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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, NMF-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 �-VAE and generative adversarial networks to improve
PVAE’s information disentanglement and signal restoration ability, respectively.
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Resumé

I naturlige lyttemiljøer, vil talesignaler forvrænges let af forskellige akustiske
interferenser, hvilket kan reducere talekvaliteten og forståeligheden; samtidigt
gør det vanskeligt for mange talerelaterede app’er, såsom automatisk talegenk-
endelse (automatic speech recognition, ASR). Derfor er mange taleforbedringsal-
goritmer (speech enhancement, SE) blevet udviklet i de sidste årtier. De fleste
nuværende SE-algoritmer dog er vanskelige at fange underliggende taleinfor-
mationer (fx. fonem) i SE-processen. Dette får det til at være udfordrende
at vide, hvilke specifikke informationer er tabt eller forstyrret i SE-processen,
herved begrænser anvendelsen af taleforbedring. F.eks. nogle SE-algoritmer,
der kan forbedre menneskelig lytning, kan ofte beskadige ASR-systemet.

Formålet med denne afhandling er at udvikle SE-algoritmer, gøre den muligt
til at fange forskellige underliggende talerepræsentationer (informationer), og
forbedre kvaliteten og forståeligheden af støjende tale. Denne undersøgelse
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 måde til at finde
underliggende taleinformationer for at bedre SE-ydeevne. Hovedideen er at
anvende HMM til at fange den underliggende tidmæssige dynamiske talein-
formationer i NMF-modellen. Derudover foreslås også en høj effektiv beregn-
ingsmetode for at sikre, at denne NMF-HMM-model kan opnå online SE hurtigt.

NMF-HMM kan fange de underliggende taleinformationer, men er det vanske-
ligt at forklare, hvilke detaljerede informationer er fået. Derudover kan NMF-
HMM ikke repræsentere de underliggende informationer i en vektorform, hvilket
er vanskeligt til at udføre informationsanalyse. For at løse disse problemer, in-
troducerer vi deep representation learning (DRL) for SE. DRL kan også forbedre
SE-ydeevnen, som er baseret på DNN algoritmer, da DRL kan forskelbehandle
talerepræsentation, derved reducere kravene til læringsmaskinen til at udføre
en opgave med succes. Vi specifikt foreslår at bruge Bayesian permutation
training variational autoencoder (PVAE) til at analysere underliggende talein-
formationer for SE, som kan repræsentere og adskille underliggende støjende
taleinformationer i en vektorform. De eksperimentelle resultater angiver, at
adskillede signalrepræsentationer også kan hjælpe nuværende SE-algoritmer
(baseret på DNN) med at opnå bedre SE-ydeevne. Derudover baseret på denne
PVAE-ramme, foreslår vi at anvende �-VAE og generative kontradiktoriske netværk
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for at forbedre PVAE’s henholdsvis informationsadskillelse og signalgendan-
nelsesevne.
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Summary
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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 dif�cult 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-
ti�cation [2], and speech translation, to become very dif�cult. 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 �ltering-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-
modi�ed 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 dif�cult 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 signi�cantly promoted SE progress [31] and shown
their great potential for SE [31–39]. Compared to classic SE algorithms, DNNs'
bene�ts 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 coef�cient (MFCC), and Gammatone frequency cepstral
coef�cient (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 �nal 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 �nd the pre-de�ned 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 �lter 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 bene�t 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 bene�ts 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 bene�t 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 (GANs) [69, 70], are also investigated for SE application and have
shown their potential in SE. For instance, [71] and [72] use GANs 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
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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-de�ned targets (e.g., various masks [33], speech spec-
trum [40], and speech present probability [48]). Although direct prediction
of pre-de�ned 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
dif�cult 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 dif�cult
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].
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1. Background

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 �nd 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 ( zc, zs, zd, and zo). More speci�cally, 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 signald. The combination
of content and style information can decide the speech signalx. 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 �nd spe-
ci�c 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 �nd speech information
are that HMM is dif�cult to represent various underlying information ef�ciently
(e.g., using a vector to represent the information), which causes it challenging
to perform detailed information analysis. In addition, HMM is also dif�cult
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 �nding 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
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