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Abstract

Speech enhancement aims to suppress background noise in noisy speech signals in

order to improve speech perceptual quality and intelligibility. For tasks utilizing

deep learning mechanisms, the training and testing data are usually assumed to

have the same probability distribution. However, real-life scenarios often fail to

meet this assumption. As a result, speech enhancement performance may degrade

significantly, when faced with mismatched probability distributions between train-

ing and testing data. This thesis focuses on alleviating the problem of mismatched

probability distributions for speech enhancement.

The mismatch problem in speech enhancement is caused by various factors, but

in this work, we only focus on the following three scenarios: unseen noises in test

data, missing high-frequency information under radio-channel testing condition

(channel effect), and sensitive time-domain encoder/decoder. Specifically, we will

clarify three factors, analysis impacts on speech enhancement, and propose three

methods to solve this problem.

The first proposed method addresses the mismatch problem caused by the unseen

noises in test data, under conditions with/without target-domain data. Specifically,

we utilize the domain adversarial training (DAT) technique for domain transfer. If

we have sufficient noisy target-domain data, a domain discriminator is proposed to

learn general features with DAT in order to overcome domain mismatch problem.

If we have no target-domain data, we will utilize the noise labels of the source-

domain data to generate noise-agnostic features with DAT to overcome the domain

mismatch problem. The experiments show that the proposed method delivers voice

quality comparable with other state-of-the-art supervised learning techniques.

The second proposed method addresses the mismatch problem caused by miss-

ing high-frequency signals (i.e., channel effect), which is commonly seen in radio-

channel corpus. Under such scenarios, input signals are noisy, as well as lacking

xiii
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high-frequency information due to the channel effect. To recover the missing in-

formation and also reduce background noises, we combine speech enhancement

techniques and bandwidth extension with multi-task learning. Specifically, we pro-

pose an end-to-end time-domain framework for noise-robust bandwidth extension,

that jointly optimizes mask-based speech enhancement and the bandwidth exten-

sion module with a multi-task loss function. In addition, the proposed framework

also avoids decomposing signals into magnitude and phase spectra, and therefore

requires no phase estimation. Experimental results show that the proposed method

achieves better performance over the best baseline with fewer parameters.

The third proposed method addresses the mismatch problem caused by sensitive

time-domain encoder/decoder. Time-domain speech enhancement has recently

made great progress thanks to the learned filterbanks in the speech encoder/de-

coder as used in Conv-TasNet [1]. However, the learned filterbanks in the en-

coder/decoder are usually trained by fully relying on the training data, which are

sensitive to unseen test data. To alleviate this problem, we propose a two-step

hybrid filterbanks-based network (TSHFNet) consisting of the fully-learned filters,

semi-learned filters, and non-learned filters that can improve the robustness of

the speech encoder/decoder when faced with matched/unmatched testing environ-

ments. The experiments confirm that the proposed method is more robust than

the best time-domain speech enhancement baseline.
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Chapter 1

Introduction

1.1 Motivation

Humans have a remarkable ability to focus their attention on the words of a par-

ticular speaker, even in noisy acoustic environments where there are other people

speaking at the same time or where there are other noises present. Speech en-

hancement algorithms mimic the human ability to selectively pay attention, and

mask out background noise, in order to focus on important speech content. Such

algorithms have served as a pre-processing module in many real-world applications,

such as automatic speech recognition (ASR), speaker identification, and hearing

aids design [8, 9].

A brief history of speech enhancement systems. For several decades, var-

ious statistical approaches were proposed to mimic the human ability to selec-

tively pay attention by masking out background noise, such as subspace algo-

rithms [10], minimum-mean-square-error (MMSE)-based spectral amplitude esti-

mator [11], soft-decision noise suppress filter [12], generalized gamma priors [13]

and others [14–20]. Such algorithms attempt to estimate an optimal multiplicative

masking, through statistical inference, in order to suppress background noises.

With the advent of deep neural networks (DNNs), learning-based models were

applied to predict clean speech from distorted inputs in frequency domain, such

as feed-forward networks [21–24], recurrent and long short-term memory (LSTM)

networks [2, 25–27]. Some studies [1, 28] reveal that frequency-domain methods

1
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have several limitations. First, short-time Fourier transform (STFT) is a general

signal transformation which is not proved as the most optimal feature extraction

for speech enhancement. Second, accurate reconstruction of the phase for enhanced

speech is a difficult problem, and the erroneous estimation of the phase leads to

sub-optimal speech quality [29, 30]. Some post-processing methods are proposed

to alleviate this problem by predicting phase information [31–35], but the final

performance is still sub-optimal.

More recently, end-to-end frameworks were proposed to avoid the phase manipula-

tion issue by operating directly on the noisy waveform and eliminating an explicit

STFT, such as fully convolutional networks (FCNs) [36–38], Wave-U-Net architec-

tures [39–43], Conv-Tasnet [1] and others [27, 36, 37, 44, 45]. Such time-domain

end-to-end approaches can optimize the whole encoder-decoder like structure as

well as omit the phase estimation.

The mismatch problem. However, for learning-based speech enhancement frame-

works, we usually assume that training and testing data have the same probability

distribution. Real-life scenarios often fail to meet this assumption. Therefore,

speech enhancement performance may degrade significantly when faced with mis-

matched scenarios at run-time. This research addresses the mismatch problem in

speech enhancement models. Many factors cause this problem in speech enhance-

ment, such as unseen speakers, unseen accents, unseen noises in the test data,

channel distortion and the sensitive time-domain encoder/decoder. In this thesis,

we only focus on the last three factors.

A brief review of related work. To address such mismatch problem, several

deep learning methods were proposed [3, 4, 46, 47]. We briefly introduce several

techniques which mainly aim to solve the problem caused by the aforementioned

three factors.

1) To address the mismatch problem caused by unseen noises in the test data,

one popular approach is to adapt the speech enhancement model, which is

trained with the source domain data, to the test data (i.e., the target domain

data). For example, the study in [46] suggests adapting the last layers of pre-

trained speech enhancement generative adversarial network (SEGAN) with

the dataset of new noises to reduce the mismatch between different noises.
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However, this technique requires clean-noisy parallel speech data that are not

always available in practice.

2) To address the mismatch problem caused by channel distortion, prior work

[47] combines speech enhancement and bandwidth extension (named UEE)

in a joint training neural network. The UEE is first trained separately at

the pre-training stage, and then fine-tuned with a single mean square error

(MSE) loss function. Overall, the UEE approach is implemented with the

pre-training scheme, and it also faces phase estimation difficulties just like

other frequency-domain techniques.

3) To address the mismatch problem caused by sensitive time-domain encoder/de-

coder, prior work [3] attempts to directly combine the frequency-domain net-

work and time-domain network to obtain balanced results, by averaging the

two outputs respectively. Likewise, work [4] combines the frequency-domain

network and time-domain network in a sequence order to take advantage of

the two-domain features. The performance of such methods remains sub-

optimal.

These prior studies are the source inspiration of the proposed novel approaches in

this thesis.

1.2 Contributions

The thesis provides three novel speech enhancement methods when faced with the

mismatch problem. The first method addresses the mismatch problem caused by

unseen noises in the test data, the second method addresses the mismatch problem

caused by channel distortion and the third method addresses the mismatch problem

caused by sensitive time-domain encoder/decoder. Three mismatched scenarios are

different, but they can be grouped into general training-testing mismatch problem.

1.2.1 Speech enhancement with adversarial training

The performance of deep learning approaches to speech enhancement degrades

significantly in the face of noises mismatch between training (source-domain) and
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testing (target-domain). We first focus on the mismatch problem caused by unseen

noises in the test data. To alleviate this problem, we apply adversarial training

strategy to speech enhancement frameworks in two cases: 1) with target-domain

data and 2) without target-domain data. For case 1), when the noisy target-

domain data is available, we propose an unsupervised domain transfer approach

by adapting the enhancement network without the need for clean-noisy parallel

speech data in the target domain. In our scenarios, the training data for the

source domain consists of clean-noisy speech pairs, but those in the target domain

only consist of noisy speech. For case 2), when the noisy target-domain data is

not available, we propose to learn noise-agnostic feature representations through

disentanglement learning (one specific application of adversarial training strategy),

which removes the unspecified noise factor, while keeping the specified factors of

variation associated with the clean speech. Experimental results show that the

proposed method achieves better performance over the best baseline with target-

domain data and without target-domain data. The proposed methods will be

introduced in Chapter 3.

The proposed methods were documented and published in:

1) Hou, N., Xu, C., Chng, E.S. and Li, H., 2019, November. Domain adversarial

training for speech enhancement. In 2019 Asia-Pacific Signal and Information

Processing Association Annual Summit and Conference (APSIPA ASC) (pp.

667-672). IEEE.

2) Hou, N., Xu, C., Chng, E.S. and Li, H., 2021, June. Learning Disentangled

Feature Representations for Speech Enhancement Via Adversarial Training.

In ICASSP 2021-2021 IEEE International Conference on Acoustics, Speech

and Signal Processing (ICASSP) (pp. 666-670). IEEE.

1.2.2 Speech enhancement with multi-task learning

We next explore the mismatch problem caused by missing high-frequency informa-

tion under radio-channel condition (channel distortion). Prior studies mostly per-

form speech enhancement under the assumption that the signals are only corrupted

by noise but are not lost. The use of such speech enhancement techniques is greatly

limited in practice under channel condition where high-frequency signals in noisy
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speech are usually missing due to distortion. To alleviate this problem, we propose

an end-to-end time-domain framework for noise-robust bandwidth extension, which

jointly optimizes the mask-based speech enhancement and the bandwidth extension

modules with a multi-task learning (MTL-MBE). As a time-domain technique, the

proposed method inherently avoids phase estimation issues. Experimental results

show that the proposed method significantly improves the performances of speech

quality and intelligibility over the best baseline (UEE). The proposed method will

be provided in Chapter 4.

The proposed method was documented and published in:

1) Hou, N., Xu, C., Zhou, J.T., Chng, E.S. and Li, H., 2020. Multi-Task Learn-

ing for End-to-End Noise-Robust Bandwidth Extension. In INTERSPEECH

(pp. 4069-4073).

1.2.3 Speech enhancement with hybrid filterbanks

In this study, we focus on the mismatch problem caused by the sensitive time-

domain encoder/decoder. Recently, time-domain speech enhancement is widely

used to alleviate the phase reconstruction problem thanks to the learned filterbanks

as used in Conv-TasNet [1]. However, this approach is usually trained by fully

relying on the training data, which is sensitive to varying test data [16, 48, 49].

Analyses of recent studies [50–52] suggest that the cause of this problem is two-

folds. First, convolutional filters in the time-domain speech encoder fully rely

on training data. They cannot always yield a good decomposition of the input

speech as compared with the fixed STFT algorithm in practice. Second, the end-

to-end training strategy cannot guarantee that the speech encoder and decoder are

well trained in this process, which might also cause the sensitivity of time-domain

speech enhancement frameworks. To alleviate this problem, we design a two-step

hybrid filterbank including the fully-learned filters, semi-learned filters and the

non-learned filters for time-domain speech enhancement (TSHFNet) to improve

robustness when faced with the varying testing environments. Experimental results

show that the proposed TSHFNet performs better than the best baseline Conv-

TasNet on the DNS corpus. The proposed method will be provided in Chapter

5.
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The proposed method was documented and published in:

1) Hou, N., Chng, E.S. and Li, H., 2021. Hybrid Filterbanks with Two-Step

Training for Time Domain Speech Enhancement. Submitted to ACM Trans-

actions on Audio Speech and Language Processing 2021.

1.3 Thesis organization

We organize the thesis into six chapters as follows:

Chapter 1 introduces the motivation, the contributions, and the brief summary of

the thesis.

Chapter 2 first introduces background for speech enhancement. Then, we review

state-of-the-art speech enhancement techniques and the existing problem of mis-

matched probability distributions between training data and test data.

In Chapter 3, we apply the adversarial training strategy to speech enhancement

techniques in two cases: with target-domain data and without target-domain data,

to alleviate the mismatch problem caused by the unseen noises in the test data.

The detailed description, experimental setup and evaluation are provided in this

chapter.

In Chapter 4, we introduce the multi-task learning scheme to alleviate the mismatch

problem caused by channel distortion. We start with a description of the limitation

of prior work. We then present our proposed solution. Finally, we clarify the

experimental setup and analysis the experimental results.

In Chapter 5, we present a novel hybrid filterbanks design for the mismatch prob-

lem caused by the sensitive time-domain encoder/decoder. We first describe the

limitations of time-domain approaches and then introduce the proposed method.

Finally, we present the experimental setup and discuss the experimental results.

Chapter 6 concludes contributions of this thesis, and provides future directions.



Chapter 2

Literature Review of Speech

Enhancement

This chapter begins with a definition of signals and an introduction to speech

enhancement in Section 2.1. Since speech enhancement techniques have been ex-

plored for decades, we review some of the previous representative studies in Sec-

tion 2.2 and Section 2.3. Specifically, Section 2.2 summarizes traditional speech

enhancement technologies prior to the deep learning era. Section 2.3 reviews deep-

learning-based speech enhancement technologies. In addition, limitations of the

current speech enhancement work are discussed in Section 2.4.

2.1 Background

The human brain has a strong ability to focus on speech content of interest in

noisy acoustic situations, such as when multiple speakers, competing to be heard,

contribute to the ambient noise. Speech enhancement algorithms attempt to dupli-

cate the selective attention of the human brain in masking out background noises

and focus on important speech content. Such algorithms are usually applied as a

pre-processing module in many real-world applications, such as automatic speech

recognition (ASR), speaker identification, and hearing aids design [8, 9].

7
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2.1.1 Definition of speech enhancement

Speech signals recorded with distant microphones (i.e. microphones placed some

distance from the source) are inevitably corrupted by various noises, which severely

degrade the perceptual quality of the recorded speech signals. If we have a single

distant microphone as the recording device, the received discrete signal y(n) will

be expressed as,

y(n) = s(n) + d(n) (2.1)

where n is a time position of each sample. s(n) denotes the clean speech and d(n)

is the background noise.

Speech enhancement aims to reduce the additive noises d(n) in the noisy signals

y(n) in order to improve speech quality and intelligibility. To estimate the clean

signals s(n), most speech enhancement methods first transform time-domain noisy

signals into their magnitude and phase spectra with a short time Fourier transform

(STFT) to facilitate frequency-domain processing.

By using a STFT, the time-domain noisy signals y(n) is transformed as,

Y (t, f) =
N−1∑
n=0

y(n + tL)w(n)e(
−j2πnf

N
) (2.2)

where a time frame t ∈ [0, T − 1] is obtained by shifting an amount of L samples,

and a frequency bin f ∈ [0, T − 1] is associated with a frequency of f
N
fs Hz at a

sampling rate of fs Hz. w(n) denotes the Hamming or Hanning window of length

N .

With the time-domain signal model as Equation 2.1, the frequency-domain noisy

signals can be decomposed as,

Y (t, f) = S(t, f) + D(t, f) (2.3)

where Sc(t, f) and D(t, f) are the complex spectra of the corresponding time-

domain clean signals and background noises, respectively.

In a typical setup, speech enhancement estimates the complex spectrum Ŝ, which

is close to the original clean spectrum S. To obtain the complex spectrum Ŝ, the
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magnitude |Ŝ| and phase ∡Ŝ spectra need to be estimated. Since phase spectro-

grams show little temporal and spectral regularities, it is a challenging problem

to transform the phase spectrum into a better one. Most speech enhancement

methods use the phase spectrogram of the noisy signals as the phase for the esti-

mated spectrogram (∡Ŝ = ∡Y ). Therefore, frequency-domain speech enhancement

methods typically focus on how to improve the quality of the estimated magnitude

spectrum |Ŝ|.

The goal of the speech enhancement is to make the estimated magnitude |Ŝ| as close

as possible to the clean magnitude |S|. When the magnitude spectrum |Ŝ| is esti-

mated, the complex spectrogram Ŝ could be obtained by combining the magnitude

|Ŝ| and the phase ∡Y of the noisy signals. Therefore, the estimated time-domain

signal ŝ could be reconstructed by an overlap and add algorithm,

ŝ(n) =
T−1∑
t=0

v(n− tL)ŝt(n− tL) (2.4)

together with an inverse STFT (iSTFT),

ŝt(n) =
1

N

∑
Ŝ(t, f)e(

j2πn
N

) (2.5)

where v(n) is a window similar to w(n) in Equation 2.2

2.1.2 Corpus

Recent works are mostly conducted using publicly available corpus for easy com-

parisons, such as noisy speech database for training speech enhancement algo-

rithms and TTS models (Valentini database), English multi-speaker corpus for

CSTR Voice Cloning Toolkit (VCTK database), and CHiME speech Separation

and recognition challenge (CHiME series database). This thesis also conducts ex-

periments using these well-known speech enhancement corpora in order to have a

fair comparison with state-of-the-art speech enhancement methods.
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2.1.2.1 Valentini database

The valentini database1 artificially adds the recorded noises to clean speech as noisy

data, and forms the noisy/clean pairs for speech enhancement training. Specifically,

clean data is selected from the Voice Bank corpus [53], including two subsets.

One subset includes 28 speakers: 14 male and 14 female from the same accent

region (England) and the other subset has 56 speakers: 28 male and 28 female

from different accent regions (Scotland and United States). There are around 400

sentences available from each speaker. All data is sampled at 48 kHz.

Meanwhile, the Valentini database utilizes ten different types of noise: two artifi-

cially generated (speech-shaped noise and babble) and eight real noise recordings

from the Demand database [54]. The signal-to-noise (SNR) values used for the

simulation were: 15 dB, 10 dB, 5 dB and 0 dB. We therefore had 40 different noisy

conditions (ten noises × four SNRs), which meant that for each speaker there were

around ten different sentences in each condition.

For the database of noisy recordings used for testing, the Valentini database selected

two unseen speakers from England, a male and a female of the same corpus, and

five unseen noises from the Demand database. The new noises includes a domestic

noise (living room), an office noise (office space), one transport (bus) noise and two

street noises (open area cafeteria and a public square). The SNR values were set

at: 17.5 dB, 12.5 dB, 7.5 dB and 2.5 dB. This created 20 different noisy conditions

(five noises × four SNRs), which meant that for each speaker there were around

20 different sentences in each condition. The noise was added following the same

procedure described previously.

2.1.2.2 VCTK database

The VCTK database2 was created to simulate a larger clean/noisy parallel corpus

for the speech enhancement training. This CSTR VCTK database includes speech

data uttered by 110 English speakers with various accents3. Each speaker reads

out about 400 sentences, selected from a newspaper, the rainbow passage and an

elicitation paragraph used for the speech accent archive. The newspaper texts were

1Available at https://datashare.ed.ac.uk/handle/10283/1942
2Available at https://datashare.ed.ac.uk/handle/10283/3443
3Available at http://www.ualberta.ca/~aacl2009/PDFs/WeinbergerKunath2009AACL.pdf

http://www.ualberta.ca/~aacl2009/PDFs/WeinbergerKunath2009AACL.pdf
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taken from the Herald Glasgow, with permission from the Herald Times Group.

Each speaker has a different set of newspaper texts selected based on a greedy algo-

rithm that increases the contextual and phonetic coverage. The rainbow passage4

and elicitation paragraph5 are the same for all speakers.

All speech data was recorded using an identical recording setup: an omni-directional

microphone (DPA 4035) and a small diaphragm condenser microphone with a very

wide bandwidth (Sennheiser MKH 800), 96kHz sampling frequency at 24 bits.

All speech data were recorded in a hemi-anechoic chamber of the University of

Edinburgh. All recordings were converted into 16 bits, were downsampled to 48

kHz, and were manually end-pointed. This corpus was originally meant for text-

to-speech synthesis systems, especially for speaker-adaptive speech synthesis that

used average voice models trained on multiple speakers and speaker adaptation

technologies. Recently, this corpus was also widely used for speech enhancement

training.

2.1.2.3 CHiME series database

The 1st−6th CHiME series database considered the problem of speech enhancement

and conversational speech recognition in everyday home environments. Here, we

take the 4th CHiME database as an example because it is utilized in Chapter 3.

The CHiME-4 database consists of two subsets: a real dataset and a simulated

dataset. The real dataset utilized a multi-microphone tablet device to record data

in everyday noisy environments, which represents a significant step forward in terms

of realism compared with the CHiME-1 and CHiME-2 challenges. Specifically, the

clean utterances of the CHiME-4 database are provided in continuous audio with

ground truth VAD annotations. The original live recordings were made by 12

American speakers (6 male and 6 female). For each speaker, recordings were made

first in a sound proof booth and then in each of the four target noisy environments:

cafes, street junctions, on public transport and at pedestrian areas. 100 sentences

were read at each location. It was stressed that each sentence had to be read

correctly and without interruption. Speakers were allowed as many attempts as

necessary to read each sentence. They were asked to use the tablet in whatever

4Available at http://web.ku.edu/~idea/readings/rainbow.htm
5Available at http://accent.gmu.edu

http://web.ku.edu/~idea/readings/rainbow.htm
http://accent.gmu.edu
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way felt natural and comfortable. They were encouraged to adjust their reading

position after every 10 utterances, e.g. holding the tablet (most typical), resting

it on their lap, laying it on a table, etc. Simulated data was created by artificially

mixing clean speech data (WSJ0 SI-84) with background noises (live recordings).

All the data in the CHiME-4 database was divided into a training set, a devel-

opment test and a test sets. Each set has recordings from different speakers and

different noisy environments. For example, all data sets have recordings from the

noisy cafe environment but different specific cafes are used in each set. The audio

data is provided as 16 bit stereo WAV files sampled at 16 kHz. The details of the

three sets are listed as follows:

• Training set: 1600 (real) + 7138 (simulated) = 8738 noisy utterances from

a total of 4 speakers in the real data, and 83 speakers from the WSJ0 SI-

84 training set in the 4 noisy environments. The transcriptions are also

corresponded to the speech utterances in the WSJ0 SI-84 training set, but

the real speech utterances contain no verbal punctuations (e.g., “period” and

“hyphen” in the original WSJ0 SI-84). All of the reading errors in these

transcriptions are corrected appropriately.

• Development set: 410 (real) × 4 (environments) + 410 (simulated) × 4 (en-

vironments) = 3280 utterances from 4 new speakers, who are different from

those in the training set. The utterances are based on the “no verbal punc-

tuation” (NVP) part of the WSJ0 speaker-independent 5k vocabulary devel-

opment set.

• Test set: 330 (real) × 4 (environments) + 330 (simulated)× 4 (environments)

= 2640 utterances from 4 new speakers, who are different from those in the

training set and the development set. Similar to the development set, the

utterances are based on the “no verbal punctuation” (NVP) part of the WSJ0

speaker-independent 5k vocabulary evaluation set.

2.1.3 Evaluation metrics

Speech enhancement systems can be evaluated by both objective evaluation and

subjective evaluation. Objective evaluation is used to measure the distortion and
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quality between the enhanced and clean signals. Subjective evaluation examines

the perceptual quality and intelligibility of the enhanced signals.

2.1.3.1 Objective evaluation

Perceptual Evaluation of Speech Quality (PESQ) [50, 51] is recommended as the

ITU-T P.862 standard to automatically assess speech quality instead of the sub-

jective Mean Opinion Score (MOS). The key to using PESQ is to predict the MOS

value that would result if real people were evaluating the recorded speech clips.

Compared with MOS, PESQ has the benefit of avoiding the involvement of listen-

ing subjects in the evaluation. Instead of using the signal-to-distortion ratio with-

out distinguishing the type of distortion, PESQ incorporates a perceptual model

to distinguish between audible distortion (i.e. a noise added to the spectrum) and

inaudible distortion (i.e. a spectral component omitted or heavily attenuated) with

different weights. Compared to additive components, the omitted or attenuated

components may not be easily perceived because of masking effects. The range of

the PESQ score is –0.5 to 4.5. The higher the score, better the performance of the

speech enhancement systems.

Likewise, the other three objective metrics that approximate MOS [55] are: CSIG,

CBAK and COVL. These metrics are designed for signal distortion evaluation,

noise distortion evaluation, and overall quality evaluation, respectively. Short-time

objective intelligibility (STOI) [56] reflects the improvement of speech intelligibility.

Signal-to-distortion ratio (SDR) is also conducted for the purpose of measuring the

speech quality, which calculates the energy ratios expressed in decibels between

the estimated wanted signal and the distortion, the interferences and the artifacts,

respectively. The ratios are calculated by first decomposing the estimated signal ŝ

as

ŝ = st + ei + en + ea (2.6)

where st = f(s) is the modified source signal s with an allowed distortion f( · ).

ei, en, and ea are the interference, sensor noise, and burbling artifacts error terms,

respectively.
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Traditional Speech Enhancement Technologies

Time-domain Approaches Transform-domain Approaches Statistical-based Approaches  Others

1. Minimum Mean Square Error (MMSE)

   - MMSE Magnitude Estimator

   - MMSE Complex Exponential Estimator

   - Log MMSE Estimator
2. Wiener Filtering
3. Maximum A Posteriori (MAP) Estimators
4. Bayesian Estimators
   - Perceptural Motivated Bayesian

1. Discrete Fourier Transform

2. Discrete Cosine Transform
3. Wavelets
4. Spectral Subtraction

1. Comb Filtering
2. Adaptive Filtering
   - Kalman Filtering
   - H Algorithms
3. Hidden Markov Model Filtering

1. Subspace

2. Auditory 

      Masking

 

Figure 2.1: The classification of the traditional speech enhancement tech-
nologies into four categories: time-domain approaches, transform-domain ap-
proaches, statistical-based approaches and others.

SDR is then calculated as,

SDR = 1− log10
||st||2

||ei + en + ea||2
(2.7)

2.1.3.2 Subjective evaluation

The A/B preference test is a subjective evaluation comparing speech quality be-

tween two systems. For each A/B listening pair, one sample is from the proposed

system while the other one is from the system used as the baseline for comparison.

These two samples are randomly presented to listeners. The listeners don’t know

which sample belongs to which system. Each listener is asked to listen to both

samples and chooses the better sample in terms of speech quality. The higher the

preference rate for the samples of a speech enhancement systems, the better the

performance of that system.

2.2 Traditional speech enhancement technologies

For several decades, common speech enhancement technologies prior to the deep

learning era used various signal processing tools to reduce background noises.

Based on the type of processing used, we classify these traditional speech enhance-

ment technologies into four categories: time-domain approaches, transform-domain

approaches, statistical-based approaches and others, as shown in Table 2.1.
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Time-domain approaches. Time-domain speech enhancement approaches are

directly performed on speech waveforms via the application of various designed

filters, such as comb filtering [57], adaptive filtering [58, 59] and hidden Markov

model filtering [60]. In statistics and control theory, filtering methods are algo-

rithms that uses a series of measurements observed over time, including statistical

noise and other inaccuracies, and produces estimates of unknown variables that

tend to be more accurate than those based on a single measurement alone. This

is done by estimating a joint probability distribution over the variables for each

time frame. For example, the Kalman filtering [58] is a two-phase process. For the

prediction phase, the Kalman filter produces estimates of the current state vari-

ables, along with their uncertainties. Once the outcome of the next measurement is

observed, these estimates are updated using a weighted average, with more weight

being given to estimates with greater certainty. The algorithm is recursive. It

can operate in real time, using only the present input measurements and the state

calculated previously and its uncertainty matrix. No additional past information

is required.

Transform-domain approaches. Transform-domain speech enhancement ap-

proaches first revert time-domain speech signals into transform-domain represen-

tations via discrete Fourier transform [61] and discrete cosine transform [62]. In

the frequency domain approaches, a short-time Fourier transform (STFT) [63] is

typically applied to a windowed time-domain noisy speech signal to extract sta-

ble acoustic features for subsequent analysis. After the transformation, various

spectral estimation methods are applied to reduce unnecessary noise. AS spectral

subtraction [64] is a well-known method to reduce background noise in noisy speech

signals, we take it as an example. Assuming the given noise signals are additive

and are uncorrelated, the spectral subtraction method first estimates the noise

spectrum in the noisy speech spectrum and then subtracts the estimated noise

spectrum from the noisy speech spectrum while keeping the phase undisturbed.

Hence an estimate of background noise obtained from the region of noisy speech,

is subtracted from the noisy speech to obtain the enhanced speech signal.

Statistical-based approaches. Statistical speech enhancement approaches uti-

lize asymptotic statistical properties of the Fourier expansion coefficients to derive

a spectral amplitude estimator, such as the family of minimum mean square er-

ror algorithms [11, 14, 65], Wiener filtering [66, 67], maximum a posteriori [68]
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and Bayesian estimator [69]. For example, the MMSE method [11] estimates the

modulation magnitude spectrum of clean speech from noisy observations and the

estimator minimises the mean-square error between the modulation magnitude

spectra of clean and estimated speech. In the Wiener filtering method [66], a spec-

tral gain function of SNR measures is computed and applied to the noisy speech

to get an estimate of clean speech.

Others. Some speech technologies do not belong to the above three categories,

such as signal subspace methods [70] and the auditory masking method [71, 72].

Signal subspace methods essentially represent the application of a principal com-

ponent analysis approach to ensembles of observed time-domain signals obtained

by sampling. Auditory masking is utilized when the perception of one sound is

affected by the presence of another sound. Masking can be simultaneous or non-

simultaneous, where a masked threshold is setup to control the sound to be heard

or unwanted.

In this subsection, we will introduce two representative traditional approaches: the

subspace algorithms and MMSE-based spectral amplitude estimator.

2.2.1 Spectral subtraction approach

We now introduce the spectral subtraction (SS) approach [64], as shown in Fig-

ure 2.2. Consider a noisy signal which consists of the clean speech degraded by

statistically independent additive noise as,

y(n) = s(n) + d(n) (2.8)

where y(n), s(n) and d(n) are the sampled noisy speech, clean speech, and additive

noise, respectively. It is assumed that additive noise is zero mean and uncorrelated

with the clean speech. As the speech signal is non-stationary and time variant, the

noisy speech signal is often processed on a frame-by-frame.Their representation in

the short-time Fourier transform (STFT) domain is given by,

Y (w, k) = S(w, k) + D(w, k) (2.9)
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Figure 2.2: The block diagram of the spectral subtraction approach.

where k is a frame number. As the speech signal is segmented into frames, for sim-

plicity, we drop k. Since the speech is assumed to be uncorrelated with the back-

ground noise, the short-term power spectrum of y(n) has no cross-terms. Hence,

|Y (w)|2 = |S(w)|2 + |D(w)|2 (2.10)

The speech can be estimated by subtracting a noise estimate from the received

signal.

|Ŝ(w)|2 = |Y (w)|2 − |D̂(w)|2 (2.11)

The estimation of the noise spectrum |D̂(w)|2 is obtained by averaging recent

speech pauses frames:

|D̂(w)|2 =
1

M

M−1∑
j=0

|YSPj
(w)|2 (2.12)

where M is the number of consecutive frames of speech pauses (SP). If the back-

ground noise is stationary, Equation 2.12 converges to the optimal noise power

spectrum estimate as a longer average is taken.

The spectral subtraction can also be looked at as a filter, by manipulating Equation

2.11 such that it can be expressed as the product of the noisy speech spectrum and

the spectral subtraction filter (SSF) as:

|Ŝ(w)|2 = (1− |D̂(w)|2

|Y (w)|2
)|Y (w)|2

= H2(w)|Y (w)|2
(2.13)

where H(w) is the gain function and known as SSF. H(w) is a zero phase filter,

with its magnitude response in the range of 0 ≤ H(w) ≤ 1.

H(w) = max(0, 1− |D̂(w)|2

|Y (w)|2
)

1
2

(2.14)
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To reconstruct the resulting signal, the phase estimate of the speech is also needed.

A common phase estimation method is to adopt the phase of the noisy signal as

the phase of the estimated clean speech signal, based on the notion that short-term

phase is relatively unimportant to human ears. Then, the speech signal in a frame

is estimated as,

Ŝ(w) = |Ŝ(w)|ej≤Y (w) = H(w)Y (w) (2.15)

The estimated speech waveform is recovered in the time domain by inverse Fourier

transforming Ŝ(w) using an overlap and add approach.

The spectral subtraction method, although it reduces noises significantly, it has

some severe drawbacks. From Equation 2.11, it is clear that the effectiveness of

spectral subtraction is heavily dependent on accurate noise estimation, which is a

difficult task to achieve in most conditions. When the noise estimate is less than

perfect, two major problems occur, namely remnant noise with musical structure

and speech distortion.

Spectral subtractive type algorithms are the family of different variants of the spec-

tral subtraction method, such as spectral over-subtraction, multi-band spectral

subtraction, Wiener filtering, iterative spectral subtraction, and spectral subtrac-

tion based on perceptual properties. Thus, the primary aim of spectral subtractive

type algorithms is to estimate the short-time spectral magnitude of speech by sub-

tracting estimated noise from the noisy speech spectrum, or by multiplying the

noisy spectrum with gain functions and to combine it with the phase of the noisy

speech.

2.2.2 Minimum mean square error based approach

Spectral subtraction is one of the earliest and most extensively studied methods

for speech enhancement. This simple method enhances speech by subtracting a

spectral estimate of noise from the noisy speech spectrum in either the magnitude

or energy domain. Though this method is effective at reducing noise, it suffers

from the problem of musical noise distortion, which is very annoying to listen-

ers. To overcome this problem, work [11] proposed the MMSE short-time spectral

amplitude estimator.
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In the MME method, the modulation magnitude spectrum of clean speech is esti-

mated from noisy observations. The proposed estimator minimises the mean-square

error between the modulation magnitude spectra of clean and estimated speech

ϵ = E[(|Sl(k,m)| − |Ŝl(k,m)|2)2] (2.16)

where E[ · ] denotes the expectation operator. The assumption of the MME based

approach is that:

• Speech and noise are additive in the time domain.

• Their individual short-time spectral components are statistically indepen-

dent, identically distributed, zero-mean Gaussian random variables.

The assumptions are formulated as follows:

|Yl(k)| = |Sl(k)|+ |Dl(k)| (2.17)

where Sl(k,m) and Dl(k,m) are independent individual short-time modulation

spectral components in Gaussian distribution.

• The reasoning for the first assumption is that at high SNRs the phase spec-

trum remains largely unchanged by additive noise distortion [73].

• For the second assumption, it follows the configurations with the prior work

[11], where the central limit theorem is used to justify the statistical inde-

pendence of spectral components of the Fourier transform. This assumption

is valid only in the asymptotic sense for the STFT, that is, when the frame

duration is large. However, work [11] used an acoustic frame duration of

32 ms in their formulation to get good results. Therefore, the MMSE ap-

proach should also make the modulation frame duration to be as large as

possible, however it must not be so large as to be adversely affected by the

non-stationarity of the magnitude spectral sequence.

With the above assumptions in mind, the modulation magnitude spectrum of clean

speech can be estimated from the noisy modulation spectrum under the MMSE
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criterion [11] as

|Ŝl(k,m)| = E[|Sl(k,m)||Yl(k,m)|]

= Gl(k,m)|Yl(k,m)|
(2.18)

where Gl(k,m) is the MMSE-MME spectral gain function given by,

Gl(k,m) =

√
π

2

√
vl(k,m)

rl(k,m)
A[vl(k,m)]

vl(k,m) =
ξl(k,m)

1 + ξl(k,m)
γl(k,m)

A[θ] = EXP (−θ

2
)[(1 + θ)i0(

θ

2
+ θI1(

θ

2
))]

ξl(k,m) =
E[|Sl(k,m)|2]
D[|Sl(k,m)|2]

γl(k,m) =
|Yl(k,m)|2

D[|Sl(k,m)|2]

(2.19)

where I0( · ) and I1( · ) denote the modified Bessel functions of zero and first order,

respectively. In the above equations ξl(k,m) and γl(k,m) are interpreted as the a

priori SNR, and the a posteriori SNR [12], respectively. Since in practice only noisy

speech is observable, the ξl(k,m) and γl(k,m) parameters have to be estimated.

For this task, the decision-directed approach was applied to the short-time spectral

modulation domain [11].

This non-parametric based approach is formulated to estimate the clean speech

spectrum by subtracting an estimate of the noise spectrum from the observation

spectrum. The main drawback of this approach is the appearance of unnatural

sounding artifacts, known as musical noise, which is annoying and unpleasant to

the listeners.

2.3 Deep learning based speech enhancement tech-

nologies

With the advent of deep neural networks (DNNs), learning-based models were ap-

plied to process speech in order to derive clean speech from distorted inputs. Such
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Deep-learning Based Speech Enhancement Technologies

Frequency-domain Time-domain Complex-domain  Hybrid-domain
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Figure 2.3: The classification of the deep-learning-based speech enhancement
technologies into four categories: frequency-domain approaches, time-domain
approaches, complex-domain approaches and hybrid-domain approaches.

models can be grouped into four categories as shown in Figure2.3: frequency-

domain approaches, time-domain approaches, complex-domain approaches and

hybrid-domain approaches.

Frequency-domain approaches. Deep learning based technologies were firstly

explored in the frequency domain, such as feed-forward networks [21–24], recurrent

and long short-term memory (LSTM) networks [2, 25–27], U-Net [74] and spectral

generative adversarial network (GAN) [75], as shown in Figure 5.1 (a). Some stud-

ies [1, 28] reveal that frequency-domain methods have several limitations. First,

short-time Fourier transform (STFT) is a general signal transformation which is

not proved as the most optimal feature extraction for speech enhancement. Second,

accurate reconstruction of the phase for enhanced speech is a difficult problem, and

the erroneous estimation of the phase leads to sub-optimal speech quality [29, 30].

Some post-processing methods are proposed to alleviate this problem by predicting

phase information [31–35], but the final performance is still sub-optimal.

Time-domain approaches. More recent end-to-end frameworks were proposed

to avoid the phase manipulation issue by operating directly on the noisy waveform

and eliminating an explicit STFT, such as fully convolutional networks (FCNs)

[36–38], wave-U-Net architectures [39–43], Conv-Tasnet [1] and others [27, 36, 37,

44, 45], as shown in Figure 5.1 (b). Such time-domain end-to-end approaches can

optimize the whole encoder-decoder-like structure as well as omit the phase esti-

mation. However, as the time-domain encoder and decoder are fully learned from

the training data, they are sensitive to varying testing environments [16, 48, 49].
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Recent studies also [50–52] observed that the time-domain speech separation/en-

hancement frameworks might not always yield good performances when faced with

varying testing scenarios. The problem is in two-folds. First, the convolutional

filters in the time-domain speech encoder fully rely on training data. They cannot

always yield a good decomposition of the input speech compared with the fixed

STFT algorithm when faced with various test data. Second, the end-to-end train-

ing strategy cannot guarantee that the speech encoder and decoder are well trained

in this process, which might also cause the sensitivity of time-domain speech sep-

aration/enhancement frameworks.

Complex-domain approaches. To alleviate this problem, prior works [7, 76]

attempted to design a deep complex convolution recurrent network (DCCRN and

DCCRN+) to optimize a SI-SNR loss, which take complex values of acoustic fea-

tures as inputs. The networks effectively combines the advantages of frequency-

domain acoustic features with the imaginary value of features to predict phase

information. Likewise, another work [77] extends the U-Net architecture and also

utilizes complex values of acoustic features as inputs, named complex U-Net.

Hybrid-domain approaches. Another way is to [3] directly combine the frequency-

domain network and time-domain network as two branches to obtain the balanced

results by averaging the two outputs respectively from the two branches, as shown

in Figure 5.1 (c). Likewise, work [4] combines the frequency-domain network and

time-domain network in a sequence to take advantages of two domains features, as

shown in Figure 5.1 (d). However, such methods have large parameters and their

performance remains sub-optimal.

In this section, we will take four examples to introduce the four types of deep-

learning-based speech enhancement models including: the frequency-domain ap-

proach, time-domain approach, complex-domain approach, and multi-domain ap-

proach.

2.3.1 Frequency-domain approach

We select the bi-directional long-short-term-memory (BLSTM) mask method [2]

as the representative frequency-domain approach in this section. BLSTM is cho-

sen here as it can learn future information of the audio sequences. It is a DNN
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Figure 2.4: The block diagram of (a) frequency-domain speech enhancement
network [2], (b) time-domain speech enhancement network [1], (c) two-branch
multi-domain speech enhancement network [3], and (d) dual-path speech en-

hancement network (DTLN) [4]. x(t) is the noisy speech and ˆs(t) and s̃(t)
denotes the predicted clean speech.

approach operating on spectral features with a mean square error cost function

on a magnitude-spectrum. Enhancement is performed by predicting a mask to

suppress unwanted signals in the spectrum domain. The final enhanced signal is

reconstructed using the processed spectrum with noisy phase.

Figure 2.5 shows the overview of the BLSTM-mask approach. The input to the

system is shown at the bottom of the figure. They applied 512-point STFT and

half shifted size to extract features. Therefore, the magnitude spectrum features

have a vertical axis of 256 (dimension), and a horizontal axis of speech frames,

in the frequency domain. The system operates on utterance level using blocks of

68 speech frames (each of about 1 second). The frames are fed into 3 layers of

the BLSTM module before the final linear layer which produces the same-sized 68

frames × 256 mask. This mask is combined with the noisy spectrum to produce

the estimated clean spectrum. During training, the linear layer and LSTM layers

are optimized to reduce mean square error between the clean and noisy spectrum.

Mish [5] is utilized as the activation function for the linear layer, which is defined

as follows:

Mish(x) = x× tanh(ln(1 + ex)) (2.20)

The curve of the Mish activation function is shown in Figure 2.6

Compared with Mish activation function, ReLU [6] has an order of continuity of

zero, i.e it is not continuously differential as shown in Figure 2.7, which may cause

some problems for gradient-based optimization.
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Figure 2.5: The block diagram of a BLSTM-mask based speech enhancement
network [2].

⊗
denotes the element-wise multiplication.

Figure 2.6: The illustration of the Mish activation function [5]. X-axis denotes
the input values of Mish function and Y-axis is the output results of the activation
function.

2.3.2 Time-domain approach

We will now introduce Conv-TasNet [1], which is proposed to solve the problem

of reusing noisy inputs when reconstructing signals from spectra in frequency-

domain methods. We select the Conv-TasNet [1] method as the representative

time-domain approach because its good performances in speech enhancement task.

The convolutional encoder and decoder were proposed to replace typical STFT and
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Figure 2.7: The illustration of the ReLU activation function [6]. X-axis de-
notes the input values of ReLU function and Y-axis is the output results of the
activation function.

iSTFT operations in frequency-domain methods to extract spectrum-like features.

The extracted spectrum-like features were then separated by the enhancement

module (i.e., mask) into individual speech and recovered to signals as the decoder.

The Conv-TasNet operates directly on raw waveforms and is optimized by the

SI-SNR loss function. This approach shows good performance in both speech

enhancement and separation tasks.

Figure 2.8 shows the structure of the Conv-TasNet. Specifically, the input noisy

signal x(t) is encoded to a representation A by the speech encoder. Such encoder

consists of a 1-D convolutional layer, which has 512 filters with 16 samples filter

size and 8 samples filter stride, followed by a rectified linear unit (ReLU) active

function. Then representation A is fed into the mask estimation module, which

consists of several temporal convolutional network (TCN) as illustrated in the

right-hand portion of Figure 2.8.

The encoder representation is first performed zero-mean normalization on the chan-

nel dimension, and scaled by the learnable bias and gain variables. Then, such

representations are adjusted the number of channels by a 1×1 convolutional layer

with 128 filters. To learn the long-range temporal information of the speech with

few parameters, dilated convolutional layers are stacked in several TCNs with ex-

ponentially increased dilation factor. In each TCN block, two 1×1 CNNs and

one dilated convolutional layer are utilized with a parametric rectified linear unit

(PReLU) activation function and normalization operation. The first 1×1 CNN
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Figure 2.8: The block diagrams of (A) the workflow of the Conv-TasNet, (B)
the structure of the Conv-TasNet, and (C) the structure of 1-D convolutional
block. The encoder extracts a high-dimensional acoustic representation from
noisy waveforms and a separation module predicts a mask for noisy acoustic
representation. The decoder reconstructs cleaned waveforms from the represen-
tations after the mask. Different dilation factors are presented by different colors
in the Conv-TasNet. This diagram is re-drawn from the prior work [1].

(with 512 filters and 1×1 kernel size) determines the input channels and the sec-

ond 1×1 CNN (with 128 filters and 1×1 kernel size) adjusts the output channels

from the dilated convolutional layer (with 512 filters and 1*3 kernel size).

Eight TCNs are formed as a group and each group is repeated for 3 times in the

mask estimation module. In each group, we increase the dilation factors of the

depth-wise convolutions in the 8 TCNs as [20, . . . , 2b−1]. To keep the dimension of

the estimated mask M in consistent with the encoder representations, one 1 × 1

CNN (with 512 filters and 1×1 kernel size) is applied with a sigmoid activation

function to ensure that the estimated mask M ranges within [0, 1].

In the training stage, the initial learning rate is set to 1e-3 and ADAM is utilized

as the optimizer. The objective function is the scale invariant source-to-noise ratio

(SI-SNR), which can acquire better speech quality in this framework. The SI-SNR

is defined as:

ρ(ŝ, s) = 10 log10(
∥ ⟨ŝ,s⟩⟨s,s⟩s∥

2

∥ ⟨ŝ,s⟩⟨s,s⟩s− ŝ∥2
) (2.21)
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Figure 2.9: The block diagrams of DCCRN network. This diagram is re-drawn
from the prior work [7].
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Figure 2.10: The block diagrams of a) complex convolution and b) complex
encoder [7].

where ŝ is the enhanced signals and s is clean labels of noisy inputs. ⟨, ⟩ conducts

the inner product. The signals ŝ and s are conducted zero-normalization to ensure

scale invariance.

2.3.3 Complex-domain approach

In this section, we will introduce a deep complex convolution recurrent network as

the representative complex-domain approach [7].

Prior work [78] recently proposed one encoder with two decoders structure to learn

the real and imaginary parts of complex STFT spectrograms from the noisy in-

put to clean labels. Different from the traditional magnitude-only target, model-

ing magnitude and phase together improves the speech performances significantly.

However, this work treats real and imaginary parts as two separate inputs. The

convolution operation is real-valued, which does not fully utilize the information
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of complex spectrum. In this way, the knowledge between the real and imaginary

parts are not learned by the network.

To alleviate such problem, the complex convolutional layer and the complex batch

normalization layer are introduced in the encoder/decoder of the DCCRN method.

Likewise, complex LSTM replaces the real-valued LSTM. Therefore, the com-

plex network could learn the correlated knowledge between magnitude and phase.

Specifically, the encoder extracts high-level acoustic features from the input and

the decoder reconstructs the enhanced features back to the original input. The

Conv2d block of encoder/decoder consists of a convolution/deconvolution layer

with a batch normalization operation and ReLU active function. The complex

batch normalization and PReLU follow the implementation of prior work. Skip-

connection concentrates the encoder and decoder to speed up the training process.

The complex-valued convolutional filter W is defined as,

W = Wr + jWi (2.22)

where Wr and Wi denotes the real-valued matrices of a complex convolution kernel,

respectively. Therefore, the input complex matrix is defined as,

X = Xr + jXi (2.23)

Thus, the complex output Y produced by the complex convolution operation

X
⊗

W is defined as:

Fout = (Xr ×Wr −Xi ×Wi) + j(Xr ×Wi + Xi ×Wr) (2.24)

where Fout is the output feature. Likewise, complex LSTM output Fout can be

defined with the real and imaginary parts of the complex input Xr and Xi, :

Frr = LSTMr(Xr);

Fir = LSTMr(Xi);

Fri = LSTMi(Xr);

Fii = LSTMi(Xi);

Fout = (Frr − Fii) + j(Fri + Fir)

(2.25)
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Figure 2.11: The block diagram of the multi-domain processing via hybrid
denoising (MDPHD) network. The networks in same color share the parame-
ters with each other. The frequency-domain network extracts acoustic features
directly from waveforms via the short time Fourier transform (STFT). The en-
hanced speech is reconstructed to time-domain signals via the inverse short time
Fourier transform (iSTFT). This diagram is re-drawn from the prior work [3].

where LSTMr and LSTMi are two traditional LSTMs of real part and imaginary

part.

2.3.4 Multi-domain approach

In this section, we will introduce a multi-domain processing via hybrid denoising

network (MDPHD) as the representative multi-domain approach [3].

Specifically, the MDPHD method consists of two branching workflow: the time-

domain branch and the frequency-domain branch, as shown in Figure 2.11. The

time-domain branch follows the implementation of Conv-TasNet [1] structure, which

proposes 1-D dilated convolutional layer to learn long-range knowledge of inputs.

For the frequency-domain network, a U-Net structure [77] based on 2-D convo-

lutional layers is employed [79, 80] to learn an ideal ratio mask (IRM) for noisy

inputs. The noises can be removed by multiplying the estimated mask to the noisy

spectrogram in frequency space.

At the training stage, the energy-conserving loss function for each of the two

branches is utilized, which take consideration of speech and noise signals together.

Suppose that the noisy input y is mixed by clean speech s and noise d, the enhanced

speech is denoted by ŝ. Thus, the loss function is formulated as:

L(y, s, d, ŝ) = ∥s− ŝ∥1 + ∥d− d̂1∥ (2.26)

where d̂ = y − ŝ is the predicted noise signal. ∥ · ∥1 is l1 norm.
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To balance the contribution of two branches, the loss L(x, s, n, ŝi,mid) is introduced

at the intermediate conjunction. ŝi,mid is the output of the former network. In

addition, the entire model switches the sequential order of each component for

fully training. As the time and frequency domain networks are hybridized in a

cascaded way, the final objective of the hybrid model is defined as,

minθ

∑
i=1,2

L(y, s, d, ŝi,mid) +
∑
i=1,2

L(y, s, d, ŝi) (2.27)

where θ are parameters of the whole network.

At the testing stage, either a single path result or the averaged results can be used.

In this work, the averaged output shows the best performance.

2.4 Limitations of current speech enhancement

technologies

In this section, we will summarize the limitations of the current deep-learning-based

speech enhancement technologies including frequency-domain approaches, time-

domain approaches, complex-domain approaches and multi-domain approaches.

Limitations of frequency-domain approaches. Frequency-domain approaches

usually transform time-domain waveforms to frequency-domain features via the

STFT, which can produce stable acoustic features for subsequent masking pre-

dicting. However, some studies [1, 28] find that frequency-domain methods have

several unavoidable limitations. First, STFT is a generic signal transformation

for all speech tasks, which might not be the most suitable feature transformation

approach for speech enhancement. Second, frequency-domain approaches usually

ignore phase information when extracting the frequency-domain spectrum. Al-

though methods for phase reconstruction can be applied to alleviate this issue

[31–35], the erroneous estimation of the phase introduces an upper bound on the

accuracy of the reconstructed audio [29, 30]. This issue is evident by imperfect

reconstruction even when the ideal clean magnitude spectrograms are utilized.

Limitations of time-domain approaches. Due to the unavoidable limitations

of frequency-domain techniques, time-domain approaches are proposed to avoid
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the phase manipulation issue by operating directly on the noisy waveform and

eliminating an explicit STFT, so that the whole encoder-decoder-like structure

can be optimized while omit the phase estimation. However, as the time-domain

encoder and decoder are fully learned from the training data, they are sensitive to

varying testing environments [16, 48, 49]. Recent studies also [50–52] observed that

time-domain speech separation/enhancement frameworks might not always yield

good performances facing varying testing scenarios. The reason for this problem

is in two-folds. First, the convolutional filters in the time-domain speech encoder

fully rely on training data. They cannot always yield a good decomposition of the

input speech compared with the fixed STFT algorithm when faced with various test

data. Second, the end-to-end training strategy cannot guarantee that the speech

encoder and decoder are well trained through this process, which might also cause

the sensitivity of time-domain speech separation/enhancement frameworks.

Limitations of complex-domain approaches. Complex-domain technologies

process the real and imaginary values of the spectrum features via deep learning

networks, therefore, phase information can also be predicted accurately. However,

as real and imaginary are processed separately, the models usually require more

memory during processing than the single network.

Limitations of multi-domain approaches. As time-domain techniques are

sensitive to varying testing environments, multi-domain approaches are proposed

to combine frequency-domain approaches and time-domain approaches to improve

the robustness of the models. Current studies take a combination of two ways:

cascade combination [3] and parallel combination [4]. However, as two domain

network are combined, the resulting multi-domain models are usually huge, leading

to increases in training time. Current performance of such methods remains sub-

optimal. Smarter combination of frequency-domain approaches and time-domain

approaches are still being explored.

In addition to the above inherent limitations of frequency-/time-/multi-domain

frameworks, the mismatch problem is the common issue that speech enhancement

techniques are facing as learning-based speech enhancement approaches usually

assume that the training and testing data have the same probability distribution.

However, practical scenarios often fail to meet this assumption. Therefore, speech

enhancement performance may degrade significantly in face of mismatched scenar-

ios at run-time. Many factors cause the mismatch problem in speech enhancement,
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such as unseen speakers, unseen accents, unseen noises in the testset, the channel

effect and the sensitive time-domain encoder/decoder. This research focuses on

solving the problem of mismatch caused by the last three factors in speech en-

hancement models.

2.5 Summary

This chapter first introduces the basic information of speech enhancement, includ-

ing the definition, the commonly-used corpus and the evaluation metrics. We then

briefly describe the two representative approaches for speech enhancement mod-

els used prior to the deep learning era (i.e., spectral subtraction approach and

minimum mean square error based approach) and the four deep-learning-based

models (i.e., frequency-domain approach, time-domain approach, complex-domain

and multi-domain approach). Finally, we analyse the limitations of the current

deep-learning-based approaches and point out which problem this thesis will focus

on.



Chapter 3

Speech Enhancement with

Adversarial Training

This chapter1 focuses on alleviating the mismatch problem caused by unseen noises

in the testset. Our solutions consider two practical scenarios: with the target-

domain data and without the target domain data. One proposed approach utilizes

the adversarial training strategy for speech enhancement to learn the domain-

agnostic features under the condition with the target-domain data. The other pro-

posed approach attempts to learn the noise-agnostic features with the adversarial

training under the condition without the target-domain data.

Section 3.1 introduces the motivation of two proposed frameworks and related

studies. Section 3.2 presents the proposed domain adversarial training approach

for speech enhancement (SE-DAT) under the condition that only the noisy target-

domain data is available. Section 3.3 describes the proposed disentangled feature

learning approach with the adversarial training strategy (NAT-SE) under the con-

dition that no target-domain data is available. Section 3.4 concludes this chapter.

3.1 Motivation

Speech enhancement techniques aim to reduce abundant background noise to speech

signals for better speech intelligibility and quality. As discussed in Chapter 1.1, for

1The works in this chapter have been published in [81, 82]

33
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such machine learning tasks, the training and testing data are usually assumed to

have the same probability distribution. However, practical scenarios often fail to

meet this assumption, which is commonly caused by the unseen data in the testset.

As a result, speech enhancement performance may degrade significantly in face of

such unseen noises at run-time.

To address the mismatch problem caused by unseen noises in the testset, some

techniques have been studied to adapt or transfer the speech enhancement model

to unseen conditions, such as domain adaptation [81, 83, 84] and teacher-student

learning [85–87].

Domain adaptation techniques aims to adapt a model trained under one training

condition (i.e., the source domain) towards another testing condition (i.e., the

target domain). For example, the study in [46] suggests adapting the last layers

of pre-trained speech enhancement generative adversarial network (SEGAN) with

the dataset of new language and noise to reduce the mismatch between different

languages and noise, but this technique asks for clean-noisy parallel speech data in

target domain that are not always available in practice.

Teacher-student learning techniques [85–87] transfer the invariant-knowledge from

source domain to target domain, or teacher to student. The student model, there-

fore, is taught to keep the invariant-knowledge from the teacher model and adapt

to the variations in the target domain. However, such teacher-student learning

based techniques also require the auxiliary information like the transcripts, which

might be not always available in the speech enhancement corpus.

In this chapter, we aim to alleviate the mismatch problem caused by unseen noises

under two practical scenarios: with the noisy target-domain data and without any

target-domain data.

• If only noisy target-domain data is available, we propose a domain transfer

approach by adapting the enhancement net without the need of clean-noisy

parallel speech data in the target domain. In our scenarios, the training

data in source domain consist of clean-noisy speech pairs, but those in the

target domain only consist of noisy speech. We propose a complete pipeline

to overcome the mismatch across domain, that we call domain adversarial

training approach to speech enhancement (SE-DAT).
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• If no target-domain data is available, we propose a network architecture with

noise adversarial training (NAT-SE) to derive noise-agnostic feature repre-

sentations. The network seeks to address the unseen noise problem in the

target domain without the need of any target domain data.

The two proposed architectures will be introduced in the following Section 3.2 and

Section 3.3, respectively.

3.2 SE-DAT with target-domain data

Recently in image processing, the domain adaptation technique [88] is utilized

to adapt features with a domain discriminator structure via domain adversarial

training (DAT) in face of test data in the new domain. In speech and speaker

recognition, it was used to adapt acoustic models or produce speaker-invariant

features to overcome the mismatch between training and testing [84, 89, 90].

Inspired by prior study in DAT, we propose a domain adversarial training approach

for speech enhancement. It has the following main advantages:

• SE-DAT can be adapted to target domain with only noisy speech data, with-

out the need of clean-noisy speech pairs.

• SE-DAT architecture is concise and requires no deep structure like feature

extractor in the work [83] to learn adapted feature representation.

• We also introduce the dynamic features [91, 92] into SE-DAT, which takes

the temporal context of features into consideration to ensure the continuity

of the enhanced speech [93, 94].

3.2.1 The proposed architecture

Specifically, we assume the model learns the mapping between noisy speech sample

x ∈ X and its corresponding clean sample y ∈ Y . y and x form a clean-noisy

speech pair. We also assume that the noisy sample x and its clean sample y belong

to a distribution S(x, y), also called source domain. Suppose that we now have
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Figure 3.1: SE-DAT includes two parts, an enhancement net E (green) that
generates the enhanced speech and a domain predictor D (blue) that distin-
guishes between domains the input comes from. The two parts are jointly trained
to minimize the loss of the enhancement net LE and to maximize the loss of the
domain predictor LD at the same time through a GRL.

some noisy speech samples in the new domain without the corresponding clean

speech samples, we hope to adapt the model so that it works both in the source

domain and the new domain. The unpaired dataset is assumed to belong to the

other distribution T (x, y), also called target domain. Finally, we assign the binary

domain label, d ∈ [0, 1], to each noisy sample at the training stage to indicate

which domain the noisy samples come from. We illustrate the proposed technique

in Figure 3.1.

3.2.1.1 Dynamic features

In the training process, the training speech data from both the source domain

and the target domain are extracted with a shifting window into static log-power-

spectrum (LPS) features, that is also called the static feature. LPS is selected here

as it can convert a linear power spectrum into a logarithmic space. A frame of

speech is represented by a vector of static features. A limitation of using only LPS
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features is that each frame is represented independently and we cannot guarantee

that the produced frame sequence is smooth and sounds natural. Hence, we intro-

duce the dynamic features [91, 92] that take the temporal context of features into

consideration. In this work, the dynamic features are the derivatives of the LPS

features, including delta features (first-order time derivatives) and acceleration fea-

tures (second-order time derivatives). We can approximate the delta features and

acceleration features as follows:

fD(t) =

∑L
l=1 l ∗ (fS(t + l)− fS(t− l))∑L

l=1 2l2
(3.1)

where fS(t) and fD(t) are the static feature and the delta feature respectively at

frame t. L is the order of computing the derivatives and is set to 2 in this study.

The acceleration features denoted as fA are obtained by applying equation (3.1)

on the delta features fD. The original LPS feature, delta feature, and acceleration

feature jointly form a new feature F = [fS, fD, fA] for a speech frame.

3.2.1.2 The enhancement net

The enhancement net E aims to map input noisy speech to clean speech by esti-

mating a mask, where one bidirectional long short-term memory (BLSTM) layer

produces the adapted representations v for input feature frame F = [fS, fD, fA].

Such representations v is used by two nets: the enhancement net E and the domain

predictor D. In the enhancement net E, suppose that the representations vi of in-

put sample xi arrives from the source domain, we take the dot product between

the static LPS feature fS and its estimated mask. We then take the enhanced

static feature ŷS to obtain its dynamic features ŷD and ŷA according to equation

(3.1). Finally, we compute the spectrum approximation loss between the enhanced

feature frame ŷ = [ŷS, ŷD, ŷA] and the corresponding clean feature frame.

The spectrum approximation loss for enhancement net E [92] is given as follows:

LE(θf , θe) = ∥ŷS − yS∥2F + wD∥ŷD − yD∥2F
+ wA∥ŷA − yA∥2F

(3.2)

where θf and θe are parameters of the BLSTM layer and the rest enhancement

net respectively. ∥ · ∥F is the Frobenius norm. wD and wA are the weights of cost
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contributed by the delta and acceleration features. Besides, if the representations

vi for input sample xi arrives from the target domain (without the paired clean-

noisy speech), we don’t calculate the loss LE for this input noisy sample due to no

clean reference.

3.2.1.3 The domain predictor

SE-DAT aims to overcomes the mismatch between the source and target domain

without the need of clean-noisy parallel data, which is achieved by the domain

predictor. In domain predictor D, we set the i-th domain label as di for the

representation vi to indicate where vi comes from. If vi comes from the source

domain, di is set to 0 (if vi ∼ S(v), set di = 0), otherwise di is set to 1 (if

vi ∼ T (v), set di = 1). The cross-entropy loss for domain predictor D is defined

as:

LD(θf , θd) = − 1

N

N∑
i=1

[di logP (vi ∈ S(v))

+ (1− di) logP (vi ∈ T (v))]

(3.3)

where θf and θd are parameters of the BLSTM layer and the domain predictor D

respectively. N is the number of input training samples.

We now jointly train the two parts: the enhancement net E and the domain pre-

dictor D for 1) seeking the parameters θf to maximize the loss of the domain

predictor D, 2) simultaneously seeking the parameters θd to minimize the loss of

domain predictor D, and 3) seeking θe to minimize the loss of the enhancement

net E. Such optimization can be achieved by the gradient reversal layer (GRL).

The role of GRL is an identity transform during the forward propagation. During

the backpropagation, the GRL multiplies the gradient from the domain predictor

D by −λ and then passes it to the BLSTM layer. The whole cost function of the

SE-DAT is formulated below:

L(θf , θe, θd) = LE(θf , θe)− λLD(θf , θd) (3.4)
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where λ is the gradient reversal coefficient that controls the trade-off between two

objectives during training. λ is defined as:

λ =
2

1 + exp (−10 ∗ j+k∗J
K∗J )

− 1 (3.5)

where j denotes the index of current batch and J is the total number of batches.

k presents the index of current epoch and K is the total number of epochs. In this

way, standard stochastic gradient solvers (SGD) can be applied for the search of

the best parameters (θf , θe, θd) as follows:

θf ← θf − µ(
∂LE

∂θf
− λ

∂LD

∂θf
)

θe ← θe − µ
∂LE

∂θe

θd ← θd − µ
∂LD

∂θd

(3.6)

where µ is the learning rate.

At the testing stage, only the noisy speech is enhanced by the enhancement net E,

while the domain predictor D is discarded.

3.2.2 Experiments and results

We would like to validate the proposed SE-DAT by adapting the enhancement net

from source domain to target domain.

3.2.2.1 Database

We conduct experiments of SE-DAT on two corpora: one is CHiME-4 dataset [95];

the other is the dataset released by Cassia Valentini-Botinhao [96], which is same

in SEGAN [42] and Wave-U-Net [39], referred to as VCTK dataset hereafter. We

use CHiME-4 dataset as source domain data and VCTK dataset as target domain

data in order to validate SE-DAT in reducing the mismatch across domains.

Source domain: CHiME-4 dataset

In the CHiME-4 dataset, the simulated data are generated by artificially mixing

clean speech data with noisy backgrounds of four types, i.e. cafe, bus, street, and
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Figure 3.2: The statistics of noise types of CHiME4 dataset (left) and VCTK
dataset (right).

pedestrian area. We use the simulated training set (7,128 utterances) and simulated

development set (1,600 utterances) as source domain data.

Target domain: VCTK dataset

The VCTK dataset considers a total of 40 different conditions [96]. Specifically, it

has 10 types of noise, including 2 artificial noises and 8 from the Demand database

[54]. These noises are mixed with clean data by 4 signal-to-noise ratio: 15dB,

10dB, 5dB, and 0dB. There are 14 male and 14 female training speakers. We use

the VCTK dataset at a ratio of 9:1 as the training set (10,415 utterances) and

development set (1,157 utterances). Likewise, the test set considers a total of 20

different conditions [96]. It includes 5 types of noise mixed by 4 SNR: 17.5dB,

12.5dB, 7.5dB, and 2.5dB, with 1 male and 1 female test speakers.

As shown in Figure 3.2, the conditions of the CHiME-4 dataset and the VCTK

dataset are different in noise types. Besides, the training speakers and SNR are

totally different, which fits our purpose: evaluating the effectiveness of SE-DAT in

reducing the mismatch between two different domains. To show the effectiveness

of DAT, we use VCTK dataset in the noisy target domain without the need of its

corresponding clean speech.

3.2.2.2 Experimental setup

The two datasets are sampled at 16 kHz sampling rate and 16 bits/sample. We ap-

plied 512-point STFT to extract LPS, the delta features and acceleration features.

One BLSTM layer is used with 512 units, which is followed by one feed-forward

layer of 257 logistic units with sigmoid activation in enhancement net E. The
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domain predictor D consists of three feed-forward layers with two ReLU activa-

tions and one softmax activation. The learning rate µ equals 0.001, and the batch

size is 32. The weights for delta features wD and for acceleration features wA

are empirically set to 4.5 and 10.0 respectively [93, 97]. Early stop and learning

rate adjustment strategy are also adopted in the experiments. The start halving

improvement, halving factor and the end halving improvement are 0.003, 0.5 and

0.001 respectively.

To evaluate SE-DAT, two models were trained using aforementioned datasets:

• SE-DAT-0: The model, with λ set to 0, is trained only on source domain

CHiME-4 data (with clean-noisy parallel data) and tested on target domain

VCTK test set. This model serves as the reference baseline for testing, where

model adaptation is no attempted.

• SE-DAT: SE-DAT is trained by both source domain CHiME-4 data (with

clean-noisy parallel data) and target domain VCTK data (noisy speech with-

out clean speech counterpart) to verify the effectiveness, which attempts to

use the noisy target domain data to overcome the mismatch across domains.

3.2.2.3 Results

In this work, we compute the following objective measures. All metrics compare

the enhanced signal with the clean reference on the VCTK test set (824 utterances),

using the tookit in [73].

• PESQ: Perceptual evaluation of speech quality, ranging from -0.5 to 4.5,

which is calculated by the wide-band version recommended in ITU-T P.862.2

[98].

• CSIG: Mean opinion score (MOS) prediction of the signal distortion compared

with the speech signal [99], ranging from from 1 to 5.

• CBAK: MOS prediction of background noise compared with the speech signal

[99], ranging from from 1 to 5.

• COVL: MOS prediction of the overall effect [99], ranging from from 1 to 5.
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Table 3.1: Comparisons with SE-DAT-0 and SE-DAT in terms of the PESQ,
CSIG, CBAK, COVL and SSNR scores on VCTK test set. “Zero-effort” means
that we use the untreated noisy speech of VCTK test set. Higher scores are
better for all metrics.

Method PESQ CSIG CBAK COVL SSNR

Zero-effort 1.97 3.35 2.44 2.63 1.68
SE-DAT-0 2.12 3.38 2.46 2.66 1.76
SE-DAT 2.26 3.72 2.77 2.98 4.11

(a)

(b)

(c)

(d)

Figure 3.3: Comparisons of spectra. (a) denotes the spectrum of the noisy
speech and (b) is the spectrum of the corresponding enhanced speech by SE-
DAT-0. (c) represents the spectrum of the corresponding enhanced speech by
SE-DAT and (d) is the spectrum of the corresponding clean speech.

• SSNR: Segmental SNR [100] (from 0 to ∞).

Effect of the SE-DAT:

As shown in Table 3.1, we note that SE-DAT-0 trained on CHiME4 simulated

training set alone does not perform well on the VCTK test set in the new domain.
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Table 3.2: Training details of different methods on VCTK dataset.

Method Training set Clean for supervision Feature domain Test set

SEGAN [46] VCTK set Yes time domain VCTK test set
CNN-GAN [75] VCTK set Yes frequency domain VCTK test set

Wave-U-NET [39] VCTK set Yes time domain VCTK test set

SE-DAT
CHiME4 simu set for source domain

VCTK set for target domain
Yes for source domain
No for target domain

frequency domain VCTK test set

Table 3.3: Comparisons with different methods in terms of the PESQ, CSIG,
CBAK, COVL and SSNR scores on VCTK test set. “Zero-effort” means that
we use the untreated noisy speech of VCTK test set.

Method Training PESQ CSIG CBAK COVL SSNR

Zero-effort – 1.97 3.35 2.44 2.63 1.68
Wiener [101] – 2.22 3.23 2.68 2.67 5.07
SEGAN [46] supervised 2.16 3.48 2.94 2.80 7.73

CNN-SEGAN [75] supervised 2.34 3.55 2.95 2.92 –
Wave-U-Net [39] supervised 2.40 3.52 3.24 2.96 9.97

SE-DAT unsupervised 2.26 3.72 2.77 2.98 4.11

With the domain mismatch, we observe that the performance of SE-DAT-0 is al-

most same as the noisy speech without enhancement. By applying DAT, we observe

that the proposed SE-DAT approach drastically improves all the performance when

we train only on noisy target domain data.

To further showcase the ability of SE-DAT, a speech utterance (spectrum) from

VCTK test set is shown in Figure 3.3. The original noisy speech is shown in (a)

and the corresponding clean speech is in (d). We observe in (b) that SE-DAT-0

cannot reduce the noise effectively in unseen speech of the new domain and most of

the noise components still remain. By contrast, despite training without the clean

speech utterances in the new domain, the proposed SE-DAT still can significantly

remove the noise components as shown in (c).

Benchmark against the baselines:

We further compare the proposed SE-DAT with some recent methods conducted

on VCTK dataset although this comparison is not fair. As shown in Table 3.2, the

methods like SEGAN, CNN-GAN, and Wave-U-Net are all trained using clean-

noisy paired VCTK speech to supervise the learning of the network without mis-

match problem. We are glad to see that the proposed SE-DAT transferred the

knowledge from the source domain to the target domain without supervision in-

formation from clean speech in the target domain as reference during training. In

addition, SEGAN and CNN-GAN directly extract the features from time domain,

which means there is no phase problem. CNN-GAN and the proposed SE-DAT
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Figure 3.4: Results of the quality preference test with 95% confidence intervals
for different methods.

use the spectrum features through STFT and re-use the phase of noisy speech. As

shown in Table 3.3, despite the unfair conditions, the proposed SE-DAT still per-

forms better in CSIG and COVL, which means it produces less speech distortion

and achieves a better overall quality.

Subjective evaluation:

The AB preference test was conducted to assess the subjective perceptual quality

of the enhanced speech. In the AB preference test, each paired samples A and

B were randomly selected from the proposed SE-DAT model and the SE-DAT-0

model. 10 subjects participated in the preference test. Each listener was asked to

choose the sample with better quality from each pair. We encourage subjects to

wear headphones. The samples are randomly presented without framing sounds.

Repetition are allowed and forced choice is applied. The subjective results of

quality preference test are presented in Figure 3.4. The results suggest that the

speech quality of SE-DAT significantly outperforms that of SE-DAT-0.

3.3 NAT-SE without target-domain data

To alleviate the mismatch problem caused by unseen noises without target-domain

data, we propose a disentangled feature learning framework for speech enhancement

(NAT-SE) with adversarial training under the condition without target-domain

data. The NAT speech enhancement, or NAT-SE in short, network adopts an

encoder-masking-decoder architecture as the generator and a noise type classi-

fier with a gradient reversal layer (GRL) as the disentangler. The disentangler

removes the unspecified noise factors from the feature representation, and the de-

coder ensures that the feature representation maintains the clean speech content.

Specifically, the noise factor is encoded via the classification task to distinguish
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Figure 3.5: Block diagram of the proposed NAT-SE. ⊗ is the element-wise
multiplication. LE denotes the enhancement loss of SI-SDR and LC is the cross-
entropy loss of the noise classifier. λ is the positive gradient reversal coefficient.

various type of noises. Such noise factor is then removed from the encoded feature

representations with the gradient reversal layer.

3.3.1 The proposed architecture

The proposed noise adversarial training speech enhancement (NAT-SE) framework

consists of four modules: encoder, temporal convolutional network (TCN) based

mask estimator, disentangler and decoder, as illustrated in Figure 3.5.

The convolutional encoder, consisting of several 1-D convolutional layers, extracts

acoustic features from the noisy waveforms x, which is widely used in enhancement

and separation tasks [1, 102]. We firstly employ filter length (2 samples) with a

stride same as the filter length in each layer of the encoder. The number of filters

in the last encoder layer is set to 512 and is halved successively in early layers. As

the stride is set as 2 in the 1-D convolutional layers, the temporal dimension of
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features is halved after a 1-D layer upwards in the multi-layer encoder, and doubled

after a 1-D layer upwards in the multi-layer decoder as in Figure 3.5.

Then, the disentangler module attempts to predict the type of noises in encoded

representations. With the GRL, the encoder, therefore, is updated in opposition

of classification task and learn the noise-agnostic features. Meanwhile, the TCN

is utilized to predict the mask for the noise-agnostic features to filter out the

residual noise. Finally, a transposed-convolutional decoder reconstructs the speech

waveform from the enhanced features. The details of the disentangler and the

TCN-based mask estimator are described as follows.

3.3.1.1 Disentangler

The disentangler module (DM) is designed to predict the types of noises in the

encoded representations via the noise classifier in the forward propagation and

force the encoder to generate the noise-agnostic features via the GRL in the back-

propagation. In the training process, no target-domain data is required. Specif-

ically, the disentangler module consists of a GRL, a mean pooling layer and a

classifier. The role of GRL is an identity transform during the forward propaga-

tion. During the back-propagation, the GRL multiplies the gradient from the noise

classifier C by -λ and then passes it to the encoder, where λ is the positive gradient

reversal coefficient. The classifier consists of three linear layers and the third layer

uses the softmax activation function to classify the type of noises. We adopt the

cross-entropy loss LC(ẑ, z) for the noise classifier, where ẑ and z are the predicted

noise types and the real noise labels.

3.3.1.2 TCN-based mask estimator

The TCN-based mask is designed to suppress the additive noise in encoded repre-

sentations. Similar to Conv-TasNet [1], the mask estimation module consists of a

temporal convolutional network (TCN). As shown in Figure 4.3, the encoded repre-

sentation firstly performs mean and variance normalization on channel dimension,

which is scaled by the trainable bias and gain parameters. Then, a 1 × 1 CNN

with N = 128 filters adjusts the numbers of input channels. To learn the long-

range temporal information of the speech with few parameters, we stack dilated
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Figure 3.6: Block diagram of the temporal convolutional network (TCN). “tcb-
2b−1” denotes a temporal convolutional block (TCB) with the dilation of 2b−1,
where b is the total number of the TCB. “D-conv” is the dilated depthwise con-
volutional layers stacked in several TCBs to exponentially increase the dilation
factors.

⊕
is the residual connection.

depthwise convolutional layers “D-conv” in several temporal convolutional blocks

(TCB) with exponentially increased dilation factor [20, . . . , 2b−1]. In this work,

b = 8 TCBs are formed as a batch and each batch is repeated for r = 3 times

in the TCN-based mask. To keep the TCN-based mask in a consistent dimension

with the input features, one 1 × 1 CNN (with 512 filters and 1 × 1 kernel size) is

applied with a sigmoid activation function for ensuring that the estimated mask

ranges within [0, 1].

3.3.1.3 Adversarial training strategy

NAT-SE adopts the following optimization strategies: 1) seeking θed, the parame-

ters of the basic encoder-masking-decoder structure, to minimize the enhancement

loss LE via scale-invariant signal-to-distortion ratio (SI-SDR), 2) simultaneously

seeking θc, the parameters of the classifier, to minimize the cross-entropy loss of the

classification task LC , 3) seeking θe, the parameters of the encoder, to maximize

the cross-entropy loss of the classification task LC . Such optimization is achieved

by the adversarial training with the GRL. The whole cost function L is formulated

below:

L(θed, θc, θe) = LE(θed)− λLC(θc, θe) (3.7)
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where λ is the positive gradient reversal coefficient that controls the trade-off be-

tween two objectives during training. The disentangler module is not involved

during inference.

3.3.2 Experiments and results

3.3.2.1 Database

We conduct experiments on a publicly available dataset (old version)2, which con-

sists of 11, 572 mono audio samples for training and 824 mono audio samples for

testing at sampling rate of 16 kHz [96]. The training dataset consists of 10 noise

types, and the test dataset consists of 5 unseen noise types. The unseen noise

represents a major source of mismatch between training and test data.

3.3.2.2 Experimental setup

Network configuration:

During the training stage, the noisy waveform is segmented into 1-second frames

for batch training. λ is empirically set to 0.5 in the training. The number of

filters in the last encoder layer is set to 512 and is halved in early layers. For

example, the numbers of filters in the encoder with 4 convolutional layers are set

to 64, 128, 256, 512. The Adam algorithm optimizes the network. The learning rate

is set to 0.001, which is halved once the loss increases on the development set for at

least 3 epochs. We also apply early stopping scheme as soon as the loss increases

on the development set for 20 epochs.

Evaluation metrics:

We report the performances in terms of the following metrics. PESQ [98] stands for

perceptual evaluation of the speech quality, ranging from -0.5 to 4.5. Three objec-

tive metrics that approximate mean opinion scores (MOSs) [99]: CSIG, CBAK and

COVL. They are designed for signal distortion evaluation, noise distortion evalu-

ation, and overall quality evaluation, respectively. Segmental signal-to-noise ratio

(SSNR) and signal-to-distortion ratio (SDR) are also conducted for measuring the

2https://datashare.is.ed.ac.uk/handle/10283/1942

https://datashare.is.ed.ac.uk/handle/10283/1942
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Figure 3.7: The spectrograms of a sample (p232 013.wav) in the test set for (a)
noisy input, (b) the best baseline Conv-TasNet, (c) enhanced result of NAT-SE
and (d) clean signal (ground-truth).

speech quality. Short-time objective intelligibility (STOI) reflects the improvement

of speech intelligibility. Higher scores are better for all metrics.

3.3.2.3 Results

Effect of the depth of encoder and decoder:

We first analyse and summarize the performances with different numbers of layers

in the encoder and decoder. The disentangler module is not utilized in this ex-

periment. As shown in Table 3.4, the first column denotes the number of layers

(2, 4, 6 layers) in the encoder and decoder, respectively.

We observe that the performance may not improve as the number of layers in-

creases. We obtain the best performances with 4 layers of encoder and decoder,

respectively. The performance with 6 layers drops. This can be explained by the

fact that the depth of the encoder is designed increasingly, which causes that the

temporal dimension of the encoded representations is reduced to a extreme small

scale. We adopt a setting of 4 layers for encoder and decoder hereafter.

Table 3.4: PESQ, CSIG, CBAK, COVL, SSNR(dB), SDR(dB) and STOI per-
formances of various depth of encoder and decoder. “#layers” denotes the num-
ber of layers for both encoder and decoder. “#Paras” denotes the number of
parameters in the model.

#layers #Paras PESQ CSIG CBAK COVL SSNR SDR STOI

2 3.92M 2.57 3.83 3.30 3.19 9.22 19.50 0.94
4 5.10M 2.64 3.91 3.33 3.27 9.67 20.05 0.94
6 5.14M 2.37 3.54 2.26 2.95 7.38 18.45 0.94
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Table 3.5: PESQ, CSIG, CBAK, COVL, SSNR(dB), SDR(dB) and STOI per-
formances of the disentangler module (DM).

Methods DM #Paras PESQ CSIG CBAK COVL SSNR SDR STOI

WaveUnet [39]
× 10.13M 2.40 3.52 3.24 2.96 9.97 19.82 0.93√

10.20M 2.51 3.60 3.32 3.03 10.04 20.21 0.93

NAT-SE
× 5.10M 2.64 3.91 3.33 3.27 9.67 20.05 0.94√

5.30M 2.72 3.99 3.47 3.36 10.15 20.71 0.95

Table 3.6: PESQ, CSIG, CBAK, COVL, SSNR and STOI performances of
other competitive methods. Note: the Conv-TasNet [1] utilized the same loss
function (SI-SDR) as that in the proposed NAT-SE.

Methods PESQ CSIG CBAK COVL SSNR STOI

Noisy 1.97 3.35 2.44 2.63 1.68 0.91
Wiener [103] 2.22 3.23 2.68 2.67 5.07 –
SEGAN [42] 2.16 3.48 2.94 2.80 7.73 0.93

CNN-GAN [75] 2.34 3.55 2.95 2.92 – 0.93
WaveUnet [39] 2.40 3.52 3.24 2.96 9.97 –

U-Net [104] 2.48 3.65 3.21 3.05 9.34 –
MSE-GAN [105] 2.53 3.80 3.12 3.14 – 0.93
Conv-TasNet [1] 2.57 3.80 3.29 3.18 9.65 –

NAT-SE 2.72 3.99 3.47 3.36 10.15 0.95

Effect of the disentangler module:

We further report the effect of disentangler module (DM) in two network archi-

tectures in Table 3.5. We first apply DM to a compact encoder-decoder structure:

WaveUnet [39]. We observe that the proposed disentangler module improves the

speech quality, such as 4.6% and 2.0% relative improvements in terms of PESQ

and SDR. We further compare encoder-masking-decoder structure, that is NAT-

SE with and without DM. The proposed NAT-SE achieves 3.0% and 5.0% relative

improvements in terms of PESQ and SSNR. We also observe that the parame-

ters of NAT-SE are not increased significantly. Learning the disentangled feature

representations has improved the performances in face of unseen noises on test

dataset.

NAT-SE vs. other competitive methods:

Table 3.6 summarizes the comparison between the proposed NAT-SE and other

competitive techniques in terms of PESQ, CSIG, CBAK, COVL, SSNR and STOI.

We observe that the proposed NAT-SE obtained the best performances. Compar-

ing with the Conv-TasNet method, the NAT-SE achieves 5.8% and 5.2% relative

improvements in terms of PESQ and SSNR.

To further show the contribution of the NAT-SE approach, we illustrate the magni-

tude spectrum of an example as shown in Figure 5.4. We can see that the NAT-SE
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Figure 3.8: The result of A/B preference test for the enhanced speech between
the proposed NAT-SE and the best baseline Conv-TasNet.

can produce more clear spectrum under mismatched conditions.

Subjective evaluation:

Since the Conv-TasNet presents the best baseline performances in the objective

evaluation as shown in Table 3.6, we only conduct an A/B preference test between

the Conv-TasNet and the proposed NAT-SE to evaluate the signal quality and intel-

ligibility by subject listening. We randomly selected 20 pairs of listening examples

and invited 10 subjects to choose their preference. We show the A/B preference

results in Figure 5.8. The results show that 71% listeners preferred the proposed

NAT-SE to the best baseline Conv-TasNet, whose preference score is 20%, because

there is less mismatch in the proposed NAT-SE.

3.4 Conclusion

In this chapter, we first propose a domain adversarial training technique to speech

enhancement (SE-DAT) to overcome the mismatch across domains and provide

a solution for speech denoising to the scenario where we don’t have clean-noisy

parallel data in the new domain. SE-DAT achieves significant improvement on

VCTK dataset compared with the model where no effort is made to overcome the

mismatch. SE-DAT also delivers voice quality comparable with other supervised

learning techniques that require clean-noisy parallel data.

Then, we proposed a noise adversarial training framework for speech enhancement

(NAT-SE) to alleviate the mismatch problem without target-domain data. Ex-

periment results show that NAT-SE outperforms the best baseline Conv-TasNet

in terms of PESQ and SSNR. The proposed disentangler module also improves
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other encoder-decoder-like structure, such as WaveUnet. The subjective evalua-

tion shows that the NAT-SE is significantly preferred over Conv-TasNet.



Chapter 4

Speech Enhancement with

Multi-task Learning

This chapter1 focuses on alleviating the mismatch problem caused by channel effect.

Section 4.1 introduces the motivation and related studies. Section 4.2 combines the

bandwidth extension module and the speech enhancement module for the condition

that the high-frequency information is missing by channel effect. Section 4.3 reports

the experimental setup and results. Section 4.4 concludes this chapter.

4.1 Motivation

In real-world life, the signals are sometimes not only distorted by various back-

ground noises but also missing the high-frequency information effected by trans-

mission channels, such as high frequency (HF), very high frequency (VHF) and

ultra high frequency (UHF). It is well known that speech signals with broader

bandwidth provide higher perceptual quality and intelligibility, therefore, recover-

ing the missing frequency information is important for speech enhancement task

facing the mismatch problem caused by the channel effect.

Bandwidth extension is commonly utilized to recover the high-frequency informa-

tion from narrowband signals, which is found useful in hearing aids design [73, 107],

speech recognition [108–110] and speaker verification [111, 112].

1The study in this chapter has been published in [106]

53
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1
step step

Figure 4.1: The work flow of speech enhancement and bandwidth extension
tasks. In Step 1, the noisy narrowband signal is enhanced to remove noise. In
Step 2, the enhanced narrowband signal is bandwidth-extended to generate the
clean wideband signal.

Prior speech bandwidth extension methods, such as deep neural networks (DNN)

[113, 114], fully convolutional network [115, 116], generative adversarial network

(GAN) [117], and wavenet [118], mostly perform extension under ideal conditions

with clean narrowband signals as inputs. This is called ideal bandwidth extension.

However, in practice, when the signals are both distorted and partially-missing (i.e.,

the mismatch problem caused by channel effect), the only bandwidth extension

module cannot handle this condition.

A typical way to address the mismatch problem caused by channel effect is to

perform speech enhancement on the noisy narrowband signal first (Step 1), and

ideal bandwidth extension next (Step 2), as illustrated in Figure 4.1. For example,

there was a study to apply the iterative Vector Taylor Series (VTS) approximation

algorithm [119] for feature enhancement, which is followed by a Gaussian mixture

models or maximum a posterior models to reconstruct the wideband signals [120,

121].

With the advent of deep learning, recent studies suggest [47] an unified approach

that combines speech enhancement and bandwidth extension (UEE) in a joint

training neural network. As shown in Figure 4.2(a), the UEE approach firstly

applies a bi-directional long-short-term-memory (BLSTM) layer as the speech en-

hancement module to map the noisy narrowband input to enhanced narrowband

features. Then, another BLSTM layer is applied as the ideal bandwidth extension

module [122] to recover the missing high-frequency information from the enhanced

narrowband features. The speech enhancement and bandwidth extension module

are first trained separately as the pre-training, which are then fine-tuned with a

single mean square error (MSE) loss between the clean wideband ground-truth and
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Figure 4.2: Block diagrams of (a) frequency-domain enhancement and exten-
sion, (b) time-domain enhancement and extension, (c) time-domain mask-based
enhancement and extension (MBE), and (d) time-domain mask-based enhance-
ment and extension with multi-task learning (MTL-MBE). ⊗ is an operator that
refers to the element-wise multiplication.

enhanced-plus-extended output. Overall, the UEE approach is implemented with

a two-stage training scheme, and it also faces phase estimation difficulty just like

other frequency domain techniques.

In this chapter, we propose an end-to-end time-domain framework, which is achieved

by jointly optimizing mask-based speech enhancement and ideal bandwidth exten-

sion modules with a multi-task learning (MTL-MBE). As a time-domain technique,

the proposed method inherently avoids phase estimation issues. Specifically, the

noisy narrowband signal is firstly encoded into acoustic features instead of the short

time Fourier transform (STFT). The speech enhancement module takes the acous-

tic features to estimate a mask and obtains the enhanced narrowband features for

subsequent bandwidth extension. Two speech decoders are trained to reconstruct

the enhanced narrowband and enhanced-plus-extended features into time-domain

signals, in a similar way like what inverse STFT (iSTFT) does. The network is op-

timized with a multi-task learning [123–125] over both narrowband and wideband

signals.
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4.2 Enhancement and extension

We now propose a time-domain masking and bandwidth extension modules with

multi-task learning (MTL-MBE), which is illustrated in Figure 4.2 (d).

We first examine an enhancement and extension network in the time domain,

which consists of a 1-D convolutional encoder to extract acoustic features from

input speech, and a 1-D de-convolutional decoder to reconstruct waveforms from

enhanced-plus-extended features, as shown in Figure 4.2(b). Such convolutional

encoder-decoder-like structure is widely used in enhancement and separation tasks

[1, 126]. The enhancement and extension are implemented as a pipeline of two

similar regression, or mapping-based, neural networks. If trained jointly, their in-

dividual functions of the respective network are not clear. If trained separately, we

face the same issue as other two-stage training schemes do.

4.2.1 Time-domain masking

To address the problem in the pipeline scheme of Figure 4.2(b), we propose a time-

domain masking module to replace the mapping-based enhancement module, as

shown in Figure 4.2(c), which has a unique architecture different from the extension

module and is called MBE.

The time-domain masking aims to reduce the additive noise in noisy narrowband

signals prior to extension. As shown in Figure 4.2(c), the input narrowband signal

x(t) ∈ R1×T is encoded to a representation A ∈ RK×M by a 1-D convolutional layer.

Such layer consists of M(= 512) filters with a filter size of L(= 16) samples and

a stride of L/2 samples, which is followed by a rectified linear unit (ReLU) active

function. Then, a time-domain masking W is estimated to suppress the additive

noise in encoder representation A. It can be formulated as

A′ = W ⊗ A (4.1)

where the estimated mask has the constraint W ∈ [0, 1], ⊗ denotes element-wise

multiplication, and A′ is the enhanced representation output from the mask esti-

mation module.
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⊕
is the residual connection.

The mask estimation module consists of a temporal convolutional network (TCN),

which is illustrated in Figure 4.3. TCN is not the first time to be explored in

speech enhancement. Prior work [127] utilized TCN as a regression module to map

noisy input to clean signals, but their mapping-based framework is not suitable

as an enhancement module here because it still suffers from the same problem as

two-stage training schemes do. Therefore, we utilize TCN as a mask estimation

module, which is a unique architecture different from the extension module.

As shown in Figure 4.3, the encoder representation A is firstly performed zero-

normalization on channel dimension scaled by the learnable bias and gain variables

[128]. Then, such representations are adjusted the channel numbers by a 1 × 1

convolutional layer with N(= 128) filters. To learn the long-range temporal infor-

mation of the speech with few number of parameters, we stack dilated convolutional

layers in several temporal convolutional blocks (TCB) with exponentially increased

dilation factor. As shown in dot box of Figure 4.3, two 1× 1 convolutional layers

and one dilated convolutional layer are applied in each TCN block with a para-

metric rectified linear unit (PReLU) [129] activation function and normalization

operation. The first 1× 1 CNN (with 512 filters and 1× 1 kernel size) determines

the input channels and the second 1 × 1 CNN (with 128 filters and 1 × 1 kernel

size) adjusts the output channels from the dilated convolutional layer (with 512

filters and 1 × 3 kernel size). b(= 8) TCBs are formed as a batch and each batch
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is repeated for r(= 3) times in the TCN of mask estimation module. In each

batch, we increase the dilation factors of the deptwise convolutions in the b TCBs

as [20, . . . , 2b−1]. To keep the estimated mask W in a consistent dimension with

the encoder representations A, one 1 × 1 CNN (with 512 filters and 1 × 1 kernel

size) is applied with a sigmoid activation function for ensuring that the estimated

mask W ranges within [0, 1].

4.2.2 Multi-task learning

To provide cogent constraints for the enhancement module training, we further

propose a multi-task loss for MBE as shown in Figure 4.2(d), that is designed

for two training objectives: enhancement (“en”) and extension (“ex”). It can be

formulated as

Ltotal = λLex(y, z) + (1− λ)Len(ŷ, ẑ) (4.2)

where y denotes the enhanced-plus-extended signal, while z is its corresponding

clean wideband signal as ground-truth target for training; similarly ŷ denotes the

enhanced narrowband signal, while ẑ is its corresponding clean narrowband signal

as ground-truth target. All signals are sampled at 16kHz. λ is a trainable weight-

ing parameter to balance the two loss functions. Lex and Len loss functions are

optimized via scale-invariant signal-to-distortion ratio (SI-SDR) [102, 130, 131].

As shown in Figure 4.2(d), two loss functions are applied at different places of the

processing pipeline. For enhancement objective, the enhanced representation A′ is

reconstructed to form an enhanced narrowband signal ŷ by a 1-D de-convolutional

decoder, which is supervised by ẑ. For extension objective, A′ is taken by the

extension module to form an enhanced-plus-extended signal y, which is supervised

by the clean wideband signals z. The proposed network in Figure 4.2(d) is referred

to as multi-task learning for mask-based bandwidth extension, or MTL-MBE.

The extension module consists of a TCN as shown in Figure 4.3, which is similar

to the mask estimation module, except that there is no element-wise multiplication

⊗, and we use ReLU as the activation function for the last 1 × 1 CNN instead of

a sigmoid function.
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4.3 Experiments and results

4.3.1 Database

We conduct evaluations on the public dataset by Valentini et al.[96], which is widely

used for speech enhancement and bandwidth extension [39, 42, 75, 81, 132]. This

dataset consists of 11,572 mono audio samples for training and 824 mono audio

samples for testing. The speech is sampled at 16kHz. The training dataset has

40 noisy conditions (10 noise types × 4 signal-to-noise (SNR) values). The test

dataset has 20 noise types that are different from the training set (5 new noise

types × 4 new SNR values). The 2 speakers in the test dataset do not overlap the

28 speakers in the training dataset. We prepare both narrowband and wideband

noisy data at 16kHz. We also prepare the clean wideband signals as ground-truth

for the extension training and the clean narrowband signals as ground-truth for

the enhancement training.

4.3.2 Experimental setup

4.3.2.1 Network configuration

During the training stage, the noisy narrowband waveforms were cut to 2-second

long segments (T = 32, 000 samples) for batch training. The Adam algorithm

[133] is utilized to optimize the network. The learning rate is set to 0.001. We also

adopt early stopping scheme when the loss increased on the development set for 20

epochs.

Table 4.1: PESQ, CSIG, CBAK, COVL, STOI and LSD performances of the
proposed time-domain masking and multi-task loss.

Metrics
Methods Single-loss Multi-loss

MBE w/o mask MBE MTL-MBE

PESQ 2.02 2.46 2.55
CSIG 2.13 2.52 2.64
CBAK 2.11 3.14 3.21
COVL 2.04 2.38 2.46
STOI 0.92 0.94 0.94
LSD 2.82 2.44 2.29
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Table 4.2: A comparison of different techniques. “Designed conditions” refers
to the conditions the method is designed for (clean or noisy). We perform
all tests under noisy conditions.“#Paras” denotes the number of parameters of
the model.“Feature type” denotes the types of narrowband inputs.“Spectrum”
means that the approach is performed in frequency domain, while “waveform”
means that time-domain signals are directly taken as inputs.

Designed conditions Methods #Paras Feature type PESQ CSIG CBAK COVL STOI LSD

clean LSM [113] 13.38M spectrum 1.79 2.45 2.32 2.09 0.92 2.80
clean DRCNN [116] 56.41M waveform 1.74 1.18 1.97 1.38 0.92 2.97

noisy UEE [47] 22.42M spectrum 2.23 2.27 2.39 2.17 0.93 2.72
noisy MTL-MBE 6.82M waveform 2.55 2.64 3.21 2.46 0.94 2.29

4.3.2.2 Reference baselines

We implement three reference baselines. Two of them [113, 116] are for ideal

bandwidth extension under noisy conditions. The other [47] is designed particularly

for enhancement and extension.

• LSM [113]: a 3-layer network that predicted the missing high-frequency

components from the low-frequency log-spectrum in frequency domain. The

missing high-frequency phase was recovered by the imaged phase of low-

frequency signals.

• DRCNN [116]: a fully convolutional encoder-decoder framework that mapped

narrowband signals to wideband in the time domain. To increase the time

dimensions during upscaling, subpixel shuffling layers were introduced in the

upsampling blocks. The skip connections were utilized to speed up training.

• UEE [47]: a unified speech enhancement module and bandwidth exten-

sion module in one frequency-domain framework that recovered the high-

frequency signals from noisy narrowband signals, as shown in Figure 4.2(a).

We use the following metrics to evaluate the results. PESQ [98] stands for per-

ceptual evaluation of the speech quality, ranging from -0.5 to 4.5. Three objective

metrics that approximate mean opinion scores (MOSs) [99]: CSIG, CBAK and

COVL. They are designed for signal distortion evaluation, noise distortion evalu-

ation, and overall quality evaluation, respectively. Short-time objective intelligi-

bility (STOI) [56] reflects the improvement of speech intelligibility. Log-spectral

distortion (LSD) [134] is to measure the distance between reconstructed and target

spectrum. Except LSD, higher scores are better for all metrics.



Chapter 4. Speech Enhancement with Multi-task Learning 61

0.5 1.0 1.5 2.0
Time [s]

0

2

4

6

8

Fr
eq

ue
nc

y 
[k

H
z]

(a)

0.5 1.0 1.5 2.0
Time [s]

0

2

4

6

8

Fr
eq

ue
nc

y 
[k

H
z]

(b)

0.5 1.0 1.5 2.0
Time [s]

0

2

4

6

8

Fr
eq

ue
nc

y 
[k

H
z]

(c)

0.5 1.0 1.5 2.0
Time [s]

0

2

4

6

8

Fr
eq

ue
nc

y 
[k

H
z]

(d)

0.5 1.0 1.5 2.0
Time [s]

0

2

4

6

8

Fr
eq

ue
nc

y 
[k

H
z]

(e)

Figure 4.4: The spectrograms of a sample (p232 005.wav) in the test set for (a)
noisy-narrowband input, (b) the best baseline UEE, (c) enhanced narrowband
result of MTL-MBE, (d) the enhanced-plus-extended result of MTL-MBE and
(e) wideband signal (ground-truth).

4.3.3 Results

4.3.3.1 Effect of the proposed time-domain masking

We first investigate how the proposed time-domain masking contributes to the

framework MBE in Figure4.2(c) by experimenting with and without (w/o) the

time-domain mask. For fair comparison, the single loss is utilized in this experiment

and the results are summarized in Table 4.1. We observe that the performances

of MBE w/o time-domain masking decrease sharply because the noise issue is not

addressed. Under the constraint of the single loss, the MBE achieves 21.8% and

13.5% relative improvements in terms of PESQ and LSD, compared with MBE

w/o mask. The experiment also confirms the need to perform enhancement prior

to bandwidth extension operation.

4.3.3.2 Effect of the proposed multi-task loss

We further investigate how the proposed multi-task learning contributes to the

enhancement and extension. The comparative results of the MBE in Figure 4.2(c)

and the MTL-MBE in Figure 4.2(d) are shown in Table 4.1. We observe that the

performances are improved by utilizing the multi-task loss. Compared with the

MBE, the MTL-MBE achieves 3.7% and 6.1% relative improvements in terms of

PESQ and LSD. Such experiments show the performances of enhancement and

extension can be further improved by providing constraints for the enhancement

module.
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4.3.3.3 Overall comparisons

Table 4.2 summarizes the comparison between the proposed MTL-MBE in Figure

4.2(d) and other baselines in terms of PESQ, CSIG, CBAK, COVL, STOI and

LSD. “LSM” and “DPRNN” are designed for bandwidth extension under clean

conditions but we evaluate them under noisy conditions in this experiment. Their

results reveal the limitation when working under noisy conditions. We observe that

the proposed MTL-MBE achieves the best performance. Comparing with the UEE

method [47], MTL-MBE achieves 14.3% and 15.8% relative improvements in terms

of PESQ and LSD. Meanwhile, the parameter size of MTL-MBE is 3 times smaller

than that of UEE.

We extract one speech sample from the test set to illustrate the differences of

recovered enhanced-plus-extended signal between the best baseline UEE and the

proposed MTL-MBE, as shown in Figure 4.4. We observe that MTL-MBE (see

Figure 4.4(d)) produces cleaner signal at low-frequency and richer high frequency

content than UEE (see Figure 4.4(b)). The intermediate enhanced-narrowband

magnitude spectrum is also shown in 4.4(c). We also observe that the enhanced-

narrowband representations constrained by multi-task supervision provide well-

presented features for subsequent extension operation.

4.3.3.4 Subjective evaluation

Since the UEE presents the best baseline performances in the objective evaluation

in Table 4.2, we only conduct an A/B preference test between the UEE and the

proposed MTL-MBE to evaluate the signal quality and intelligibility for listening.

We randomly select 20 pairs of listening examples and invite 10 subjects to choose

their preference according to the quality and intelligibility. The percentage of the

preferences is shown in Figure 5.8. We observe that the listeners clearly preferred

the proposed MTL-MBE with a preference score of 84% to the best baseline UEE

with a preference score of 10%. Most subjects significantly preferred the recon-

structed wideband signals by the MTL-MBE, because the MTL-MBE produces

cleaner signals at low-frequency and richer high-frequency content. Some listening

examples are available at Github2.

2https://nanahou.github.io/mtl-mbe/

https://nanahou.github.io/mtl-mbe/
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Figure 4.5: The result of A/B preference test for the recovered speech between
the best baseline UEE and the proposed MTL-MBE.

4.4 Conclusion

In this chapter, we propose an end-to-end time-domain framework for enhancement

and extension, that jointly optimizes a mask-based speech enhancement and an

ideal bandwidth extension module with multi-task learning. The proposed frame-

work avoids decomposing the signals into magnitude and phase spectra, therefore,

requires no phase estimation. Experimental results show that the proposed method

achieves 14.3% and 15.8% relative improvements over the best baseline in terms of

perceptual evaluation of speech quality (PESQ) and log-spectral distortion (LSD),

respectively. Furthermore, our method is 3 times more compact than the best

baseline in terms of the number of parameters.





Chapter 5

Speech Enhancement with Hybrid

Filterbanks Design

Single-channel time-domain speech enhancement has recently made great progress

thanks to the learned filterbanks as used in Conv-TasNet. Such learned filterbanks

can fully capture acoustic information from speech signals as well as avoid decom-

posing the speech signals into magnitude and phase spectra. The phase estimation

can be omitted in this process. However, these approaches are usually trained fully

relying on the training data, which are sensitive to varying testing scenarios.

In this chapter1, we aim to address the mismatch problem caused by sensitive

time-domain encoder/decoder. Specifically, Section 5.1 introduces the motivation

of hybrid filter banks design and related studies. Section 5.2 presents the pro-

posed speech enhancement with hybrid filterbanks design. Section 5.3 describes

the experimental setup and results. Section 5.4 concludes this chapter.

5.1 Motivation

Humans have a remarkable ability to focus attention on a particular speech in

noisy acoustic environments or even including other competing speech like the

bubble noise. Speech enhancement algorithms mimics human’s selective atten-

tion to mask out the noisy background environments and focus on the important

1The work in this chapter has been submitted in [135]
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Figure 5.1: The block diagram of (a) frequency-domain speech enhancement
network, (b) time-domain speech enhancement network, (c) two-branch multi-
domain speech enhancement network, and (d) dual-path speech enhancement

network (DTLN). x(t) is the noisy speech and ˆs(t) and s̃(t) denotes the predicted
clean speech.

speech content. Such algorithms have served as a pre-processing module in many

real-world applications, such as automatic speech recognition (ASR), speaker iden-

tification, and hearing aids design [8, 9].

For several decades, various statistical approaches were proposed to mimic the

human’s selective attention for masking out the noises, such as soft-decision noise

suppress filter [12], minimum-mean-square-error (MMSE)-based spectral amplitude

estimator [11], subspace algorithms [10], generalized gamma priors [13] and others

[14–20]. Such algorithms attempted to estimate an optimal multiplicative masking

through statistical inference to suppress noises.

With the advent of deep neural networks (DNNs), learning-based models were ap-

plied to predict clean speech from distorted inputs firstly in frequency domain, such

as feed-forward networks [21–24], recurrent and long short-term memory (LSTM)

networks [2, 25–27], as shown in Figure 5.1 (a). Some studies [1, 28] reveal that

frequency-domain methods has several limitations. First, short-time Fourier trans-

form (STFT) is a general signal transformation which is not proved as the most

optimal feature extraction for speech enhancement. Second, accurate reconstruc-

tion of the phase for enhanced speech is a difficult problem, and the erroneous

estimation of the phase leads to sub-optimal speech quality [29, 30]. Some post-

processing methods are proposed to alleviate this problem by predicting phase

information [31–35], but the final performance is still sub-optimal.
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More recent end-to-end frameworks were proposed to avoid the phase manipulation

issue by operating directly on the noisy waveform and eliminating an explicit STFT,

such as fully convolutional networks (FCNs) [36–38], wave-U-Net architectures [39–

43], Conv-Tasnet [1] and others [27, 36, 37, 44, 45], as shown in Figure 5.1 (b).

Such time-domain end-to-end approaches can optimize the whole encoder-decoder

like structure as well as omit the phase estimation. However, as the time-domain

encoder and decoder are fully learned from the training data, they are sensitive

to varying testing environments [16, 48, 49]. Recent studies also [50–52] observe

that the time-domain speech separation/enhancement frameworks might not al-

ways yield good performances facing varying testing scenarios. The reasons caused

such problem are in two-folds. First, the convolutional filters in the time-domain

speech encoder fully rely on training data. They cannot always yield an good de-

composition of the input speech compared with the fixed STFT algorithm facing

various test data. Second, the end-to-end training strategy cannot guarantee that

the speech encoder and decoder are well trained in this process, which also might

cause the sensitivity of time-domain speech separation/enhancement frameworks

(i.e., the mismatch problem caused by the sensitive time-domain encoder/decoder).

To alleviate this problem, prior work [3] attempts to directly combine the frequency-

domain network and time-domain network as two branches to obtain the balanced

results by averaging the two outputs respectively from the two branches, as shown

in Figure 5.1 (c). Likewise, work [4] combines the frequency-domain network and

time-domain network in a sequence to take the advantages of the two domains

features, as shown in Figure 5.1 (d). However, the performance of such methods

remains sub-optimal. The prior studies are the source of inspiration of this work.

In this chapter, we propose a two-step hybrid filterbanks design for time-domain

speech enhancement (TSHFNet) to improve the robustness facing the varying test-

ing environments. Firstly, we design the encoder and decoder consisting of hybrid

filters, which can alleviate the problem that the speech encoder only consisting of

conv-filters might not produce good features facing various test data. Secondly, we

propose to optimize the whole framework using the two-step strategy, which helps

to ensure that the speech encoder and decoder are well trained. Different from the

previous work, this study makes the following contributions:

• We embed the conv-filters, param-filters and gamma-filters in the speech en-

coder and their inverse transformation in the speech decoder to guarantee



68 5.2. Two-Step hybrid filterbanks design

that learnable, semi-learnable, and non-learnable embedding coefficients can

be learned. In this way, the proposed encoder and decoder are still consider-

able flexibility but rely less on the distribution of the data.

• We optimize the whole framework in two-stage. In the first step, we learn a

transform and its inverse to a latent space where softmax-based masking is

optimal. For the second step, we train an enhancement module that operates

on the previously learned space. Two-step optimization ensures that every

component is well-trained during the training stage.

5.2 Two-Step hybrid filterbanks design

A speech enhancement network generally consists of three network components:

the speech encoder, the enhancement module and the speech decoder. The speech

encoder encodes the noisy speech x(t) into feature representation via the STFT

algorithm or convolutional filters. The enhancement module aims to produce the

enhanced features usually in two ways: 1) directly mapping the noisy features to

clean features; and 2) estimating masks to block the additive noise. We utilize the

mask-based enhancement module in the proposed approach. Finally the speech

decoder reconstructs the enhanced speech signals from enhanced feature via the

iSTFT algorithm or de-convolutional filters.

Given that a noisy signal x(t) of T samples is mixed by the clean voice s(t) and

background noise n(t), which is formulated as,

x(t) = s(t) + n(t), t = 1, ..., T (1) (5.1)

At the testing stage, given a noisy signal x(t), we attempt to predict ŝ(t) via the

speech enhancement algorithm as close to s(t) subject to an optimization criterion.

We will introduce the proposed hybrid filterbanks design in section 5.2.1 and the

proposed two-step optimization strategy in section 5.2.2 as follows.
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Figure 5.2: The block diagram of the proposed TSHFNet framework, that
consists of two-step optimization. In each step, the proposed TSHFNET frame-
work consists of a speech encoder (in gray), a mask predictor and a speech
decoder (in gray). The speech encoder and speech decoder utilize the pretrained
weights of those in step1. The mask predictor in step2 consists of the temporal
convolutional network (TCN) rather than a simple softmax activate function in
step1. The ”conv-fb” and ”deconv” are the 1-D convolutional filters and 1-D de-
convolutional filters. The ”param-fb” and ”inv-param-fb” are the parameterized
filterbank and inverse parameterized filterbank operations. The ”gamma-fb”
and ”inv-gamma-fb” are the gammatone filterbanks and inverse gammatone fil-
terbank operations. Ei is the latent representation of the noisy input produced
by the speech encoder in step1. m̂i and m̃i are the predicted mask representa-
tions in step1 and step2. ŝi and s̃i are the reconstructed signals from the speech
decoder in step1. s is the clean signal (ground-truth). ⊗ the element-wise multi-
plication. ρ denotes the enhancement loss of scale-invariant signal-to-distortion
ratio (SI-SDR). α and β aim to balance the gradient loss between reconstructed
signals and predicted masks. wi is a trade-off parameter to balance the gradient
loss of each filterbank design.

5.2.1 Hybrid filterbanks design

Time-domain speech enhancement frameworks usually utilize the convolutional fil-

ters as the speech encoder. They can avoid decomposing the speech signals into

magnitude and phase spectra, therefore the phase estimation can be omitted in

this process. As the convolutional-based speech encoder are fully learned from the
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training data, they are also sensitive to produce stable embedding coefficients fac-

ing various test scenarios. To alleviate such problem, we propose a unified hybrid

filterbanks based network, which consists of the speech encoder, the TCN-mask

predictor and the speech decoder, as shown in “step2” of Figure 5.1.

5.2.1.1 Speech encoder

Different from the common convolutional speech encoder [1, 36, 136], the hybrid

speech encoder consists of three groups of filters: conv-filters, param-filters and

gamma-filters, which correspond to the learnable filters, semi-learnable filters and

non-learnable filters.

The input noisy speech x(t) ∈ R1×T is firstly encoded to embedding coefficients by

conv-filters followed by the self-attention layer [137] as shown next:

E1 = SA(Wconv × x(t)), t = 1, 2, . . . , T (5.2)

Where Wconv is the learnable weights of the 1-D convolutional filters. They are

initialed randomly and learned from the training set. SA( · ) denotes the self-

attention layer. E1 is the extracted embedding coefficients.

However, conv-filters fully rely on the training data compared with frequency-

domain feature extraction algorithms like Fourier Transformer. Inspired by [138]

in speaker recognition task, we propose the param-filters, which consists of sine

and cosine functions and only high/low cut-off frequencies are required to learn

from the data. We express the embedding coefficients extracted by param-filters

as:

E2 = SA(Wparam×x(t)), t = 1, . . . , T

Wparam =wim + jH[wim]

Wim = 2fwsinc(2πfwt)e
−2jπfct

fw =f2 − f1

fc = (f1 + f2)/2

(5.3)

where f1 and f2 are the learnable high and low cut-off frequencies. The cut-off

frequencies can be initialized randomly in the range [0, fs/2], where fs represents

the sampling frequency of the input signal. H denotes the Hilbert transform, which
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imparts a −π/2 phase shift to each positive frequency component to obtain shift-

invariant representations like magnitude features of STFT. The param-filters can

focus more in the lower part of the spectrum, where many crucial speech informa-

tion are located. Moreover, they significantly reduce the numbers of parameters

learned from the training data and increase the interpretability of the encoder and

decoder.

Furthermore, we also embed the gamma-filters in the speech encoder, which can

extract hand-crafted auditory features, are not affected by the training data, and

has been proved to be quite effective in speech separation task. We get:

E3 = SA(Wgamma × x(t)), t = 1, . . . , T

Wgamma = αtp−1e−2πbtcos(2πfgt + ϕ)
(5.4)

Where fg denotes the center frequency, ϕ is the phase shift, α is the amplitude, p is

the filter order and b is the filter bandwidth parameter. The gammatone filters are

deterministic, therefore, they can produce the stable embedding coefficients facing

the varying test scenarios.

While various filters are proposed nowadays, we only study the three representa-

tive filters in this work, without loss of generality. The noisy speech x(t) are first

processed by the proposed hybrid speech encoder consisting of the conv-filters,

param-filters and gamma-filters. Then, they are activated by the followed recti-

fied linear unit (ReLU) activation function and the self-attention layer to obtain

the speech embedding E = [E1, E2, E3] ∈ RK×3N . To concatenate the embed-

dings across channels, we utilize the same filter numbers N for each type of filters.

Such concatenated embedding E are taken as inputs for the subsequent TCN-mask

predictor.

5.2.1.2 The TCN-mask predictor

Broadbent’s filter model [139] is one of the earliest theories of attention. Partic-

ular to psycho-acoustic experiments, physical properties such as color, loudness,

and pitch are utilized to process the stimuli. Then certain stimuli passes through

selective filters of listeners for further processing, which can be modelled by a mask,

such as ideal binary mask (IBM)[140], ideal ratio mask (IRM)[141], ideal ampli-

tude mask (IAM)[24], wiener-filter like mask (WFM)[142] and phase sensitive mask
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(PSM)[142]. Likewise, we propose a TCN-mask predictor as shown in “step2” of

Figure 5.2, which estimates receptive masks on the concatenated embeddings E.

Then, we apply receptive masks M̃i on embedding Ei and obtain enhanced co-

efficients Ẽi (named modulated responses [143] hereafter) for each filter design

(= 1, 2, 3):

Ẽi = Mi

⊗
Ei = fM(E)

⊗
Ei (5.5)

where E is the concatenated embedding coefficients. fM( · ) are the functions rep-

resenting the TCN-mask predictor.
⊗

presents element-wise multiplication.

The TCN-mask predictor consists of two 1-D CNN layers with 1 × 1 kernel size

(“1×1 conv”) and several stacked temporal convolutional blocks (TCBs) as shown

in Figure 5.3. Specifically, we first conduct zero-normalization on the concatenated

embeddings E along the channel dimension. We then apply the first “1× 1 conv”

layer on normalized embeddings and the sencond “1×1 conv” layer with O filters is

utilized after TCBs to keep the dimensions of outputs same as inputs. To lean the

long-term knowledge of inputs signals, we stack several TCBs between two “1× 1

conv” layers with exponentially increased dilation factors like Conv-TasNet.

As shown in dot box of Figure 5.3, each TCB consists of two “1 × 1 conv” layers

and one dilated depth-wise separable convolutional layer (i.e., “D-conv”). The first

“1 × 1 conv” layer with P filters aims to transform input channels to P and the
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second “1 × 1 conv” layer is applied to keep the dimensions of outputs same as

inputs. The “D-conv” layer has P filters with a kernel size of 1×Q and a dilation

factor of 2(B− 1). We stack B TCBs in the TCN-mask predictor and repeat them

for R times. Before applying predicted masks Mi on Ei, we adopt an another “1×1

conv” layer to maintain the dimensions of outputs from the last TCB same as inputs

Ei ∈ RK×N . The estimated masks Mi ∈ RK×N are then constrained in range of

[0, 1] via a sigmoid active function and the modulated responses Ẽi ∈ RK×N are

finally estimated by Equation 5.5.

5.2.1.3 Speech decoder

Similar to the hybrid speech encoder, the proposed speech decoder also consists

of three groups of filters: deconv-filters, inv-param-filters and inv-gamma-filters,

which are inverse operation of conv-filters, param-filters and gammatone filters,

respectively. As embedding coefficients for each filter design Ei lead to a modulated

response Ẽi, we reconstruct the hybrid modulated response Ẽi into time-domain

signals s̃i with different decoder functions.

5.2.1.4 Temporal convolutional network vs. self-attention layer

In this work, we adopt two popular mechanisms: temporal convolutional network

(TCN) and self-attention layer to learn the long-range knowledge of the embed-

ding coefficients. In the original Conv-TasNet [1], TCN is widely used in the

mask-prediction module to learn longer temporal information with the depth-wise

convolutional (“D-conv”), whose receptive field is “2b−1”. As the self-attention

layer calculates the attention weights on the full embedding coefficients as shown

in Equation 5.6, it could fully utilize the sequence-level dependency (i.e., global

dependencies). Therefore, we adopt the self-attention layer in the speech encoder

to further improve the performances of the TSHFNet.

SA(Q,K, V ) = softmax(
QKT

√
dk

)V (5.6)

Where Q,K, V are the linear transformations of the embedding coefficients out-

putted by the hybrid filters in the speech encoder and dk is the dimension of the

K.



74 5.2. Two-Step hybrid filterbanks design

5.2.2 Two-step optimization

The time-domain speech enhancement might be far from robust facing varying

testing scenarios. One reason might be that the end-to-end training strategy cannot

guarantee that the speech encoder and decoder are well trained in this process. To

alleviate such problem, the prior work [144] proposed the two-stage network in the

speech separation task, which separated the mixture speech at the first stage and

then the estimated target speech are trained as close to the ground-truth inference

at the second stage. Likewise, work [50] proposed an iterative training strategy

to utilize the estimated target speech from the first network recursively as the

inputs to the final separation network. Recent state-of-the-art results of Bert [145]

in natural language processing tasks also show the benefits from pre-training the

encoder transformation network in the first stage.

Inspired by the above studies, we propose to train the speech encoder and decoder

ahead of the mask predictor to alleviate above problem, which is called two-step

optimization strategy, depicted in Figure 5.2. We first train the hybrid speech

encoder and decoder to obtain embedding coefficients E = [E1, E2, E3] for the

noisy inputs. In step 2, we fix the hybrid speech encoder and decoder in step 1 and

then train the TCN-mask predictor which is learned to estimate receptive masks

M̃ = [m̂1, m̂2, m̂3] for the embedding coefficients Ei ∈ E. Different from the prior

pre-training strategy, we utilize the medium output of step 1 (i.e., predicted masks

m̂1 in step 1) to supervise the training of the step 2.

5.2.2.1 Step 1: learning embedding coefficients

As a first step, we train the hybrid speech encoder fE( · ) to extract embedding

coefficients for noisy inputs x(t) and the speech decoder fD( · ) to reconstruct speech

signals. Receptive masks m̂i for the embedding coefficient Ei are estimated via a

softmax function with noise segments as auxiliary inputs (across the dimension of

the noisy speech and noise segments). Then, we obtain modulated responses Êi

by:

Êi = m̂i

⊗
Ei (5.7)

The decoder module fD( · ) is then trained to reconstruct speech signals ŝi from

modulated responses Êi. At the training stage, we optimize the proposed network
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via a SI-SDR loss [131], defined as J1:

J1 =
3∑

i=1,2,3

wiρ(ŝi, s)

ρ(ŝi, s) = 10log10(
∥ ⟨ŝi,s⟩⟨s,s⟩ s∥

2

∥ ⟨ŝi,s⟩⟨s,s⟩ s− ŝi∥2
)

(5.8)

where wi are the weights. s and ŝi denote the clean speech and the reconstructed

speech, which are conducted zero-normalization before fed into SI-SDR loss func-

tion to maintain scale constancy. ⟨ · , · ⟩ denotes the inner product. The objective of

this step is to find robust and stable embedding coefficients transformation, which

facilitates speech enhancement through masking.

5.2.2.2 Step 2: training the TCN-mask predictor

Once the weights of the encoder and decoder modules are trained well in step 1,

we fix their weights and train the TCN-mask predictor fM as the step 2. Given the

noisy input x(t), the fixed speech encoder produces the embedding coefficients E.

Then, fM is trained to produce receptive masks M̃ for the embedding coefficients E.

Finally, the pre-trained decoder reconstruct the enhanced embedding coefficients

Ẽ back into the time-domain signals s̃.

Recent time-domain speech separation and enhancement approaches [1, 146] op-

timize the networks with the SI-SDR [131] as the loss function to calculate the

differences between the clean signals and the reconstructed signals. For the train-

ing optimization of the step 2, we propose to apply SI-SDR loss function both on

the time-domain signals and latent embedding coefficients, denoted as J2:

J2 =
3∑

i=1

wi(αρ(s̃i, s) + βρ(m̃i, m̂i)) (5.9)

where α and β are the weights for the SI-SDR loss for time-domain signals and

latent embedding coefficients, respectively. s and s̃i denote the clean speech and

the reconstructed speech. m̂i and m̃i denote the estimated receptive masks in the

step 1 and step 2. The training procedures of the step 2 are similar with the step

1, while we also use the estimated masks m̂i in step 1 as the parts of ground-truth

labels to supervise the step 2 training.
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Two advantages can benefit from the proposed two-step optimization strategy.

Firstly, the TCN-mask can learn the intermediate knowledge in step 1, which

reduces the difficulty of the training process. Secondly, measuring the distances

between embedding coefficients also learns the local errors between each point.

5.3 Experiments and results

5.3.1 Database

To evaluate the performance of the proposed TSHFNet, we conducted experiments

on three standard corpora: 1) DNS [147] challenge database of the INTERSPEECH

2020 version with a total number of 500 hours data, 2) DNS-20h database that

includes 20 hours data randomly split from the DNS database for fast evaluation,

and 3) VB database [148] with 1-hour data for evaluating the robustness of the

proposed TSHFNet under various testing scenarios.

5.3.1.1 DNS corpus

DNS corpus [147] is the public dataset by Microsoft for the well-known deep noise

suppression Challenge and we utilized the version of INTERSPEECH 2020 DNS

challenge in this paper. The DNS corpus has two original collections: “clean”,

“noise”, and “impulse-responses”. The “clean” is approximate 500 hours contain-

ing 2150 speakers selected from Librivox [149], while the “noise” set includes over

180 hours of clips with 150 audio classes selected from Audioset [150], Freesound

[151] and DEMAND database [54]. The DNS noisy speech corpus is created by

adding clean speech and noise at various signal-to-noise-ratio (SNR) levels. We

compute segmental SNR using segments in which both speech and noise are active.

This is to avoid overshooting of amplitude levels in impulsive noise types such as

door shutting, clatter, dog barking, etc. We synthesize 30s long clips by augment-

ing clean speech utterances and noise. The SNR levels are sampled from a uniform

distribution between 0 and 40 dB. The mixed signal is then set to target Root

Mean Square (RMS) level sampled from a uniform distribution between -15 dBFS

and -35 dBFS [152, 153]. Finally, we obtained the 500-hours paired synthetic noisy

data (i.e., noisy data, clean data, noise data).
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The synthetic DNS consists of three subsets: training set, development set, and

test set, where the development set is randomly selected from the training data in

ratio of 10%. At the run-time inference, the DNS Challenge provides the publicly

evaluation set, including two categories of synthetic clips. Similar to the prior work

[1, 4, 74, 154, 155], we utilize the subset named “syn noreverb” as the evaluation

dataset. The evaluation set has 150 noisy clips with SNR levels distributed in

between 0 dB to 20 dB and each clip is the 10-seconds segment. All the DNS

speech signals are sampled at two sampling rates: 48kHz and 16kHz. We utilized

the 16kHz data in this work.

5.3.1.2 DNS-20h corpus

As training the proposed TSHFNet with different configurations on the 500-hours

corpus is resource-expensive and time-consuming, we randomly selected 20-hours

data from DNS corpus for faster evaluation, that is called DNS-20h corpus. Like-

wise, the 10% data was selected from the DNS-20h corpus as the development set

and the left data was utilized as the training set. At the run-time inference, we still

utilize the “syn noreverb” as the evaluation set which is same as the DNS corpus.

5.3.1.3 VB database

To evaluate the robustness of the proposed TSHFNet under unseen testing envi-

ronments, we also utilize the evaluation set of the publicly dataset dataset, which

is introduced in section 4.3.

5.3.2 Experimental setup

5.3.2.1 Configuration of speech encoder

Similar to prior work [1], the proposed hybrid speech encoder in Figure 5.2 ex-

tracts the embedding coefficients E = [E1, E2, E3] from the noisy inputs x(t) by

three groups of filters: conv-filters, param-filters and gamma-filters with equivalent

filter number N(= 512), followed by a ReLU activation function. To learn hybrid

embedding coefficients, the three groups of filters had filter lengths of L(= 16) with
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L/2(= 8) samples filter stride. As the filter length of the param-filters has to be

odd, we set it as 17. The followed self-attention layer consists of three convolu-

tional layers with 1 × 1 kernel size and the softmax activated function is utilized

for obtaining the attention maps.

5.3.2.2 Configuration of TCN-mask predictor

The embedding coefficients E are first performed zero-normalization with learn-

able gain and bias parameters applied to E on the channel dimension. Then, the

normalized features are fed in to the TCN-mask predictor in Figure 5.3. A 1×1 con-

volutional layer linearly transformed normalized features to representations with

O(= 128) channels, which determined the dimension of inputs. The number of

input channels P equals 512 and the kernel size 1×Q of each depth-wise convolu-

tional layer is set to 1× 3. We stack B(= 8) TCBs as a batch and repeated it for

R(= 3) times.

5.3.2.3 Configuration of speech decoder

The speech decoder in Figure 5.2 reconstructs the time-domain speech signal

(s̃1, s̃2, s̃3) from the modulated responses Ẽ1, Ẽ2, Ẽ3. The deconv-filters, inv-param-

filters and inv-gamma-filters in the speech decoder has the same configuration as

those in the speech encoder, where the number of filters (N) for each group is equal

to 512 and the filter lengths are turned to be 16 except for the inv-param-filters,

which is 17.

5.3.2.4 Configuration of two-step optimization

In the first step, we maximize SI-SDR between the estimated signals and the clean

signals with SI-SDR(s, ŝ). In the second step, we evaluate the SI-SDR on the

estimated signals and the clean signals with SI-SDR(s, ŝ) as well as the predicted

masks in step 1 and step2 with SI-SDR(M̂i, M̃i). We adopt Adam algorithm [133]

to optimize the whole network with the initial learning rate of 0.001. If the loss

doesn’t decrease on the validation data for 3 epochs, we reduce it by half and if

the loss doesn’t decrease on the validation data for 10 epochs, we apply an early
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stopping scheme. We cut the utterances into 1s segments for batch training, and

set the minibatch size to 8.

5.3.2.5 Reference baselines

We select 6 systems that represent the recent advances in single-channel speech

enhancement as the baselines, and report their results for benchmarking. The

baseline systems are reported by the DNS challenges, which demonstrate state-of-

the-art performances of speech enhancement techniques on DNS database.

• NSNet[154]: This work proposed a real-time speech enhancement approach

based on a compact recurrent neural network trained with a simple mean-

square-error (MSE) based speech distortion weighted loss function. To im-

prove the robustness of their approach, the proposed MSE-based learning

strategy separately controls over the importance of the speech distortion ver-

sus noise reduction, i.e., SNR information. The objective quality and intelli-

gibility are also considered in this process.

• DTLN[4]: This work introduces a dual-signal transformation LSTM network

for real-time speech enhancement. To improve the robustness of the ap-

proach under varying testing scenarios, the DTLN combines a short-time

Fourier transform (STFT) and a learned analysis and synthesis basis in a

stacked-network approach. Combining these two types of signal transfor-

mations enables the DTLN to robustly extract information from magnitude

spectra and incorporate phase information from the learned feature basis.

• TCNN[127]: This work proposes a fully convolutional neural network for real-

time speech enhancement in the time-domain. Similar to work [1], it is an

encoder-decoder based architecture with an additional temporal covolutional

module (TCM) inserted between the encoder and decoder. The TCM uses the

casual and dilated convolutional convolutional layers to capture the current

and previous frames, which improves the robustness of the whole architecture.

• Sub-band Model[155]: This work proposes an output-delayed sub-band LSTM

framework to reduce noises in frequency domain. Specifically, each frequency

bin combines context frequencies of noisy signals as inputs for the LSTM

framework. The output is the corresponding frequency bin of the clean
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speech. To maintain the small model size, the LSTM network is trained

across all frequencies.

• MultiScale+ [74]: This work proposes a phase-aware sigmoid mask (PHM)

to tackle a denoising and dereverberation problem with a single-stage frame-

work. Specifically, to predict clean phases, they reuse estimated magnitudes

and respect the triangle inequality in complex domain between mixture,

source and the rest. To balance the reverberation part in outputs at testing

stage, they propose two PHMs to deal with direct and reverberant source.

Furthermore, to improve the robustness of the framework, they optimize the

whole network with a time-domain loss function.

• Conv-TasNet[1]: This work proposes a fully-convolutional time-domain net-

work for end-to-end speech separation, which is applied to the enhancement

task later. Conv-TasNet utilizes 1-D convolutional encoder to extract repre-

sentations from noisy inputs and the noise is reduced by predicting a mask for

encoded representations. The masked representations are then reconstructed

to waveforms by 1-D de-convolutional decoder. The masks are predicted

by temporal convolutional networks (TCN) consisting of several 1-D dilated

convolutional blocks, which could learn the long-range knowledge of inputs

while maintaining a small model size.

5.3.2.6 Metric

We follow the same evaluation metrics in the speech enhancement literature [81, 82]

for ease of comparison. PESQ [156] stands for perceptual evaluation of the speech

quality, ranging from -0.5 to 4.5. Three objective metrics that approximate mean

opinion scores (MOSs) [55]: CSIG, CBAK and COVL. They are designed for sig-

nal distortion evaluation, noise distortion evaluation, and overall quality evalua-

tion, respectively. Signal-to-distortion ratio (SDR) is also conducted for measuring

the speech quality. Short-time objective intelligibility (STOI) [56] denotes improve-

ment of speech intelligibility. Higher scores are better for all metrics. Furthermore,

we also conduct A/B preference test to show speech perceptual quality of proposed

method.
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Table 5.1: PESQ, CSIG, CBAK, COVL, SSNR(dB), SDR(dB) and STOI
performances between the one-step optimization and the two-step optimiza-
tion.“#Paras” is the parameters of the network. S is the clean signal (ground-
truth). Ê and M̂ represent the enhanced embedding coefficients and the pre-
dicted mask in step1. α and β aim to balance the gradient loss between recon-
structed signals and predicted masks. All the systems are trained on DNS-20h
corpus and tested on the evaluation set of DNS corpus.

System
Training

paradigms
#Paras Target (α, β) PESQ CSIG CBAK COVL SDR

1
one-step

optimization
3.41M S – (2.48) 1.91 (4.03) 3.37 (3.58) 2.69 (3.28) 2.61 (16.08) 12.58

2

two-step
optimization

3.44M S – (2.60) 2.02 (4.12) 3.48 (3.67) 2.78 (3.39) 2.73 (17.42) 13.86

3 3.44M Ê – (2.64) 2.05 (4.16) 3.52 (3.71) 2.82 (3.43) 2.77 (17.51) 13.90

4 3.44M M̂ – (2.65) 2.05 (4.17) 3.52 (3.71) 2.81 (3.44) 2.77 (17.55) 13.92

5 3.44M (S, Ê) (0.5, 0.5) (2.62) 2.03 (4.15) 3.50 (3.69) 2.79 (3.41) 2.75 (17.46) 13.88

6 3.44M (S, M̂) (0.5, 0.5) (2.64) 2.04 (4.15) 3.50 (3.69) 2.79 (3.40) 2.75 (17.48) 13.89

7 3.44M (S, M̂) (0.1, 0.9) (2.65) 2.04 (4.17) 3.51 (3.71) 2.81 (3.41) 2.75 (17.52) 13.90

8 3.44M (S, M̂) (0.3, 0.7) (2.67) 2.06 (4.22) 3.55 (3.73) 2.86 (3.46) 2.79 (17.59) 13.94

5.3.3 Results

5.3.3.1 One-step optimization vs. two-step optimization

We first compare between two training schemes, one-step optimization and two-

step optimization on DNS-20h corpus. For the one-step optimization, we train the

speech encoder, the TCN-mask estimator and the speech decoder together from

the scratch as same as the work [1]. For the two-step optimization, we train the

speech encoder, the softmax mask predictor and the speech decoder in the first step.

Then, we fix the speech encoder and decoder and train the TCN-mask estimator

in the second step as shown in Figure 5.2. For fair comparison, we adopt the same

structures of the speech encoder, the TCN-mask estimator and the speech decoder

in both systems. The hybrid filterbanks design are not adopted in this experiments.

We observe from Table 5.1, that the systems with the two-step optimization (Sys-

tems 2-8) consistently outperform the system with the one-step optimization (Sys-

tem 1), especially when the systems with the two-step optimization have roughly

same number of parameters as the system with the one-step optimization. The

results clearly show the advantage of the two-step optimization over the one-step

optimization for time-domain encoder-decoder-like speech enhancement methods.

We consider that the better performance is contributed to 1) the fully trained-well

speech encoder and decoder, and 2) the latent mask representations in step 1 as

part of labels supervising the learning of the TCN-mask estimator in the second

step.
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Table 5.2: PESQ, CSIG, CBAK, COVL, SSNR(dB), SDR(dB), and STOI
performances between the single filterbank and the hybrid filterbanks.“#Paras”
presents the parameters of the network. The ”conv A” and ”deconv” are the
1-D convolutional with self-attention layer and de-convolutional filterbank. The
”param A” and ”inv-param” are the parameterized filterbank with slef-attention
layer and inverse parameterized filterbank. The ”gamma A” and ”inv-gamma”
are the gammatone filterbanks with slef-attention layer and inverse gammatone
filterbank. ”RS” means the reconstructed signals. ŝw = w1ŝ1 + w2ŝ2 + w3ŝ3. si
is the enhanced signals. wi is a trade-off parameter to balance the gradient loss
of each filterbank design. All the systems are trained on DNS-20h corpus and
tested on the evaluation set of DNS corpus.

System
Single vs. Hybrid Fbs

(w1, w2, w3) RS #Paras PESQ CSIG CBAK COVL SDRSpeech Encoder Fbs
Fb1 Fb2 Fb3

8 conv – – (1.0, 0, 0) s1 3.44M (2.67) 2.06 (4.22) 3.55 (3.73) 2.86 (3.46) 2.79 (17.59) 13.94
9 conv A – – (1.0, 0, 0) s1 5.01M (2.71) 2.10 (4.28) 3.60 (3.78) 2.90 (3.52) 2.84 (17.75) 14.10
10 – param – (0, 1.0, 0) s2 3.43M (2.75) 2.13 (4.32)3.62 (3.78) 2.91 (3.55) 2.86 (17.85) 14.22
11 – param A – (0, 1.0, 0) s2 5.00M (2.78) 2.15 (4.35) 3.66 (3.82) 2.94 (3.61) 2.91 (17.90) 14.29
12 – – gamma (0, 0, 1.0) s3 3.43M (2.73) 2.09 (4.25) 3.58 (3.73) 2.87 (3.50) 2.82 (17.75) 14.09
13 – – gamma A (0, 0, 1.0) s3 5.00M (2.75) 2.12 (4.33) 3.62 (3.78) 2.92 ()3.55 2.87 (17.80) 14.16
14 conv A param A – (0.5, 0.5, 0) s1 6.64M (2.83) 2.19 (3.38) 3.68 (3.89) 2.99 (3.65) 2.93 (18.02) 14.36
15 – param A gamma A (0, 0.5, 0.5) s1 6.63M (2.85) 2.21 (3.42) 3.70 (3.93) 3.03 (3.70) 2.97 (18.07) 14.40
16 conv A – gamma A (0.5, 0, 0.5) s1 6.64M (2.78) 2.15 (4.35) 3.65 (3.82) 2.94 (3.61) 2.90 (17.96) 14.31
17 conv A param A gamma A (0.4, 0.3, 0.3) s1 8.24M (2.90) 2.25 (4.43) 3.72 (3.96) 3.05 (3.74) 3.01 (18.15) 14.49
18 conv A param A gamma A (0.4, 0.3, 0.3) s2 8.24M (2.87) 2.23 (4.40) 3.70 (3.93) 3.02 (3.71) 2.99 (18.12) 14.44
19 conv A param A gamma A (0.4, 0.3, 0.3) s3 8.24M (2.84) 2.19 (3.38) 3.68 (3.89) 2.98 (3.65) 2.93 (18.03) 14.36
20 conv A param A gamma A (0.4, 0.3, 0.3) sw 8.24M (2.91) 2.27 (4.45) 3.74 (3.99) 3.07 (3.79) 3.05 (18.21) 14.53
21 conv A param A gamma A (0.3, 0.5, 0.2) sw 8.24M (2.95) 2.29 (4.48) 3.79 (4.04) 3.10 (3.82) 3.07 (18.26) 14.57

5.3.3.2 Effect of learning targets on two-step optimization

We further analyse and summarize the performances by training with different

learning targets on two-step optimization, as shown in System 2-8 of Table 5.1.

Comparison between System 2 and System 3 shows that using the latent repre-

sentations Ê of the first step as learning targets achieve better performance than

using clean speech S as learning targets. Comparison between System 3 and Sys-

tem 4 shows that using the latent representations Ê of the first step as learning

targets produce roughly same performances than using the predicted masks M̂ of

the first step as learning targets. If the two-step optimization has multiple outputs

like predicted clean waveforms Ŝ and their corresponding predicted masks M̂ , we

could optimize the two-step optimization framework with a weighted SI-SDR loss,

as defined in Equation 5.8. With multiple learning targets: clean waveforms S

and the predicted mask in first step M̂ , the best performances of PESQ, CSIG,

CBAK, COVL and SDR are achieved at 2.06, 3.55, 2.86, 2.79 and 13.94 dB when

the weights α and β in Equation 5.9 are turned to be 0.3 and 0.7. The results

clearly shows the advantage of the SI-SDR loss optimized on both time-domain

space and latent embedding coefficients space with two-step optimization.
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(a) (b) (c) (d)

Figure 5.4: The illustrations of latent representations (sample: fileid 006.wav)
in the test set for (a) the representation of conv-filter in one-step optimization
(system 1), (b) the representation of conv-filter in two-step optimization (system
21), (c) the representation of param-filter in two-step optimization (system 21)
and (d) the representation of gamma-filter in two-step optimization (system 21).

5.3.3.3 Single filterbank vs. hybrid filterbanks

Then, we validate the proposed hybrid filterbanks design. We continue to utilize

the two-step optimization as the training strategy and integrate the various hy-

brid filterbanks in the speech encoder and decoder as shown in Figure 5.2. We

observe from the Table 5.2, that the systems with the param-filters (system 10-

11) outperform the systems with the conv-filters or gamma-filters (system 8-9 and

12-13), especially when the systems with the param-filters have roughly same num-

ber of parameters as the system with the conv-filters or gamma-filters. Compared

with the systems with single types of filters (system 8, 10, 12), the corresponding

systems with self-attention layer (system 9, 11, 13) can further improve the perfor-

mances. Likewise, the systems with param-filters and gamma-filters (system 15)

outperform the systems with the combinations of the other two (system 14, 16).

The best performance is achieved by the system with three hybrid filters (system

21), which clearly shows the advantage of the hybrid filters to the robustness of

the framework.

5.3.3.4 Effect of hybrid filters with various configurations

We further analyse and summarize the performances of the proposed TSHFNet

with different weighted loss and different reconstructed signals, as shown in System

(17-21) of Table 5.2. Comparison between System 17-20 shows that using the

weighted reconstructed signals sw = w1 ∗ s1 +w2 ∗ s2 +w3 ∗ s3 performs better than

the single reconstructed signals such as s1, s2 or s3. The best performances are

achieved with hybrid filterbanks design and weighted reconstructed signals when
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Figure 5.5: SDR(dB), PESQ, CSIG, CBAK, and COVL performances of the
proposed TSHFNet approach under unseen testing scenarios. The system 1 de-
notes the Conv-TasNet baseline using the one-step optimization strategy. The
system 8 can be seen as the Conv-TasNet baseline using the two-step optimiza-
tion strategy. Compared with the system 8, the system 9 additionally utilizes
the self-attention layer in speech encoder. The system 21 represents the best
performances of the proposed TSHFNet. All the systems 1, 8, 9 and 21 are
trained on DNS-20h corpus and evaluated on VB evaluation set.

(a) (b) (c) (d)

Figure 5.6: The illustrations of latent representations (sample: p232 005.wav)
in the test set for (a) the representation of conv-filter in one-step optimization
(system 1), (b) the representation of conv-filter in two-step optimization (system
21), (c) the representation of param-filter in two-step optimization (system 21)
and (d) the representation of gamma-filter in two-step optimization (system 21).

the weights w1, w2 and w3 in Equation 5.9 are tuned to be (0.3, 0.5, 0.2), which

is aligned with the findings that the system 11 with param-filters also performs

better the systems 9 and 13 under the same conditions.

5.3.3.5 Effect of hybrid filters under unseen testing scenarios

In this experiment, we would like to validate the robustness of the proposed

TSHFNet (system 21) under unseen testing scenarios. We trained the system 21

with the DNS-20h dataset but evaluated it on the VB evaluation set, which exists

the mismatch between the two datasets. The results are shown in Figure 5.5. We



Chapter 5. Speech Enhancement with Hybrid Filterbanks Design 85

Table 5.3: PESQ, SDR(dB), and STOI(%) performances of recent state-of-
the-art techniques. “#Paras” is the parameters of the network. All methods are
trained on DNS corpus and evaluated on “syn noreverb” evaluation set.

Methods #Paras PESQ SDR(dB) STOI(%)

Noisy – 1.58 9.09 91.52
NSNet [154] 5.1M 2.15 – 94.47
DTLN [4] 1.0M 2.34 16.54 94.76

TCNN [127] – 2.34 16.86 –
Sub-band Model [155] 1.3M 2.37 – 94.24

MultiScale+ [74] – 2.71 – –
Conv-TasNet [1] 5.08M 2.73 17.12 94.83

TSHFNet 8.24M 2.93 17.65 95.01
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Figure 5.7: The spectrograms of a sample (fileid 006.wav) in the test set for (a)
noisy input, (b) the best baseline (system 1), (c) enhanced result of TSFHNet
(system 21) and (d) clean signal (ground-truth).

totally evaluate original noisy data and 4 systems (1, 8, 9, 21) in terms of PESQ,

CSIG, CBAK, COVL and SDR on VB evaluation set. The results clearly show the

advantages of the proposed TSHFNet even facing unseen testing scenarios.

To further show the robustness of the proposed TSHFNet, we illustrate the em-

bedding coefficients of an example produced by the encoders of system 1, and 21

as shown in Figure 5.6. Comparison between the (a) of Figure 5.6 and (b) of Fig-

ure 5.6, the convolutional encoder with two-step optimization of system 21 still

can extract more information than the convolutional encoder with the one-step

optimization of system 1. Furthermore, the param-filters in the speech encoder of

system 21 can extract the more clear information of noisy inputs, while the gamma-

filters in the speech encoder of system 21 can accurately capture the low-frequency

speech information and suppress the noise information.
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Figure 5.8: The result of A/B preference test for the enhanced speech between
the proposed TSHFNet and the best baseline Conv-TasNet.

5.3.3.6 Benchmark against baselines

Table 5.3 summarizes the comparison between the proposed TSHFNet and other

recent state-of-the-art techniques in terms of PESQ, SDR, and STOI. We observe

that the proposed TSHFNet obtain the best performance. Comparing with the

Conv-TasNet method, the TSHFNet achieves 7.3%, and 3.1% relative improve-

ments in terms of PESQ and SDR.

Tor further show the contribution of the proposed TSHFNet, we illustrate the

magnitude spectrum of an example as shown in Figure 5.7. We can see the proposed

TSHFNet can reduce the approximate same noises and maintain the the richer low

and high frequency information than the best baseline Conv-TasNet.

5.3.3.7 Subjective evaluation

As the Conv-TasNet produces the best baseline performance shown in Figure 5.3,

we directly perform an A/B preference test between the proposed TSHFNet and

Conv-TasNet method. We invited 10 listeners to choose their preference in 20

pairs of audio. We conclude the results in Figure 5.8. We observe that the listeners

clearly preferred the proposed TSHFNet with a preference score of 73% to the best

baseline Conv-TasNet with a preference score of 17%. Most subjects significantly

preferred the enhanced speech signals by TSHFNet, because the audios sound more

natural and have better quality.
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5.4 Conclusion

In this chapter, we proposed a two-step hybrid filterbanks network (TSHFNet) to

address the mismatch problem caused by the sensitive time-domain encoder/de-

coder. Specifically, we proposed to embed the conv-filters, param-filters and gamma-

filters in the speech encoder to reduce the dependency of training data. Further

more, we also propose to utilize the two-step training strategy to train a good

encoder and decoder. Experimental results show that the proposed TSHFNet out-

performs the best baseline Conv-TasNet in terms of PESQ, SDR and STOI.





Chapter 6

Conclusion and Future Work

Speech enhancement plays an important role in improving speech quality and intel-

ligibility. In real-world situations, test data and testing environments are usually

different from that of training data, which causes significantly degraded speech

enhancement results. Many factors cause the mismatch problem in speech en-

hancement, but in this thesis, we focus only on unseen noises in testset, channel

effect and sensitive time-domain encoder/decoder. To address mismatch problem,

this thesis proposed three novel approaches to advance the performance of state-

of-the-art speech enhancement techniques. Specifically, the three works will be

summarized in Section 6.1. Section 6.2 will clarify the future work.

6.1 Conclusion

6.1.1 Speech enhancement with adversarial training

Speech denoising techniques aim to reduce excessive background noise in speech

signals for better speech intelligibility and quality. For such machine-learning tasks,

the training and testing data are usually assumed to have the same probability

distribution. However, real-world situations often fail to meet this assumption,

a consequence of unseen noises in the testset. As a result, speech enhancement

performance may degrade significantly when faced with such unseen noises at run-

time. In this chapter, we aim to alleviate the mismatch problem caused by unseen

89



90 6.1. Conclusion

noises under two real-world scenarios: with noisy target-domain data and without

any target-domain data.

• If only noisy target-domain data is available, we propose a domain adversar-

ial training technique for unsupervised domain transfer, that 1) overcomes

domain mismatch, and 2) provides a solution to the scenario where we only

have noisy speech data, and we don’t have clean-noisy parallel data in the

new domain. Specifically, our method includes two parts that are jointly

trained, 1) an enhancement net to map noisy speech to clean speech by in-

directly estimating a mask with a spectrum approximation loss, and 2) a

domain predictor to distinguish between domains. Experiments suggest that

our approach delivers voice quality comparable with other supervised learning

techniques that require clean-noisy parallel data.

Experiments are carried out using the CHiME-4 database and Valentini-

Botinhao database. It is observed that our approach delivers voice qual-

ity comparable with other supervised learning techniques that require clean-

noisy parallel data. Specifically, SE-DAT achieves relative improvements of

14.7% in terms of PESQ, as compared with the noisy speech baseline. Mean-

while, SE-DAT achieves an improvement of 6.6% PESQ relative to the no-

adaptation baseline (SE-DAT-0). It indicates that adaptation via adversarial

training plays an important role for better speech quality under conditions

of mismatch. An A/B preference subjective listening test shows a 84% pref-

erence for the proposed SE-DAT compared with a 10% preference for the

SE-DAT-0 baseline.

• If no target-domain data is available, we propose to learn noise-agnostic fea-

ture representations by disentanglement learning, which removes the unspec-

ified noise factor, while keeping the specified factors of variation associated

with clean speech. Specifically, a discriminator module is introduced to dis-

tinguish the type of noises, which is referred to as the disentangler. With the

adversarial training strategy, a gradient reversal layer seeks to disentangle

the noise factor and remove it from the feature representation. The network

seeks to address the problem of unseen noise in the target domain without

the need for any target domain data.

Experiments are carried out using the Valentini-Botinhao database. We ob-

serve that the proposed NAT-SE obtained the best performances. Compared
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with the best baseline (Conv-TasNet), the NAT-SE achieves 5.8% and 5.2%

relative improvements in terms of PESQ and SSNR, respectively. In addi-

tion, we observe that listeners clearly preferred the proposed NAT-SE, with

a preference score of 71% compared to the best baseline Conv-TasNet, with

a preference score of 20%. Most subjects have a significant preference for

the enhanced waveforms by NAT-SE, because there is less mismatch in the

proposed NAT-SE.

6.1.2 Speech enhancement with multi-task training

In real-world situations, signals are sometimes not only distorted by various back-

ground noises but are also lacking the high-frequency information effected by trans-

mission channels, such as high frequency (HF), very high frequency (VHF) and

ultra high frequency (UHF). It is well known that speech signals with broader

bandwidth provide higher perceptual quality and intelligibility, therefore, recover-

ing the missing frequency information is important to speech enhancement when

faced with the mismatch problem caused by the channel effect. To alleviate the

mismatch problem caused by channel effect, the thesis further proposes an end-

to-end time-domain framework for speech enhancement and bandwidth extension.

Specifically, we jointly optimize mask-based speech enhancement and the ideal

bandwidth extension module with multi-task learning. The proposed framework

avoids decomposing the signals into magnitude and phase spectra, and therefore

requires no phase estimation.

We conduct experiments on the Valentini-Botinhao database. Experimental results

show that the proposed method achieves 14.3% and 15.8% relative improvements

over the best baseline UEE in terms of PESQ and LSD, respectively. Furthermore,

our method is 3 times more compact than the best baseline (UEE) in terms of

the number of parameters. In addition, we also observe that the listeners clearly

preferred the proposed MTL-MBE with a preference score of 84% to the best

baseline UEE with a preference score of 10%. Most test subjects have a significant

preference for wideband signals reconstructed by the MTL-MBE, because the MTL-

MBE produces cleaner signals at low-frequency and richer high-frequency content.
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6.1.3 Speech enhancement with hybrid filterbanks design

Single-channel time-domain speech enhancement has recently made great progress

thanks to the learned filterbanks as used in Conv-TasNet. Such learned filterbanks

can fully capture acoustic information from speech signals, as well as avoid de-

composing the speech signals into magnitude and phase spectra. Phase estimation

can be omitted in this process. However, these approaches are usually trained by

fully relying on the training data, which is sensitive to varying testing situations.

Therefore, this thesis further proposes a two-step hybrid filterbanks based net-

work (TSHFNet) that can keep the advantages of time-domain approaches, while

improving their robustness when faced with the mismatched problem caused by

sensitive time-domain encoder/decoder. Specifically, TSHFNet consists of a hy-

brid speech encoder, a mask predictor, and a hybrid speech decoder. The hybrid

speech encoder transforms noisy speech into three groups of embedding coefficients

via learnable filters, semi-learnable filters and non-learnable filters in the encoder.

The mask predictor takes the hybrid embedding coefficients as inputs and estimates

masks for them. Finally, the hybrid speech decoder reconstructs the cleaned speech

signals from the enhanced hybrid embedding coefficients. In the training stage, we

propose a two-step optimization strategy for the good encoder and decoder.

We conduct the experiments on the DNS challenge database. Experimental results

show that the proposed TSHFNet achieves 7.3% and 3.1% relative improvements

over the best baseline Conv-TasNet on the DNS corpus in terms of perceptual eval-

uation speech quality (PESQ) and signal-to-distortion ratio (SDR). The ablation

study indicates that the proposed TSHFNet can produce more robust embedding

coefficients on matched/unmatched testing scenarios. In addition, we observe that

the listeners clearly preferred the proposed TSHFNet with a preference score of

73% to the best baseline Conv-TasNet with a preference score of 17%. Most test

subjects have a significant preference for the enhanced speech signals by TSHFNet,

because the signals sound more natural and have better quality.

6.2 Future work

Speech enhancement is a potential technique to enable real-world applications work

well in noisy environments. We plan to extend the current works in the following
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three research directions.

Mismatch problem caused by other factors: This thesis has shown that

speech enhancement technologies, via adversarial training, can achieve significant

improvement over the previous baseline studies. However, these works only focus on

the mismatch problem caused by unseen noise. In real-world situations, there are

many other factors that can cause the training-testing mismatch, such as, different

accents and various languages. Therefore, the speech enhancement method with

adversarial training can be improved by learning more general acoustic features,

which can disentangle the accent information or language information in the learned

features.

Bandwidth extension pre-processing: When we simulate the signals corrupted

by channel effect, we usually apply a low-pass filter to the full-band signals to block

high-frequency information. This causes the dividing line between low-frequency

and high-frequency signals to be extremely tidy. However, in real-world appli-

cations, there is no hard line between low-frequency signals and high-frequency

signals, which also introduces the problem of mismatch between training and test-

ing. Therefore, the speech enhancement method with multi-task training can be

improved using different low-pass filters to pre-process the training data, which can

leverage the mismatch problem between the training stage and the inference stage

in real-world situations.

Real-time speech enhancement: The proposed speech enhancement technolo-

gies perform off-line processing, but real-world applications require processing in

real-time. For example, a delay of 3ms is noticeable in real-time applications and

delays time of over 10ms are unacceptable. Therefore, the speech technologies pro-

posed in this thesis can be further improved by reducing 1) the depth of layers

and 2) the operational complexity of the framework, to satisfy the requirements of

real-time applications .
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