3.36 2.87 2.69 7.52 0.977 0.852 0.486 0.972 0.929
2.5 dB 1.76 3.02 2.59 2.35 5.88 0.931 0.748 0.338 0.928 0.890
Overall 2.16 3.48 2.94 2.80 7.73 0.973 0.864 0.518 0.970 0.928

17.5 dB 2.95 4.10 3.56 3.51 11.7 0.998 0.969 0.738 0.997 0.961
12.5 dB 2.67 3.81 3.31 3.21 10.2 0.994 0.934 0.644 0.994 0.957

SERGAN† 7.5 dB 2.43 3.57 3.09 2.97 8.83 0.982 0.879 0.561 0.985 0.937
2.5 dB 2.09 3.22 2.79 2.61 7.13 0.946 0.784 0.425 0.959 0.902
Overall 2.52 3.66 3.18 3.06 9.40 0.979 0.889 0.587 0.983 0.937

17.5 dB 3.38 4.40 3.65 3.90 12.0 0.999 0.970 0.731 0.997 0.965
12.5 dB 3.15 4.20 3.36 3.66 10.5 0.996 0.938 0.651 0.996 0.957

Ours_IV 7.5 dB 2.94 3.97 3.13 3.46 9.21 0.987 0.888 0.573 0.989 0.948
2.5 dB 2.48 3.51 2.82 3.10 7.40 0.957 0.795 0.443 0.967 0.914
Overall 2.88 4.01 3.50 3.51 9.72 0.984 0.895 0.595 0.987 0.945
8
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Fig. 8. Spectrograms of selected utterance in different SNR enhanced with our method. Top: noisy speech. Middle: clean speech. Bottom: enhanced speech (a) SNR
= 12.5 dB, (b) SNR = 17.5 dB.
Table 3
The evaluation results of SEGAN [24], SERGAN [28] and our method (i.e., Ours_IV ) with different scales of training database in terms of speech
uality and intelligibility. ‘‘†’’ denotes that we reproduced the results with the provided open resources.
Strategies Quality Intelligibility

Methods Training data PESQ CSIG CBAK CVOL SSNR CSIIhigh CSIImid CSIIlow NCM STOI

28spks 2.16 3.48 2.94 2.80 7.73 0.973 0.864 0.518 0.970 0.928
SEGAN† 56spks 2.46 3.63 3.10 3.03 7.83 0.977 0.879 0.554 0.973 0.934

28+56spks 2.51 3.46 3.15 2.95 8.99 0.981 0.890 0.554 0.976 0.937

28spks 2.52 3.66 3.18 3.06 9.40 0.979 0.889 0.587 0.983 0.937
SERGAN† 56spks 2.61 3.89 3.25 3.24 9.03 0.980 0.890 0.587 0.984 0.938

28+56spks 2.60 3.79 3.28 3.18 9.64 0.981 0.893 0.593 0.983 0.938

28spks 2.88 4.01 3.50 3.51 9.72 0.984 0.895 0.595 0.987 0.945
Ours_IV 56spks 2.90 4.03 3.55 3.52 9.70 0.983 0.898 0.593 0.987 0.947

28+56spks 2.93 4.08 3.48 3.55 9.46 0.983 0.895 0.596 0.988 0.946
the generated distribution to the input data space. Based on the
adversarial multi-task learning, our method effectively enhances
the generator’s capability of speech information capturing and
representation learning. Our method obtains the state-of-the-
art performance in terms of speech quality (i.e., PESQ = 2.93,
VOL = 3.55). For speech intelligibility, the proposed method
btains competitive performance (e.g., STOI = 0.947). The ex-
erimental results demonstrate that our proposed method can
9

greatly improve speech enhancement performance in terms of
speech quality and intelligibility, especially in a low SNR scene.
Moreover, the multi-head self-attention is also effective to locate
specific information and learn long-range dependencies of the
speech signals, and improve speech enhancement further.

In future work, we will investigate our proposed method on
different evaluation resources, reduce the computational load and
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ime complexity. In addition, we will try to apply our speech en-
ancement method to more applications, such as robust speaker
dentification and speech recognition.
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