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Abstract

In natural listening environments, speech signals are easily distorted by vari-
ous acoustic interference, which reduces the speech quality and intelligibility
of human listening; meanwhile, it makes difficult for many speech-related ap-
plications, such as automatic speech recognition (ASR). Thus, many speech
enhancement (SE) algorithms have been developed in the past decades. How-
ever, most current SE algorithms are difficult to capture underlying speech
information (e.g., phoneme) in the SE process. This causes it to be challenging
to know what specific information is lost or interfered with in the SE process,
which limits the application of enhanced speech. For instance, some SE algo-
rithms aimed to improve human listening usually damage the ASR system.
The objective of this dissertation is to develop SE algorithms that have the
potential to capture various underlying speech representations (information)
and improve the quality and intelligibility of noisy speech. This study starts
by introducing the hidden Markov model (HMM) into the Non-negative Matrix
Factorization (NMF) model (NMF-HMM) because HMM is a convenient way to
find underlying speech information for better SE performance. The key idea is
applying HMM to capture the underlying speech temporal dynamics informa-
tion in the NMF model. Additionally, a computationally efficient method is also
proposed to ensure that this NMF-HMM model can achieve fast online SE.
Although NMF-HMM captures the underlying speech information, it is dif-
ficult to explain what detailed information is obtained. In addition, NMFE-HMM
cannot represent the underlying information in a vector form, which makes
information analysis difficult. To address these problems, we introduce deep
representation learning (DRL) for SE. DRL can also improve the SE perfor-
mance of DNN-based algorithms since DRL can obtain a discriminative speech
representation, which can reduce the requirements for the learning machine
to perform a task successfully. Specifically, we propose a Bayesian permutation
training variational autoencoder (PVAE) to analyze underlying speech infor-
mation for SE, which can represent and disentangle underlying noisy speech
information in a vector form. The experimental results indicate that disen-
tangled signal representations can also help current DNN-based SE algorithms
achieve better SE performance. Additionally, based on this PVAE framework,
we propose applying S-VAE and generative adversarial networks to improve
PVAE’s information disentanglement and signal restoration ability, respectively.
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Resumé

I naturlige lyttemiljger, vil talesignaler forvraenges let af forskellige akustiske
interferenser, hvilket kan reducere talekvaliteten og forstaeligheden; samtidigt
gor det vanskeligt for mange talerelaterede app’er, sdsom automatisk talegenk-
endelse (automatic speech recognition, ASR). Derfor er mange taleforbedringsal-
goritmer (speech enhancement, SE) blevet udviklet i de sidste artier. De fleste
nuverende SE-algoritmer dog er vanskelige at fange underliggende taleinfor-
mationer (fx. fonem) i SE-processen. Dette far det til at veere udfordrende
at vide, hvilke specifikke informationer er tabt eller forstyrret i SE-processen,
herved begrenser anvendelsen af taleforbedring. F.eks. nogle SE-algoritmer,
der kan forbedre menneskelig lytning, kan ofte beskadige ASR-systemet.
Formélet med denne afthandling er at udvikle SE-algoritmer, ggre den muligt
til at fange forskellige underliggende talereprasentationer (informationer), og
forbedre kvaliteten og forstaeligheden af stgjende tale. Denne undersggelse
starter med at introducere den skjulte Markov-model (hidden Markov model,
HMM) i den ikke-negative matrixfaktorisering (Non-negative Matrix Factoriza-
tion, NMF) model (NMF-HMM), fordi HMM er en bekvem maéde til at finde
underliggende taleinformationer for at bedre SE-ydeevne. Hovedideen er at
anvende HMM til at fange den underliggende tidmaessige dynamiske talein-
formationer i NMF-modellen. Derudover foreslds ogsa en hgj effektiv beregn-
ingsmetode for at sikre, at denne NME-HMM-model kan opné online SE hurtigt.
NMF-HMM kan fange de underliggende taleinformationer, men er det vanske-
ligt at forklare, hvilke detaljerede informationer er faet. Derudover kan NMF-
HMM ikke reprasentere de underliggende informationer i en vektorform, hvilket
er vanskeligt til at udfgre informationsanalyse. For at lgse disse problemer, in-
troducerer vi deep representation learning (DRL) for SE. DRL kan ogsa forbedre
SE-ydeevnen, som er baseret pA DNN algoritmer, da DRL kan forskelbehandle
talerepreaesentation, derved reducere kravene til laeringsmaskinen til at udfgre
en opgave med succes. Vi specifikt foreslar at bruge Bayesian permutation
training variational autoencoder (PVAE) til at analysere underliggende talein-
formationer for SE, som kan reprasentere og adskille underliggende stgjende
taleinformationer i en vektorform. De eksperimentelle resultater angiver, at
adskillede signalrepreesentationer ogsd kan hjelpe nuverende SE-algoritmer
(baseret pA DNN) med at opna bedre SE-ydeevne. Derudover baseret pd denne
PVAE-ramme, foreslér vi at anvende 5-VAE og generative kontradiktoriske netveerk
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Resumé

for at forbedre PVAFE’s henholdsvis informationsadskillelse og signalgendan-
nelsesevne.
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Preface

This thesis is submitted to the Technical Faculty of IT and Design at Aalborg
University in partial fulfillment of the requirements for the Degree of Doctor
of Philosophy. This thesis includes a summary and a collection of published
papers. The summary part first introduces the research background of speech
enhancement. Meanwhile, the summary also indicates this thesis’s motivation,
a key idea, and objective. After that, this part reviews some non-negative ma-
trix factorization and deep representation learning models, which is the tech-
nical fundamentals of this research. Finally, the contributions and conclusions
of this project are given at the end of the summary. In the second part, a col-
lection of papers that have been published or in peer-reviewed are expected to
be presented.

The work was carried out from September 2019 to September 2022 in
the Audio Analysis Lab at the Department of Architecture, Design, and Media
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been possible. He taught me how to think about scientific problems and per-
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labmates at the Audio Analysis Lab and friends for making life pleasant dur-
ing the past three years. Finally, I owe my greatest gratitude to my family for
supporting me and standing with me through my ups and downs.

Yang Xiang
Aalborg University, December 5, 2022
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1 Background

Speech signal plays an essential role in human communication. However, in
our daily listening environment, speech signals are easily corrupted by var-
ious acoustic interference, which makes human listeners, especially people
with hearing loss, feel difficult to understand the conversation. Meanwhile,
the corrupted speech signals can also cause many related downstream speech
applications, such as automatic speech recognition (ASR) [1], speaker iden-
tification [2], and speech translation, to become very difficult. As a result,
speech enhancement (SE) techniques, which aims to remove background noise
and improve speech quality and intelligibility in a noisy environment, have
been developed during the past decades [3]. At present, due to the needs of
practical applications, there are more and more requirements for SE [4]. For
example, SE is required to help the online meeting system decrease the word
error rate (WER) for accurate live captioning when transmitting high-quality
speech signals in different complex listening environments [5, 6]. Therefore,
SE has become a hot research topic.

Many efforts have been made to improve SE performance in the past
decades. In an environment where the noise is additive, the most direct way for
SE is the spectral subtraction algorithm (SSA) [7]. SSA subtracts an estimated
short-term noise spectrum from the noisy signal spectrum to obtain the target
clean speech signal spectrum. To get a better signal estimation, some statistic-
based SE algorithms are developed, like some Wiener filtering-based [8, 9]
strategies. Moreover, the minimum mean-square error (MMSE) spectral am-
plitude estimator [10] is another classic SE method. Based on this work [10],
a log-MMSE spectral amplitude estimator [11] is proposed to suppress more
residual noise. To increase the estimation accuracy of the clean speech spec-
trum, some noise estimation algorithms, such as minima controlled recursive
averaging (MCRA) noise estimator [12] and improved MCRA (IMCRA) noise
estimator [13], are combined with amplitude estimators, such as the optimally-
modified log-spectral amplitude (OM-LSA) method [14] and Log-MMSE [15],
for SE. The signal subspace method [16-18] is also a classical SE algorithm
that analyzes the speech and noise subspace of the observed signal for the SE
application.

However, most of these methods are difficult to obtain satisfactory SE per-
formance in a non-stationary noisy environment and usually introduce musical
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noise since they less consider applying prior speech and noise information for
SE. To address this problem, data-driven SE algorithms are developed. The key
idea of data-driven methods is that the signal models can be pre-trained using
speech or noise data to obtain the prior information of signals before SE. In the
online SE stage, the pre-trained signal model can be directly used to perform SE
given noisy data. Classical data-driven SE algorithms include codebook-based
methods [19-21], non-negative matrix factorization (NMF) methods [21-26],
and the auto-regressive hidden Markov model (ARHMM) [27, 28].

Recently, with the advance in deep learning techniques [29, 30], deep neu-
ral networks (DNNs) have significantly promoted SE progress [31] and shown
their great potential for SE [31-39]. Compared to classic SE algorithms, DNNs’
benefits for SE are that they apply fewer assumptions [31, 32, 40] for sig-
nal analysis. So, some inaccurate assumptions can be avoided in DNN-based
SE algorithms. In general, input features (representations), training targets,
and learning machines are the three critical components for the DNN-based
SE [31] methods. For the input features (representations), a more discrimina-
tive feature can place less demand on the learning machine to perform a task
successfully [31]. On the contrary, a powerful learning machine places less de-
mand on features [31]. Many features have been investigated for SE [31], such
as pitch-based features [41], amplitude modulation spectrogram (AMS) [42],
Mel-frequency cepstral coefficient (MFCC), and Gammatone frequency cepstral
coefficient (GFCC) [43]. Although these features can represent different signal
information [31] for SE, their disentanglement property is limited. They can-
not disentangle different signal information, increasing the requirements for
learning machines to generate high-quality speech. Thus, more powerful tools,
such as the DRL model [44], should be considered to obtain better disentan-
gled signal representations for SE.

For the training target, [32, 40] leverage a feedforward multilayer percep-
tron (MLP) to predict the log-power spectrum (LPS) of the clean speech using
noisy LPS as network input. After that, the final enhanced speech signal is
estimated using waveform reconstruction. The related experimental analysis
indicates that this proposed DNN framework [32, 40] is able to obtain a higher
short-time objective intelligibility (STOI) [45] score and perceptual evaluation
of speech quality (PESQ) [46] than classic methods. In [33, 47], MLP is used
to estimate the ideal ratio mask (IRM) and ideal binary mask (IBM) for SE.
Unlike the direct spectrum mapping methods [32, 40], mask-based methods
leverage DNNs to find the pre-defined time-frequency relationship among the
clean speech, noise, and noisy speech for SE. These mask-based methods can
also achieve satisfactory SE performance. Moreover, DNN can also be used to
predict various speech present probabilities [48] for the SE purpose.

In general, most DNN-based SE algorithms [32, 33, 40, 47, 48] only ana-
lyze the magnitude spectrum of signals and ignore the phase information be-
cause phase is not so essential for enhanced speech [49]. However, recent re-
search [39, 50] indicates that accurate phase estimation is necessary to gener-
ate high-quality enhanced speech. Therefore, many DNN-based SE algorithms
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1. Background

that consider the phase information target are proposed. These methods in-
clude some phase-sensitive filter algorithms [51] and complex ideal ratio mask
(cIRM) estimation algorithms that jointly estimate real and imaginary compo-
nents of clean speech [52, 53]. Another way to address the phase estimation
problem is to leverage DNNs to perform SE in the time domain, which directly
estimates the waveform of clean speech. The end-to-end SE strategies [35, 54]
can also achieve excellent SE performance.

Learning machines is another key component of the DNN-based SE algo-
rithm. Many different learning machines have been investigated for the SE ap-
plication. Convolutional neural networks (CNNs) [55] can discover robust and
localized low-dimensional patterns [55], so CNN has the potential to achieve
better SE performance than MLP. In [56, 57], CNN is applied to perform mask
and spectrum estimation for SE. In [58], a fully convolutional encoder-decoder
network (FCED) is used to perform spectrum mapping SE. Compared to MLP,
CNN'’s other benefit for SE is that its number of parameters is smaller, so CNN
is easier to apply to some embedded devices [58]. The speech signal is related
to the temporal process, so deep recurrent neural networks (RNNs) [59] can
generate benefits for the SE. In [60], RNN is used to conduct denoising tasks
and performs better than MLP. A more advanced RNN structure, long short-
term memory networks (LSTMs) [61], is utilized to predict multi-target for
SE [34]. Moreover, LSTM can also be used to improve the ability of speaker
generalization [62]. To make the best use of the advantage of CNN and RNN,
convolutional recurrent networks (CRNs) [63, 64] are proposed to conduct the
SE, which can benefit from CNN’s feature extraction and RNN’s temporal mod-
eling ability. Experimental results in [63, 64] indicate that CRNs can obtain
higher STOI and PESQ scores than single CNNs and RNNs models. The speech
signals are the complex values in the time-frequency analysis using a short-
time Fourier transform (STFT), so deep complex networks (DCNs) [65, 66] are
also investigated to perform SE, which can directly process the complex-valued
spectrum and avoid the phase estimation problem. Furthermore, combining
CRNs and DCNs (deep complex convolution recurrent network (DCCRN)) [67]
can achieve more excellent SE performance. Moreover, some generative mod-
els, such as variational autoencoder (VAE) [68] and generative adversarial
networks (GANSs) [69, 70], are also investigated for SE application and have
shown their potential in SE. For instance, [71] and [72] use GANSs to estimate
speech spectrum and waveform, respectively. Both of them obtain satisfactory
SE performance. In addition, many semi-supervised and unsupervised SE al-
gorithms [36, 73-75] are also investigated in recent works to improve DNN’s
generalization ability.

To sum up, at present, many SE algorithms have been proposed and
achieved satisfactory SE performance. Some of these algorithms [67, 76] can
also meet practical applications [77]. However, with the progress of the times,
there are more and more requirements for the SE technique. For instance, for
some online meeting applications, SE needs to improve human hearing and
reduce WER simultaneously. As a result, some new strategies are supposed to



be considered to improve the performance of the current SE methods.

The rest of this section is organized as follows. First, we will explain the
motivation of this study in subsection 1.1. Then, the fundamental ideas of using
representation learning for SE are expected to be illustrated in subsection 1.2.
After that, we will show the organization of this thesis in subsection 1.3.

1.1 Motivation

At present, although many SE algorithms have been proposed [3, 31], most
of these methods only analyze the limited information for SE. They do not try
to capture more underlying information (e.g., phoneme or text information)
to improve SE performance. For example, most of the present DNN-based SE
methods [31-33, 35-40] focus on optimizing the training targets and learn-
ing machines. These DNN-based methods use different learning machines [31]
to predict different pre-defined targets (e.g., various masks [33], speech spec-
trum [40], and speech present probability [48]). Although direct prediction
of pre-defined targets can prevent inaccurate signal assumptions [40], the lack
of underlying information analysis in SE can cause it challenging to under-
stand signal distortion. We cannot know the relationship between signal dis-
tortion and information loss, which limits the SE application in some down-
stream tasks. For instance, some SE methods aiming to improve human listen-
ing can damage the ASR system [5, 6]. The enhanced signals have a higher
WER than noisy speech in the ASR system. In general, this unsatisfactory ASR
performance is caused by the distortions of the enhanced signal. Without the
analysis of underlying information (e.g., phoneme or text information), it is
difficult to know how the ASR-needed information is lost in signal distortions.
Similarly, the same problem also exists in traditional SE algorithms [3, 16-21].
Basically, the classic SE algorithms [3, 16-21] utilize STFT to analyze the T-F
representations of the speech signal or directly analyze the time-domain wave-
form. However, analyzing T-F and waveform representations is ineffective in
capturing and disentangling different underlying speech information because
some information, such as phoneme and content information, is less related
to the T-F and waveform representations. For example, different speakers are
able to say the same sentence. T-F and waveform representations are difficult
to disentangle and represent the speaker and content information and perform
the related analysis of disentangled information.

To mitigate the above problems, this thesis aims to develop a SE frame-
work that has the potential to capture underlying speech information (repre-
sentation) and can improve speech quality and intelligibility when performing
SE. Moreover, a good signal representation is also essential to improve DNN’s
performance [44] since a discriminative speech representation can place less
demand on the learning machine to perform a task successfully [31].



1. Background

Signals latent variables
y: noisy signal z.: content-related information
X: speech z,: style-related information
d: noise z,: noise information

z,,: other information

0

Fig. 1: Graphic illustration of information of the noisy speech

1.2 Key Idea and Objectives

Fig.1 shows a simple graphic illustration of what information of a noisy speech
could be included and analyzed. In Fig.1, we can find that a noisy signal could
contain content-related information, style-related information, noise informa-
tion, and other information. The different information can be represented by
the different vector forms (z., z,, z4, and z,). More specifically, content-related
information involves the understanding of a word or sentence. Each different
speaker can use the same content information to express the same. Content
information is essential for the ASR application. Style-related information usu-
ally represents the speakers, which decides the style of a speech signal. Noise
information determines what types of noise are included in this noisy signal.
Other information means some other possible underlying information (e.g., re-
verberation or multi-speaker information) that may be included in the noisy
speech, which is adjustable based on the practical application. Fig.1 also in-
dicates that all the different information can decide the noisy signal y. Mean-
while, each independent information can also decide different signals. For
example, noise information can determine the noise signal d. The combination
of content and style information can decide the speech signal x. Note, Fig.1
just shows a basic framework for information analysis of the noisy signal. In
practical application, more information analysis could be considered in Fig.1.
For instance, emotional information could also be included in the speech signal
part.

To capture and analyze various information in a speech signal, we can con-
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Fig. 2: Graphic illustration of representation analysis for deep representation learning model.

sider leveraging the hidden Markov model (HMM) [27] or the deep represen-
tation learning (DRL) model [44]. In general, HMM can capture the speech
temporal dynamic information, and each HMM’s state can intend to find spe-
cific speech information (e.g., a phoneme). HMM has been widely applied in
the ASR area [1]. HMM is easily combined with some traditional SE algorithms
like NMF. However, the drawbacks of using HMM to find speech information
are that HMM is difficult to represent various underlying information efficiently
(e.g., using a vector to represent the information), which causes it challenging
to perform detailed information analysis. In addition, HMM is also difficult
to disentangle different underlying information, which may lead to inaccurate
information analysis. To mitigate these issues, we consider using DRL for in-
formation analysis. DRL can represent underlying information in a vector form
and disentangle different speech information [78-80], effectively analyzing
signals. At present, the DRL model has been widely used in speech conversion
and synthesis domains [81, 82]. Fig.2 shows how to use DRL to perform signal
analysis. In general, the DRL model contains an encoder and decoder [82].
The encoder also named the recognition model, is responsible for finding and
disentangling various underlying information. Finally, the encoder can disen-
tangle multiple pieces of information into different vector forms (latent vari-
ables). We can perform related information analysis using these vectors. The
decoder also named the generative model, is responsible for signal recovery
using previously analyzed vectors (latent variables). The decoder can use all
disentangled latent variables to generate a signal, as shown in Fig.2. Alterna-
tively, the decoder can just use some of them to recover the signal, depending



1. Background

(a) Generative model (b) Recognition model

Fig. 3: Graphic illustration of simplified signal analysis model [83].

on the practical application. For example, we only need the content and style
information to reconstruct a clean speech signal for SE, as shown in Fig.1.

This thesis first aims to leverage HMM to capture the underlying speech in-
formation because HMM is easily combined with some existing signal models
like NMF [21-26] for SE. However, due to the limitation in HMM, we will focus
on using the DRL model for signal analysis. This thesis attempts to leverage
DRL for SE, which is a novel aspect of signal analysis in SE. Therefore, as a
preliminary study of investigating the representation learning for SE, we sim-
plify the signal model in Fig.1 as the model in Fig.3 [83]. In this study, we
are based on the simplified signal model (Fig.3) to conduct the related signal
analysis. Comparing the simplified model (Fig.3) to the original model (Fig.1),
we can find that the simplified model only considers speech information z,
and noise information z,4. z, is the combination of z. and z;. The simplified
model does not disentangle more detailed information and treats z. and z, as a
whole information z,. The reason for using a simplified model is that it is more
convenient to validate the correctness of the proposed framework. Note that
although we verify our framework in a simplified signal model, the proposed
framework could be a more general strategy that can be easily extended to an-
alyze the more complex signal information. Moreover, another benefit of using
DRL for SE is that DRL can also help DNN-based SE algorithms improve SE
performance since DRL can learn a discriminative speech representation [44],
and a discriminative speech representation can reduce the requirements for the
learning machine to conduct the SE task successfully [31].

1.3 Organization of Thesis

We structure the summary of the thesis as follows.

In this thesis, we first consider using the combination of NMF and HMM to
capture the underlying speech information for SE, so we will explain some fun-
damental mathematical theories of NMF and HMM in Section 2. In addition,
we focus on leveraging DRL models to perform SE, so we will also introduce
some advanced DRL models, such as variational autoencoder (VAE) [68], 3-



VAE [84, 85], and generative adversarial networks (GANs) [69, 70], in section
3. After that, we will indicate the contributions of this study and draw con-
clusions in section 4. Finally, since this is a preliminary work of investigating
the application of representation learning in SE, we will indicate some possibly
meaningful research directions in section 5.

2 Non-negative Matrix Factorization Model

This section first explains the basic NMF algorithm with Kullback-Leibler (KL)
divergence. After that, this section shows the NMF’s application in SE. This
thesis considers applying HMM in NMF, so this section also shows the basic
framework of how we combine HMM and NMF.

2.1 Basic Non-negative Matrix Factorization with Kullback-
Leibler Divergence

In general, NMF is a group of algorithms in multivariate analysis and linear
algebra, which can factorize a matrix V into two matrices W and H. All of the
three matrices V, W, and H have no negative elements. The NMF can make
the matrix data easier to inspect and analyze. At present, NMF has been widely
applied in computer vision [86] and audio signal processing [24, 87-89].

Consider a clean speech signal x(¢), ¢ is the time index, and its short-time
Fourier transform (STFT) coefficients are X (f,n). Here, n € [1,N] and f €
[1, F] represent the time frame and frequency bin indices, respectively. Gath-
ering the F frequency bins and N time frames, the clean speech magnitude
spectrum matrice can be defined as Xy, where Xy = [x1, - ,Xn, ", XN]
and x,, = [|X(1,n)], - ,|X(f,n)|,---,| X (F,n)|]T [90]. There are no negative
elements in X, so many measures [90], such as KL divergence [23], Itakura-
Saito (IS) divergence [91], 8 divergence [92], and Euclidian distance [93],
can be used as the loss function to perform NMF for X . In this thesis, we
choose KL divergence as the loss function to conduct NMF because the best SE
performance can be achieved using the KI. divergence as the NMF loss func-
tion [94] with the magnitude spectrum [90, 94] compared with other NMF
loss functions. In addition, the KL divergence-based NMF can derive to the
multiplicative update (MU) rule for the NMF parameters update, which is an
efficient way for the parameters calculation.

Based on the definition, the KL divergence measure between the two matri-
ces D and D can be represented as [90]

Dr(D||D) = (di jlog(di ;/di ;) — di; + di ;), 1)
i

where d; ; and d; ; are the elements from the i*" row and j*" column of in
matrices D and D, respectively. Dk, (||) denotes the KL divergence. Based on
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2. Non-negative Matrix Factorization Model

the KL measure, the X v can be factorized as a basis matrix W and a activation
matrix H. The NMF loss function with KL divergence can be represented as
[90]

(W,ﬁ) :argmin DKL(XNHWXﬁ). (2)
W.H

In [23, 90], it has been shown that W and H can be estimated iteratively
using the MU rules:

XN =T
WeweoWxH 3)
1H
—71 Xy
HeHo—vwxH @
w1

where © and all divisions represent element-wise multiplication and division
operations, respectively, and 1 is a matrix of ones that has the same dimension
as matrix Xy [23, 90].

In [90, 95], it shows that MU rule in (3) and (4) using gradient descent
derivation can be also derived from a statistical analysis aspect. Specifically, the
KL divergence-based NMF can also be obtained from the hierarchical statistical
model [90, 95]

K
Xy =) C(k), (5)
k=1
crn(k) ~PO(crn(k); Wi rHrn), (©)
Ne>
where PO(y; \) = Ty 1) denotes the Poisson distribution. Additionally,

I'(y+ 1) = y! is the gamma function for positive integer y, the K is the number
of basis vectors, C(k) denotes the latent matrix, and ¢, (k) is the element of
matrix C(k) in the f* row and n'" column [90, 95]. W, and Hy, are the
elements of the basis W and activation matrices H, respectively.

In (6), we assume that ¢y, (k) is a Poisson distribution, which means that
¢s.n(k) can be only applied for the discrete variables [90, 95]. However, the
practical signals are the continuous variables, so we leverage the gamma func-
tion to replace the factorial calculation [90, 95] in the original Poisson dis-
tribution. Moreover, papers [90, 95] indicate that the iterative update of the
parameters H and W using MU rule in (3) and (4) is identical to applying the
EM algorithm to perform parameters update in(5) and (6).

11



2.2 NMF-based Speech Enhancement

This subsection will illustrate how to use the basic NMF to conduct SE in an
environment with additive noise. In general, the additive noisy signal model
can be written as [90]

y(t) = (t) +mf(t), )
where y(t) and m(t) are the noisy signal and noise, respectively. The STFT
coefficients of y(¢) can be represented as [90]

Y(fvn):X(f7n)+M(fan)7 ®
where Y(f,n) and M(f,n) represent the STFT spectrums of y(¢) and m(t),
respectively. The magnitude spectrum matrices [90] of noisy signal and noise
are defined as Y y and M y, which is similar to the definition of X 5. Moreover,
the y,, and m,, also have the similar definition to x,. To simplify the model
analysis, we assume that Yy = Xy + My.

In general, there are two stages for the NMF-based SE [90]: offline training
and online enhancement. In the first offline stage [90], we leverage the clean
speech and noise databases to pre-train the clean speech basis matrix W and
noise basis matrix VV, respectively. In the following part, the overbar () and
double dots () are used to represent the clean speech and noise for the matrix
expression, respectively. The training loss function and related parameters up-
date are shown in (2), (3), and (4), respectively [90]. In the online stage [90],
the noisy speech basis matrix W is built by connecting the pre-trained noise
and speech basis matrices, which can be expressed as W = [W, W]. The ac-
tivation matrix H of the noisy speech can be estimated iteratively by replac-
ing Xy, W, and H in (4) with Yy, W, and H, respectively. Finally, we
are able to acquire enhanced speech by various related post-processing algo-
rithms [24, 87-89]. One of the general post-processing strategies for SE is to
apply the Wiener-filter-like spectral gain g,, function [90] to estimate a clean
speech magnitude spectrum:

Wh,,

= ——— C))
& Wh, + Wh,,
S T
h, = [B,, ]
= argmhinDKL(ynHWhn). (10)

To solve (10), we can apply (4) to perform related calculations. Finally, the
enhanced signal can be estimated by

Xn =Yn © 8n- 1D

Although NMF is an effective strategy for speech signal analysis, its ability in
capturing underlying speech information is limited. As a result, many other

12



2. Non-negative Matrix Factorization Model

algorithms (e.g., HMM and DNN [96]) are usually combined with NMF to
achieve a better SE performance.

2.3 Combination of HMM and NMF

In this subsection, we will show how to apply HMM to capture the underlying
temporal dynamic information of the signal in NMF. Based on the conditional
independence property of the standard HMM [90, 97], we can obtain such a
likelihood function [90]

N
XN7 Z H Xn|sn Sn|§sfl)7 (12)

§ n=1
where SN = [51, -+ , 5, ,5n]7T represents the states collection, and 5,, €
{1,2,---,J} is the state at the n'" frame [90]. The J is the total number

of states [90]. Here, the probability function p(s,|s,—1) represents the state
transition probability from state s,,_; to 5, using p(51|Sp) as the initial state
probability [90]. p(x,[S,) is the state-conditioned likelihood function [90].
Moreover, ® is defined as the collection of estimation parameters [90]. In (12),
we need to obtain p(3,|5,—1) and p(x,|s,) to calculate the whole likelihood
function p(Xy; ®) [90].

For the p(S,|S,—1), it can be modeled using a first-order Markov chain,
which can be represented as [90]

7 7
p(§n|§nf1)=HH (o), (13)

p(51[50) = p(51) = [[ 7, (14)

<.
Il <l
—_

where [(+) is an indicator function [90], which can be written as
1, if logic expression y is true
(y) = 7 OB CSIPIETORYIE e (15)
0, if logic expression y is false

In (13) and (14), Zi, ;j represents the transition probability from state ¢ to state
Jj. 7; is the initial probability for the first frame’s state ; being state j. Gather-
ing all the initial and transition probabilities, they can be written as the vector
and matrix forms, 7 = [71,- -+ , 7, - , 75| and A with 4; ; being the element
at the i*" row and j*" column. As a result, we can express the related model-
ing parameters of state transition probability as @y, = {A, 7, J}, where J is
predefined, and A and 7 can be updated using the EM algorithm [90].

For the state-conditioned likelihood function, we can apply (5) and (6) to
build it, which can be represented as [25]

13



K
X, =Y €u(k), (16)

F
pEn(R)[5n) = [ PO@snk); WL HL), a7

where K is the basis vectors number, ¢,(k) contains the hidden vari-

ables, and WZ:‘" and Fin correspond to the elements of the basis and
activation matrices, respectively [90]. Here, we can write ¢, as: €, =
[c.(1)T,e,(2)T, - ,€,(K)T]T. Finally, the p(x,|3,) can be expressed as

p(xn\§n) = /p(xvl|én)p(én|§'n) dc,,
(18)

||::*q

where the superposition property of the Poisson random variable [90, 95] is
leveraged. Collect the NMF parameters {W F) and {H k) and express them

as the matrix forms, we can obtain {W”} and {H’ } Here, we can find that dif-
ferent from the traditional NMF that leverages only one basis matrix to model
signal, the signal can be modeled by J basis matrices using the combination of
NMF and HMM. Moreover, each basis matrix has the potential to find a spe-
cific signal information (e.g., a phoneme or emotion). The related modeling
parameters of p(x, s, ) can be written as ®;3. = {{W’}, {H’}, K, J}, where .J
and K are pre-defined and {W”} and {H’} can be obtained by EM algorithm.

To sum up, there are four types of parameters in ®: ®=®y,,,,, U Pjjx.. They
are the pre-defined parameters: .J and K, NMF parameters: {W”} and {H’},
transition matrix: A, and initial state probabilities: 7. Apart from the pre-
defined parameters, the other three types of parameters can be estimated using
EM algorithms [90, 95].

3 Deep Representation Learning and Generative
Models

Recently, many DRL and generative models, such as variational autoencoder
(VAE) [68, 98], generative adversarial networks (GAN) [69, 70], Bayesian
wavenet [99, 100], and diffusion probabilistic models [101-103], have been
proposed for data analysis. These models have shown great potential in data
learning and data generation. This section briefly introduces the VAE, (-
VAE [84, 85], and GAN models.

14



3. Deep Representation Learning and Generative Models

Encoder Decoder
(recognition model) (generative model)

Fig. 4: Graphic illustration for VAE

3.1 Variational Autoencoder (VAE)

The VAE is a probabilistic generative model [68]. Based on the variational
Bayes [68], VAE provides a probabilistic generative process between the ob-
served data and the corresponding latent variables. VAE also defines a princi-
pled strategy to jointly learn latent variables, recognition, and generative mod-
els [68, 83]. Generative and recognition models can be jointly trained by max-
imizing the evidence lower bound (ELBO) or minimizing the KL divergence be-
tween their true joint distribution [83] and the corresponding estimation [68]
using the stochastic gradient descent (SGD) or Adagrad [104] algorithm. Fig.4
shows a general VAE structure. Here, x represents the clean speech magnitude
spectrum. For simplicity, we remove the time frame indices n. z, is the latent
variables of x, where z, € R* and L is the dimensions of vectors z,,.

The VAE’s optimization process can be seen as minimizing the KL diver-
gence between real joint probability distribution p(x,z.) and corresponding
estimation ¢(x, z, ), which can be expressed as follow [83]:

Drcr (p(%,22)[14(X, 22)) = Exop(x) [l0g p(x)]
+ Exop(oo [Pz (P22 %)) |9 (x, 22))].

In (19), the term Ey.,x) [log p(x)] can be seen as a constant, so minimizing
their KL divergence is equal to minimizing [83]

L0z, pr;x)
= Exp(o) [DrcL (p(22[%))]|q(x, 22))]
= Exnpx) [PDrr (p(22]%))q(22))]
— Exp(x) [Ezamp(z %) 108 a(x[22)]] ,

where 6, and ¢, are the encoder and decoder parameters, respectively, which
is applied to perform the related probability estimation. Here, —L(0.,., ¢.; %)
can be also seen as the ELBO [83]. This ELBO can be written as

(19)

(20)

IEx~p(x) [10g Q(X)] > _E(exv Pas X)' (21)

Minimizing £(60,,¢.;x) is equal to maximizing this ELBO. The whole VAE
framework can be trained using (20) as a loss function.

To calculate (20), we need to estimate posterior distribution p(z,|x), p(z,),
and prior distribution ¢(x|z, ) using parameter 6, and ... In general, for speech
signal analysis [68, 98], p(z.) can be predefined as a centered isotropic multi-
variate Gaussian: z, ~ N (0,I), which can be written as
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where I is the identity matrix. The p(z,|x) and ¢(x|z,) can be estimated using
encoder and decoder, respectively. For the simplicity of calculation, the poste-
rior and prior distributions are usually assumed to have multivariate normal
distributions with diagonal covariance [68], which has been widely applied in
many VAE-based SE algorithms [98, 105-108]. Therefore, p(z,|x) and ¢(x|z,)
can be expressed as

p(22|x) = N (245 o, (x), 0. (x)I) (23)

q(x|22) = N (%; pip, (2), 05 (22)1) 24

where 119, (x) and o7 (x) are the mean and covariance of posterior distribution
p(z.|x), respectively, which can be estimated using encoder with x as input.
Similarly, s, (z,) and o2 _(z,) are the mean and covariance of prior distribu-
tion ¢(x|z.), respectively. They can be estimated using a decoder with latent
variable z, as input. To obtain z, from posterior distribution p(z,|x), we need
to apply the reparameterization trick, which can be expressed as [68]

zo = o, (X) + 05, (%) O, (25)

where € is a random noise variable, which satisfies ¢ € RY and e ~ A/(0,1).
This reparameterization trick also ensures that the parameter update in VAE is
differentiable.

At present, VAE has been widely used in the SE task [98, 105-109]. How-
ever, most of these algorithms only apply VAE to learn the clean speech repre-
sentation, and they do not attempt to disentangle clean speech representation
with other noise representations, which leads to inaccurate speech estimation.
Additionally, entangled representation also causes these methods to apply a
linear NMF to model noise. As a result, the noise modeling ability of these
methods is not satisfactory compared to these non-linear DNN-based meth-
ods [68]. Therefore, an effective disentanglement strategy is essential for these
VAE-based SE methods.

3.2 A-VAE

B-VAE [84, 85] is a developed DRL model based on the VAE. 5-VAE adds an ad-
justable hyperparameter 5 in VAE’s KL divergence term. Thus, the optimization
target in (20) can be rewritten as
E(ewa Px; X)
= BEx~p(x) [Dir (p(22]%))a(22))] (26)
- IE’xw]o(x) [Ezmwp(zx|x) [log q(X|Zm)H .
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3. Deep Representation Learning and Generative Models

z, —> G(z,) —> X ——> D ——> D(G(z.))

\4

X D > D(x)

Fig. 5: Graphic illustration for GAN

(26) is the loss function of 5-VAE. $-VAE aims to help the original VAE [68] to
obtain a better signal representation. In 5-VAE, the signal representation can be
disentangled if the data has more than one underlying factor of variation [84].
Generally, 8 > 1 can lead to more disentangled latent representations [84].
A better and more disentangled representation can be obtained by setting a
higher value of 8. However, the 8-VAE’s drawback is that it has a trade-off
problem. More specifically, a better disentanglement performance in latent
space can usually result in a worse signal reconstruction performance [84].

3.3 Generative Adversarial Network (GAN)

GAN [69] is a very powerful probabilistic generative model that can generate
an expected sample from a probability distribution using DNNs. The DNN’s
input can be a random vector. A GAN [69] contains a generator network and a
discriminator network. The generator network G(-) can map a random variable
Z; (2. ~ q(z;)) to a expected sample. The purpose of the generator network
is to imitate real data to cheat the discriminator [36]. Typically, there are
no rigid restrictions for the distribution ¢(z,) [70]. The task of discriminator
network D(-) is to determine whether x is an actual training sample or it is
generated by the generator model through x = G(z,). This means that the
discriminator network needs to distinguish these generated data from the true
data. As a result, there is an adversarial learning process [69] between G(-)
and D(-) [36]. Fig.5 shows the GAN’s framework.

The GAN can be derived by a general variational divergence estimation
approach [70]. In [70], it has been shown that GAN can be trained by any
f-divergences. In general, we can choose Jensen—-Shannon (JS) divergence to
optimize GAN because JS divergence has an upper and lower bound, which
is easier to converge. If we use JS divergence, GANs can be optimized by the
minimax of the loss function [69]:

m(%n max Lgan(G,D) =
Ex~gaara (0 [108(D(X)] + Bz, <q(z,) l0g(1 — D(G(22)))]-

One of the benefits of GAN is that we do not need the probability distribution
assumptions for the GAN’s input and output samples. This differs from the
VAE, which can avoid inaccurate prior assumption problems. At present, GANs

(27)
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have been widely used in speech enhancement tasks [36, 71, 72, 110, 111],
but most of these algorithms less consider how a good speech representation
can be obtained as the input of the GAN for SE. Typically, they directly use
the observed signal as the GAN’s input to generate the clean speech signal
[71, 72]. Although there are no restrictions for the GAN’s input, an accurate
speech representation can usually make GAN easier to train and lead to better
generative performance [31, 112, 113].

4 Contributions

This thesis mainly considers how to capture and analyze more underlying
speech information when performing SE. To achieve this purpose, we have
proposed to apply NMF, HMM, VAE, 5-VAE, and GAN for SE. The main body of
this thesis is constituted by papers A-F. Papers A and B introduce HMM to cap-
ture speech temporal dynamics information in NMF for SE. Moreover, based on
the NMF-HMM framework in papers A and B, paper C utilizes the Poisson mix-
ture model (PMM) to model signals, which intends to capture more underlying
information. Paper D introduces the DRL model for SE, which leverages the
VAEs to analyze underlying signal representations. Based on the proposed DRL
framework in paper D, to obtain a better SE performance, paper E and paper F
propose to apply 3-VAE and GAN to optimize the information disentanglement
and signal restoration ability of the previous DRL framework, respectively.

Paper A [25] This paper leverages HMM to capture the speech temporal dy-
namics information because HMM is easily combined with NMF for SE. More
specifically, this paper presents a novel supervised NMF-HMM SE framework.
This framework contains an offline training stage and an online enhancement
stage. In the offline stage [25], the sum of Poisson is utilized as the observation
model in each HMM’s state, which ensures that computationally efficient MU is
able to be applied in this framework. Based on NME-HMM, we derive a novel
MMSE estimator in the online stage. This novel MMSE estimator is able to
perform online parallel computing, which reduces the time consumption of on-
line SE. The experimental results show that the novel NMF-HMM framework
can achieve a 7% STOI score advantage over the state-of-the-art NMF-based
SE methods [17, 21], which illustrates that capturing the speech temporal dy-
namics information can obtain a better SE performance for the NMF-based SE
algorithms.

Paper B [90] In paper A, the effectiveness of the NMF-HMM framework for
SE has been preliminarily verified. However, there are various parameters in
the proposed framework. The effect of these parameters on SE performance is
not investigated in preliminary work. The proper parameter selection is crit-
ical for the NMF-HMM framework to achieve satisfactory SE performance. In

18
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addition, paper A only conducts the limited noise experiment and does not
perform experiments in more challenging noisy environments. The potential
of the NMF-HMM algorithm is not totally investigated. This paper expands
our preliminary research on these two aspects. Furthermore, in this paper, the
proposed NME-HMM framework is also compared with some more advanced
DNN-based SE algorithms [114] and temporal NMF algorithms [115-117].
The NMF-HMM’s performance is more comprehensively assessed in paper B.

Paper C [26] The NMF-HMM-based SE framework is proposed and analyzed
in papers A and B. However, this framework only applies a single Poisson distri-
bution as the HMM’s likelihood function, which is difficult to effectively model
the speech and noise signal since the signal behavior is complex. To mitigate
this issue, this paper proposes [26] to apply the Poisson Mixture Model-based
NMF-HMM (PMM-NMF-HMM) for SE, which is a more sophisticated statisti-
cal model. PMM-NMF-HMM has the potential to capture more complex signal
behavior like the Gaussian mixture models (GMM) [118]. Compared to the
previous NMF-HMM model, PMM-NMF-HMM can better describe the speech
and noise signals since these signals may be governed by multiple underlying
causes, and each of these causes may be responsible for one particular mixture
component in the PMM distribution. If such causes are identified, then the
PMM-NMF-HMM can be decomposed into a set of cause-dependent or context-
dependent component distributions [26, 118]. Finally, better SE performance
can be achieved by using PMM-NMF-HMM. Additionally, similar to the previ-
ous NMF-HMM-based SE method, PMM-NMF-HMM can leverage MU rule for
the parameters. Based on this PMM-NMF-HMM framework, we also derive a
PMM-NMF-HMM-based MMSE estimator, which can also perform parallel com-
putations in the online SE stage. The experimental results show that the novel
PMM-NMF-HMM algorithm is able to achieve a better STOI and PESQ perfor-
mance than the previous NMF-HMM-based method.

Paper D [83] In papers A, B, and C, we have proposed an NMF-HMM-based
SE framework. However, the main drawbacks of using HMM to capture un-
derlying information are that we cannot understand what specific information
is captured. Additionally, HMM cannot efficiently represent various underly-
ing information, making it difficult for information analysis. To address these
problems, we introduce the DRL for SE. DRL can represent and disentangle dif-
ferent signal information (as shown in Fig.1) in different vector forms [44, 82]
for the related information analysis. More specifically, we propose to leverage
VAE for SE. At present, VAE has been widely applied for SE. However, current
VAE-based SE methods only apply VAE to model speech signal and use NMF
to model noise since these VAE-based methods are difficult to disentangle the
different information from the noisy signal. Based on Bayesian theory, this pa-
per derives a novel ELBO for VAE. This ELBO help [83] VAEs perform training
in semi-supervision and disentangle various latent variables from the noisy sig-
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nal. Moreover, the proposed method leverages VAE to model noise, which is
totally different from the previous VAE-based SE algorithm. The experimental
results show that the proposed VAE framework can disentangle different latent
variables from the noisy signal. Meanwhile, it also achieves a better scale-
invariant signal-to-distortion ratio (SI-SDR) [119], PESQ, and STOI than the
similar DNN-based SE method.

Paper E [120] In paper D, we have preliminarily verified that the proposed
Bayesian permutation training VAE (PVAE) SE framework can effectively per-
form SE. In addition, the traditional DNN-based SE algorithm’s performance
can also be improved using DRL. This paper applies 5-VAE further to improve
the performance of representation disentanglement [120] in PVAE. Generally,
a good signal representation is crucial for DNN to generate high-quality sig-
nals [44]. Specifically, the proposed 5-VAE can improve PVAE'’s capacity of dis-
entangling speech and noise latent variables from the noisy signal. Meanwhile,
the proposed $-VAE addresses the trade-off issue between representation dis-
entanglement and signal reconstructions [120], although this trade-off widely
exists in $-VAE algorithms. Moreover, this 5-VAE algorithm can also be used to
reduce the model size of the PVAE framework. This means that the proposed
algorithms can improve PVAE’s SE performance when reducing the number
of training parameters in PVAE. The experimental analysis indicates that the
proposed -VAE algorithm can acquire more disentangled signal (speech and
noise) latent representations and achieve a better SE performance than the
previous PVAE.

Paper F In paper E, we focus on optimizing the learning process of signal
representation to achieve a better SE performance. The signal recovery is still
based on the original VAE framework [83]. To obtain a higher quality en-
hanced speech, this paper proposes a two-stage DRL-based SE method using
adversarial training. In the first stage, we apply the 5-VAE algorithm to get the
speech and noise posterior estimations from the noisy signal. Since the poste-
riors are intractable and we can only use conditional assumptions to estimate
posteriors, it is difficult to ensure that these posterior estimations are always ac-
curate. Inaccurate posterior estimations will degrade the final SE performance.
In the second stage, we leverage adversarial training to reduce the effect of
the inaccurate posterior toward signal reconstruction, which makes our pre-
vious algorithm more robust for inaccurate posterior estimations. The ability
of signal restoration is strengthened in the second stage. Therefore, we can
obtain a better SE performance than our previous algorithms. Moreover, the
experimental results also indicate that our two-stage DRL-based SE algorithm
outperforms recent competitive SE algorithms [71, 114].
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5. Conclusions and Future Work

5 Conclusions and Future Work

5.1 Conclusions

Understanding and capturing underlying signal information is crucial for SE
because it can help us understand signal distortions. Meanwhile, it is also es-
sential for some downstream speech applications, like ASR and speaker recog-
nition. This thesis proposes to apply NMF-HMM and DRL model to capture
underlying signal information from the observed signal when performing SE.
NMF-HMM is a convenient way to capture underlying speech information using
current NMF SE algorithms. However, we find that although NMF-HMM can
capture the speech temporal dynamics information and improve traditional
NMF’s SE performance, the drawbacks of this framework are that we cannot
understand what specific information is captured by NMF-HMM. Meanwhile,
NMF-HMM cannot also represent the information in a vector form and disen-
tangle the different information, which causes it challenging to perform de-
tailed information analysis in SE. To address this problem, we introduce the
DRL for SE. DRL can address these problems. More specifically, we propose
a PVAE framework for SE. As a preliminary research of investing DRL’s appli-
cation in SE, we only apply the proposed PVAE to analyze speech and noise
information of the noisy signal. The purpose is to verify the correctness of
the proposed framework. More detailed information, such as text and speaker
information, can be considered in future work. Our framework has the po-
tential to analyze more complex information. The experimental results show
that the proposed framework can successfully disentangle different latent vari-
ables and achieve better SE performance. In addition, we also indicate the
DRL’s importance for improving the performance of the DNN-based SE algo-
rithms. Furthermore, we use 3-VAE and GAN to further optimize the PVAE’s
information disentanglement and signal restoration ability, respectively. The
experimental results also verify the effectiveness of two strategies for SE.

5.2 Future Work

One of the important contributions of this thesis is that we propose a DRL-based
SE framework. However, in this work, we only preliminarily verify the correct-
ness of this framework. The potential of this framework is still not achieved. As
a result, we will end this summary by listing some possible research directions.

Speech Enhancement for ASR and Human Listening

At present, to improve office efficiency, there has been an increasing need for
online meetings [121], where SE technique is wanted to help the online meet-
ing system reduce the WER for accurate live captioning when transmitting en-
hanced speech signals [4-6]. However, SE techniques usually have a trade-
off relationship between human listening and ASR. Some SE methods aimed

21



at improving human listening may degrade the performance of the ASR sys-
tem due to signal distortion. Signal distortion may cause the information loss
that is needed by the ASR system. In this thesis, we have proposed a DRL-
based SE framework. As preliminary work, we only analyze the speech and
noise information in the noisy signal. In future work, we can apply this frame-
work to analyze and disentangle more underlying signal information, such as
content-related and style-related information, as shown in Fig.1, which has the
potential to prevent information loss in the signal distortion and can generate
benefits for some downstream applications like ASR and speaker recognition.

Sophisticated probabilistic model and DNN framework for VAE-GAN SE
algorithm

In paper F, we have proposed to leverage VAE and GAN for SE. However, this
paper only applies the basic probability assumption and DNN model for SE.
Therefore, two possible aspects can be considered in future work. At first, we
can consider applying some more advanced distributions to describe signals.
Currently, we only use the multivariate normal distributions. The following
work can involve the complex Gaussian distributions in the current framework.
Secondly, more advanced neural network structures can also be considered
in the current VAE-GAN framework. For instance, we can leverage complex
neural networks [37, 65, 122, 123] to perform prior and posterior estimations
in VAE-GAN with complex Gaussian distributions. Moreover, some powerful
generative models, such as HiFi-GAN [124, 125], Bayesian wavenet [99, 100],
and diffusion probabilistic models [101-103], can be used as the decoder to
generate high-quality speech.

Self-supervision-based Deep Representation Learning Algorithm

This thesis introduces the DRL for SE and proposes a VAE-GAN SE framework.
However, this framework needs to apply the probability assumptions for the
prior and posterior distributions. The probability assumptions cause we can
only approximate speech data representations because we cannot know the
real data distributions. In future work, if we want to describe data represen-
tation more accurately, one possible way is to remove these probability distri-
bution assumptions and make the DRL algorithms learn data representations
in a self-supervision way [78, 79, 82]. At present, many self-supervised speech
representation learning [82] strategies have been proposed. These methods
have huge potential to optimize the proposed DRL-based SE framework. As a
result, we can capture more accurate speech information from noisy signals.
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1. Introduction

Abstract

In this paper, we present a novel supervised Non-negative Matrix Factorization (NMF)
speech enhancement method, which is based on Hidden Markov Model (HMM) and
Kullback-Leibler (KL) divergence (NMF-HMM). Our algorithm applies the HMM to cap-
ture the timing information, so the temporal dynamics of speech signal can be considered
by comparing with the traditional NMF-based speech enhancement method. More specifi-
cally, the sum of Poisson, leading to the KL divergence measure, is used as the observation
model for each state of HMM. This ensures that the parameter update rule of the pro-
posed algorithm is identical to the multiplicative update rule, which is quick and efficient.
In the training stage, this update rule is applied to train the NMF-HMM model. In the
online enhancement stage, a novel minimum mean-square error (MMSE) estimator that
combines the NMF-HMM is proposed to conduct speech enhancement. The performance of
the proposed algorithm is evaluated by perceptual evaluation of speech quality (PESQ) and
short-timeobjective intelligibility (STOI). The experimental results indicate that the STOI
score of proposed strategy is able to outperform 7% than current state-of-the-art NMF-based
speech enhancement methods.

1 Introduction

The aim of single-channel speech enhancement (SE) is to remove background noise
from the noisy environment to improve quality and intelligibility of noisy speech. Nowa-
days, SE has achieved a wide range of applications in hearing aids, mobile communi-
cation, robust speech recognition (ASR) [1], teleconferencing and speech coding etc.
Therefore, during the past decades, many different approaches have been proposed [2].

In an environment with additive noise, the spectral subtraction algorithm [3] is the
simplest strategy to achieve SE, which subtracts the noise spectrum from the observed
signal. Furthermore, some unsupervised algorithms like Wiener filtering [4], signal sub-
space algorithm [5], minimum mean-square error (MMSE) spectral amplitude estima-
tor [6] and log-MMSE spectral amplitude estimator [7] are also the effective strategies
to conduct the SE. However, these methods cannot always achieve satisfactory perfor-
mance in the non-stationary noisy environment because they are usually based on some
inaccurate assumptions and do not apply the prior information of clean speech and
noise.

As a result, some supervised SE methods have been developed. These approaches
usually consider to train a model and the model parameters are acquired by using the
speech and noise signals. These methods include codebook-based algorithms [8], Hid-
den Markov Model (HMM)-based strategies [9] and Deep Neural Network (DNN)-based
approaches [10-12] etc. These algorithms can make use of the prior information of
clean speech and noise, so they can achieve better speech enhancement performance in
practical noisy environments.

Non-negative Matrix Factorization (NMF)-based [13] [14] SE method can be also
viewed as such a kind of supervised speech enhancement strategy. In paper [15], a
mask-based NMF SE was proposed, which trained the basis matrix of clean speech and
noise during offline stage. On the enhancement stage, the activation matrix could be
acquired by combining the trained basis matrix and noisy signal. After that, the mask
was estimated for the application of speech enhancement. In paper [16], an NMF-
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based denoising scheme was proposed. This method added a heuristic term to the cost
function, so the NMF coefficient can be adjusted according to the long-term levels of
signals. Smaragdis et al. [17] proposed a supervised and unsupervised NMF speech en-
hancement method. In [17], the noise basis matrix could be acquired by combining the
HMM during the enhancement stage. Thus, this method could mitigate the problem of
noise mismatch. Furthermore, a NMF-based source separation approach was proposed
in paper [18], which considers the HMM.

Inspired by these previous studies, in this paper, we proposed a novel NMF-HMM
speech enhancement algorithm, which applies the Kullback-Leibler (KL) divergence.
Compared to most NMF-based methods [13] [14], our method can utilize the temporal
dynamics of speech signals to conduct the speech enhancement, so the time information
of speech signal can be considered. Moreover, we used the sum of Poisson distribution
as the state conditioned likelihood for the HMM rather than the general Gaussian Mix-
ture Model (GMM), because the sum of Poisson distribution leads to the KL divergence
measure, which is a mainstream measure in NMF, and its parameter update rule is iden-
tical to the multiplicative update rule. This ensures the parameter update is fast and
efficient. On the enhancement stage, a minimum mean-square error (MMSE) estima-
tor was derived to conduct SE, which was based on the NMF and HMM. The benefit
of this algorithm is that the update of activation matrix can be conducted by parallel
computing, which reduces the computation time.

2 NMF-based Speech Enhancement with KL Diver-
gence

In this section, we will briefly review the NMF-based speech enhancement method with
KL divergence. In this work, we only consider to achieve speech enhancement in the
additive noisy environment. Thus, the noisy signal model can be represented as follow-
ing:

y(t) = s(t) +m(2), (A.D
where y(t), s(¢t) and m(t) are the noisy speech, clean speech and noise, respectively.
The ¢ is the time index. The short time Fourier transform (STFT) of y(¢) can be written
as

Y(f,n)=S(f,n)+ M(f,n), (A.2)
where Y (f,n), S(f,n) and M (f,n) are the complex STFT parameters of y(t), s(¢) and
m(t), respectively. The f denotes frequency bin index and the n is the time frame index.
For the sake of simplicity, we omit the frequency bin index, so their magnitude can be
rewritten as the vectors Y,, S, and M,,.

For the NMF analysis, the magnitude of a signal V' can be represented as

V ~ WH, (A.3)

where W denotes the basis matrix and H denotes the activation matrix. Based on KL
divergence, W and H can be estimated using iterative multiplicative update rules [14]

v T
H
WH
W~Wo THT (A4
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r vV
WH

where the ® and all divisions are element-wise multiplication and division operations,
respectively. The 1 is the matrix of ones with the same size of V and T is the matrix
transpose. For the application of speech enhancement, the speech basis matrix W and
noise basis matrix W can be estimated from clean speech and noise during the training
stage. On the enhancement stage, the noisy speech basis matrix can be acquired by
W = [W, W]. Additionally, the activation matrix H of noisy speech can be estimated
by (A.5). After obtaining H and W, the speech enhancement an be conducted by
various algorithms [15] [16] [17] [18].

Furthermore, the [19] proves that the NMF with the KL divergence can be also
motivated from the following hierarchical probability model

K
V=> C(k), (A.6)
k=1
ctn ~ PO(crn(k); Wk Hin), (A7)
T _—A

where the Poisson distribution PO(z; \) = ,and I'(z + 1) = 2! is the Gamma

MNax+1

function, K is the number of basis vectors, a(nd ny1 is the latent variable of C(k) for
Poisson distribution. Note, the V is assumed Poisson-distributed and integer-valued.
In practice, the factorial is approximated by the Gamma function [19]. It has been
shown that [19] the iterative update of the parameters H and W using Expecta-
tion—-Maximization (EM) algorithm is identical to the multiplicative update rules (A.4)
and (A.5).

3 NMF-HMM-based Speech Enhancement

In this section, the details of the proposed algorithm will be illustrated, which includes
the proposed signal model, offline parameter learning and online speech enhancement.

3.1 HMM-based Signal Models with the KL Divergence

In our proposed approach, we need to acquire the three different signal models. They
are namely clean speech model, noise model and noisy speech model. They will be
separately introduced in this part. We use the overbar and double dots to represent the
clean speech and noise, respectively.

In this work, there is the same signal model for the clean speech and the noise
signal, so we will illustrate them just using clean speech signal. In order to model clean
speech S,,, we propose to a novel NMF-HMM-based method. To acquire a HMM model,
there are three parameters [20] to be estimated. They are initial state probability 7,
transition probability matrix A and state conditioned likelihood function. In addition,
there are total J hidden states for this model. Thus, based on (A.6), we propose to
model Sy, as
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K
=> eulk), (A.8)
k=1

By applying the (A.7) and HMM [16], for the jth (j = 1,2,---,.J) state, we can be
defined

F K
p(CnlTn) = HH @fn(k); WEHLS), (A.9)

where the %, is the hidden state and Z,, € {1,2,---,J}. K is the number of basis of
clean speech and F is the total number of frequency bins. Wz"n and H,", is correspond-
ing to the elements of the basis and activation for clean speech. Thus, the conditioned
likelihood function at the jth state can be finally written as

N\

(Sn'mn) - H PO(S fa Z ;kHznn 7 (Alo)
f=1 k=1

where we use the superposition property of Poisson random variable. From (A.9), it
can be found that there are .J basis matrices for speech modelling, instead of one basis
matrix in the traditional NMF, which is able to effectively capture the temporal dynamics
of speech signals. The benefits of choosing the sum of Poission distribution as the state
conditioned likelihood function is that its parameters update rules using EM algorithm
is identical to the multiplicative update rules leading to low computational complexity.
In addition, it is based on non-negative data by comparing with traditional HMM.

To sum up, the proposed model includes four parameters (A, 7 W "and H ).
The H" " can be estimated by online speech enhancement and the other three parame-
ters can be obtained by offline learning.

Based on proposed clean speech, noise signal model and (A.2), the noisy speech
model can be defined. We assume that there are .J hidden states for noise and the
hidden state of noise is &, (Z, € {1,2,---,J}). The % and A represent the initial state
probability and transition probability matrix of the noise. Thus, there are total J x J
hidden states for noisy speech. The initial state and transition probabilities matrix of
noisy speech can be expressed as 7 ® 7 and A ® A, where the ® denotes the Kronecker
product. Finally, the conditioned likelihood function of noisy speech can be written as

p(YalTn, in) =

L K _ K (A.11)
[ PO (£,n): Y WikHil, + > WiiHih),

f=1 k=1 k=1

where K, Wi, and Hy,, is the number of basis, elements of the basis matrices and
activation for noise.

3.2 Offline NMF-HMM Parameter Learning

In offline training stage, the aim is to find the parameter set ® to maximize the like-
lihood function, which is based on the HMM and EM algorithm [20]. There is the
similar process for the parameter learning of clean speech and noise, so we will use the
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clean speech as the example to illustrate this process. At first, we define the complete
@ta set (SN,XN,CN), where Sy = [51752,- o 7SNL XN = [51,527- .. ,EN]T and
Cn = [C1,C2, -, €n]. Thus, the complete data likelihood can be written as

p(SNyiNyéN) = p(snlén)p(6n|fn)p(fn|fn71) (A]-z)

=

n=1

By applying the EM algorithm in the expectation step, we first calculate the exact pos-
terior state probability and joint posterior probability, which can be written as

a(Tn) = p(Tn|Sn; &), (A.13)
(T, Tn-1) = p(Tn, Tn—1|Sn; @), (A.14)

where i is the iteration number. The calculation of (A.13) and (A.14) can be performed
using forward-backward algorithm [20]. Then, we need to evaluate the posterior Ex-
pectation Eg s 5,..#i-1(Cn), which will be used in M-step. By using Bayesian rule
and conditional independence property of the proposed HMM model, combining (A.8),
(A.9) and following the derivation in paper [19], we have

q(Cnlzn) =
F
~ _ . . (A.15)
H M(nyn(]-)v R Cf,n(K); S(f’ n)’pf:fn(l)v o 7pf?n(K))v
F=1
where M(-) is the multinomial distribution [19].
B an ﬁfnn
(k) = — L m (A.16)
2 Wil
Finally, we have L
Wi HL
E(@ra(R)|Sn,Fn) = S(fyn) s (A17)

K T%nggn
Zl:1 Wf,lHl,n
In the maximization step, the purpose is to find parameters to maximize the expected
value of complete data likelihood, i.e.,

P = arg;’naXEiN,éN\sN;qﬂfl [log p(SN,iN,éN)]. (A.18)

By using (A.18), the estimation Pf A and 7 is the same as the traditional HMM
model [20]. To obtain W "and H' ", we can set the derivatives in (A.18) to zero.
Thus, the update of parameters can be written as following:

T1 =7
T = 7‘](1—]) (A.19)
Zo:l q(fl = O)

N o
A, = —2n=2 U0 =5 T = 0) (A.20)

J N — . )
Zj:l Zn:Q Q(l.n =7Tn-1 = 0)
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where 1 < 0,5 < J.

S~ T
ﬂA(J)(H )"

W'eWroW H : (A.21)
1A(G)HT)T
. S
WY =
H" «H"0 W _H (A.22)
(W !L)Tl

where A(j) = diag(q(z1 = 7),q(T2 = j), - ,q(T~n = j)). From (A.21) and (A.22),
we can find that the parameters update of proposed algorithm is identical to the multi-
plicative update rule. This ensures that our method is efficient and quick.

3.3 MMSE-based Online Speech Enhancement

In this work, we proposed to combine the NMF-HMM model with MMSE estimator to
conduct online speech enhancement. Thus, the estimated signal can be represented as

Sn = IES”|Yn(sn) = /Snp(sn‘Yn) dSn7 (A23)

where Y, is defined similar to Sn. We ignore specific details of derivation, the en-
hanced speech can be represented as

Tn,Tn

where wz,, s, is the weight, which can be written as

Yo |Tn, Zn)p(Tn, n|Yn-
W, i, = PYn[Tn En)P(@n, En[¥or) (A.25)
>, iy DY [T, 20)p(Tns En Y1)

p(fnv i‘n|Y“*1)

= Z p(fnyinljn—ly-in—l)p(fn—l,i‘n—l‘Yn—l) (A26)

Ty —1,8n—1
In (A.26), the first term can be acquired by the transition probabilities matrix of noisy
speech and the second term is the forward probability that can be calculated by forward
algorithm [20]. Additionally, p.(Z», Z») can be represented as
anﬁfn
D@ fin) = (A.27)
W T"H " + WinHin

In enhancement stage, the H*» and H'" can be acquired by (A.5). After that, the
enhanced speech can be estimated from (A.24) to (A.27). The equation (A.24) shows
that there are more than one basic and activation matrix to be applied to acquire gain to
conduct speech enhancement. This is because the proposed algorithm utilize the HMM
and consider the temporal aspect. Additionally, the update of activation matrix (H*"
and H'") can be conducted by parallel computing. This means that our algorithm can
reduce the time assumption during the online stage.
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Fig. A.1: PESQ score of proposed algorithm in babble noise with different numbers of state.

4 Experiments and Results

4.1 Experimental Database Preparation

In this study, the proposed algorithm is expected to be evaluated by TIMIT [21] and
NOISEX-92 [22] database. During the training stage, all the 4620 utterances from the
training TIMIT database are used to train the clean NMF-HMM model. Additionally, the
Babble, F16, Factory and White noise from the NOISEX-92 is also used to train the noise
NMF-HMM model. During the test stage, the 200 utterances from the TIMIT test set are
randomly chosen to build the test database. Then, four types of noise are added at three
different SNR levels (0, 5 and 10dB). The test noise types are F16, Babble, Factory, and
White.

In our experiments, all the signals are down-sampled to 16 kHz. The frame length
is 1024 samples (64 ms) with a frame shift of 512 samples (32 ms). The size of short
time Fourier transform (STFT) is 1024 points with a Hanning window.

4.2 Performance Evaluation of Speech Enhancement

In order to evaluate the performance of the proposed algorithm, there are two test
stages. In the first stage, we will investigate the effects of different parameters for NMF-
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(b) noisy speech (Bat

(2) enhanced by NVE-HVIM Time s]

Fig. A.2: Spectrum comparison of various NMF-based methods: (a)clean speech, (b)noisy
speech with 5dB Babble noise, (c)(d)(e)enhanced speech by T-NMF, SLP-NMF and NME-
HMM, respectivelys

HMM model. This test will be conducted on the babble noise. More specifically, we will
investigate the effect of different numbers of state of clean speech for the performance
of speech enhancement. In this experiment, the dimension of clean speech and noise
mixture is fixed to 25 and 70, respectively, which is based on the previous research [15].
The state of noise is fixed to 2 because we want to show that the proposed algorithm can
apply the different noise state to conduct speech enhancement. In this stage, the test re-
sult will be evaluated by PESQ [23] and we apply the traditional NMF-based [15] speech
enhancement algorithm (T-NMF) as reference method. The aim of this experiment is
to acquire the most suitable parameters of NMF-HMM model. Figure A.1 shows the
experimental result. We can find that the proposed method can achieve the better per-
formance the T-NMF. Additionally, the 40 states for clean speech can achieve the highest
score under the all three SNRs. In second stage, the proposed algorithm is expected to
be conducted on the more types of noise, which is Babble, F16, Factory and White
noise, respectively. We apply the traditional NMF-based [15] speech enhancement al-
gorithm (T-NMF), Optimally-Modified Log-Spectral Amplitude (OM-LSA) method [24]
with IMCRA noise estimator [25], linear span filters method [26] (SLF-NMF) that ap-
plies the parametric NMF [27] and Log-MMSE [28] algorithm as the reference method.
STOI [29] is used to evaluate the performance. For the SLEENMF, the maximum SNR
filter is chosen to conduct the speech enhancement. Furthermore, for the SLF-NMF, the
codebook size of clean speech and noise is 64 entries and 8 entries, respectively. The
dimension of basic matrix for T-NMF is the same as NMF-HMM. Figure A.2 shows the
spectrum comparison of various NMF-based methods. It can be found that the proposed
NMF-HMM method is able to remove more noise than other NMF-based method. Mean-
while, NMF-HMM can also recover the more speech information. Figure A.3 indicates
the average STOI result with the 95% confidential interval (There are four types of
noise under three SNRs, each situation includes 200 utterances. Therefore, the average
score is acquired by 200x3x4=2400 utterances.) This result shows that NMF-HMM
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Fig. A.3: Average STOI score for four types of noise under three SNRs.

can effectively improve the more speech intelligibility than T-NMF and other reference
methods.

5 Conclusions

In this paper, a novel HMM-NMF speech enhancement method is proposed. The core
idea is to apply the sum of Poisson as the observation model for each state of HMM
because it can ensure that the parameter update rule is identical to the multiplicative
update rule. This is quick and efficient. In addition, this method can consider the tem-
poral dynamics of speech signal because of the application of HMM. Furthermore, we
proposed a novel HMM-NMEF-based MMSE estimator to conduct the online speech en-
hancement. The experimental results indicate that the proposed algorithm can achieve
better speech enhancement performance than these state-of-the-art statistic-based and
NMEF-based methods.
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1. Introduction

Abstract

In this paper, we propose a supervised single-channel speech enhancement method that
combines Kullback-Leibler (KL) divergence-based non-negative matrix factorization (NMF)
and a hidden Markov model (NMF-HMM). With the integration of the HMM, the temporal
dynamics information of speech signals can be taken into account. This method includes a
training and enhancement stage. In the training stage, the sum of the Poisson distribution,
leading to the KL divergence measure, is used as the observation model for each state of
the HMM. This ensures that a computationally efficient multiplicative update can be used
for the parameter update of this model. In the online enhancement stage, a novel mini-
mum mean-square error estimator is proposed for the NMF-HMM. This estimator can be
implemented using parallel computing, reducing the time complexity. Moreover, compared
to the traditional NMF-based speech enhancement methods, the experimental results show
that our proposed algorithm improved the short-time objective intelligibility and perceptual
evaluation of speech quality by 5% and 0.18, respectively.

1 Introduction

Single-channel speech enhancement technology is being widely used in our daily lives,
such as in speech coding, teleconferencing, hearing aids, mobile communication, and
automated robust speech recognition (ASR) [1, 2]. In general, the purpose of speech
enhancement is to remove background noise from an audio source while preserving
clean speech. It aims to improve the quality and intelligibility of noisy speech [3].
Currently, single-channel speech enhancement is an active topic of research.

During the past decades, many different monaural speech enhancement approaches
have been proposed [2, 4]. In an environment with additive noise, the simplest ap-
proach to speech enhancement is the spectral subtraction algorithm [5], which subtracts
the estimated noise spectrum from the observed signal to acquire the desired clean
speech. Other unsupervised methods, such as the signal subspace algorithm [6-9],
Wiener filtering [10], the minimum mean-square error (MMSE) spectral amplitude es-
timator [11], and a log-MMSE spectral amplitude estimator [12], are effective strategies
for speech enhancement when the noise is stationary. These methods have low compu-
tational complexity and have been widely applied in various areas. However, these
approaches cannot always achieve satisfactory performance for non-stationary noise
and usually introduce musical noise because they do not make the best use of the prior
information of the speech and noise [13]. Moreover, most unsupervised methods are
based on the statistical properties of the speech and noise signals. However, it is difficult
to meet these properties in actual noisy scenarios [14].

Therefore, supervised speech enhancement approaches have been developed. For
instance, Kavalekalam [15] proposed a codebook-based Kalman filter speech enhance-
ment method, which performs a listening test and shows significant improvement for
speech intelligibility. In addition, Srinivasan [16] proposed a codebook-driven speech
enhancement algorithm for non-stationary noise. In this work, the auto-regressive (AR)
spectrum shape codebooks of speech and noise were pre-trained. In the enhance-
ment stage, the codebooks could be used to build a Wiener filter to conduct speech
enhancement. Inspired by this research, many other codebook-based speech enhance-
ment approaches have been developed [17, 18]. Furthermore, an auto-regressive hid-
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den Markov model (ARHMM) [19, 20] has also been shown to be an effective super-
vised speech enhancement method because it considers the temporal information of the
speech signal.

In recent years, advances in deep learning techniques [21, 22], specifically, deep
neural networks (DNNs), have significantly promoted the development of speech en-
hancement [23]. These methods usually rely on fewer assumptions [3, 14, 23] between
the noise and clean speech, so they have huge potential to achieve better speech en-
hancement performance. Xu [3, 14] applied a feedforward multilayer perceptron (MLP)
to map log-power spectrum (LPS) features of clean speech given noisy LPS input; the
enhanced speech could be obtained directly by waveform reconstruction. Compared to
the MMSE estimator [12], this method achieved better performance in various noisy en-
vironments. Wang [24, 25] also utilized an MLP to estimate the ideal ratio mask (IRM)
and ideal binary mask (IBM) in conducting speech enhancement and also achieved sat-
isfactory performance. Motivated by this work, researchers has used different DNN
structures to conduct speech enhancement, such as a fully convolutional neural net-
work (FCN) [26], deep recurrent neural networks (DRNN) [27, 28], and generative
adversarial networks (GANs) [29, 30]. These methods could help ASR systems achieve
higher recognition accuracy in noisy environments. However, generalization is always
a problem that needs to be considered for these DNN-based algorithms [31, 32].

A non-negative matrix factorization (NMF)-based speech enhancement algorithm
[33-35] can also be viewed as a kind of supervised speech enhancement method. NMF-
based methods usually include a training and enhancement stage. In [36], a mask-
based NMF speech enhancement method was proposed. In the training stage, the basis
matrix of clean speech and noise was trained. In the enhancement stage, the activa-
tion matrix could be acquired by combining the trained basis matrix and noisy signal.
The mask was then estimated to conduct the speech enhancement. Additionally, an
NMF-based denoising scheme was described in [37, 38], which added a heuristic term
to the cost function, so the NMF coefficients could be adjusted according to the long-
term levels of the signals. A parametric NMF method for speech enhancement was
proposed in [17]. This method applied the AR coefficient and codebook to build the
basis matrix. This strategy effectively improved the speech intelligibility. Moreover,
some DNN-based NMF methods represent an effective strategy for conducting speech
enhancement [39, 40]. In general, the basis matrix could be acquired using the tradi-
tional NMF method, and the activation matrix could be estimated by applying a DNN,
which improved the accuracy of the estimated activation matrix. Thus, it could achieve
a higher perceptual evaluation of speech quality (PESQ) [41] and short-time objective
intelligibility (STOI) [42] scores than traditional NMF-based speech enhancement meth-
ods. The combination of DNN and NMF could also help the ASR system achieve a lower
word error rate (WER) in noisy environments. In [43], a DNN-NMF-based method
achieved excellent performance in the Computational Hearing in Multisource Environ-
ments (CHiME)-3 challenge. To capture temporal information, some HMM-based NMF
speech enhancement methods have been proposed. Mohammadiha [44] proposed a
supervised and unsupervised NMF speech enhancement method. In [44], an HMM was
used for modeling the temporal change of different noise types. In [45], a non-negative
factorial HMM was used to model sound mixtures and showed superior performance in
source separation tasks. In [46], an HMM-DNN NMF speech enhancement algorithm
was proposed, which applied a clustering method to acquire the HMM-based basis ma-
trix and used the Viterbi algorithm to obtain the ideal state label for the DNN training.
In the enhancement stage, the DNN was used to find the corresponding state to conduct
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speech enhancement.

In this paper, we propose a novel NMF-HMM speech enhancement method based
on the Kullback-Leibler (KL) divergence, expanding on our preliminary work [47]. Our
preliminary work has briefly verified the effectiveness of an NMF-HMM for speech en-
hancement [47, 48], but the effect of the parameters for the model was not considered.
This is very important to optimize the algorithm performance. Additionally, its per-
formance in various noisy environments was also not investigated. In this paper, we
expand our preliminary research on these two aspects. Compared to other HMM-based
methods [44, 45, 49], our method uses the HMM to capture the temporal dynamics of
the speech and noise signal. Moreover, we use the sum of the Poisson distribution as
the state-conditioned likelihood for the HMM, rather than the general Gaussian mixture
model (GMM), because the sum of the Poisson distribution leads to the KL divergence
measure. KL divergence is a mainstream measure in NMF, and its parameter update
rule is identical to the multiplicative update rule. This ensures that the parameter up-
date is computationally efficient during the training stage. In the enhancement stage,
in contrast with previous works [44, 45], we propose a novel NMF-HMM-based MMSE
estimator to perform the online enhancement. A major benefit of the proposed algo-
rithm is that the activation matrix could be updated by parallel computing in the online
stage. This could effectively reduce computational time. In this paper, we also show
a more detailed algorithm derivation towards the preliminary NMF-HMM-based algo-
rithm [47]. Moreover, the proposed method was compared with other state-of-the-art
speech enhancement algorithms, which further indicated the advantages of the pro-
posed algorithm.

The rest of this paper is organized as follows. First, we will briefly review the general
NMF-based speech enhancement method with KL divergence in Section 2. The proposed
HMM-based signal model will be introduced in Section 3, and the more detailed offline
parameter learning will be explained in Section 4. The details of the proposed MMSE
estimator and online speech enhancement process will be given in Section 4. The ex-
perimental comparison and analysis of results will be illustrated in Section 5, and we
will draw conclusions in Section 6.

2 NMF-based Speech Enhancement Method with
KL Divergence

In this section, we will briefly review NMFE-based speech enhancement with KL diver-
gence. Under the additive noise assumption, the noisy signal model can be expressed
as

y(t) = s(t) +m(t), (B.1)
where y(t), s(t), and m(t) denote the noisy signal, clean speech, and noise, respectively,
and ¢ is the time index. With (B.1), the short-time Fourier transform (STFT) of y(¢) can

be written as
Y(f,n) = S(f,n)+ M(f,n), (B.2)

where Y (f,n), S(f,n), and M(f,n) denote the frequency spectrums of y(¢), s(t),
and m(t), respectively. Here, f € [1,F] and n € [1,N] denote the frequency
bin and time frame indices, respectively. Collecting the F' frequency bins and N
time frames, we define the magnitude spectrum matrices Y, Sy, and My, where
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Yy = [yl’ s Yny ,}’N] and y, = [\Y(l,n)|, ) |Y(fa n)'v T ,|Y(F,TL)HT and
also s,, and m,, are defined similarly to y,. Additionally, Sy and My are defined
similarly to Y n; we assume that Yy = Sy + My. The classical NMF-based speech en-
hancement has two stages: training and enhancement. In the training stage, the clean
speech basis matrix W and noise basis matrix W are trained using clean speech and
noise databases, respectively. Many cost functions have been proposed for NMF, such
as KL divergence [34], Itakura-Saito (IS) divergence [50], 8 divergence, and Euclidian
distance [51]. In this paper, we focus on using the KL divergence measure. There are
two reasons for this choice. First, compared with other cost functions, the best speech
enhancement performance can be achieved using the KL divergence-based NMF with
the magnitude spectrum [52]. Second, the efficient multiplicative update (MU) rule
of the KL divergence-based NMF can be also derived statistically using the expectation
maximization (EM) algorithm [53]. For the two matrices B and B, the KL divergence
measure is defined as

KL(B|B) = Z(bi,jlog(bm/bi,j) — bi,j =+ b@j), (B.3)

¥

where b; ; and b; ; denote the elements from the i*" row and j*" column of the matrices
B and B, respectively. Using speech basis matrix training as an example, the cost
function of the KL divergence-based NMF for training W can be written as

(W, H) = argmin KL(Sy|W x H). (B.4)
W, H
Noise basis matrix training is similar to speech basis matrix training. In [34], it is
derived that W and H can be obtained iteratively using the following multiplicative
update rules:

Sy
N g
Weweo WxH (B.5)
1H
—71 SnN
HeHo——wxH (B.6)
w1

where ©® and all divisions are element-wise multiplication and division operations,
respectively, and 1 is a matrix of ones with the same size as Sy. In the enhancement
stage, the noisy speech basis matrix W can be constructed by concatenating the speech
and noise basis matrices, W = [W, W]. The activation matrix H of the noisy speech
can be estimated iteratively by replacing Sy, W, and H in (B.6) with Yy, W, and H,
respectively. The enhanced signal can be obtained using various algorithms [36, 37, 44,
45]. One popular approach is to use the following Wiener-filter-like spectral gain g™

function:

EMF - /L, (B7)
W hn + W hn
T
= arg rrl}in KL(y»|Wh,), (B.8)
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where (B.8) can be solved iteratively using (B.6). Apart from the gradient descent
derivation of the MU update rules (B.5) and (B.6) presented in [34], it is further shown
in [53] that the MU update rules can be derived from a statistical perspective. More
specifically, the KL divergence-based NMF can be motivated from the following hierar-
chical statistical model:

K
Sy =>_ C(k), (B.9)
k=1
Cfv”(k") ~ ,PO(Cf,n(k);Wf,kﬁk,n)y (B.10)
x —X
where PO(x; \) = T@tl) is the Poisson distribution, I'(z + 1) = z! denotes the

gamma function for positive integer z, K denotes the number of basis vectors, C(k)
is the latent matrix, and c; (k) denotes the element of C(k) in the f** row and n'®
column. Note that ¢y, (k) is assumed to have a Poisson distribution, which can only be
used for discrete variables. However, in practice, this hierarchical statistical model is
not limited to discrete variables because the gamma function for continuous variables
can be used to replace the factorial calculation [53]. It has been shown in [53] that the
iterative update of the parameters H and W using the EM algorithm is identical to the
multiplicative update rules shown in (B.5) and (B.6).

One of the advantages of the classical NMF-based method for speech enhancement
is that the computational efficient MU rules can be applied. However, the temporal
dynamical aspects of speech and noise are not taken into account. To incorporate the
temporal dynamical information of audio signals, the HMM model is used in [45] for
source separation. However, the parameter update rules are computationally complex.
Moreover, this method [45] can only perform the offline enhancement. In this paper,
we propose an NMF-based speech enhancement algorithm using the HMM to take the
temporal aspects of both the speech and noise into account. The proposed approach can
achieve efficient parameter updates. Moreover, an online MMSE estimator for speech
enhancement is derived. Although other methods also considered the temporal dynam-
ical information for speech enhancement, such as simply stacking multiple frames to
a vector [14, 54], using the DRNN [28], and non-negative matrix deconvolution [55],
the high computational complexity and the large model size lead to a high storage com-
plexity. In this paper, the proposed method can achieve a higher PESQ score than the
referenced DNN-based method for unseen noise and also has a lower complexity than
1t.

3 HMM-based Signal Models with the KL Diver-
gence

In this section, we present the details of proposed signal models, including the speech
and noise signal models and the noisy signal model.

3.1 Speech and Noise Signal Models

In this work, the same signal model is used for both the clean speech and noise signals,
so we will derive the equations using only the clean speech signal. Additionally, we use
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the overbar (*) and double dots () to represent the clean speech and noise, respectively.
To consider the temporal dynamic information of the speech and noise, we use the
HMM. Following the conditional independence property of the standard HMM [56],
the likelihood function can be expressed as follows:

p(Sn;®) = Hp (Sn[Z0)P(Tn [Fn—1), (B.11)
XN n=1
where X = [T1,- -+ ,@n, - ,Zn]" is a collection of states, Ty, € {1,2,---,J} denote

the state at the n'* frame, and J denotes the total number of states. The function
p(Tr|ZTn—1) denotes the state transition probability from state Z,—1 to T, with p(Z1|Zo)
being the initial state probability. p(S,|Z) is the state-conditioned likelihood function,
and ® is a collection of modeling parameters. Next, we describe the state transition
probability and the state-conditioned likelihood function, respectively, for the proposed
signal model.

The state transition probability p(Z,|Z.—1): Following the standard HMM, we use a
first-order Markov chain to model the state transition, that is,

77
— = 7] rn_ Ty —1=1
P(Tn[Tn-1) = H H (==, (B.12)
j — .
p(T1|To) = p(T1) = Hﬁ-ml:ﬂ, (B.13)
=1

where [(-) denotes an indicator function, which is one when the logic expression in the
parentheses is true and zero otherwise. In addition, A; ; and 7; denote the transition
probability from state i to state j and the initial probability for the first frame’s state
T being state j, respectively. Collecting all the initial and transition probabilities, we
can write them into matrix forms 7 = [71, - ,7, -, 75" and A with 4, ; being
the element at the i*" row and j*" column. Therefore, the modehng parameters of the
HMM can be expressed as ®yum = {A, 7, J +. The modeling parameters A and 7 with
a predefined .J can be trained through the EM algorithm shown in the next section. In
the experiments, we investigate the impact of the total number of states .J.

The state-conditioned likelihood function: Next, we present the proposed state-
conditioned likelihood function. Motived by the good speech enhancement perfor-
mance, the computationally efficient MU rule, and the equivalence between the gra-
dient descent derivation and the EM algorithm for the KL divergence-based NMF, we
propose to use the statistical model in (B.9) and (B.10) to build the state-conditioned
likelihood function, that is,

K
s = enlk), (B.14)

k=1

p(en(k)|Zn) = O@yn(k W;’;H;"n) (B.15)

u::]*q

where K is the number of basis vectors, €, (k) contains the hidden variables, and W,
and Fﬁ"n correspond to the elements of the basis and activation matrices, respectively.
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By writing €, = [€.(1)7,€.(2)7,---,€,.(K)T]” and integrating €,, the state condi-
tioned likelihood function can be written as

p(sa[Tn) = / P(8n[Cn)p(CnlZn) dn

F

H O(IS(f,n)

f=1 k=1

(B.16)

Tn

z
kakn

Mw\

where we use the superposition property of the Poisson random variable [53]. Collect-
ing the unknown parameters {W¥} and {H k.n }, We can write them into matrix forms,

{W’} and {H’}. Therefore, unlike the traditional NMF using only one basis matrix,
the proposed model has .J basis matrices to be trained. Each basis matrix is intended
to capture a specific feature (e.g., a phoneme) of the speech signal. The modeling
parameters of the proposed state-conditioned likelihood function can be expressed as
&y = {{W’},{H’}, K, J}. The modeling parameters {W”’} and {H’} with prede-
fined J and K can be trained through the EM algorithm shown in the next section. In
the experiments, we investigate the impact of the number of basis vectors K and J. It
will also be shown that a multiplicative update rule can be derived for the basis and
activation matrices update of the proposed state-conditioned likelihood function.

To summarize, five types of parameters in the parameter set ®=®y, U Pje can
be identified. They are the transition matrix A, initial state probabilities in 7, basis
matrices of different states {W }, activation matrices of different states {H’}, and
modeling parameters K and J. In this paper, the modeling parameters K and J are
predefined, the activation matrices {H’ } are estimated by online speech enhancement,
and the other three types of parameters are obtained using offline learning.

3.2 Noisy Speech Model

Based on the proposed clean speech and noise signal models (B.1) and (B.2), the noisy
speech model can be defined. We assume that there are a total of J hidden states for
the noise, and the hidden state of the noise is &, (&, € {1,2,--- 7J}), The notations
7 and A correspond to the initial state probability and transition probability matrix of
the noise. Thus, there are a total of J x J hidden states for the noisy speech. Each
composite state consists of a pair of states of clean speech 7,, and noise Z,. Thus, if
we list the state space for a noisy signal, we have (T, = 1,&, = 1),(Tn = 1,%n =
2),-, (Fn = L,in = J); (@n = 2,in = 1), (mn =28, = 2),,(Tn = 2,8, =
J);m;( T = J,in = 1),(@n = J,8n = 2),-,(Tn = J,&n = J) Moreover, the
initial state and transition probability matrices of the noisy speech can be expressed as
7@+ and A® A, where @ denotes the Kronecker product. Finally, the state conditioned
likelihood function of the noisy speech can be written as follows:

P(Ynl|Tn, &n) =

P K
[T PO (f.m): D WikH + > Wi I
f=1 k=1

k=1

x|

(B.17)

where K, {W”"} and {H ’;} represent the number of basis vectors, elements of the
basis matrices, and the actlvation matrices for the noise, respectively. We can write
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{Wf",;} and {H ,ff;L} into matrix forms as {W’} and {H”}. Note that we also used the
superposition property of Poisson random variables to obtain (B.17).

4 Methods

4.1 Offline NMF-HMM-based Parameter Learning

In the offline training stage, the objective is to find the parameter set ® that maximizes
the likelihood function (B.11). In general, the EM algorithm [56] can be used to address
this problem. Because we use the same model for the speech and noise, here we use the
clean speech as an example to illustrate the offline parameter learning process. First,
we define the complete data set (Sy,Xn,Cx), where Cy = [€1,C2,- -+ ,Cn]. Thus,
using the conditional independence property, the complete data likelihood function can
be written as

p(Sn, %N, Cn) = | [ psnlen)p(@n|zn)p(@n[Zn-1). (B.18)

=

n=1

Next, we show how the parameter set can be obtained iteratively using the EM algo-
rithm. Moreover, we propose an acceleration strategy to lower the computational and
memory complexities. The traditional MU update algorithm for the KL divergence-based
NMF can be seen as a special case of the proposed algorithm.

Expectation step: We first calculate the posterior state probability and the joint poste-
rior probability, which can be written as

q(Tn) = p(Tn|Sn; 2 77), (B.19)
Q(f’mf’nfl) :p(inafnfllsN§¢iil)7 (B.20)

where i is the iteration number. The calculation of (B.19) and (B.20) can be performed
using the forward-backward algorithm [56]. Apart from this, we also need to evaluate
the posterior expectation Ez s 7, .#i-1(Cn), which will be used in the maximization
step. By using the Bayes rule and the conditional independence property of the pro-
posed model, we have

N i1 7p(sn|én)p(6n|fn)
q(Cnlxn) - p(CnlsNal’na (o] ) = p(SN,En) . (le)

Combining (B.14) and (B.15) and following the derivation in [53], we have
q(Cnlzn) =
F PR—
[T ME@rn (1), 2 (E); [S(£, 1), (B.22)
=1

where M(-) denotes the multinomial distribution and

—Ty —Tn

Wf,ka,n

= L (B.23)
Zl=1 Wf,l Hl,n

P (k)
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Using the properties of the multinomial distribution, the mean can be written as

Ti7%n T7%n

WiHigy

K Tong7n
2 WiiHin
Maximization step: In this step, our objective is to find parameters to maximize the
expectation of the logarithm of the complete data likelihood, that is,

B(@f.n(k)[Sn,Zn) = [S(f,n) (B.24)

@' = arg maxEy 5. sy ei-1[l0gp(Sw, xn, Cn)]- (B.25)
®

The estimators for A and 7 are the same as the traditional HMM [56]. For complete-
ness, the results are shown below:

T = 7(1(331 - ])77 (B.26)
Y1 4(T1 =0)
N T, = 1.7 =
Zo,j _ Zn:Q Q(xn =JsTn—-1 O) (B.27)

= = = — — :
Zj:l Zn:? q(‘r” =1Tn-1= 0)

where 1 < 0,5 < J. The estimated basis and activation matrices can be derived by
setting the derivatives of (B.25) to zeros, and we can obtain

_ X1 4@n = HEEsa(R)Sy, T = )

Wi, = —— . (B.28)
Tk S a(@n = §)H],
_ S E@fn(k)SN, Tn = j)
j =1 ’
Hi, = S, , (B.29)

Acceleration strategy: Although we can directly use the above EM algorithm to update
the parameter set, saving the conditional expectation of ¢y (k) in (B.24) requires a
great deal of memory. Like [53], we substitute (B.24) into (B.28) and (B.29) and can
obtain:

N S(f) T,
Z Q(xn = ])ﬁ
Wi o n=l 2 WiiHin
fik N N 717d
Zn:l q(:rn - ])Hk,n
i;thmm
f=1 Z[Iil Wi‘,lﬁ{,n
= . .
Zf:l Hljc,n
We can further write (B.30) and (B.31) in matrix forms:

, (B.30)

Hi, (B.31)

S~

| o AG@E)T
W W o WH

1A () ()7
SN

(B.32)

WY
H «H o 77-“7 (B.33)
(W71
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Algorithm 1: Offline NMF-HMM-based parameter learning

1: Randomly initiate W’ and H’,j € {1,2,--- ,J}
2:fori=1,2,3,--- ,Ido
Expectation step:
Calculate p(s,|Z,), 1 <n < N based on (A.14)
Obtain (B.19) and (B.20) using the forward-backward
algorithm [56]
Maximization step:
5: Re-estimate 7 and A based on (B.26) and (B.27)

6: Re-estimate W° and H’ based on (B.32) and (B.33)
7: end for

W

where A(y) = diag(q(z1 = 7),q9(T2 = 7),- - ,q(T~n = 7)). By using the proposed ac-
celeration strategy, the computing and saving of the conditional expectation of ¢y, (k)
in (B.24) is not required. Moreover, the multiplicative update rules for the basis and
activation matrices can be obtained, leading to fast computing. In the other word, there
are more than one basis and active matrices to be estimated in the proposed algorithm.
Using acceleration strategy, the different basis and active matrices can be simultane-
ously estimated. We do not need to estimate them one by one. This reduces the time
complexity. Comparing the update rules of the proposed method (B.32), (B.33) with the
traditional NMF-based method (B.5), (B.6), the difference is that the basis vectors up-
date rule (B.32) for the proposed method takes the posterior state information A(5) into
account. In fact, if the number of the state is set to one (i.e., J = 1), the proposed train-
ing method is identical to the traditional KL divergence-based NMF approach. Thus,
the traditional NMF can be seen as a special case of the proposed algorithm. The entire
flow of the offline parameter learning is shown in Algorithm 1. Note that, for stability

~=7J . . . ..
reasons, each column of W* is normalized to have a unit norm during training.

4.2 Online Speech Enhancement Using the MMSE Estimator

MMSE Estimator for the NMF-HMM

In this section, we provide a detailed derivation for the proposed MMSE-based online
speech enhancement algorithm in the proposed NMF-HMM model. Our objective is to
obtain the MMSE estimate of the desired clean speech signal from noisy observation:

§n =B, v, (sn) = /snp(sn\Yn) ds,. (B.34)
In (B.34), the posterior probability p(s.|Y ) can be derived as

p(Sn,yn‘Ynfl)

p(Sn Yn =
(#n[¥n) P(yn|Yn-1) (B.35)
N Ef,hi” P(Sn, YnlTn, En)p(Tn, #n|Yn-1) .
P(yn|Yn-1) ’
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where we use the conditional independence property of the HMM. The term
P(Tn, &n|Yn—1) in (B.35) can be expressed as

P(fn:i’n‘Yn—l)

= Y P@nrEnlTat, i 1)P(@at,Ent [Yao1), (B-36)

Ty —1,8n—1

where the first term after the summation is the state transition probability for a noisy sig-
nal, and the second term is the forward probability that can be acquired using the well-
known forward algorithm [56]. By applying the Bayes rule, the term p(sn, yn|Tn, #n)
in (B.35) can be further written as

P(Sn, YulTn, En) = P(Sn|Yn, Tn, n)p(Yn [Tn, En)- (B.37)

Substituting (B.37) for (B.35), the posterior probability can be re-written as

p(s‘ﬂ'Yn) = Z wfn,a'c'np(sn|ynyjn7in)7 (B.38)

Tp_1,E8n—1

where the weight 0 < wz,, .z, < 1is defined as

n 7’713 "Tl 777,7 "TL Y’ﬂ*

__ pyl z, )p“(w z | ’ 1) . (B.39)
2 in PR [T, En)p(Tn, En Y1)

Thus, by combining (B.34) and (B.38), the proposed HMM-based MMSE estimator can

be expressed as

Wz,

n>Tn

s, = Z W, i /snp(sn|yn,§n7 Zn) dsn. (B.40)
Instead of obtaining the posterior probability density function (PDF) p(Sn|yn,Zn, Zn)
directly, we derive the formula for the joint posterior PDF of the clean speech and noise
first, that is,

p(s’ﬂ? mn‘yﬂdfﬂd $n)

_ p(¥nlSn, mn)p(Sn, Mn|Tn, &n)
a P(Yn[Tn, &n) (B.41)
_ p(Ynlsn, my)p(sn[Tn)p(mn &)

P(yn|Zn, &n) ’
By using (B.1), we can express the likelihood function p(yn|s», my) as p(yn|Sn, m,) =
0(yn —sn —my,), where 0(-) denotes the Dirac delta function, which is defined by
0(0) = 400, and 6(z) = 0 when = # 0. Furthermore, fj;’: d(x)dz = 1. The prior
probability p(s,|Z.) and p(m,|Z,) can be estimated by using (B.16). Following the
derivation in [53], we can verify that the joint posterior PDF can be expressed in terms
of the multinomial distribution as

p(S”?mW«'y’ﬂ?j’ﬂ?in) =

F
[T MASFn)l, 1M (F,m); (B.42)
f=1

|Y(f7 n)|7pf»n(fn7 ‘in)v Qf,n(fnv xn))7
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where ps »(Tn, Zn) and g¢,n(Tn, Zn) are defined as
pf,n(f’rw xn) =
> s Wi Hiln (B.43)
K T55%n 377ZTn K %G rEn 9’
Zk:l WchHk,n + Zk:l W;kHIfn

where gsn(Tn,Zn) = 1 — pf.n(Tn,Zn). Therefore, the integral term in (B.40) can be
expressed as

/S’ﬂp(s'ﬂb’nafﬂ«a ':CTL) dS"

= /sn/p(sn,mn\yn,fn,in)dmn dsn (B.44)

=yn0© pn(fmjﬁn%

where p,(Zn, &n) = [P1,0(Tn, #n), -+, DFn(Tn, #n)]T, and we used the marginal mean
property of the multinomial distribution. Combining (B.40) and (B.44), the MMSE
estimator can be expressed as:

Sn =Yn O 8n, (B.45)
gn = Z Wy i P (Tns En), (B.46)

where g,, can be viewed as the spectral gain vector for the proposed model. Comparing
the proposed gain vector g, with the traditional NMF-based gain vector [36], we find
that the proposed gain vector is a weighted sum of each state’s gain, which is in the
Wiener filtering form as the traditional NMF gain (B.7).

Online Estimation of Activation Matrices

After obtaining the trained basis matrices W?T;c and Wf 7 for both the clean speech and
noise in the training stage, we need to obtain the online estimates of the activation
parameters F?f}c and H J’;’;C to acquire the gain in (B.45) and (B.46). The activation
matrices are estimated by maximizing the logarithm of the state-conditioned likelihood
function (B.17), which is equivalent to

h,, (Fn, in) = argmin KL(y,|[W"", W¥]h,), (B.47)
hy,

hn(f’fhxn) = [HH(ETH‘%H)T?Hn(fnv'%n)T]Tv (B48)

where the clean and noise activation matrices for the state (Z,,Z,) are defined as

o H?LH}T.

The activation matrix (B.48) can be obtained iteratively by using the multiplicativé up-

date rule in equation (B.6). Note that parallel computing can be used to reduce the time

complexity when obtaining the activation matrices for different states. It can be readily

shown that when J = J = 1, the gain vectors for the proposed algorithm (B.46) and

the standard NMF (9) are identical, that is, g, = gh"F. The entire flow of the proposed
MMSE-based online speech enhancement algorithm is illustrated by Algorithm 2.

En(j"“x’ﬂ) = [FT’;7F;:;7) H%Ln]T and hn(in,xn) = [Hin Hi"

1,n? 2,n7
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Algorithm 2: MMSE-based online speech enhancement

: Input magnitude spectrum: Y,

: Initiate 7 ® 7 and A ® A

:forn=1,2,3,---,N do

Initiate h,, (T, &)

Based on (B.6) and (B.48), obtain the iterative
estimation h,, (%, &)

Calculate p(y,|Zy, #,) based on (B.17)

Apply the forward algorithm and combine (B.36)
and (B.39) to acquire

7:  Obtain p,(Z,, &,) using (B.43)

8: Calculate the spectral gain g, using (B.46)
9:

1

uaphwWN =

A

By equation(B.45), estimate the clean speech §,,
0: end for

5 Experimental Results and Discussion

In this section, we report on the investigation and evaluation of the proposed algorithm
using various experiments. First, we investigated the effect of different parameter set-
tings for the proposed model, that is, the number of states and basis vectors of clean
speech and noise, respectively. Second, we compared the proposed NMF-HMM with
other state-of-the-art speech enhancement methods to demonstrate the effectiveness of
the proposed algorithm. In this work, the PESQ score [41], ranging from -0.5 to 4.5,
was used to quantify the enhanced speech quality. The version of the PESQ model used
was the International Telecommunication Union (ITU) standard P.862 [57]. The imple-
mentation code was provided by [2]. The STOI score [42], ranging from zero to one,
was used to measure speech intelligibility.

5.1 Experimental Data Preparation

In this study, the proposed algorithm was evaluated using the Texas Instru-
ments/Massachusetts Institute of Technology (TIMIT) database [58], 100 environmen-
tal noises [59], office noise !, and the NoiseX-92 database [60]. During the training
stage, all 4620 utterances from the TIMIT training database were used to train the pro-
posed NMF-HMM model for clean speech. For the experiments in Section 5.2, the Bab-
ble, F16, Factory, and White noises from the NoiseX-92 database were used to train the
NMF-HMM model. For the experiments in Section 5.2, 200 utterances from the TIMIT
test set, including 1680 utterances, were randomly chosen to build the test database.
Four types of noise were then added at four different SNR levels (-5, 0, 5, and 10 dB).
The noise types of the testing set were the same as the training set, but there was no
overlap between the signals in the two sets. In total, 200 x 4 x 4 = 3200 utterances
were used for the evaluation. For the experiments in Section 5.3, we conducted ex-

https://www.youtube.com/watch?v=D7ZZp8XuUTE
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Fig. B.2: Average PESQ scores of different methods for 25 types of seen noise

Average PESQ scores of different methods for 10 types of unseen noise
Il Il Il Il

3.2 = Noisy == OMLSA

—dLog-MMSE mmm Temporal-NMF
EmSLF-NMF s CNMF
3 DNS baseline mmm NMF-HMM

2.8

2.6

2.4

2.2

1.8

1.6

1.4

1.2

SNR

Fig. B.3: Average PESQ scores of different methods for 10 types of unseen noise
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Table B.1: Average STOI scores (%) comparisons of different clean speech states and basis vectors
(J=1,K =170)

Parameters K=5 K =10
Noisy 69.14 (£0.51)
NMF-HMM, J = 1(T-NMF) 65.00 (+0.43) 69.29 (4-0.44)
NMF-HMM, J = 5 68.66 (+0.42) 71.93 (£0.45)
NMF-HMM, J = 10 69.71 (£0.42) 72.74 (£0.45)
NMF-HMM, J = 20 71.14 (£0.43) 73.51 (£0.45)
NMF-HMM, J = 40 71.81 (£0.44) 73.66 (£0.45)
Parameters K =25 K =50
Noisy 69.14 (+£0.51)
NMF-HMM, J = 1(T:NMF) 72.71 (£0.48) 73.32 (40.49)
NMF-HMM, J = 5 73.94 (£0.47) 74.02 (£0.49)
NMF-HMM, J = 10 74.39 (£0.47)  74.37 (+0.50)
NMF-HMM, J = 20 74.76 (£0.48) 74.87 (£0.50)
NMF-HMM, J = 40 75.00 (£0.48) 74.73 (£0.51)

tensive experiments; the Babble and F16 noises from the NoiseX-92 database and 90
environmental noises (N1-N90 in [59]) were used to train the NMF-HMM model for
the noise dictionary. In the test stage, 200 utterances from the TIMIT test set, includ-
ing 1680 utterances, were randomly chosen to build three test databases. The first
test database included 10 unseen environmental noises from [59] (N91—N100). The
second included unseen office noise, and the third test database was built from 25
seen environmental noises in [59] (N18—N43). In all three test databases, the noise
was added at four different SNR levels (-5, 0, 5, and 10 dB). All the algorithms were
evaluated using the same test dataset. In all experiments, the sound signals were down-
sampled to 16 kHz. The frame length was set to 1024 samples (64 ms) with a frame
shift of 512 samples (32 ms). The size of STFT was 1024 points with a Hanning window.
Furthermore, the maximum number of iterations was set to 30 in the training stage and
15 in the online speech enhancement stage for the proposed NMF-HMM algorithm.

5.2

As explained in Sections 3 and 4, four parameters needed to be pre-defined in our
proposed NMF-HMM-based speech enhancement algorithm. These parameters were
the number of states (J and .J) and basis vectors (K and K) for the clean speech and
noise. In this section, we report on the investigation of the effects of these parameters

Analyses of the Number of States and Basis Vectors

66



5. Experimental Results and Discussion

Table B.2: Average PESQ scores (%) comparisons of different clean speech states and basis vectors
(J=1,K =70)

Parameters K=5 K =10
Noisy 2.02 (+£0.03)
NMF-HMM, J = 1(T-NMF) 2.12 (+0.03) 2.18 (£0.03)
NMF-HMM, J = 5 2.27 (£0.03) 2.31 (£0.03)
NMF-HMM, J = 10 2.31 (£0.03) 2.35 (£0.03)
NMEF-HMM, J = 20 2.36 (£0.03)  2.39 (£0.02)
NMF-HMM, J = 40 2.38 (£0.02) 2.41 (+£0.02)
Parameters K =25 K =50
Noisy 2.02 (£0.03)
NMF-HMM, J = 1(T-NMF) 2.21 (£0.02) 2.18 (£0.02)
NMF-HMM, J =5 2.32 (£0.02) 2.29 (£0.02)
NMF-HMM, J = 10 2.35 (£0.03) 2.30 (£0.02)
NMF-HMM, J = 20 2.36 (£0.02) 2.32 (£0.02)
NMF-HMM, J = 40 2.39 (£0.02) 2.33 (£0.02)

in our proposed method and the choice of suitable parameters for the later experiments.

HMM States Analysis

First, before the states analysis, we want to indicate that using temporal dynamics can
effectively help NMF obtain a better SE performance. To verify this point, we use the
traditional NMF-based speech enhancement (T-NMF) [36] as reference method. T-NMF
is a special case of NMF-HMM when J = 1 and J = 1. T-NMF does not include the
temporal dynamics information. The transition matrix A is a non-informational matrix
in T-NMF. For a fair comparison, we keep that the total numbers of clean speech basis
vectors (K x.J) for the NMF-HMM and T-NMF method [36] are the same. For the T-NMF,
the number of clean speech basis vectors K is varied as 25, 125, 250, 500 and 1000. For
the NMF-HMM, the K is fixed to 25 and J is varied as 1, 5, 10, 20 and 40. The number
of noise basis vectors for both the proposed NMF-HMM and T-NMF is fixed to 70, and
the number of noise states for the NMF-HMM is fixed to 1. In this experiment, we use
the average STOI and PESQ scores of 3200 utterances as the performance metrics. The
experimental results are shown in Figure B.1. As can be seen, the -NMF can achieve the
best performance when K = 25. However, its performance degraded with the increasing
of number of basis vectors due to overfitting. By contrast, NMF-HMM achieves higher
PESQ and STOI scores with an increasing number of the clean speech basis vectors by
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40, K = 25)
Parameters K =10 K =20
Noisy 69.14 (£0.51)
NMFE-HMM, J =1 74.51 (£0.51) 74.71 (£0.51)
NMF-HMM, J =2  75.00 (£0.51) 75.30 (+ 0.50)
NMF-HMM, J =5 75.44 (+£0.51) 75.77 (+ 0.50)
NMF-HMM, J=10 75.56 (+ 0.50) 76.11 (+£0.49)
Parameters K =40 K =10
Noisy 69.14 (£0.51)
NMF-HMM, J=1 7503 (+£0.49) 75.00 (+ 0.48)
NMF-HMM, J=2 7551 (£0.49) 75.33 (£0.47)
NMFE-HMM, J =5  76.05 (£0.47) 75.15 (40.46)
NMF-HMM, J=10 76.27 (+£0.48) 75.70 (+ 0.46)
Average PESQ scores of different methods for unseen office noise
2.8 r i
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Fig. B.4: Average PESQ scores of different methods for unseen office noise
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Table B.4: Average PESE scores (%) comparisons of different noise states and basis vectors (J =

40, K = 25)
Parameters K =10 K =20
Noisy 2.02 (£0.03)

T-NMF, J = 1 2.28 (£0.03) 2.31 (£0.03)
NMFE-HMM, J =2 2.29 (£0.03) 2.33 (+ 0.04)
NMF-HMM, J=5 231(£0.03) 234+ 0.04)
NMF-HMM, J=10 2.32(£0.03) 2.36 (+ 0.03)

Parameters K =40 K =10
Noisy 2.02 (£0.03)

T-NMF, J=1 2.36 (£0.02) 2.39 (+£0.02)
NMF-HMM, J =2 2.37 (£0.04) 2.40 (+ 0.03)
NMF-HMM, J =5 2.39 (£0.03) 2.40 (40.03)
NME-HMM, J =10 2.40 (+0.02) 2.41 (+0.02)

taking the temporal dynamics into account using the HMM model, which indicates that
temporal dynamics can improve the NMF’s SE performance.

States and basis vector analysis for clean speech

Next, we investigated the effect of the number of clean speech states J and basis vector
K to the proposed model. The number of noise states was set to one (i.e., J = 1) for the
proposed NMF-HMM. The number of basis vectors for the noise was fixed to K = 70,
respectively. The number of clean speech states was chosen as 1, 5, 10, 20, and 40.
Additionally, the number of clean speech basis vector was chosen as 5, 10, 25, 50. The
enhancement performance was evaluated by the PESQ and STOI scores.

Table B.1 and Table B.2 show the average STOI and PESQ score in different SNRs.
It can be seen that if the number of basis vectors K is fixed, there is a higher PESQ and
STOI score with the increasing of clean state J. This indicated the benefits of using the
temporal dynamics in NMF model. Additionally, if the clean state .J is fixed, we can
find that HMM can achieve the best speech enhancement performance when K = 25.
A higher K can lead to a worse speech enhancement performance due to overfitting.
Therefore, based on these experimental results, we choose J = 40 and K = 25 to
perform the following experiments.

69



Table B.5: Comparison of STOI scores (%) for various algorithms under -5dB SNRs using different

types of noise.

Paper B.

Test Type Method -5dB
Noisy 76.97 (£1.45)
Log-MMSE 75.86 (£1.54)
. OMLSA 75.88 (+1.52)
Unseen 10 types of noise Temporal-NMF  77.21 (+1.45)
SLF-NMF 69.35 (£1.78)
CNMF 77.12 (£1.51)
NME-HMM 78.58 (£1.34)

DNS baseline

81.84 (£1.36)

Noisy 49,91 (£1.33)

Log-MMSE 46.46 (+1.50)

Unseen office noise OMLSA 44.97 (£ 1.52)
Temporal-NMF  49.70 (+ 1.46)

SLF-NMF 48.92 (£1.58)

CNMF 48.43 (£1.47)

NMF-HMM 50.06 (£1.72)

DNS baseline

54.22 (+£1.49)

Noisy 73.65 (+0.82)

Log-MMSE 71.96 (+1.40)

. OMLSA 73.86 (+1.38)

Seen 25 types of noise Temporal-NMF  75.76 (+1.34)
SLF-NMF 65.76 (£ 1.58)

CNMF 76.23 (+£1.38)

NME-HMM 81.49 (£ 1.66)

DNS baseline

81.95 (£1.36)

States and Basis Vector Analysis for Noise

In this part, we evaluated the effect of noise states .J and basis vector K to the proposed
model. Here, the number of clean states and basis vectors was set to 40 and 25 (J = 40,
K = 25), respectively, which is based on the previous experimental results. The number
of noise states was chosen as 1, 2, 5, and 10. In addition, the number of noise basis
vector was chosen as 10, 20, 40, 70.

Table B.3 and Table B.4 show experimental results for the average STOI and PESQ
score in different SNRs. We can find that the PESQ and STOI have an increasing trend
with the increasing of noise state J when the number of noise basis vectors K is fixed.
Moreover, if the J is fixed, K = 70 can achieve the highest PESQ score but the STOI
score is slightly lower than K = 40. Based on the experimental results, we select
J =40,J =10, K = 25, K = 40 for the rest of the experiments because the model have
the less parameters when K = 40. Furthermore, there is a higher STOI when K = 40
and the PESQ difference is not obvious between the K = 40 and K = 70.
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5. Experimental Results and Discussion

Table B.6: Comparison of STOI scores (%) for various algorithms under 0dB SNRs using different

types of noise.

Test Type Method 0dB
Noisy 84.24 (£ 0.96)
Log-MMSE 83.67 (£1.01)
. OMLSA 83.58 (£1.01)
Unseen 10 types of noise Temporal-NMF  84.39 (+0.96)
SLF-NMF 77.01 (£1.28)
CNMF 83.02 (£1.13)
NMF-HMM 84.76 (£0.84)

DNS baseline

86.91 (£1.09)

Noisy 61.03 (+1.40)

Log-MMSE 58.75 (£1.57)

Unseen office noise OMLSA 58.14 (4 1.63)
Temporal-NMF  61.79 (+1.47)

SLF-NMF 60.84 (£ 1.54)

CNMF 60.97 (£1.46)

NMF-HMM 63.02 (+1.61)

DNS baseline

66.46 (+1.01)

Noisy 81.36 (& 1.03)

Log-MMSE  80.13 (£ 1.20)

. OMLSA 81.58 (£ 1.18)

Seen 25 types of noise g oral NMF  83.22 (4 1.09)
SLENMF  73.49 (+1.33)

CNMF 84.12 (£ 1.11)

NMFHMM  87.02 (+1.35)

DNS baseline

87.34 (£1.15)

5.3 Overall Evaluation

In this section, we report on the comparison of the proposed NMF-HMM speech en-
hancement method with state-of-the-art speech enhancement methods. We chose the
optimally-modified log-spectral amplitude (OM-LSA) method [61] with improved min-
ima controlled recursive averaging (IMCRA) noise estimator [62]; variable span linear
filters method [7] (SLF-NMF), which uses the parametric NMF [17] for estimating the
statistics; Temporal-NMF [49]; Convolutive NMF (CNMF) [55, 63]; DNN [64]; and Log-
MMSE [65] algorithm as the reference methods. For the SLF-NMF, the maximum SNR
filter was applied, and the number of eigenvectors was set to one. The variable span
linear filters reference code can be found in [7]. The codebook size of clean speech
and noise was set to 64 and 8, respectively. The other SLF-NMF parameter settings
were the same as NMF-HMM. For the temporal-NMF, all the parameter settings were
the same as the work in [49], which ensured that the temporal-NMF could achieve
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Table B.7: Comparison of STOI scores (%) for various algorithms under 5dB SNRs using different

types of noise.

Paper B.

Test Type Method 5dB
Noisy 90.07 (£ 0.68)
Log-MMSE  89.72 (+0.70)
. OMLSA 89.51 (+0.72)
Unseen 10 types of noise . 2. NMF  90.15 (+0.68)
SLENMF  82.11 (+1.09)
CNMF 86.01 (+1.02)
NMEHMM  88.39 (+0.58)

DNS baseline

91.44 (£0.75)

Noisy 72.80 (£1.27)

Log-MMSE 71.09 (£1.40)

Unseen office noise OMLSA 71.52 (£ 1.44)
Temporal-NMF  73.48 (+1.29)

SLF-NMF 70.95 (+1.35)

CNMF 71.45 (£1.12)

NMF-HMM 74.56 (+1.32)

DNS baseline

77.58 (£0.89)

Noisy 87.64 (+0.84)

Log-MMSE  87.04 (0.94)

. OMLSA 87.90 (+0.91)

Seen 25 types of noise . oral.NMF  89.03 (& 0.88)
SLENMF  79.06 (+1.18)

CNMF 89.55 (+0.97)

NMFEHMM  90.28 (+0.77)

DNS baseline

91.53 (£0.75)

the best speech enhancement performance. For the CNMF, the related settings were
similar to the CNMF in [40]. For the DNN, we used the DNS-baseline [64] as the ref-
erence method, which is one of the state of the art speech enhancement algorithm. The
OM-LSA and Log-MMSE were state-of-the-art unsupervised speech enhancement meth-
ods. while the SLF-NMF and temporal-NMF were state-of-the-art NMF-based speech
enhancement methods. The temporal-NMF also considered the temporal information
like our methods.

The performance of the NMF-HMM, DNN, Temporal-NMF, CNMF, SLE-NMF, Log-
MMSE, and OM-LSA were evaluated using the test set. Figure B.2 shows the average
PESQ scores with 95% confidence intervals of these algorithms for 25 types of seen
noise. As can be seen, the SLE-NMF had the worst performance among these algorithms.
Temporal-NMF and CNMF achieved a higher score than SLF-NMF, which indicated the
benefits of temporal information for speech enhancement. Moreover, except for DNS
baseline, the proposed NMF-HMM outperformed other enhancement algorithms in all
the SNR scenarios. Furthermore, in low SNR scenarios (e.g., -5-5 dB), the average
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5. Experimental Results and Discussion

Table B.8: Comparison of STOI scores (%) for various algorithms under 10dB SNRs using different

types of noise.

Test Type Method 10dB
Noisy 94.16 (£ 0.49)
Log-MMSE 93.85 (£0.48)
. OMLSA 93.62 (£ 0.55)
Unseen 10 types of noise Temporal-NMF  94.19 (+0.49)
SLF-NMF 85.72 (£0.94)
CNMF 89.44 (£0.91)
NME-HMM 90.88 (£0.43)

DNS baseline

94.67 (£ 0.55)

Noisy 82.57 (£1.05)

Log-MMSE 81.31 (+£1.15)

Unseen office noise OMLSA 82.29 (4 1.14)
Temporal-NMF  83.05 (+1.05)

SLF-NMF 79.21 (+£1.12)

CNMF 80.03 (£0.97)

NMF-HMM 82.55 (+£0.8%)

DNS baseline

86.18 (+0.50)

Noisy 92.48 (+0.60)

Log-MMSE  92.08 (£0.68)

. OMLSA 92.45 (+0.66)

Seen 25 types of noise . oral NMF  93.46 (+0.58)
SLENMF  83.14 (£ 1.04)

CNMF 91.06 (+0.62)

NMFHMM  91.84 (+£0.51)

DNS baseline

94.77 (£0.53)

PESQ score improvement of the proposed NME-HMM was larger than 0.5 against the
other algorithms.

Figure B.3 and Figure B.4 show the PESQ result under an unseen noise environment,
which indicates that NME-HMM could always achieve a higher PESQ score than the
reference methods at all four SNRs except for DNS baseline.

The results of the STOI scores with 95% confidence intervals for various algorithms
are provided in Table B.5, B.6, B.7, and B.8. As can be seen, the Temporal-NMF,
CNMF and NMF-HMM had higher STOI scores than SLE-NMF under three different test
datasets, which illustrates the benefits of considering speech temporal information. In
general, NMF-HMM achieved the highest STOI score, better than the referenced NMF-
based methods (Temporal-NMF, CNMF and SLF-NMF) for seen and unseen noise. In
addition, the DNS baseline achieved a better STOI score than NMF-HMM.

In general, for these non-DNN-based speech enhancement algorithm, proposed
method can achieve the best speech enhancement performance. Moreover, DNS base-
line can achieve the highest speech enhancement score. In the future work, we think
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that a DNN-based strategy can be combine with proposed algorithm to improve to ac-
curacy of basis vector estimation. As a result, our algorithm can achieve a better speech
enhancement performance.

6 Conclusions

In this work, we proposed and analyzed an NMF-HMM-based speech enhancement al-
gorithm that applies the sum of the Poisson distribution, leading to the KL divergence
measure, as the observation model for each state of the HMM. The computationally
efficient multiplicative update rule is used to conduct parameter updates during the
training stage for this proposed method. Moreover, using the HMM, the temporal dy-
namic information of speech signals can be captured in this method. Furthermore,
we detailed the derivation of the proposed NMF-HMM-based MMSE estimator to con-
duct online speech enhancement. Parallel computation can be applied for the proposed
estimator, so we can effectively reduce the time complexity during the online speech
enhancement stage. With experiments, a suitable number of state basis vectors for the
proposed NMF-HMM were found. Our experimental results also indicated that the pro-
posed algorithm could outperform state-of-the-art NMF-based and unsupervised speech
enhancement methods. In the future work, a DNN-based strategy can be considered to
improve the accuracy of basis vector estimation. As a result, our algorithm can achieve
a better speech enhancement performance.
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1. Introduction

Abstract

In this paper, we propose a novel non-negative matrix factorization (NMF) and hidden
Markov model (NMF-HMM) based speech enhancement algorithm, which employs a Pois-
son mixture model (PMM). Compared to the previously proposed NMF-HMM method, the
new algorithm, termed PMM-NMF-HMM, uses the Poisson mixture distribution for the state
conditional likelihood function for a HMM rather than the single Poisson distribution. This
means that there are the more basis matrices that can be used to model the speech and noise
signals, so more signal information can be captured by the resulting model. The proposed
method is supervised and thus includes a training and an enhancement stage. It is shown
that, in the training stage, the proposed method can be implemented efficiently using mul-
tiplicative update (MU) for the model parameters, much like the NMF-HMM algorithm. In
the speech enhancement stage, which can be performed online, a novel PMM-NMF-HMM
minimum mean-square error (MMSE) estimator is developed. The experimental results in-
dicate that the PMM-NMF-HMM method can obtain higher short-time objective intelligibil-
ity (STOI) and perceptual evaluation of speech quality (PESQ) score than NMF-HMM. Ad-
ditionally, the method also outperforms other state-of-the-art NMF-based supervised speech
enhancement algorithms.

1 Introduction

In real-word environments,the quality and intelligibility of speech signal is often de-
graded due to the presence of background noise. To combat such noise, speech enhance-
ment techniques have been developed. The main purpose of speech enhancement is to
estimate the speech from the observed noisy speech while attenuating the background
noise to improve the quality and intelligibility of the observed signal [1]. Monaural
speech enhancement provides a cost-effective strategy to address this problem by uti-
lizing recordings from a single microphone, and by combining it with beamforming it
can be extended to multiple microphones. Speech enhancement has a wide rang of
important applications, which include as automatic speech recognition (ASR) [2], tele-
conferencing, hearing-aids, and mobile communication.

During the past decades, many different speech enhancement strategies have been
proposed for environments with additive noise (e.g., [3]). These methods can be
roughly divided into supervised and unsupervised approaches. For the unsupervised
algorithms, the spectral subtraction algorithm [4] is perhaps the simplest strategy to
estimate the speech. Furthermore, the minimum mean-square error (MMSE) spec-
tral amplitude estimator [5], the signal subspace method of [6] and the optimally-
modified log-spectral amplitude (OM-LSA) method [7] combined with IMCRA noise es-
timator [8] are all effective strategies to estimate the speech. However, these methods
cannot always achieve satisfactory speech enhancement performance in non-stationary
noise environment because of inaccurate estimation of noise. Therefore, the supervised
speech enhancement method have been proposed like NMF [9]. Among the super-
vised speech enhancement algorithms, the codebook-driven auto-regressive (AR) model
based method [10], the auto-regressive hidden Markov model (ARHMM) method [11]
and non-negative matrix factorization (NMF) based methods [12] are noteworthy meth-
ods. These algorithms can make good use of prior information about both speech and
noise, and, as a result, they can often achieve better speech enhancement performance
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than the unsupervised methods, particularly in non-stationary acoustic environments.

With the advances in computation power, increases in the availability of training
data combined with advances in the theory and practice of neural networks [13], deep
neural networks (DNNs) have become a feasible strategy for speech enhancement. In
recent years, various network structures have been used for enhancement, such as feed-
forward multilayer perceptron [14], fully convolutional neural network [15], deep re-
current neural networks [16], and generative adversarial networks [17]. These net-
works can be used to predict the different targets like the speech spectrum [18], ideal
ratio mask [19] and time domain waveform [20]. However, the computational com-
plexity, model size and power consumption of these methods may be problematic for
some application.

As mentioned above, NMF is an effective speech enhancement method. In general,
NMF can be combined with other models to achieve the better speech enhancement
performance. For instance, the combination of NMF and DNN can help NMF better
model the speech and noise characteristics [21] and improve the generalization ability
of the method [22]. Moreover, the NMF can be also combined with HMM [23], which
can capture the temporal information of both speech and noise. As a consequence,
such methods can often outperform the traditional NMF-based speech enhancement
methods [12].

In our previous work [24], we proposed a NMF-HMM-based speech enhancement
algorithm. This method applies a single Poisson distribution as the likelihood function
for the HMM, which cannot effectively model the speech and noise due to their complex
behavior. To address this problem we propose the Poisson Mixture Model-based NMF-
HMM (PMM-NMF-HMM) speech enhancement algorithm, which is a more sophisticated
statistical model capable of capturing more complex behavior, similarly to Gaussian mix-
ture models [25]. This model makes it possible to better describe the speech and noise
because these may be governed by multiple underlying causes, each being responsible
for one particular mixture component in the distribution. If such causes are identified,
then the PMM-NMF-HMM can be decomposed into a set of cause-dependent or context-
dependent component distributions [25]. As a result, the performance can, arguably, be
improved by exploiting this. Furthermore, like the NMF-HMM-based speech enhance-
ment algorithm, the proposed method can be implemented using multiplicative updates
(MU) of the parameters. For performing the enhancement given the trained speech and
noise models, we propose an PMM-NMF-HMM-based MMSE estimator, which can be
implemented using online parameter updates suitable for parallel computations. More-
over, compared to typical DNN-based method [14], the proposed method uses a small
model size with few degrees of freedom.

2 Signal Model

In this section, we will briefly introduce the signal model that the proposed method is
based. In an acoustic environment with additive noise, the observed signal model can
be written as

y(l) = s(l) +d(1), (C.1D

where y(1), s(I) and d(1) represent the observed, speech and noise signals, respectively,
and [ is the time index. The short-time Fourier transform (STFT) of y(I) can be written
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as

Y(fvn):S(f7n)+D(f’n)v (C.2)
where Y (f,n), S(f,n), and D(f,n) denotes the frequency spectrums of y(l), s(!), and
d(l), respectively. The f is the frequency bin index and the n is the time frame in-
dex. Collecting F' frequency bins and N time frames, the magnitude spectrum ma-
trices can be defined as Yy, Sy and Dy, where Yy = [y1, - ,¥n, - ,yn] and
v = [[Y(L,n)],--, Y (f,n)], -, |[Y(F,n)]7, s, and d,, are defined similarly to y,.
And Sy and Dy are defined similarly to Y. Additionally, the proposed method is
based on the approximation Yy = Sy + Dy. The overbar (*) and double dots (¥)
are used to represent the speech and the noise, respectively. The signal models for the
speech and the noise signal are the same, so we will in what follows only shown them
for the speech signal. Applying the conditional independence property of the standard
HMM, the likelihood function for the speech can be expressed as follows:

p(Sn;®) = H (S0 |Tn)p(@n|Tn1), (C.3)
xn n=1
where Xn = [F1,--+ ,Zn, - ,Zn]" is a collection of states, Z, € {1,2,---,J} repre-

sents the state at the n'® frame and J denotes the total number of states. p(Tn|Tn-1)

is the state transition probability from state Z,,_1 to Z,, with p(Z1|To) being the initial
state probability. p(s,|Z») is the state-conditioned likelihood function, @ is a collection
of modeling parameters. In this work, we propose to apply PMM-NMF-HMM to estimate
the p(s,|Z»), which can be written as

p(sn[Tn) = / D(8n[7n)D(Zn[Tn) dZn, C.4)

el

J
p(Zn|Tn) = HH l(x" =7 z"_t)7 (C.5)

where z,, € {1,2,---,T} denotes the mixture state and T is the total number of mixture
states. Additionally, we define Zn = [Z1, - ,Zn, -+ ,2N]7, which is a collection of mix-
ture states. The P, is the mixture weight and there is Z ;1 Pii=1(1<j<J). The
I(-) denotes an indicator function, which is 1 when the logical expression in the paren-
theses is true and O otherwise. In [26] it was demonstrated that the Kullback-Leibler
(KL) divergence-based NMF can be derived from the following hierarchical statistical
model:

Ch), (C.6)

NE

Sy =

™
Il

1

Crn(k) ~ PO(Csn(k);WiiHpn), (C.7)

where PO(z; \) = \"e™*/T'(z + 1) is the Poisson distribution, I'(z + 1) = 2! denotes
the gamma function for positive integer 2, K denotes the number of basis vectors,
C(k) is the latent matrix and ¢; (k) denotes the element of C(k) in the f*" row and
n'* column. Wfﬁk; and Hy,, correspond to the elements of the basis and activation
matrices for the NMF. Based on the (C.6) and (C.7), we propose to apply the following

hierarchical model to estimate p(s,|zn),
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K
sn = en(k), (C.8)
k=1
p(Cn(k)[Zn, Tn) =
[ (PO k), Wy Hy ™ )y T30, (C.9)
Jitk, f
p(snlCn) = 6(s ch (C.10)
where Wx”’z" and H k"’ Fn correspond to the elements of the basis and ac-

tivation matrices and ¢,(k) contains the hidden variables, writing €, =
€. (17, €. (2)7, - ,€.(K)T]T and integrating €, out, we obtain

p(sn[7n) = / P(S0[Cn)p(Cn|Zn) d

x (C.11)
= H{P(’) IS(f,n Z W )y @n =iz =),
It f k=1
Finally, combining (C.4) and (C.5), at jth state, the (C.11) can be written as
p(salZn =j) =
T F K
= R (C.12)
ZPLtHPO |Sf7 "Z [k Hkn )
t=1 f=1 k=1
Moreover, we have that
P(8ulFnsZ0) =
(C.13)

K
OUS (.l 375 ).

We collect the unknown parameters {W 7"} and {Hy"""} in matrices {W""} and

{HJ t}. To summarize, there are five parameters to be estimated in our proposed clean
speech model. They are the initial state probability matrix 7, state transition probability
matrix A, basis matrix W**, activation matrix H"* and mixture weight matrix P. The
activation matrix H'"* is estimated in the online speech enhancement stage while the
other parameters are obtained in the offline training stage. Additionally, the K and T'
can be predetermined. For the observed signal, the initial state and transition probabil-
ities matrix can be expressed as 7 ® 7 and A ® A, where the ® denotes the Kronecker
product. Thus, the conditional likelihood function can be written as

F

T T
(yn|:rﬂ7:rn :Zzﬁ H ‘Y f: |7

(C.14)
W T, “Hk”fn n 2 W;’zyzn Fl:;{zn)

Mw\

>
Il

1
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F
(Yn‘znyzn7$n,l'n H ‘Y f7

- . (C.15)
WG 4 3 W ),

3 Offline Parameter Estimation

As mentioned above, the algorithm can be divided into two stages. In the offline train-
ing stage, the parameters of speech and noise signal model are estimated by using
the speech and noise database, respectively. First, we define the complete data set
(S~n,XnN,Zn, Cn), where Cx = [€1,C2, -+ ,€n]. Based on the (C.3) and derivation in
Section 2, using the conditional independence property, the complete data likelihood
function can be written as

p(S~,%Xn,ZN,Cn)

N N
= (J:[lp(snk;n)) < U Xn|xn 1 ) (€.16)

(ﬁp(znxn ) (1;[ (€n|%n,Zn) ) ,

Using Expectation—-Maximization (EM) algorithm [27], the model parameters can be
estimated. For simplicity, we here omit the derivation process. It can be shown that the
parameter updates can be written as follows:

7 = 7‘1("’31—:3)7 (C.17)
20:1 q(T1 = o)
N
Zo,j _ ang Q(mn =1, Tn—-1 0) (C.18)

ijl 22722 q(@n = j,Tn-1=0)
where 1 < 0,5 < J. The quantities ¢(z,,) and q(%,,T»—1) correspond to the posterior
state probability and the joint posterior probability, which can be calculated by forward-
backward algorithm [24] that combines the (C.12). The 7; and A, ; is the elements of
A and 7, respectively. The estimation of A and 7 is similar to the traditional HMM. In
addition, we have the following updates:

S~ I
, N AGHEY”
W Wt W HL : (C.19)
1A, 6)(H™)™
— S
=it ==t W' TWJ":II-IJ’t
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where A(j,t) = diag(q(T1 = 4,21 =1),¢(T2 = j,Z2 = t), -+ ,q(Ty = j,Znv =1t)). The
q(Trn, = j,Zn = t) is the posterior probability when (z, = j,z, = t). Once again, this
calculation can be performed using the forward-backward algorithm which uses (C.13).
Furthermore, this update is in the form of an multiplicative update, which means that
the offline training can be performed efficiently. Moreover, we have

N _
_ A
Py = Nanlg(m JZn=1) (C.21)
Donm1 221 4(Tn = J,Z0 =1)
This mixture weight P, ; determines the importance of each latent cause that is modeled
by single Poisson distribution for the whole speech signal.

4 Online Speech Enhancement

In the online enhancement stage, we propose a novel MMSE estimator, which is based
on the model produced by the PMM-NMF-HMM algorithm. The MMSE estimate of the
speech signal from the noisy observation is

8o =Es, v, (5n) = /snp(sn\Yn) dsn. (C.22)

For simplicity, we omit the specific details of this derivation. The enhanced speech can
be written as §,, =y, ©® g, Where g,, can be viewed as a spectral gain vector with

gn = Z Wz, iy ( Z Pj,tjjj,tpn(xn,i’nazn72n)>7 (C23)

where the weight 0 < wz,, s, < 1 can be written as
n|Tny Tn)P( Ty T | Yo
Wit = Yol B0 )P, EnVort) (C.24)
meg‘g‘n P(Yn|Tn, &n)p(Tn, &nlYn-1)
The calculation of p(y,|Zn, Z») can be conducted using (C.14), and

p(fnv "En|Yn71)

- Z p(fnyi’n|fn—17:.I%n—lyYn—l)p(fn—hfin—l‘Yn—l)
Tp—1,8n—1 (C.25)

- Z p(fruinlinfhi'nfl)p(fnflyinfllYnfl),

Tp_1,8n—1

In (C.25), the first term can be calculated by the transition probabilities ma-
trix of observed signal and the second term is the forward probability which
can be calculated by a forward algorithm [24]. In (C.23), pn(Tn,&n,Zn,2n) =
[pl,n(fn7fénazn7 én)7p2,n(fn,‘;ﬁn,§n7 Zn), et 7pF,n(fn7fén7zna én)]Ty Where

pf,n(jn,ii'n7§n,2n) =

S W T (C.26)
K T17Zn:Znpln,Zn K Y7 &n,Zn 1 in,2"7
Zk:l Wf,k Hk,n +Zk:1 Wf,k Hk,n

86



5. EXPERIMENTAL Result and Analysis

Average PESQ scores of different methods
| |
B Noisy mm SLF-NMF
== NMF-HMM  PMM-NMF-HMM(T = 2, K = 50)
B PMM-NMF-HMM(T = 4, K = 25)

2.8

2.6

2.4

2.2

1.8

1.6

1.4

1.2

PESQ
[N}
L S S R R S

-5 0 5 10
SNR

Fig. C.1: Average PESQ scores of different algorithms using six types of noise under four different
SNRs.

Comparing the PMM-NMF-HMM-based MMSE estimator with our previous proposed
NMF-HMM-based MMSE estimator [24], we can find that there are more than one NMF
basis matrices at each HMM hidden state, which means that our algorithm can model
more underlying possible causes in the observed signal, so the enhancement perfor-
mance can likely be improved based on this better model. Furthermore, we also remark
that parallel computing can be applied to conduct the online estimation of active matrix

==j,t . . .
H’" to effectively reduce the time consumption.

5 EXPERIMENTAL Result and Analysis

In this section, the performance of proposed algorithm was evaluated and compared
with state-of-the-art NMF-based speech enhancement algorithms. All the experiments
were conducted on the TIMIT [28] and NOISEX-92 [29] databases. In the training
stage, all 4620 utterances from the training set of the TIMIT database were used to
train the speech PMM-NME-HMM model. Meanwhile, parts of the Babble, F16, Factory
and White noise from the NOISEX-92 database were used to train the noise model. In
the test stage, 200 utterances were randomly chosen from the test set of the TIMIT
database. After that, the chosen 200 utterances were added to six types of noise at
four different SNR levels (i.e., -5, 0, 5, and 10 dB). There were two types of noise
(destroyerengine and destroyerops) that were not included in the training database to
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Average STOI scores of different methods
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Fig. C.2: Average STOI scores of different algorithms using six types of noise under four different
SNRs.

test the generalization ability of the noise model. It must be stressed that for all noise
types, disjoint training and test data was used.

To evaluate the performance of the proposed method, we compare to two state-of-
the-art methods, namely the NMF-HMM [24] and the variable span linear filters [6]
(SLF-NMF) combined with parametric NMF [10] for estimating the noise and speech
statsitics.

In the experiments, all the signal waveform was down-sampled to 16 kHz. The
frame length was set to 1024 samples with a frame shift of 512 samples . The size of
STFT was 1024 points with a Hanning window. Furthermore, the maximum number of
iterations was set to 30 in the training stage and 15 in the online speech enhancement
stage for these NMF-based methods. In addition, the PESQ [30], ranging from -0.5 to
4.5, was used to evaluate the enhanced speech quality. The STOI [31], ranging from O
to 1, was used to measure the enhanced speech intelligibility.

For the NMF parameter setting, to better compare the performance of PMM-NMEF-
HMM and NMFE-HMM, we ensure that there are the same total number of basis vector
for the two models. For the NMF-HMM, there is no the mixture weight (the NMF-HMM
can be seen as a special case of PMM-NMF-HMM when T = 1 and 7" = 1), so we only
need to set J = 10, K = 100,.J = 2 and K = 70. For the PMM-NME-HMM, we have
J=10,J =2,K = 70,7 = 1. We investigate the two different T. When T is set to 2
and 4, the K corresponds to 50 and 25, which ensures that there is the same number of
total basis vector. For the SLF-NMF, we utilize the maximum SNR filter and the codebook
size of speech and noise is set to 64 and 8, respectively. Figure C.1 indicates the average
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PESQ scores with 95% confidence interval of these algorithms. The NMF-HMM-based
methods always achieve higher PESQ scores than SLF-NMF for all four SNRs. Addi-
tionally, with increased total number of mixture state T, PMM-NMF-HMM achieve the
better performance. This indicates that PMM-NMF-HMM may effectively better model
multiple underlying causes in speech and noise when improving the speech quality. Fig-
ure C.2 shows the average STOI scores with 95% confidence interval of the methods.
We can see that the PMM-NMF-HMM achieves better speech enhancement performance
at low SNRs (-5, 0, 5dB) with increased numbers of mixture state 7. However, for high
SNRs, more mixture states does not lead to a better performance.

6 Conclusions

In this work, we have proposed a novel PMM-NMF-HMM-based speech enhancement
algorithm. The new method employes a PMM which was used to model the state-
conditioned likelihood function for the HMM, whereby multiple underlying causes in
the signals could be captured. More specifically, the resulting modal can be decom-
posed into the different sets of cause-dependent or context-dependent component dis-
tributions. Finally, as a result of the new and more sophisticated model, the speech
can be estimated more accurately. To enhance the speech, we have proposed a novel
MMSE estimator, which is also based on the model of the PMM-NME-HMM method.
This estimator can be implemented efficiently and is thus suitable for online speech
enhancement. In general, the experimental results showed that the proposed PMM-
NMF-HMM method outperforms the previously proposed NMF-HMM, though the STOI
score was slightly lower than NMF-HMM at high SNR (10dB).
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1. Introduction

Abstract

Recently, variational autoencoder (VAE), a deep representation learning (DRL) model, has
been used to perform speech enhancement (SE). However, to the best of our knowledge,
current VAE-based SE methods only apply VAE to model speech signal, while noise is mod-
eled using the traditional non-negative matrix factorization (NMF) model. One of the most
important reasons for using NMF is that these VAE-based methods cannot disentangle the
speech and noise latent variables from the observed signal. Based on Bayesian theory,
this paper derives a novel variational lower bound for VAE, which ensures that VAE can
be trained in supervision, and can disentangle speech and noise latent variables from the
observed signal. This means that the proposed method can apply the VAE to model both
speech and noise signals, which is totally different from the previous VAE-based SE works.
More specifically, the proposed DRL method can learn to impose speech and noise signal
priors to different sets of latent variables for SE. The experimental results show that the
proposed method can not only disentangle speech and noise latent variables from the ob-
served signal, but also obtain a higher scale-invariant signal-to-distortion ratio and speech
quality score than the similar deep neural network-based (DNN) SE method.

1 Introduction

In real-world environments, speech signals are often distorted due to the presence of
background noise. To reduce the effects of noise, speech enhancement (SE) techniques
have been developed [1, 2] to improve the quality and intelligibility of an observed
signal.

Currently, many single-channel SE algorithms have been proposed, which include
some unsupervised algorithms [3, 4] and supervised algorithms [5, 6]. However, these
methods usually apply linear processes to model complex high-dimensional signal,
which is not always reasonable in practical applications [7]. Thus, non-linear deep neu-
ral network (DNN) models have been developed. As shown in [2, 7-10], DNN-based
methods can achieve better SE performance than traditional linear models. However,
their generalization ability is not often satisfactory for the unseen noise conditions [2].

Recently, deep probabilistic generative models have been investigated to improve
the DNN’s generalization ability for SE, such as generative adversarial networks (GAN)
[11] and the variational autoencoder (VAE) [12, 13]. VAE can learn the probability
distribution of complex data and perform efficient approximate posterior inference, so
VAE-based SE algorithms have been proposed [13-15]. However, the VAE of these
methods is trained in an unsupervised manner on speech only, and the noise is modeled
by an NMF model because these methods cannot disentangle the speech and noise
latent variables from the observed signal. This means that these algorithms are not
robust [16], and their SE performance is limited compared to DNN-based supervised
methods [13]. To mitigate this problem, supervised VAE-based SE methods have been
proposed. In [16, 171, a supervised classifier [16] and a supervised noise-aware training
strategy [17] are introduced to the training of speech VAE. The purpose is to obtain a
more robust speech latent variable from the observed signal. However, the noise is still
modeled by a linear NMF model because it is a difficult task to disentangle the speech
and noise latent variables from the observed signal [17].

Learning interpretable latent representation is a challenging but very useful task
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because it can explain how different factors influence the speech signal, which is impor-
tant in speech-related applications [18]. In [18], a latent space arithmetic operation was
derived to modify the speech attributes (phonetic content and speaker identity). [19]
proposed an unsupervised method to distinguish different latent variables and generate
new latent variables for the ASR application. [20] applied VAE to learn the sequence-
dependent and sequence-independent representations. However, interpretable latent
representation is rarely considered in current SE algorithms [7-10].

Inspired by previous work, in this paper, we propose a Bayesian permutation train-
ing method for SE. The proposed method can disentangle the latent speech and noise
variables from the observed signal in a supervised manner and conduct the mapping be-
tween latent variables and targets, even though this is a difficult task [17]. We hypoth-
esize that disentangling latent variables can improve the performance of the supervised
DNN-based SE method. To achieve this, a clean speech VAE (C-VAE) and a noise VAE
(N-VAE) are separately pre-trained without supervision. After that, based on Bayesian
theory and our derived variational lower bound, we use the two pre-trained VAESs to
train a noisy VAE (NS-VAE) in a supervised manner. The trained NS-VAE can learn the
latent representations of the speech and noise signal. When we conduct SE, the trained
NS-VAE is first used to predict the latent variables of the speech and noise signal. Then,
the two latent variables are independently used as the decoder input of the C-VAE and
N-VAE to estimate the corresponding speech and noise. Finally, the enhanced signal can
be acquired by direct speech waveform reconstruction or with post-filtering methods.
Compared to previous VAE-based SE methods [13-17] and interpretable latent repre-
sentation learning methods [18-20], the proposed method derives a novel variational
lower bound to ensure that supervision training can be used for VAE, and VAE can dis-
entangle different latent variables to model noise for SE. The derived supervised lower
bound is very different from previous VAE-based methods [12-20] that are trained on
an unsupervised variational lower bound, which increases the robustness of different
learned latent variables [17]. Moreover, our learned latent variables are attributed to
different types of signal, so each single latent variable that is generated by NS-VAE can
be used to generate the corresponding speech or noise signal, and their combination
can generate noisy speech.

2 Problem Description

In this work, we aim to perform SE in an additive noisy environment. Thus, the signal
model can be written as

y(t) = z(t) + d(), (.1

where y(¢), z(t), and d(t) represent the observed, speech, and noise signal, respec-
tively, and ¢ is the time index. Log-power spectrum (LPS) is suitable for direct signal
estimation [7], so we use it as a feature for SE. The LPS of y(t), z(¢), and d(t) is written
as Y(f,n), X(f,n), and D(f,n), respectively. Here, f € [1, F] and n € [1, N] denote
the frequency bins and time frame indices, respectively. Collecting F' frequency bins and
N time frames, we can obtain the LPS dataset Yy, Xy and Dy with NV samples, where
Yy =y, ¥n, - ,yNand y, = [Y(1,n),--- ,Y(f,n),--- ,Y(F,n)]", x, and d,,
are defined similarly to y,,. X and Dy are defined similarly to Y 5. For simplicity, we
use y, x, and d to represent a sample in dataset Yy, Xy and Dy, respectively.In the
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3. SE with Bayesian Permutation Training

(a) Generative model (b) Recognition model

Fig. D.1: Graphical illustration of the proposed model.

proposed VAE model, we assume that y is generated from a random process involving
the speech latent variables z, and the noise latent variables z;, where the observed
speech conditional prior distribution can be written as q(y|za, z-). The dimensions of
vectors z,, and z, are L, and L4, respectively. The dataset of z,, and z, is written as Z. n
and Zqn with N samples. Here, we assume that the latent variables z, and z4 are inde-
pendent. Additionally, x and d are drawn from the speech prior distribution ¢(x|z.) and
the noise prior distribution ¢(d|zq), respectively. The whole generative process is illus-
trated in Fig. D.1(a). In VAE, since exact posterior inference is intractable, we propose
that z, and z4 can be estimated from speech and noise posterior distributions p(z,|x)
and p(zq4|d), respectively, or they can also be estimated from the noisy speech poste-
rior distributions p(z.|y) and p(zq|y). Here, we assume p(z., zq4|y) = p(2=|y)p(z4ly),
which ensures that noise can be modeled by non-linear VAE rather than NMF. Based
on these assumptions and our derivation in section 3, speech and noise latent variables
can be obtained from the observed signal. The whole recognition process is shown in
Fig. D.1(b).

To sum up, we intend to first estimate the latent variable distributions of the speech
p(zz|y) and the noise p(zq|y) from the observed signal to acquire latent variables z,
and z4, respectively. After that, we use the estimated latent variables as the input of
the decoder of C-VAE and N-VAE to obtain the probability distribution of ¢(x|z.) and
q(d|zq) for SE.

3 SE with Bayesian Permutation Training

3.1 Variational Autoencoder with Multiple Latent Variables

VAE [12] defines a probabilistic generative process between observed signal and its la-
tent variables and provides a principled method to jointly learn latent variables, genera-
tive and recognition models, which is achieved by maximizing variational lower bound
using stochastic gradient descent (SGD) algorithm. This optimizing process [12] is
equal to minimize Kullback-Leibler (KL) divergence (Dk 1) between real joint probabil-
ity distribution p(y, z=,z4) and its estimation ¢(y, zz, zq4). This process can be written
as follows:
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Dkr (p(y, 2z, 24)||4(Y, 22, 2a)) = Eymp(y) [log p(y)]
+ IEy~p(y) [DKL (p(z-27 Zdb’))”‘](}’v Zy, Zd))]'

In (D.2), the term E,._ .,y [log p(y)] is a constant, so minimizing their KL divergence is
equal to minimizing

(D.2)

[’(0735 Py 9I7 Pz, edv ©d; Y)
= IEy~p(y) [DKL (p(zm, Zd‘y))HQ(Y: Zg, Zd))}
=Eyp(y) [DxL (p(22,24]y))||0(22, 24))]
—Eypy) [Bzgzomn(egzly) 108 0(y|22,2a)]]
where 6, ¢y, 0z, vz, 04, pq are the parameters that are used to conduct the related prob-
ability estimation. The details will be presented later. Here, — £ can be seen as the VAE
variational lower bound with multiple latent variables (E.,[logq(y)] > —£) [12].
Minimizing £ is equal to maximize this variational lower bound. Based on our assump-

tions in section 2 (z, and z4 are independent and p(zs, zq4|y) = p(2z.|y)p(zaly)), (D.3)
can be further written as

(D.3)

L(Oy, py, 0z, 0z, 00, 04;Y)
=Eypiy) [Drr (p(22])]|9(22))]
+ Eynp(y) [Drr (p(zaly)lla(za))]
~ Eynp(y) [Bogzann(zazaly) 108 4(¥|2z,24)]] ,

D.4

3.2 DRL with Bayesian Permutation Training

To estimate the speech and noise latent variables from the observed signal using (D.4),
we propose a Bayesian permutation training process between NS-VAE, C-VAE, and N-
VAE. First, the C-VAE and N-VAE are separately pre-trained using the general VAE train-
ing method [12] without supervision. The purpose is to acquire the posterior estimates
p(zz|x) and p(zq|d). Then, the NS-VAE is trained with the supervision of C-VAE and
N-VAE.

In (D.4), the calculation of the first and second term is similar, so we will only
use the first term to show the Bayesian permutation process. To achieve supervision
learning, we add an attention mechanism (p(z.|x)/p(z=|x)) for the calculation of first
term in (D.4). Thus, its calculation can be written as (D.5)

Ey~py) [Prr (p(22]y)|q(Z2))]
= Eyp(y) { / p(z2]y) log pié?;”l})’;’()z]i’;) dzx]
= Eyp(y)x~p(x) [DKL (p(Zx\Y)Hp(leX))]
P(2z]%) ]
]

q(2z)

(D.5)

+Eypiy) {Ezlwp(zm Iy llog
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[’(aya Py ezv Pz, eda ©d; Y)
=Eypy)x~p{DrL (P(22]y)]|p(22 %))
p(zx|x)]}
q(zz)
+ Eyp).a~p@{Dxr (p(2aly)|[p(2zald))
p(Zd‘d)}}
q(2a)

—Eyopny) [EZd,zm~p(Zd,zm\y) [log (¥ |2z, Zd)” .
In (D.5), we introduce posterior p(z.|x) estimated from C-VAE to conduct supervised
latent variable learning. The purpose is to obtain speech latent variables from observed
signal. Finally, substituting (D.5) into (D.4), the final loss function can be written as
(D.6). In (D.6), we can find KL divergence constraints for speech and noise latent
variables, which ensures that we can estimate the desired posterior distributions from
noisy signal in a supervision way. This is also why our method can disentangle latent
variables, and the noise can be estimated by nonlinear VAE rather than linear NMF,
which is different from the previous VAE-based SE methods [13-17]. Moreover, in
(D.6), —L can be used as a novel variational lower bound to perform supervised VAE
training in other VAE-related applications. To better minimize (D.6), we introduce C-
VAE and N-VAE to conduct joint training, which forms a Bayesian permutation training
process between the three VAEs. Finally, the NS-VAE’s training loss is

+ Eqpmp(zaly) 108
(D.6)

+ Ezynp(zaly) [lOg

K’tOtal = ‘C(elﬂ Py 015 Sozvedv @d;Y)
+ Le(0z, 025%) + L (04, 0a; d),

where L.(0s, pz;x) and L, (04, p4; d) are the general VAE loss function for speech and
noise, which can be written as

D.7)

Le(0zs pr; %) = Bxnpio { D (p(22]%)||g(22))
- ]Ezwwp(zw |x) [IOg q(X|ZE)} }7
Ln(0a,pa4;d) = Eanpa){ Dxr (p(2ald)||q(za))
— Esymp(eala[log ¢(d|2za)] }-
In (D.7), it can be found that the NS-VAE’s training also includes the training of C-VAE
and N-VAE, which improves NS-VAE’s ability to disentangle latent variables. Minimizing
Liotar is our final target.

Fig. D.2 shows the proposed framework. To summarize, the proposed method in-
cludes a training and an enhancement stage. The whole training process can be de-
scribed as follows: first, C-VAE and N-VAE are separately pre-trained without supervi-
sion using (D.8) and (D.9). Then, the LPS features of speech, noise and observed signal
are separately used as the encoder input of C-VAE, N-VAE, and NS-VAE to estimate pos-
terior distributions p(z.|y), p(z4|y), p(z=|x), p(zq|d) and prior distribution ¢(y|zx, z4),
q(x|z<), g(d|zq). Finally, (D.7) is used as a loss function to perform related parameters
update with the Adam algorithm [21]. The training is completed when the neural net-
works converge. In the online SE stage, we assume that the z, sampled from p(z.|x) is
approximately equal to the sample z, sampled from p(z.|y). Therefore, we can sepa-
rately use the NS-VAE encoder’s two outputs as input of C-VAE and N-VAE to obtain the
prior distributions g(x|z.) and ¢(d|zq). After that, using the reparameterization trick

(D.8)

(D.9)
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X }i d
C-VAE-encoder | NS-VAE-encoder | N-VAE-encoder
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&

C-VAE-decoder | NS-VAE-decoder | N-VAE-decoder
q(x|2;) q(y|zz,24) q(d|zq)
x y d

Fig. D.2: Model of Bayesian permutation training for SE.

and Monte Carlo estimate (MCE) [12], the speech and noise signal can be obtained.
The enhanced speech is acquired by direct waveform reconstruction or post-filtering
methods. This enhanced process is shown in Fig. D.3 (a).

3.3 Calculation of Loss Function

In (D.7), the related posterior and prior distributions need to be determined, and ¢(z.)
and ¢(zq) need to be predefined for the calculation. Here, for the simplicity of calcu-
lation, we assume that all the posterior and prior distributions are multivariate normal
distributions with diagonal covariance [12], which is similar to the previous VAE-based
SE methods [13-17]. For the NS-VAE, we have

P(22|y) = N (223 po,,. (), 03,, (¥)I) ,
P(zaly) = N (243 10,4(), 73, (¥)1) (D.10)

Q(Y|22,2a) = N (¥; oy, (22, 24), 03 (22, 2a)) |
where 1 is the identity matrix. uo,,(¥),07,,(¥), o,4(y), 03,,(y) can be estimated
by NS-VAE’s encoder Gy, (y) with parameter 0, = {0y.,60,a}, and o3 (2z.,z4) and
fto, (22, 24) can be estimated by NS-VAE’s decoder G, (2, z4) with parameter ¢,. Due
to the space limitation and the fact that the frameworks of C-VAE and N-VAE are similar,
we only give the details of C-VAE. Here, we have

P22 %) = N (225 po, (%), 05, (x)T)

s (D.11D)
q(x|z22) = N (% pig, (22), 05, (22)1)
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Fig. D.3: Enhancement framework comparison.

where 119, (x), 07, (x) are obtained by C-VAE’s encoder Gy, (x) with parameter ,, and
Ko (22), 05, (22) can be estimated by C-VAE’s decoder G, (z,) with parameter ;.
q(zq) and ¢(z.) are pre-defined as a centered isotropic multivariate Gaussian ¢(z,) =
N (z4;0,1I) and q(zq) = N (z4; 0,1). Finally, when all the distributions are determined,
we can apply loss function (D.7) and the Adam algorithm to perform related parameters
update for SE.

4 Experiment and Result Analysis

In this section, the proposed algorithm is evaluated. At first, we will use an example
to verify that the proposed method can disentangle different latent variables from the
observed signal. After that, an experiment will show the SE performance of our method.

Dataset: In this work, we use the TIMIT database [22], 100 environmental noises
[23], DEMAND database [24] and NOISEX-92 database [25] to evaluate the perfor-
mance of the proposed algorithm. In the training stage, the Babble, F16 noise from
the NOISEX-92 database [25] and 90 environmental noise (N1-N90) [23] are used
to conduct experiments. All 4620 utterances from the TIMIT database are corrupted
by 92 types of noise at four different signal-to-noise ratio (SNR) levels, i.e., -5, 0, 5,
and 10 dB. The utterances are randomly selected from these corrupted utterances, and
they are connected to a 12-hour noisy speech database. Meanwhile, the corresponding
speech and noise databases are also obtained. In the test stage, 200 utterances from
the TIMIT test set, including 1680 utterances, are randomly chosen to build the test
database. 13 types of noise (office [24], factory [25], and 10 unseen environmental
noise (N91—N100) [23]) are randomly added to the 200 utterances at four SNR levels
(i.e., -5, 0, 5, and 10 dB) to conduct experiment. In our experiments, all the signals are
down-sampled to 16 kHz. The frame length is 512 samples with a frame shift of 256
samples.

Baseline: To evaluate the performance of the proposed method, we use a super-
vised SE model as a reference method (referred to Y-CNN) [26]. This is similar to the
proposed method and can perform SE by direct waveform reconstruction [7] or esti-
mated mask [8]. For a fair comparison, we use a convolutional neural network (CNN)
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(a) Original babble noisy speech with 5dB (b) Modified signal from babble+5dB to f16+10dB
8

Frequency [kHz|
Frequency [kHz|
- (=2}

o

(=]

(c) Target f16 noisy speech with 10dB (d) Clean speech

Frequency [kHz]
(=] o]

Frequency [kHz]
Do =

0 0.5 2 4 6 8 10 11.2
Time [s] Time [s]

Fig. D.4: Experiment for disentangling latent variables.

to replace the original DNN [26] to improve its performance. Fig. D.3 shows the frame-
work comparison of enhancement. Y-CNN has the same encoder and decoder as the
proposed model. The only difference between Y-CNN and our method is the training
loss function. The loss function of the proposed method applies deep representation
learning (DRL) and reasonable assumptions to disentangle latent variables, which is
not achieved by Y-CNN [26].

Experimental Setups: There are three VAEs in our proposed method. The C-VAE
and N-VAE have the same structure. 1D CNN which is widely used in SE [9] is adopted
in the experiment. C-VAE’ encoder includes four hidden 1D convolutional layers. The
number of channels in each layer is 32, 64, 128, and 256. The size of each convolving
kernel is 3. The two output layers of the encoders are fully connected layers with 128
nodes. By using the reparameterization trick, the decoders’ input size can also be set as
128. The decoder consists of four hidden 1D convolutional layers (the channel number
of each layer is 256, 128, 64, and 32 with 3 kernel) and two fully connected output
layers with 257 nodes. Moreover, the activation functions for the hidden and output
layer are ReLU and linear activation function, respectively. For NS-VAE, its encoder also
includes four 1D convolutional layers with ReLU as the activation function. The other
parameter setting is the same as C-VAE. Additionally, its encoder has four output layers
with 128 nodes and a linear activation function. The input size of the NS-VAE decoder is
256, which includes the latent speech and the noise variables. The decoder structure of
NS-VAE’s decoder is the same as that of C-VAE (Y-CNN'’s encoder and decoders only have
one output layer with 128 and 257 nodes, respectively, because it does not disentangle
latent variables. The other settings are the same as that of NS-VAE). In the training
stage, all networks are trained by the Adam algorithm with a 128 mini-batch size. The
learning rate is 0.001.

Experimental Results: Firstly, we will verify the ability of the proposed method
to effectively disentangle the speech and noise latent variables from observed signals.
Based on our assumption, the observed signal y is determined by z, and z4. Thus, if we
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Table D.1: Average SI-SDR comparison of different methods

SNR SI-SDR (dB)
Noisy Y-L PVAE-L
-5 -5.67(£0.22) 1.25(+0.67) 2.84(+0.72)
0  -0.69(£0.22) 4.52(£0.47) 6.32(£0.48)
4.30(£0.23) 6.76(£0.29) 8.67(£0.31)
10  7.30(£0.23) 8.05(£0.18) 10.03(£0.23)
SNR SI-SDR (dB)
Noisy Y-M PVAE-M
-5 -5.67(£0.22) 2.04(£0.68) 4.01(+0.88)
0 -0.69(£0.22) 7.40(£0.68) 8.59(+0.75)
5 4.30(£0.23) 11.74(£0.62) 12.33(+0.61)
10  7.30(£0.23) 15.17(+£0.54) 15.41(+0.50)

Table D.2: Average PESQ comparison of different methods

SNR PESQ
Noisy Y-L PVAE-L
1.43(+£0.02) 1.59(£0.03) 1.87(£0.03)
1.78(+£0.02) 2.02(£0.02) 2.24(£0.03)
2.13(£0.02) 2.43(£0.02) 2.57(+0.02)
10 2.46(£0.01) 2.76(£0.02) 2.80(£0.02)
SNR PESQ
Noisy Y-M PVAE-M
1.43(£0.02) 1.68(£0.03) 1.86(£0.03)
1.78(£0.02) 2.11(£0.03) 2.27(£0.03)
2.13(£0.02) 2.53(£0.03) 2.63(+0.02)
2.46(£0.01) 2.86(£0.02) 2.91(+0.02)

use different z,, or z4 as the input of NS-VAE’s decoder, we can obtain the different ob-
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Table D.3: Average STOI comparison of different methods

SNR Noisy Y-L PVAE-L
-5 57.62(£1.31) 57.63(£1.67) 60.00(+1.33)
0 70.02(£1.24) 69.80(+1.48) 70.68(+1.12)
80.20(£0.90) 79.20(+1.18) 79.87(+0.87)
10 86.32(+0.50) 85.60 (£0.72) 84.32(+0.54)
SNR Noisy Y-M PVAE-M
-5 57.62(£1.31) 59.72(+1.70) 60.32(£1.40)
0 70.02(£1.24) 72.02(+£1.43) 71.75(+1.19)
5 80.20(+0.90) 81.96(+1.02) 80.78(+0.91)
10 86.32(£0.50) 88.80(£0.63) 87.24(+0.58)

served signal. z, and z4 can be acquired by different NS-VAE encoders. Fig. D.4 shows
the experimental result. In this example, we first disentangle the latent variables of the
observed signal (babble noise with 5dB). Then, we keep the speech latent variable z,
and replace the noise latent variable with another noise latent variable (f16 noise with
10dB). Finally, the new combination of latent variables is used as the input of NS-VAE’s
decoder to acquire the modified signal. Fig. D.4(b) shows the modified signal. Compar-
ing Fig. D.4(a), (b), (c), and (d), it can be found that the modified signal successfully
removes the babble noise character, and the original noise character is replaced by f16
noise character. (The modified signal has the constant noise around 3000 and 4000 Hz
as shown in the black circle area, which is the same as the target signal.) Furthermore,
the modified signal also preserves the original speech character. Therefore, this exper-
iment indicates that the proposed method can effectively disentangle different latent
variables.

In the second experiment, all algorithms are evaluated by the scale-invariant signal-
to-distortion ratio (SI-SDR) in decibel (dB) [27], short-time objective intelligibility
(STOI) [28], and perceptual evaluation of speech quality (PESQ) [29]. The enhanced
speech is obtained by direct waveform reconstruction [7] or soft time-frequency mask
estimation [26]. We use Y-M and Y-L to represent that the enhanced speech is acquired
by mask estimation and direct waveform reconstruction using Y-CNN, respectively. Sim-
ilarly, PVAE-L and PVAE-M denote that the enhanced speech is obtained by the pro-
posed method using direct waveform reconstruction and mask estimation, respectively.
Table. D.1, D.2, and D.3 show the PESQ, SI-SDR, and STOI comparisons with a 95%
confidence interval. The results verify that our method can learn latent speech and
noise variables from observed signals because PVAE-L achieves better PESQ and SI-SDR
performance than Y-L. This means that C-VAE’s decoder can recognize speech latent vari-
ables that are disentangled by NS-VAE. Moreover, PVAE-M significantly achieves better
PESQ and SI-SDR performance than Y-M, which shows that our method can estimate a
more accurate mask for SE. This result also illustrates that our approach has better noise
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estimation performance than the reference method. Additionally, the results also show
that Y-CNN’s performance can be improved by the proposed loss function. Table. D.3
shows that the STOI score is competitive between the proposed and the reference algo-
rithms. We think that the STOI score of the proposed method can be further improved
by improving PVAE'’s disentangling performance [30]. Overall, PVAE-M achieves the
best SE performance across the three evaluation criteria. Here, we only use a basic neu-
ral network to verify our algorithm. Its performance can be further improved by using
more advanced neural networks and other speech features [2, 9, 10].

5 Conclusion

In this paper, a supervised Bayesian permutation training DRL method is proposed to
disentangle latent speech and noise variables from the observed signal for SE. The pro-
posed method is based on VAE and Bayesian theory. The experimental results show that
our method cannot only successfully disentangle different latent variables but also ob-
tain higher SI-SDR and PESQ scores than the state-of-the-art reference method. More-
over, the results also illustrate that the SE performance of the reference method can
be improved by introducing the proposed DRL algorithm. In future work, some other
strategies can be considered to further improve the disentangling performance of la-
tent variables. In addition, the proposed method can also be applied in other speech
generative tasks, e.g., voice conversion and ASR.
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1. Introduction

Abstract

In previous work, we proposed a variational autoencoder-based (VAE) Bayesian permuta-
tion training speech enhancement (SE) method (PVAE) which indicated that the SE perfor-
mance of the traditional deep neural network-based (DNN) method could be improved by
deep representation learning (DRL). Based on our previous work, we in this paper propose
to use B-VAE to further improve PVAE’s ability of representation learning. More specifically,
our B-VAE can improve PVAE’s capacity of disentangling different latent variables from the
observed signal without the trade-off problem between disentanglement and signal recon-
struction. This trade-off problem widely exists in previous 8-VAE algorithms. Unlike the
previous B-VAE algorithms, the proposed (B-VAE strategy can also be used to optimize the
DNN'’s structure. This means that the proposed method can not only improve PVAE’s SE
performance but also reduce the number of PVAE training parameters. The experimental
results show that the proposed method can acquire better speech and noise latent represen-
tation than PVAE. Meanwhile, it also obtains a higher scale-invariant signal-to-distortion
ratio, speech quality, and speech intelligibility.

1 Introduction

The aim of speech enhancement (SE) is to remove background noise from the observed
speech signal. In general, SE is mainly used to reduce the word error rate of the au-
tomatic speech recognition system [1] or improve speech quality and intelligibility for
human listening [2]. Recently, with the wide application of online meeting systems,
SE is required to reduce the WER for accurate live caption when providing high-quality
speech audio under various complex noise conditions [3]. Thus, SE research is becom-
ing more and more challenging.

During the past decades, many single-channel SE algorithms have been devel-
oped, including signal subspace methods [4], non-negative matrix factorization meth-
ods [5, 6], and codebook-based methods [7]. In recent years, deep neural networks
(DNN) have shown great potential for SE [2, 8-14] because DNNs can use a non-linear
process to model complex high-dimensional signals, which is more reasonable in practi-
cal applications [15]. Thus, DNN-based methods usually have a better SE performance
than these previous linear models [4-7].

However, most of the regression-based SE algorithms [2, 8-10] do not consider
applying DNNs to obtain better speech representations when conducting SE. Instead,
they usually use DNNs to directly predict pre-defined targets for SE [2]. Although this
approach can avoid inaccurate assumptions [8], it cannot ensure that these methods
always work in environments with complex noise [2]. In general, deep representation
learning (DRL) is important for DNN because DRL can obtain good signal represen-
tations in an unsupervised way and can, potentially, improve DNN’s ability to extract
useful information in complex environments [15, 16]. Additionally, a better signal rep-
resentation usually leads to better predictions for DNNs [15]. Thus, DRL has a huge
potential for DNN-based SE algorithms and makes them more robust. Moreover, the
lack of a good DRL strategy may cause poor generalization of DNN-based SE algo-
rithms [2, 15]. A good DRL algorithm can also disentangle various latent representa-
tions [15] of speech signals (e.g., speaker and phoneme information), which can also
help DNNs achieve a better SE performance.
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Recently, to improve traditional DNN’s generalization ability, DRL-based SE algo-
rithms are proposed [17-22]. The basic idea of these methods is that they use a varia-
tional autoencoder (VAE) [23] to learn speech representations when modeling speech,
and apply a non-negative matrix factorization (NMF) to model noise. VAE is a DRL
model and can perform efficient approximate posterior inference. Additionally, VAE
can also learn the probability distribution of complex data. Thus, VAE is suitable for
various speech generative tasks [23-25]. These VAE-based algorithms can effectively
improve DNN’s generalization ability, but they have difficulty obtaining good speech
representations from the observed signal because they cannot disentangle speech rep-
resentations from other latent representations [15, 17-22]. This causes the need to use
a linear NMF to model noise, so their noise modeling ability is limited compared with
these non-linear DNN-based methods [23]. And their SE performance is not always
satisfactory in a complex noisy environment [18].

To obtain a better speech representation from the observed signal, a novel VAE-
based SE method (named PVAE) is proposed [26]. This method applies an unsupervised
method to learn signal representations and derives a novel VAE lower bound, which
ensures that VAE can disentangle different latent variables from the observed signal.
Compared to the previous VAE-based SE algorithms, PVAE can use non-linear DNNs to
model noise, which improves the noise modeling ability. Additionally, this method can
adopt various DNN structures [2], so the DNN-based SE algorithms [2] can be directly
optimized by PVAE. This is not achieved by VAE-NMF-based algorithms [17-22]. The
experimental results [26] indicate that the SE performance of the traditional DNN-based
methods can be improved by introducing this PVAE-based DRL algorithm.

Inspired by previous works, in this paper we propose a novel S-VAE strategy to
improve PVAE’s representation learning and disentangling performance [15] with fewer
DNN parameters. S-VAE [27, 28] is originally designed to push VAE to learn a more
efficient latent representation of the data, which is disentangled if the data contains
at least some underlying factors of variation [27]. However, in general, S-VAE has
a trade-off problem [28]. A better disentanglement within the latent representations
usually causes worse signal reconstruction. In this work, based on the VAE’s application
in SE [26], we propose a strategy to address this trade-off problem to obtain better
speech and noise representation. As a result, our 5-VAE can improve disentangling and
representation performance without signal reconstruction loss. Moreover, the proposed
B-VAE can also optimize the neural network structure of the original PVAE. This means
that the proposed 8-VAE (named 3-PVAE) can possibly achieve a better SE performance
with fewer training parameters compared to PVAE.

2 Related Work

Signal Model: in an additive noisy environment, using the short-time Fourier trans-
form, the observed signal y,,, € C, speech signal z¢,,, € C, and noise dy,, € C can be
written as

Yfn = Tfn +dpn, (E.1)

where frequency bin f € [1, F] and time frame index n € [1,N]. N and F denote
the number of time frames and frequency bins, respectively. Their log-power spectrum
(LPS) vector [8] at each frame can be represented as y, x, and d, respectively, where
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(a) Generative model (b) Recognition model

Fig. E.1: Graphical illustration of the proposed signal model.

we omit the frequency and time frame index for simplicity. In [26], we assume that y
is generated from a random process involving the speech latent variables z, € R® and
the noise latent variables zy € R”. L is the dimension of latent variables. The latent
variables z, and z, are independent. Similarly, x and d are independently generated by
z; and z.4, respectively. Fig. E.1(a) shows the generative process. In [26], it is assumed
that z, and z4 can be estimated from speech and noise posterior distributions p(z,|x)
and p(z4|d), respectively, and that they can also be estimated from the noisy speech
posterior distributions p(z|y) and p(zq|y). To disentangle latent variables, we assume
that p(zs,zaly) = p(2<|y)p(zaly). Although this assumption is not always accurate
in practical environments, it simplifies derivations, and helps us obtain a better signal
model. Additionally, its effect towards signal estimation is not significant [26] (related
analysis will be also given in Section 4). Fig. E.1(b) shows the recognition process.
VAE and $-VAE: the original VAE [23] defines a probabilistic generative process
between the observed signal and its latent variables, and provides a principled method
to jointly learn latent variables, generative and recognition models. The generative and
recognition models are jointly trained by maximizing the evidence lower bound [23]

Ey~p)logq(y)] = —Ln,
Ln =Eypy) [Drr (p(2y]y))llq(2y))] (E.2)
= Bympty) [Ezymp(zy ly) 08 a(v]20)]]
where Dz (]|) denotes the Kullback-Leibler (KL) divergence. z, € R” is the noisy
latent variable. Maximizing this lower bound is equivalent to minimizing £,,.

B-VAE [27] is a modification of the original VAE framework, which introduces an
adjustable hyperparameter § in the KL divergence term:

Ln = BEympy) [Drr (p(2y|y))lla(zy))]

—Eypy) [Ezywﬂ(zy\y) [log q(Y|Zy)H .

In general, 8 > 1 results in more disentangled latent representations [27]. Higher

values of 3 can encourage learning a more disentangled representation. However, 3-

VAE usually has a trade-off problem between the latent representation disentanglement
and signal reconstruction.

Bayesian permutation training VAE (PVAE) for SE: Although the VAE-based algo-

rithms [23, 27] can learn signal representations and disentangle latent representations

(E.3)
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in a self-supervised way, their performance is limited when disentangling desired latent
representations for SE application. Therefore, a Bayesian permutation training VAE
(PVAE) [26] is proposed for SE. PVAE is a semi-supervised DRL method, which intro-
duces multiple latent variables in VAE and disentangles them in a semi-supervised way.
Fig. E.2 shows the PVAE framework. It can be seen that PVAE includes three VAE struc-
tures: clean speech VAE (C-VAE), noise VAE (N-VAE), and noisy VAE (NS-VAE). C-VAE
and N-VAE are trained without supervision to obtain speech and noise latent represen-
tations and their posterior estimates p(z.|x), p(z«|d), respectively. This is achieved by
minimizing the following VAE loss function:

Le(0z, p23%) = Exopo{DrL (p(22]%)|9(22))

— Bz wp(as 0 [l0g 4(x|22)]}
La(0a, pa; d) = Eanpa){Dxr (p(2ald)||q(za))

— Ezynp(zqla) log (d[za)]},
where 0,, s, 04, pa are the DNN parameters for the related probability estima-
tion [26]. Additionally, NS-VAE is trained under the supervision of C-VAE and N-VAE’s
encoders. Based on the derivation in [26], the NS-VAE’s training loss function can be

written as

(E.4)

(E.5)

Ly (Oys y3Y)
= Eypy)x~peo{ DrL (P(22]y)P(22]x))
P(z[x) 1}
q(zz)
+ Eyp(y).d~p@{DxL (p(zaly)lp(zald))
p(za|d)
+ Ezymp(zqly) log ——~
a~p( d|Y)[ a(za) I}
— By [Ezd,zmw}(zd,zm\y) [log q(y|2a, Zd)]] s
where 6,, ¢, are the NS-VAE’s network parameters.

In the online SE stage, we assume that the z,, z; sampled from p(z.|x) and p(z4|d)
are approximately equal to the sample z,, z, sampled from p(z|y), p(zaly), respec-
tively. So, we separately use the NS-VAE encoder’s two outputs as input of C-VAE and
N-VAE to estimate related signals for SE.

+ Eqpmp(zaly) 108
(E.6)

3 [(-VAE-based Speech Enhancement

Inspired by 5-VAE, we propose a novel 3-VAE strategy (named 3-PVAE) to further im-
prove PVAE’s SE performance. More specifically, 3-VAE is used to improve PVAE’s repre-
sentation learning ability that can better disentangle speech and noise latent variables
from the observed signal, which can help PVAE obtain better SE performance. In PVAE,
all the PVAE’s decoders are trained in an unsupervised way [26]. The accuracy of the
restored signal depends on the quality of latent representations. This means that the SE
performance in PVAE is determined by the quality of speech and noise latent variables.

In [26], we derived a novel evidence lower bound (ELBO) (Ey.,y)logq(y)] >
—L,). Additionally, 8-VAE [27] applies an adjustable hyperparameter $ in original
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] ! 1‘
| C-VAE-encoder | | NS-VAE-encoder | | N-VAE-encoder |
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Fig. E.2: Model illustration for PVAE and 3-PVAE.

VAE’s [23] KL divergence term. Following 5-VAE’s property and PVAE'’s derivation [26],
we apply this hyperparameter in the derived ELBO [26], the (E.6) can be written as

Lp(0y, 043y)
= BEyp(y)x~px){ DKL (P(22|y)|P(22]%))

P(z2|x)
+E,, ~pz.|y) o
s ~p( ,|Y)[ g q(zz) }}

+ BEy wp(y),dmp@){DrL (P(2aly)||p(zald))

zq|d

+ Ezynn(zaly) (08 %1}

—aByop(y) [EZd,Zm~p(Zd,zme) [log q(y |2z, Zd)” .
In (E.7), we introduce a hyperparameter « in the restoration term. The purpose is to
better analyze 3-VAE [27] in PVAE. Note, o will not generate any effects for the original
(B-VAE’s property because what is important in (E.7) is the weight ratio 8 : «. This
weight ratio can also be written as: v = 8 : « = (8/«) : 1, which is equal to the
original 3-VAE’s loss function in (E.3). SB-VAE [27] indicates that a higher value of 3
encourages VAE learning a more disentangled representation. Thus, we hypothesize
that a higher value of 8 : « in (E.7) can cause a better disentangling performance for
speech and noise latent variables. This point will be verified by later experiments.

B-VAE usually has a trade-off problem between the disentanglement and signal re-

construction [27], which means that a good disentangled representation usually leads
to poor signal reconstruction performance. In NS-VAE (as shown in Fig. E.2), this trade-
off is between the quality of observed signal reconstruction and the disentanglement of

E.7)
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speech and noise latent variables. In SE application, we only need NS-VAE'’s disentan-
glement function, observed signal reconstruction is not useful (dashed part in Fig. E.2).
This means that we should set a very high weight ratio «y to obtain a better disentangle-
ment performance [27]. Ideally, ¥ — +o0. One strategy to achieve this purpose is to
set o = 0, so the loss function (E.7) can be rewritten as

56(9115 Y) = 5Ey~p(y),x~p(X){DKL (p(zif‘Y)Hp(ZﬁC'X))

p(zs]x)
+ Ea, mp(za fy) log T
(el 08 = o 571}

+ BEy~p(y).a~p@ { DL (P(2aly)||p(2ald))
p(za|d) 1}

a(za) =
In (E.8), it can be found that there is no reconstruction term. This means that we do
not need to train the NS-VAE’s decoder, which reduces the PVAE’s training parameters.
The dashed part in Fig. E.2 is removed in the proposed S-PVAE framework. Comparing
the PVAE and proposed -PVAE, we can find that the 8-VAE can be used to optimize
the PVAE’s network structure and 3-PVAE also addresses the 3-VAE’s trade-off problem
for SE application. All in all, the combination of 3-VAE and PVAE can not only improve
PVAE’s disentanglement performance, but also simplify its framework.

To summarize, the proposed 3-PVAE includes a training and an enhancement stage

for the SE application, which is similar to PVAE [26]. In the training stage, C-VAE and N-
VAE are separately pre-trained by self-supervision using (E.4) and (E.5). After that, we
apply (E.8) to train NS-VAE. In the enhancement stage, we can separately use the NS-
VAE encoder’s two outputs as input of C-VAE and N-VAE to obtain the prior distributions
q(x|zz) and ¢(d|zq) for SE. Moreover, to calculate (E.8), related prior and posterior
distributions need to be determined. Here, all the estimations of these distributions are
the same as PVAE. More details can be found in [26].

(E.8)

+ Esynp(aaly) 108

4 Experiments

In this section, we report two experiments. First, we will investigate the disentangle-
ment ability of the latent variables in the proposed algorithm. In addition, 3-PVAE’s SE
performance will be indicated.

Datasets: In this work, we use the DNS challenge 2021 corpus [29] to evaluate the
performance of the proposed algorithm. We select English speakers and randomly split
70% of speakers for training, 20% for validation, and 10% for evaluation. Then, all the
noise from the DNS noise corpus are randomly divided into training, validation, and test
noise in a proportion similar to that used for speech utterances. Next, the corresponding
training, validation, and test corpus for speech and noise are randomly mixed using
DNS script [29] with random signal-to-noise ratio (SNR) levels (SNR range is from —
10dB to 15dB). Other parameters of signal mixing are the default values in the DNS
script [29]. Finally, we randomly choose 20 hours mixed training utterances, 5 hours
mixed validation utterances, and 1 hour mixed test utterances to build experimental
dataset. All signals are down-sampled to 16 kHz.

Experimental settings: In the experiments, the neural structures for C-VAE and N-
VAE are the same. Their encoders include four hidden 1D convolutional layers [11]. The
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Table E.1: Average STOI, PESQ, and SI-SDR comparison for 3-PVAE under different v with a 95%

4. Experiments

confidence interval (3-PVAE is equal to PVAE when v = 1)

Method STOI PESQ SI-SDR
Noisy 88.94(x£1.77) 2.29(x0.02) 8.36(£1.13)
Oracle 98.12(£0.35) 4.19(£0.00) 19.84(£0.92)

PVAE (y =1) 89.33(£1.72) 2.59(£0.03) 10.31(£1.03)
v =2 89.81(£1.67) 2.69(£0.02) 11.84(+£0.97)
=5 89.76(+£1.64) 2.70(£0.02) 12.23(£0.93)

v =10 89.94(+£1.70) 2.71(£0.02) 12.31(£0.94)

v =100 89.98(£1.70) 2.72(£0.02) 12.45(£0.94)

~ = 1000 90.02(+£1.71) 2.74(£0.01) 12.55(£0.94)

¥ = 400 90.05(£1.71) 2.75(£0.01) 13.20(£0.95)

number of channels in each layer is 32, 64, 128, and 256. The size of each convolving
kernel is 3. The two output layers of the encoders are fully connected layers with
128 nodes. Their decoders consist of four hidden 1D convolutional layers (the channel
number of each layer is 256, 128, 64, and 32 with 3 kernel) and two fully connected
output layers with 257 nodes. For NS-VAE, its encoder’s hidden layer setting is the same
as C-VAE. NS-VAE’s encoder has four output layers with 128 nodes. For C-VAE, N-VAE,
and NS-VAE, their activation functions in the hidden and output layer are ReLU and
linear activation function, respectively. All networks are trained by the Adam algorithm
with a 128 mini-batch size.

Experimental results: To evaluate the SE performance of various algorithms, we
will use scale-invariant signal-to-distortion ratio (SI-SDR) in decibel (dB) [30], short-
time objective intelligibility (STOI) [31], and perceptual evaluation of speech quality
(PESQ) [32] as evaluation metrics.

First, we will investigate 5-PVAE’s performance in disentangling speech and noise
latent variables. Based on our previous derivation and analysis [26], §-PVAE'’s SE per-
formance is determined by disentanglement performance. Table. E.1 ’Oracle’ shows the
SE performance with a 95% confidence interval if latent variables are completely dis-
entangled. Here, the signals are reconstructed by mask estimation [9]. The complete
disentanglement means that they have the same posterior forms: p(z.|x) = p(zz|y)
and p(zq|d) = p(zq|y). This is because p(z.|x) and p(zq|d) are learned in an unsuper-
vised way with speech or noise only, which ensures that their latent representation only
contains speech or noise representation. ’Oracle’ results indicate that 5-PVAE achieves
a very satisfactory SE performance in SI-SDR, STOI, and PESQ, which shows the im-
portance of disentangling latent variable for achieving excellent SE performance. The
NS-VAE’s purpose is to disentangle different representations from the observed signal
and obtain the closest possible speech and noise posterior. Next, we use KL diver-
gence to evaluate the practical disentanglement performance in latent space. A bet-
ter disentanglement can lead to a lower KL divergence (Dxr (p(z4|y)||p(z4|d)) and
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Average KL divergence comparison for different ratio v (a = 1, change )
0.45 i f
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Posterior distribution
Fig. E.3: Average KL divergence comparison of the posterior distribution for different ratio ~.

Drr (p(z2|y)||p(z=|x))). Fig. E.3 shows the average KL divergence comparison of val-
idation samples for using different ratios v = 8 : « in loss function (E.7) to train
NS-VAE. In (E.7), we keep a = 1 and change different 3 to determine ratio ~, and
~v = 400 means that « = 0,8 = 1, which is equal to (E.8). In Fig. E.3, we see that the
KL divergence decreases with the increase of ~ for both speech and noise latent vari-
ables, which means that the disentangled posteriors get closer to the true posteriors and
the NS-VAE achieves a better disentanglement performance. When NS-VAE’s decoder is
removed (y = 400, = 0,8 = 1), NS-VAE can acquire the best posterior estimation.
This verifies our hypothesis and deduction in Section 3. Additionally, although we have
an inaccurate posterior conditional assumption p(zz,z4|ly) = p(zz|y)p(z4l|y), Fig. E.3
shows that NS-VAE can still estimate a satisfactory posterior with a low KL divergence.
However, this inaccurate assumption may hinder NS-VAE from obtaining a lower KL
divergence when v = +o0.

Next, we will evaluate the SE performance of the proposed 3-PVAE. We use basic
PVAE [26] as the reference method, which can be more direct to find the effects of
B-VAE for the previous PVAE. The enhanced speech is obtained by mask estimation
[9]. Table. E.1 shows the experimental results. We find that 3-PVAE achieves a very
significant STOI, PESQ, and SI-SDR improvement over PVAE (from 8 = 1to 8 = 2).
This indicates that good disentanglement performance in latent space can directly lead
to an improvement in speech quality and intelligibility. In addition, 5-PVAE achieves
the best SE performance when 8 = +oo. This illustrates that the proposed 5-PVAE can
effectively improve PVAE'’s SE performance with a simpler network structure.
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5 Conclusions

In this paper, a 3-PVAE-based SE method is proposed to improve previous PVAE’s SE per-
formance. More specifically, 3-PVAE can improve PVAE’s ability to disentangle speech
and noise latent variables from the observed signal. In addition, based on VAE’s ap-
plication in SE, the proposed 3-PVAE addresses the trade-off problem between disen-
tanglement and signal reconstruction, which widely exists in 8-VAE. Compared with
the previous PVAE algorithm, 5-PVAE also simplifies its neural network and reduces
the number of training parameters when improving the SE performance. Experimen-
tal results indicate that a good signal representation can achieve a very satisfactory
SE performance. Moreover, 3-PVAE obtains a better disentanglement performance and
achieves higher SI-SDR, PESQ, and STOI scores than PVAE. In future work, we believe
that 8-PVAE can achieve better SE performance by improving the latent space disentan-
glement performance or the decoder’s signal reconstruction ability.
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1. Introduction

Abstract

This paper focuses on leveraging deep representation learning (DRL) for speech enhance-
ment (SE). In general, the performance of the deep neural network (DNN) is heavily depen-
dent on the learning of data representation. However, the DRL’s importance is often ignored
in many DNN-based SE algorithms. To obtain a higher quality enhanced speech, we pro-
pose a two-stage DRL-based SE method through adversarial training. In the first stage, we
disentangle different latent variables because disentangled representations can help DNN
generate a better enhanced speech. Specifically, we use the 3-variational autoencoder (VAE)
algorithm to obtain the speech and noise posterior estimations and related representations
from the observed signal. However, since the posteriors and representations are intractable
and we can only apply a conditional assumption to estimate them, it is difficult to ensure
that these estimations are always pretty accurate, which may potentially degrade the fi-
nal accuracy of the signal estimation. To further improve the quality of enhanced speech,
in the second stage, we introduce adversarial training to reduce the effect of the inaccu-
rate posterior towards signal reconstruction and improve the signal estimation accuracy,
making our algorithm more robust for the potentially inaccurate posterior estimations. As
a result, better SE performance can be achieved. The experimental results indicate that
the proposed strategy can help similar DNN-based SE algorithms achieve higher short-time
objective intelligibility (STOI), perceptual evaluation of speech quality (PESQ), and scale-
invariant signal-to-distortion ratio (SI-SDR) scores. Moreover, the proposed algorithm can
also outperform recent competitive SE algorithms.

1 Introduction

In real-world environments, speech signals are usually degraded by various environ-
mental noise. To counter these degradations, speech enhancement (SE) techniques
have been developed during the past decades [1]. The main purpose of SE is to remove
background noise from an observed signal and improve speech quality and intelligibil-
ity in a noisy environment. SE has been widely applied in speech coding, teleconfer-
encing, hearing aids, mobile communication, and robust automatic speech recognition
(ASR) [2]. Due to the recent COVID-19 pandemic, there has been an increasing need
for online meeting systems [3], where SE can help the system to reduce the word error
rate (WER) for accurate live captioning when transmitting high-quality speech audio
in various complex-noise conditions [4, 5]. Therefore, SE is an increasingly prominent
research topic.

There is a considerable amount of literature published on SE algorithms. Classic SE
methods include signal subspace methods [6-8], codebook-based methods [9-11], and
non-negative matrix factorization (NMF) methods [11-14]. Most of these methods per-
form SE by applying short-time Fourier transform (STFT) to analyze the time—frequency
(T-F) representation of the observed signal or directly using waveform. Recently, with
the development of deep neural network (DNN) techniques, DNNs have shown a great
potential for SE [15-23]. Unlike classic algorithms [7, 10-14], DNNs can learn the
disentangled representations of the data [24], and can use the learned representations
to generate related data. Thus, we hypothesize that one of the reason of why DNN
can perform SE is that DNN can extract useful speech representation [25] from the
observed signal and generate corresponding speech data. DNNs’ advantage for SE is
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that DNN can extract underlying information (e.g., phoneme or emotional information)
from high dimension features [26-29]. Moreover, DNN can also represent the different
underlying information by different vector forms, and can disentangle different infor-
mation. As a result, DNNs can effectively analyze more signal representations and
achieve a better SE performance. Additionally, one of the DNNs’ principle is that DNNs
are based on data representation learning [24, 30, 31], so it can avoid the speech-phase
estimation problem (only DNN’s input contains the all signal information) [32-34] in
traditional T-F processes (STFT analysis). More specifically, recent research [34] has
indicated that DNN can directly leverage the speech waveform to achieve excellent SE
performance [35]. Furthermore, compared to T-F representations, DNNs can easily
combine different information to perform the signal analysis (find underlying relation-
ships of different signals), so the audio-visual-based SE has also been developed in
recent years [36, 37].

Currently, although DNNs have significantly promoted the development of SE tech-
niques [17], there are still some problems in DNN-based SE algorithms. The DNNs’
potential for SE is not completely explored. For example, most of the present DNN-
based SE methods [15-17, 19-23, 38] focus on the learning of the training target and
apply DNNs only to predict pre-defined targets (e.g., various masks [16], speech spec-
trum [38], and speech present probability [39]). However, these algorithms ignore the
importance of reliable representations for DNN-based methods [30] and do not con-
sider using DNN to obtain better signal representations. Although direct prediction of
pre-defined targets can prevent inaccurate signal assumptions [38], the lack of a good
representation learning strategy means that these algorithms do not achieve constant
satisfactory SE performance in complex noisy environments [17]. On the contrary, an
efficient deep representation learning (DRL) method may not only improve DNNs’ abil-
ity to extract useful information in complex environments [29, 30] but can also lead to a
better prediction ability of the DNN [30]. Moreover, a good representation can place less
demand on the learning machine in order to perform a task successfully [17]. There-
fore, DRL has potential to help DNN-based SE algorithms improve their robustness and
generalization ability [25, 30]. Furthermore, DRL can disentangle different latent rep-
resentations of the speech signal (e.g., content and acoustic representation) [26-28], so
more related information (e.g., phonetic information of a speech signal) can be included
to analyze the speech signal when performing SE, which has a significant potential to
improve the quality and intelligibility of the enhanced speech.

Due to the importance of DRL for DNN [30, 31], DRL-based SE algorithms have
been investigated in recent research works [37, 40-44]. These methods mainly use a
variational autoencoder (VAE) [45] to learn speech representations and improve the
generalization ability of the algorithms. VAE is a DRL model that can make efficient ap-
proximate posterior inferences and learn the probability distribution of complex data.
Therefore, VAE can help DNN extract useful information from the signals [45]. Cur-
rently, VAE has been widely applied in various tasks related to representation learn-
ing [46, 47]. Although such VAE-based SE algorithms effectively improve DNN’s gen-
eralization ability, they only consider the speech representation of the observed signal
and do not attempt to disentangle the speech representation with latent noise repre-
sentations. Instead, they use NMF to model the noise signal [37, 40-44]. This directly
results in inaccurate obtained speech representations and possibly unsatisfactory SE
performance [41].

To obtain a more accurate speech representation, a novel VAE-based SE method
[48], named Bayesian permutation training variational autoencoder (PVAE), was pro-
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posed in our preliminary research. This method leverages a conditional posterior as-
sumption to derive a novel evidence lower bound (ELBO) that enables the VAE to
disentangle different signal representations in a very effective way. In addition, the
derived ELBO also leads to a novel VAE model for SE. Compared to previous VAE-based
SE models [37, 40-44], this model first extracts a more accurate speech representation
from the observed signal, because different latent representations are disentangled [48]
and these representations are expressed in a low-dimension space; the extracted rep-
resentations are then used as the input of different decoders for SE. PVAE [48] can be
directly adopted by many current SE DNN structures [17] and also directly used to op-
timize DNN-based SE algorithms [17]. Conducted experiments [48] indicate that this
DRL strategy can help the traditional DNN-based SE method [49] achieve a better SE
performance.

To further help PVAE to achieve better SE performance, we propose to leverage
B-VAE [50, 51] to improve PVAE’s representation learning ability. More specifically,
the proposed 3-PVAE [52] algorithm improves PVAE’s capacity to disentangle different
latent variables from the observed signal, which means that 3-PVAE can obtain a better
signal representation for SE. Moreover, S-PVAE optimizes the PVAE’s network structure
by setting 3 to infinity, which ensures that S-PVAE can not only improve PVAE’s SE
performance but also reduce the number of PVAE training parameters.

Both the speech and noise signal representations obtained by PVAE and -PVAE are
based on speech and noise posterior estimations [48]. An experimental analysis in [52]
indicated that an accurate posterior estimation is crucial for 3-PVAE because 3-PVAE’s
decoders rely heavily on the accurate representation as input to reconstruct signals.
Therefore, an accurate posterior estimation can lead to high SE performance [52]. On
the other hand, an inaccurate posterior estimate can undermine the decoder’s SE per-
formance. However, obtaining pretty accurate posterior estimations is difficult since
posteriors are intractable. In addition, another possible reason for the potential inaccu-
rate posterior estimation is that the posterior estimations in [48] rely on a conditional
assumption [52]. Although this conditional assumption results in a good signal model
and ensures that various signal representations can be disentangled, it is difficult to
validate that this assumption is consistently correct in a complex noisy environment. As
a result, it potentially leads to 8-PVAE to have inaccurate speech signal estimate and its
SE performance is limited.

To mitigate the effect of inaccurate posterior estimations for the signal estimation
and improve the SE performance of our preliminary work [52], we extend our DRL-
based SE framework [48, 52] and propose in this paper a two-stage DRL-based SE
method consisting of a representation learning stage [30] and an adversarial training
stage [53]. In the first representation learning stage, we leverage the 5-PVAE [52] to
disentangle different signal representations from the observed signal to obtain speech
and noise representations from the observed signal. To further obtain a better SE per-
formance, in the second adversarial training stage, we propose to leverage generative
adversarial networks (GANs) to improve the decoders’ robustness for any possible in-
accurate posterior estimation. Because we cannot ensure that the obtained posterior
estimations are always accurate using -PVAE, we instead attempt to make the de-
coders more robust. GAN is a probability generative model which can perform exact
sampling from the desired distribution given random variables as input, using different
f-divergence as training metrics [53, 54]. Unlike the 5-PVAE’s decoder, this model can
generate a desired sample without having precise knowledge of the distribution of the
input sample. Moreover, adversarial training can usually improve VAE decoder’s signal
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(a) Generative model (b) Recognition model

Fig. F.1: Graphic illustration of the proposed signal model.

reconstruction ability and help the VAE obtain higher quality signals [46, 47, 55-57].
Therefore, we introduce adversarial training to improve S-PVAE decoders’ generative
ability.

Recently, a combination of VAE and GAN (VAE-GAN) [55-57] has been widely ap-
plied in various speech synthesis tasks [46, 47]. VAE-GAN can achieve better perfor-
mance than independent GAN or VAE-based methods [55], which usually use VAE to
obtain a reliable signal representation and then involve the GAN to generate a high-
quality signal. However, unlike our VAE-GAN-based SE algorithm, most of the current
VAE-GAN-based methods [46, 47, 55] do not disentangle various representations in the
VAE training stage. To the best of our knowledge, this is the first attempt to investigate
VAE-GAN’s application in the SE field. Furthermore, compared to the current state-of-
the-art (SOTA) GAN-based SE methods [58, 59], VAE-GAN can obtain a disentangled
signal representation as the GAN’s input. A discriminative input can place less demand
on the learning machine in order to perform a task successfully [17], which means
that our VAE-GAN can help current GAN-based SE algorithms generate a higher quality
speech signal.

This paper is organized as follows. First, in Section II, we will briefly review related
VAE and GAN works. Then, we will proceed to illustrate the proposed two-stage VAE—-
GAN-based SE method in Section III and the experimental preparation, comparison,
and analysis in Section IV. Finally, we draw conclusions in Section V.

2 Fundamentals

2.1 Signal Model

In this work, we assume that the noisy speech is additive, so the signal model can be
written as follows:
y(t) = z(t) + d(), (F.1)

where y(t), 2(t), and d(t) represent the observed, speech, and noise signal, respectively,
and ¢ is the time index. Using the STFT, the observed signal y;, € C, speech signal
z¢n € C, and noise dy,, € C can be represented as

Yfn = Tfn + df,ny (FZ)
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where time frame index n € [1, N], and the frequency bin f € [1, F]. N and F are the
number of time frames and frequency bins, respectively.

We use the log-power spectrum (LPS) as the DNN’s input feature since LPS
is thought to offer perceptually relevant parameters for DNN-based SE algorithms
[15, 17, 60, 61]. At present, LPS, as the input feature, has been widely applied in
the DNN-based SE algorithms [15, 17, 60, 61]. The LPS vector [15] at each frame
is written as y, x, and d, respectively (we omit the frequency and time frame index
for simplicity). Moreover, in the following derivations of our algorithm, the additive
assumption in models (F.1) and (F.2) are not used. The purpose of (F.1) and (F.2) is
used to generate noisy signal. Furthermore, (F.1) is a simple noisy signal model, so it
is convenient to verify the correctness of our methods. Our framework has potential to
analyze more challenging noisy signal models.

We assume that y can be generated from a random process involving the speech
latent variables z, € R” and the noise latent variables z; € R* (L is the dimension of
latent variables). The latent variables z, and z, are independent representations of the
speech and noise signal, respectively. The combination of z,, and z, is the representation
of the observed signal [30, 45]. The x and d can be independently generated by z.
and z,, respectively: the generative process is shown in Fig. F.1(a). To obtain the
latent variables z, and z,, we assume that z, and z, can be estimated from the speech
and noise posterior distributions p(z.|x) and p(zq|d), respectively, or from the noisy
speech posterior distributions p(z.|y) and p(zq|y) [48], based on the VAE’s property
[45]. Fig. F.1(b) shows the recognition process [45]. To perform SE, it is necessary
to disentangle the different latent variables from the observed signal. To simplify the
disentanglement, we assume that p(z., zq|y) = p(z|y)p(zaqly) in [48].

2.2 VAE and -VAE

The original VAE is a probabilistic generative model [45] which defines a probabilistic
generative process between the observed signal and its latent variables and provides
a principled method to jointly learn latent variables and generative and recognition
models. Generative and recognition models are jointly trained by maximizing the ELBO
or minimizing the Kullback-Leibler (KL) divergence between their real joint distribution
and the corresponding estimation [45] using the stochastic gradient descent (SGD) or
Adagrad [62] algorithm. Maximized, the ELBO can be written as follows:

Ey~ploga(y)] = —Ln,
Ln =Eypy) [Drr (p(2y]y))llg(2y))] (F.3)
= Bympty) [Ezympzyly) l0ga(v]2)]]
where Dxr.(]|) denotes the KL divergence; z, € R” is the noisy latent variable. Maxi-
mizing this lower bound is equivalent to minimizing £,.

Furthermore, 8-VAE [50, 51] is a modification of the original VAE framework, which
introduces an adjustable hyperparameter 3 in the KL divergence term:

L = BEypy) [Drr (p(zy|y))lla(zy))]
—Eypy) []EZyNP<Zy\y) [log ‘Z(Y|Zy)ﬂ .

(B-VAE aims to help the original VAE [45] to obtain a better signal representation. In
general, 8 > 1 results in more disentangled latent representations [50]. A higher value
of 8 can encourage learning a more disentangled representation.

(F.4)
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2.3 PVAE

Our preliminary work proposed a PVAE-based SE algorithm [48] and indicated that
PVAE can help the current DNN-based SE method [49] obtain better signal represen-
tations (because different latent representations are disentangled [48] and these rep-
resentations are expressed in a low-dimension space [30]) and achieve better SE per-
formance. PVAE is a semi-supervised DRL-based SE method which introduces multiple
latent variables in VAE and disentangles them in a semi-supervised way for SE applica-
tion. Fig. F.2(a) shows the PVAE framework. We can see that PVAE includes three VAE
structures: clean speech VAE (C-VAE), noise VAE (N-VAE), and noisy VAE (NS-VAE).
C-VAE and N-VAE are trained without supervision to obtain speech and noise latent
representations and their posterior estimates p(z.|x), and p(zq|d), respectively. This is
achieved by minimizing the following VAE loss function [45]:

Le(0, a3 %) = Bxnp { Drcr (p(22[%)]lq(22))

— Eaywp(zs 0 [l0g 4(x|22)]}
La(0a, pa; d) = Eanpa){Dxr (p(zald)||q(za))

= Egymp(zqla) [log g(d|za)l},
where 0., ¢z, 04, pq are the DNN parameters for the related probability estimation [48]:
0, and @, are the C-VAE’s encoder and decoder parameters, respectively; 64 and g4 are
the N-VAE’s encoder and decoder parameters, respectively. NS-VAE is trained under
the supervision of C-VAE and N-VAE’s encoders and is meant to disentangle speech

and noise latent variables from the observed signal for SE application. Based on the
derivation in [48], the NS-VAE’s training loss function is expressed as follows:

(F.5)

(F.6)

Ly (Oy; 43 y)
=By py)x~p{ D (P(22]y)|p(22]x))
p(zzx)
q(22) h
+ Eypy).a~p@{Drr (p(zaly)llp(zald))
p(zald)
+ IEz ~p(z lO TN
a~p(zaly) 108 4(20) I}
- EyNP(y) [Ezdvzx’vp(zdazz‘Y) [IOg q(Y|ZZ7 Zd)]] )
where 0, and ¢, are the NS-VAE’s encoder and decoder parameters, respectively.
There are two stages for the PVAE-based SE algorithm. In the training stage, C-
VAE and N-VAE are separately pre-trained by self-supervision using (F.5) and (F.6).
After that, the C-VAE and N-VAE are frozen, and NS-VAE is trained by (F.7). In the
enhancement stage, the NS-VAE encoder’s two outputs can be used as the input of C-
VAE and N-VAE to obtain the prior distributions ¢(x|z.) and ¢(d|z4) for SE.

+ By mp(zaly) 108
(F.7)

2.4 J-PVAE

To further improve PVAE’s SE performance, we propose to leverage 3-VAE to improve
PVAE’s disentangling ability [52] in our another preliminary work. Furthermore, the
proposed $-PVAE makes the best use of the 3-VAE’s trade-off property to simplify the
PVAE’s network structure and training parameters by setting /3 to infinity and discarding
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the noisy speech restoration term [52], which means that 8-PVAE can achieve a better
disentangling and enhancement performance than PVAE with a simpler structure. Based
on our derivations [48, 52], the 3-PVAE’s optimization target for 3 — +oo is [52]

Lep(Oy: ) = Eynpy) x~po {1 DrL (P(22]Y)|[P(22 %))

P(2z|x)
+ Espnp(z, 1y [0
o~p(zaly) [108 4(z2) 1}

+ Eynpy).drp@ {Dx L (p(zaly)l|p(z4]d))

zq|d
+ Ezynpzaly) [log %]}

Comparing (F.8) with (F.7), we can find that there is no reconstruction term in j-

PVAE. Thus, 3-PVAE’s framework can be simplified by removing the NS-decoder part

(Fig. F.2(b)). The §-PVAE'’s training process is similar to PVAE; the only difference is

that the 8-PVAE’s training optimization target is (F.8) rather than (F.7).

(F.8)

2.5 Generative Adversarial Network (GAN)

A GAN [53] consists of two networks: a generator network and a discriminator network.
The generator network G(z) maps latent z (z ~ ¢(z)) to the data space (e.g., observed
signal data). Typically, there are no rigid restrictions for the distribution ¢(z) [54]. The
discriminator network D(-) is used to determine whether y is an actual training sample
(D(y)) or it is generated by the model through y = G(z) (D(G(z))). GANs can be
optimized by different f-divergences [54]. In Jensen-Shannon (JS) divergence, GANs
is optimized by the minimax of the loss function [53]:

min max Lgan(G,D) =

By~ gaara ) 108(D(Y))] 4 Ezng(z [log(1 — D(G(2)))].
GANs have been applied in SE [58, 59, 63, 64], but the researched methods do not
consider how a good speech representation can be obtained as the input of the GAN
for SE. Instead, they use the observed signal as the GAN’s input to generate the speech
signal [58, 59]. Although there are no set restrictions for the GAN’s input, an accu-
rate and discriminative signal representation [17] can usually lead to better generative
performance for the GAN [46, 47].

(F.9)

3 Speech Enhancement with VAE and GAN

To obtain a higher quality enhanced speech, in this paper, we extend DRL-based SE
framework [52]. We propose a VAE-GAN SE algorithm which introduces adversarial
training to increase the decoders’ robustness and signal restoration ability. In this al-
gorithm, we split the training process into two stages: the representation learning and
the adversarial training. In the first stage, we leverage S-PVAE to disentangle speech
and noise latent representations from the observed signal. The purpose is to obtain a
good signal representation, making the clean speech generation easier. In the second,
adversarial training, stage, we freeze the S-PVAE'’s encoders and leverage adversarial
training to optimize 3-PVAE’s decoders. GANs can generate desired samples without
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3. Speech Enhancement with VAE and GAN

Algorithm 1 Representation Learning.

Pre-train 1: Using the speech dataset and loss function (F.5) to train a gen-
eral speech VAE (C-VAE) [45].
Pre-train 2: Using the noise dataset and loss function (F.6) to train a general
noise VAE (N-VAE) [45].
Repeat:
1. Choose random M samples from the speech, noise,
and observed signal dataset and build a corresponding
mini-batch;
2. Use the chosen speech, noise, and observed signal
samples as the encoders’ input of C-VAE, N-VAE,
and NS-VAE, respectively;
3. Estimate the related posterior probability p(z,|y),
p(24ly), p(z2|x), and p(zq|d) using the equations:
D po,.(¥):05,,(¥): 1o,4(¥): 05, (¥) = Go, (¥),
(2) po, (x),05 (x) = Gy, (x),
(3) po,(d), 0, (d) = Go,(d);
4. Calculate loss function (E.8);
5. Freeze C-VAE and N-VAE and apply the SGD
algorithm to update the NS-VAE’s parameters ¢, [45];
until the convergence of the loss function.
Return: The trained NS-VAE (Gy,).

accurate knowledge of the input sample distribution [53, 54] (it only needs samples)
and it can also improve VAE decoder’s generative performance [55-57], so GANs can
mitigate the effect of potentially inaccurate posterior estimation for 3-PVAE’s decoders
and improve decoder’s generative ability. As a result, 5-PVAE can achieve a satisfactory
SE performance even if the posterior estimation is inaccurate. In this section, we will
first show the details of representation learning. Then, we will explain the adversarial
training processes. After that, we will indicate how to apply the proposed VAE-GAN to
conduct online SE.

3.1 Stage 1: Representation Learning

In the first stage, we aim to disentangles speech and noise latent variables from the
observed signal. This process is accomplished by the proposed S-PVAE [52].

In 3-PVAE, C-VAE and N-VAE are optimized by (F.5) and (F.6), respectively, and
NS-VAE is optimized by (F.8). To calculate (F.5), (F.6), and (F.8), it is necessary to
determine the related posterior and prior distributions and predefine ¢(z,) and ¢(z4).
For the simplicity of the calculation, we assume that all posterior and prior distributions
are multivariate normal distributions with diagonal covariance [45], which is similar to
the previous VAE-based SE methods [40-44]. For NS-VAE, we have
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Fig. F.3: Graphic illustration of adversarial training.

P(z2ly) = N (223 po,. (¥), 03, (¥)I)
p(zaly) =N (Zd; 16,4 (Y); oﬁw(y)l) ,

where I is the identity matrix; uo,, (), 03, (¥), 0,4 (¥), and o, (y) can be estimated
by NS-VAE’s encoder Gy, (y) with parameter 0, = {0yz,0yq}. p and o* represent the
mean and variance in the related Gaussian distributions, respectively. Moreover, the
prior and posterior estimation for C-VAE is

(F.10)

p(22|%) = N (225 po, (x), 05, (x)T)
q(x|z2) =N (x; tpr (2Z2), Ui,z (zx)I) ,
where yp, (x) and o} (x) are obtained by C-VAE’s encoder Gy, (x) with parameter 0,

and 1., (z.) and 0, (2.) can be estimated by C-VAE’s decoder G, (2. ) with parameter
.. Similarly, for N-VAE, we have

(F.11)

p(zald) = N (24; po,(d), o5, (d)T)

Q(dlzd) =N (d§ Heog (Zd)v U?pd (Zd)I) B
where pg,(d) and o ,(d) are obtained by C-VAE’s encoder Gy, (d) with parameter 0.,
and ju,,(2za) and o2, (z4) can be estimated by C-VAE’s decoder Gy, (z4) with parameter

@a. Furthermore, q(z4) and ¢(z.) are pre-defined as a centered isotropic multivariate
Gaussian, which can be represented as

(F.12)

q(zz) = N (22;0,1)
q(z4) = N(24;0,1).

The entire representation learning process is summarized in Algorithm 1.

(F.13)

3.2 Stage 2: Adversarial Training

The second training stage aims to improve the decoders’ robustness and signal restora-
tion ability in 5-PVAE for the better SE performance. It is difficult to ensure that dis-
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3. Speech Enhancement with VAE and GAN

Algorithm 2 Adversarial Training.

Repeat:
1. Choose random M samples from the speech,
noise, and observed signal dataset, respectively, and
build a corresponding mini-batch;
2. Use the observed signal samples as the input of
NS-VAE;
3. Estimate the related posterior probability p(z.|y)
and p(zq]y) using the following equation:

19,.(¥), 05, (¥), 10,4(¥), 75, ,(¥) = Go, (¥);
4. Apply the reparameterization trick to obtain sample
Zy ~ p(Zw|y) and zg ~ p(Zdb’) [53];
5. Use z, and z, as the C-VAE decoder’s (G, ) input
and N-VAE decoder’s (G,,,) input, respectively;
6. Calculate the loss function (F.14), (F.15), (F.16), (F.17);
5. Freeze all encoders and apply SGD to update
parameters ¢, ¢4, 04, and 044 for G, Gy, Do,,,
and Dy, respectively;

until the convergence of the loss function

Return: The trained decoders and discriminators:

G¢I7G@d, ngm, and D@dd.

entangled speech and noise latent representations are consistently accurate in complex
noisy environments. Considering that decoders’ SE performance relies on the accurate
representations, we propose to leverage adversarial training to mitigate this contra-
diction. In general, a GAN can generate the data, given the input is a random noise
variable [53, 58]. Moreover, adversarial training can usually improve decoder’s sig-
nal restoration ability [55-57]. As a result, we can use GANs to reduce decoders’
dependence on accurate representation, which means that even with inaccurate repre-
sentation estimations, decoders can achieve a satisfactory SE performance.

To adopt adversarial training in the 3-PVAE system, we add two discriminators,
Dy, (-) and Dy, (-), with parameters 6,4, and 644, respectively. Dy, (-) is used to dis-
tinguish between the speech generated by the C-VAE decoder G, (z,) and the ground
truth speech x. Similarly, we apply Dy, (-) to distinguish between the noise generated
by the N-VAE decoder G, (z4) and the ground truth noise d. Fig. F.3 shows the re-
lated adversarial training process. In this work, we use the least squares GAN [65] loss
function for adversarial training, which has been widely used in various GAN applica-
tions [46, 47] as it can achieve a more stable training process and avoid the problem
of vanishing gradients, compared to the original GAN [53] loss function. Moreover,
although GAN can generate high-quality signals, GAN may diverge too much from the
target signals [55-57]. So, to ensure that the generated signals do not diverge too much
from the ground truth signals, we reserve the original reconstruction term in the repre-
sentation learning stage when conducting adversarial training. This is a GAN training
trick for our proposed VAE-GAN, which is similar to the feature matching loss in pre-
vious applications of GANs [46, 47, 58, 59, 66, 67]. Therefore, the adversarial loss
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Fig. F.4: VAE-GAN for online SE.

function for C-VAE-decoder can be expressed as follows:

Lgan.(Gp,) = Bz np(zaly) (Do, (G, (22)) — 1)2}
= Eupmpaoly) 108 ¢(x]22)],
Loane (Do) = Eaprp(zaly)(Dou, (G (22)))]
+ Exggara o0 [(Dog, (%) = 1)%].
Similarly, the adversarial loss function for noise can be represented as
Logany(Gog) = Baympzay) [(Doga(Gey(2a)) — 1)2]
= Ezymp(zaly [log a(d|za)],
Lgan, (Dedd) =Kz np(zg ly) [(Dedd (Gwd (Zd)))ﬂ
+ Ednguara(@) (Do, (d) — 1)2]'

The complete adversarial training process is summarized in Algorithm 2.

3.3 VAE-GAN for Online Speech Enhancement

(F.14)

(F.15)

(F.16)

(F.17)

The online SE stage requires only the NS-VAE encoder Gy, C-VAE decoder G, and
N-VAE decoder G, to conduct SE, which is similar to PVAE [48] and 8-PVAE [52]. To
obtain an enhanced signal, first, the observed signal is directly used as the input of Gy.
Then, the posterior means py,, (y) and po,,(y) are obtained. After that, u,,, (y) and
e, (y) are used separately as the input for G, and G, to estimate the speech mean
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4. Experimental Settings and Results

Algorithm 3 Online SE.

1: Apply the observed signal y as the NS-VAE’s encoder (Gp,) input;

2. Estimate the posterior probability p(z.]y) and p(zq|y) by:
to,.(¥), 05, (¥): ko, (), 75, ,(y) = Go, (¥);

3. Use pug,, (y) and pe,,(y) as the inputs of C-VAE decoder G, and N-VAE
decoder G, respectively;

4. Apply decoders to estimate the speech and noise signal:

D) py, (10,,(¥))s 04, (110,.(¥)) = Gy, (110,.(¥))

2 Hepq (lu’eyd (Y)), Opq (/"Leyd (Y)) = thd, (:u’eyd (Y));
5. Use p,, (1o, (y)) and iy, (pe,,(y)) as the estimated speech and noise

signal;

6. Apply waveform reconstruction [15] or mask the estimation [16] to obtain
the enhanced speech signal %.

Return: The enhanced speech %.

Ko, (to,. (y)) and noise mean pp, (110,,(y)), respectively. Finally, the estimated means
are utilized as the enhanced speech and noise signal. The enhancement process is
shown in Fig. F.4 and Algorithm 3. In the online SE stage, the means are used directly
to estimate the signals, without the reparameterization trick [45], which is different
from the training process [45]. Moreover, the proposed VAE-GAN can simultaneously
estimate the speech and noise in the observed signal, so the final enhanced signal can
be obtained by direct waveform reconstruction [15] or mask estimation [16].

4 Experimental Settings and Results

In this section, the proposed VAE-GAN-based SE algorithm is evaluated. To explore VAE-
GAN'’s SE potential, we use related state-of-the-art (SOTA) algorithms as the reference
methods to investigate VAE-GAN’s SE performance.

4.1 Datasets

In this work, we created a training and test dataset using the speech and noise from the
DNS challenge 2021 corpus [68]. To build a clean speech dataset, we selected English
speakers and randomly split 70% of the speakers for training, 20% for validation, and
10% for evaluation. For the noise, all the noise from the DNS noise corpus was randomly
divided into training, validation, and test noise in a proportion similar to that used for
speech utterances. The noise dataset comprised approximately 150 audio classes and
60,000 clips (the noise details can be found in [68]). After that, the corresponding
training, validation, and test corpus for speech and noise were randomly mixed using
the DNS script [68] with random signal-to-noise ratio (SNR) levels (between —-10dB
and 15dB). The other parameters of the signal mixing were the default values in the
DNS script [68]. Finally, we randomly chose 20 hours of mixed training utterances, 5
hours of mixed validation utterances, and 1 hour of mixed test utterances to build the
experimental dataset. All signals were down-sampled to 16 kHz [68].
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Fig. F.5: Network structure in VAE-GAN.

We also used the LibriSpeech [69], 100 environmental noises [70], and NOISEX-92
database [71] to evaluate the SE performance of various algorithms. The purpose was
to see the SE performance of various algorithms in the unseen dataset. Random one-
hour speech data from LibriSpeech database were chosen and then mixed randomly
with all noises from 100 environmental noises [70] and the NOISEX-92 database [71].
The mixed SNRs were randomly chosen from the —10dB to 15dB. Finally, we obtained
a one-hour noisy speech test data.

4.2 Experimental Setup

In our experiment, the signal frame length was 512 samples (32 ms) with a frame shift
of 256 samples. The size of STFT was 256 points, so the 257-dimension LPS feature
vectors were used to train the networks. Moreover, there were a total of 7 DNNs to
be trained in VAE-GAN: C-VAE encoder G, C-VAE decoder GG, N-VAE encoder G,,
N-VAE decoder G, NS-VAE encoder Gb,,, speech discriminators Dy, , and noise dis-
criminator Dg_,. All the DNNs in our experiment were based on the gated recurrent unit
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4. Experimental Settings and Results

Table F.1: Network Details of VAE-GAN

Networks Pre-GRU FC layer GRU layer
Number Nodes AF  Number Nodes
Gy, and Gy, 3 257-512-512 ReLU 1 512
G,, and G, 1 128 ReLU 1 512
Go, 3 257-512-512 ReLU 1 512
Dy,, and Dy, 2 257-512  RelU 1 256
Networks Post-GRU FC layer
Number  Nodes AF
Gy, and Gy, 0 N/A N/A
Gy, and G, 2 512-512 ReLU
Go, 1 512 RelLU
Dy, and Dy, 1 512 ReLU
Networks Output layer
Number Nodes AF
Gy, and Gy, 2 128  Linear
Gy, and G, 2 257  Linear
G, 4 128 Linear
Dy, and Dy, 1 1 Linear

(GRU) [72] due to their computational efficiency and superior performance in SE [73].
In this work, we stacked GRU layers after the fully-connected (FC) layers, followed by
hidden FC layers and FC output layers (Figure F.5). This network design was similar to
the baseline algorithm [74] in DNS challenge 2022 [75]. The detailed model design of
each neural network is shown in Table F.1, where AF represents the activation function
in each output layer; Pre-GRU FC layer and Post-GRU FC layer represent the FC layer
before the GRU layer and after the GRU layer, respectively; and the Nodes is the node
number in each layer (all output layers have the same number of nodes in the same
network). Additionally, we set the dimension of latent variables L = 128, so for all
encoders, the node number of the output layer is 128. All networks were trained by the
Adam algorithm [76] with a 128 mini-batch size. The learning rate is 0.001.
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Table F.2: SI-SDR Comparison in DNS dataset with a 95% confidence interval

SNR (dB) Noise GAN-SE  NSNet2 [3-PVAE-L

[59] [74] [52]

-5 -4.40 2.15 5.07 2.63
(£0.80) (£0.79) (£0.74) (£0.80)

0 2.63 6.79 9.77 5.69
(£1.04) (£0.61) (£0.81) (£0.59)

5 7.63 9.30 13.09 8.10
(£1.08) (£0.50) (£0.82) (+0.46)

10 13.58 11.75 16.76 10.46
(£1.05) (£0.42) (+0.72) (+0.35)

Average 4.86 7.49 11.17 6.72

(£0.99) (£0.58) (£0.77) (£0.55)

SNR (dB) Noise VAE-GAN-L (3-PVAE-M VAE-GAN-M

[52]
-5 -4.40 4.52 3.52 5.37
(£0.80) (£0.72) (£0.93) (£0.89)
0 2.63 8.48 8.92 10.17
(£1.04) (£0.52) (£0.92) (£0.86)
5 7.63 10.96 12.96 14.11
(£1.08) (£0.39) (£0.93) (£0.85)
10 13.58 13.07 17.75 18.58
(£1.05) (£0.30) (£0.88) (£0.84)
Average 4.86 9.26 10.78 12.06

(£0.99) (£0.48) (£0.91) (£0.86)

4.3 Evaluation Metrics and Reference Methods

In this work, we will use the scale-invariant signal-to-distortion ratio (SI-SDR) in decibel
(dB) [77], short-time objective intelligibility (STOI) [78], and perceptual evaluation
of speech quality (PESQ) [79] as evaluation metrics to evaluate the proposed VAE-
GAN’s SE performance. SI-SDR is used to measure the signal distortion of the enhanced
speech, so it can directly show the difference between the ground truth signal and the
enhanced signal. PESQ and STOI are used to evaluate the quality and intelligibility for

the enhanced speech, respectively.

To better evaluate the proposed VAE-GAN’s SE performance, we choose three related
SOTA SE algorithms as reference methods. The first reference method is GAN-SE [59],
which is a SOTA GAN-based SE algorithm that can help us verify whether the better sig-
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Table F.3: STOI (%) Comparison in DNS dataset with a 95% confidence interval

SNR (dB) Noise GAN-SE  NSNet2 [-PVAE-L
[59] [74] [52]
-5 73.80 72.26 78.15 72.94
(£1.70) (£191) (£1.61) (£1.77)
0 82.46 81.47 87.03 82.23
(£1.40) (£1.42) (£1.12) (£1.32)
5 88.01 87.02 91.63 87.57
(£1.11) (£1.02) (£0.81) (£0.99)
10 93.54 92.13 95.59 92.54
(£0.72) (£0.61) (£0.47) (£0.59)
Average 84.45 83.22 88.10 83.82
(£1.23) (£1.24) (£1.09) (£1.00)
SNR (dB) Noise =~ VAE-GAN-L [-PVAE-M VAE-GAN-M
[52]
-5 73.80 76.83 77.27 79.29
(£1.70) (£1.81) (£1.71) (£1.80)
0 82.46 85.62 86.02 87.06
(£1.40) (£1.18) (£1.25) (£1.19)
5 88.01 90.71 91.08 92.01
(£1.11) (£0.80) (£0.91) (£0.82)
10 93.54 94.68 95.58 96.02
(£0.72) (£0.46) (£0.51) (£0.47)
Average 84.45 86.96 87.48 88.60
(£1.23) (£1.06) (£1.09) (£1.07)

nal representations (disentangled and low-dimension representations) in the observed
signal can improve GAN’s SE performance. In addition, we can see the effectiveness
of a disentangled signal representation for the GAN-based SE method. This also shows
the DRL’s importance for DNN-based SE algorithm. The second reference method is
B-PVAE [52]. By comparing VAE-GAN’s SE performance with 3-PVAE, we can validate
our hypothesis that adversarial training can improve 3-PVAE’s SE performance (the
B-PVAE’s encoder and decoders have the same structure as the VAE-GAN). Finally, we
compare the proposed VAE-GAN with the DNS 2021 challenge baseline NSNet2 [74, 80]
to see whether the VAE-GAN’s SE performance is competitive with the current popular
SOTA SE algorithms [74]. The main purpose of our experiment is not to outperform
all SOTA performance, but to authentically verify the validity of the proposed VAE-GAN
framework and its further potential.
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Table F.4: PESQ Comparison in DNS dataset with a 95% confidence interval

SNR (dB) Noise GAN-SE  NSNet2 [3-PVAE-L

[59] [74] [52]

-5 1.81 2.00 2.28 2.08
(£0.02) (£0.03) (£0.02) (£0.03)

0 2.04 2.33 2.60 2.46
(£0.02) (£0.02) (£0.02) (x0.03)

5 2.28 2.62 2.87 2.77
(£0.02) (£0.02) (£0.02) (£0.02)

10 2.70 3.00 3.24 3.14
(£0.01) (£0.01) (£0.01) (£0.01)

Average 2.21 2.49 2.75 2.61

(£0.02) (£0.02) (£0.02) (£0.03)

SNR (dB) Noise VAE-GAN-L (3-PVAE-M VAE-GAN-M

[52]

-5 1.81 2.31 2.19 2.30
(£0.02) (£0.02) (£0.03) (£0.02)

0 2.04 2.64 2.55 2.62
(£0.02) (£0.02) (£0.02) (£0.01)

5 2.28 2.94 2.85 2.93
(£0.02) (£0.01) (£0.02) (£0.01)

10 2.70 3.29 3.21 3.29
(£0.01) (£0.01) (£0.01) (£0.01)

Average 2.21 2.80 2.70 2.79

(£0.02) (£0.02) (£0.02) (£0.01)

For the VAE-GAN and (-PVAE, enhanced speech can be obtained by waveform re-
construction [15] or mask estimation [16]. The direct waveform reconstruction is based
solely on the speech estimate, while the mask is based on both speech and noise esti-
mate. So, we use 3-PVAE-M and §-PVAE-L that represent that the enhanced speech is
acquired by mask estimation and direct waveform reconstruction using S-PVAE [52],
respectively; VAE-GAN-L and VAE-GAN-M denote that the enhanced speech is obtained
by the proposed VAE-GAN using direct waveform reconstruction and mask estimation,
respectively. We use the ideal ratio mask [16] that is widely applied in various SE
tasks [16, 18] to conduct mask estimation.
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Table F.5: Experimental result comparisons in LibriSpeech dataset with a 95% confidence interval

Evaluation Metrics Noise GAN-SE  NSNet2 [3-PVAE-L

[59] [74] [52]

SI-SDR 1.81 6.16 9.20 6.40
(£0.23) (£0.36) (£0.70) (£0.45)

STOI (%) 82.75 80.86 86.03 81.56
(£1.63) (£1.69) (£1.51) (£1.53)

PESQ 2.31 2.52 2.69 2.54

(£0.03) (£0.02) (£0.01) (£0.03)

Evaluation Metrics Noise VAE-GAN-L (-PVAE-M VAE-GAN-M

[52]
SI-SDR 1.81 8.24 7.04 10.18
(£0.23) (£0.50) (£0.46) (£0.56)
STOI (%) 82.75 84.50 85.32 86.05
(£1.63) (£1.47) (£1.53) (£1.50)
PESQ 2.31 2.71 2.67 2.72

(£0.03) (£0.02) (£0.02) (£0.01)

4.4 Experimental Results and Analysis

In this work, STOI, PESQ, and SI-SDR are used to evaluate the SE performance of SE
algorithms. We show the experimental results at four representative SNR levels (-5dB,
0dB, 5dB, and 10dB): at each SNR level, we randomly select one hour of speech signal
to conduct the evaluation.

Table F.2 shows the SI-SDR comparison with a 95% confidence interval in the DNS
dataset [68]. Comparing VAE-GAN-L and 3-PVAE-L, it is evident that there is a SI-SDR
score improvement, which illustrates that adversarial training can effectively improve
the decoder’s signal estimation performance and generate benefits for the signal recon-
struction. Additionally, the performance of mask estimation depends on the accuracy of
the signal estimation, so VAE-GAN-M also obtain higher SI-SDR score than 5-PVAE-M.
Comparing the VAE-GAN-based methods (VAE-GAN-L and VAE-GAN-M) with GAN-SE,
we find that all VAE-GAN-based methods can achieve a higher SI-SDR score than GAN-
SE, which indicates the importance of representation learning for the GAN-based SE
method. A disentangled signal representation can help GANs generate a higher quality
target. This verifies our previous hypothesis. Finally, considering that VAE-GAN-M also
shows a higher SI-SDR score than NSNet2, the proposed algorithm is quite competitive
with the current practical SOTA SE algorithms. In this paper, we choose only a basic
DNN structure to conduct the related experiments. Based on the experimental results,
we believe that our algorithm has a strong potential to achieve better SE performance
if VAE-GAN is applied to a more advanced DNN structure [21].

The STOI comparisons in the DNS dataset [68] are shown in Table F.3, showing

143



Paper F.

that VAE-GAN-based methods can continuously improve speech intelligibility from -
5dB to 10dB. This finding is different from the S-PVAE-based method, in which it is
difficult to improve the STOI score in high SNR environments. The comparison be-
tween VAE-GAN and -PVAE indicates that adversarial training can effectively improve
speech intelligibility. Meanwhile, comparing VAE-GAN and GAN-SE, we find that VAE-
GAN significantly outperforms GAN-SE, which demonstrates the importance of a good
disentangled signal representation for improving speech intelligibility. Additionally, Ta-
ble F.3 indicates that VAE-GAN-M can also obtain higher STOI score than NSNet2.

Table F.4 indicates the PESQ comparison with a 95% confidence interval in the DNS
dataset [68]. Moreover, VAE-GAN-L can consistently obtain the highest PESQ score
under all four SNR environments. Comparing VAE-GAN-L and -PVAE-L, we find that
VAE-GAN-L obtains a very significant PESQ score improvement (a 0.19 advantage for
the average PESQ score.) by introducing adversarial training, which shows the impor-
tance of adversarial training in direct signal reconstruction that can mitigate the effects
of inaccurate posterior estimation for signal estimation. In addition, it is of interest
that VAE-GAN-L is competitive with VAE-GAN-M, a finding that is different from the
previous SI-SDR and STOI comparisons. This may indicate that adversarial training is
more suitable for improving speech quality [59]. Table F.4 also shows that VAE-GAN-L
achieves a higher average PESQ score than NSNet2 [74] (a 0.05 advantage), which in-
dicates the VAE-GAN’s benefits for improving speech quality. Finally, it is evident that
representation learning is also very important for the GAN-based SE algorithms [59],
improving speech quality (VAE-GAN-L outperforms GAN-SE with a 0.31 average PESQ
score). Here, we want to indicate that the PESQ results are very noteworthy because
VAE-GAN-L-based method that is without noise and mask estimation can outperform
the mask-based method VAE-GAN-M. In general, the mask or filter-based methods [7, 8]
need to estimate the speech and noise signal for SE. However, based on the experimen-
tal results, maybe we need to consider whether we still need to apply mask or filter
for SE if we can use DRL or other methods to estimate high-quality speech signals be-
cause the filter or mask may also damage the speech signal [7]. This problem will be
considered in our following research.

Table F.5 presents the experimental comparisons in the LibriSpeech dataset [69]
featuring the average scores of different SNR levels. The results in the LibriSpeech
dataset tend to be similar to the results in the DNS dataset [68], which indicates that
the proposed algorithm can still achieve satisfactory SE performance for unseen signals.
Comparing [-PVAE-L and VAE-GAN-L, it is evident that VAE-GAN-L returns higher SI-
SDR, STOI, and PESQ scores than 8-PVAE-L, supporting the importance of adversarial
training for improving the accuracy of signal estimation. Furthermore, as previously,
VAE-GAN-M can produce the best SE performance.

To sum up, we find that the proposed VAE-GAN can achieve the best SE perfor-
mance compared with the reference methods under the STOI, PESQ, and SI-SDR eval-
uation metrics. The experimental results demonstrate that: 1) representation learning
can help the GAN-based SE method to obtain better SE performance; 2) adversarial
training can significantly improve decoders’ signal estimation in 5-PVAE. Moreover, the
comparison of VAE-GAN and NSNet2 [74] shows that VAE-GAN is very competitive with
the current SOTA SE algorithms [74, 80]. In this experiment, we only use a basic neural
network structure [74]; however, based on the experimental results, we believe that
VAE-GAN has a significant potential to achieve better SE performance provided VAE-
GAN is applied in more advanced neural networks [81-83].
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5 Conclusion and Future Work

In this paper, we propose a two-stage DRL-based (VAE-GAN) SE algorithm. VAE-GAN
leverages adversarial training to mitigate the problem of inaccurate posterior estimation
in B-PVAE and can reduce the effect of inaccurate posterior estimation towards signal
reconstruction, resulting in a more accurate speech estimation from the observed sig-
nal. We also compare the proposed VAE-GAN with other related SOTA SE algorithms,
and the experimental results show that VAE-GAN can obtain higher STOI, PESQ, and
SI-SDR scores and achieve the best SE performance among the competing algorithms.
Therefore, the results verify that DRL can significantly improve SE performance for the
GAN-based SE method [59], which validates DRL’s importance for SE. On the other
hand, the results also support that adversarial training is crucial for improving 3-PVAE’s
SE performance. According to the experiments, VAE-GAN can have a significant po-
tential in achieving better SE performance if applied in other advanced neural network
structures.

For future work, we propose two ways which may further improve VAE-GAN’s SE
performance. First, as mentioned before, it is possible to apply the proposed VAE-GAN
in more advanced neural network structures. For example, we can consider using com-
plex neural networks [21, 81-83] to perform related prior and posterior estimations in
VAE-GAN with complex Gaussian distributions. Second, the proposed VAE-GAN can dis-
entangle different types of latent variables, so it can possible to disentangle phoneme
or text latent variables from the observed signal, which means it can be possible to
analyze context information when conducting SE, a probability that has not been con-
sidered in previous SE methods [1, 17]. Finally, additional SE-related information can
be considered to achieve better SE performance.
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