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Abstract

The objective of speech separation is to divide a mixture signal, i.e., multiple
speakers with background noise, into a set of individual streams, where each stream
only contains a single speaker’s voice. The study of speech separation is important
as the performance of speech applications degrades dramatically in the presence
of background noise, especially, interference speakers. Many real world speech
applications are thus greatly limited. Towards this end, this thesis focuses on the
techniques to improve the performance and practicality of speech separation, and

the usage of speech separation technology to solve multi-talker speaker verification.

Speech always shows its characteristics of temporal continuity. However, the tem-
poral continuity of the separated speech is broken by a frame leakage problem
that someone’s voice segment is wrongly separated into another speaker’s output
stream. To this end, this thesis first proposes a temporal objective function to
optimize the neural network and a grid long short-term memory (LSTM) to learn
spectro-temporal features. With these explicit temporal information as supervision
and features, the temporal continuity, that is broken by windowing effect between
frames, is bridged. The speech separation network is optimized through a multi-
task learning framework with a subtask to predict an attribute (silence, single, and
overlapped) for each time-frequency (TF) bin of the mixture magnitude. Experi-
ments show that the proposed method significantly outperforms the corresponding

baseline in both objective and subjective evaluations.

In general, speech separation methods require knowing or estimating the number
of speakers in the mixture in advance. However, the number of speakers couldn’t
always be known in real world applications. Moreover, speech separation may suffer
from what is called global permutation ambiguity problem, where the separated
voice for the same speaker may not stick to the same output stream across long
pauses or utterances. These two problems greatly limited speech separation in
realistic environment. To this end, the second and third contributions of this thesis

focus on a frequency-domain and a time-domain speaker extraction solutions, that

xi
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are special cases of speech separation, to address the aforementioned problems. The
idea is to mimic human’s ability of selective auditory attention by only extracting
the target speaker’s voice given a reference speech of that speaker. The time-
domain speaker extraction method further avoids the inherent phase estimation
problem in the frequency-domain method during the signal reconstruction stage.
Experiments show that the proposed method significantly outperforms a variety
of baseline approaches in different evaluation environments. The experiments also
confirm that the proposed method is more flexible and practicable than other

traditional speech separation methods.

The performance of speaker verification degrades significantly when the test speech
is corrupted by interference speakers. Speaker diarization also fails to segregate
speakers in presence of an overlapped multi-talker speech. To the best of my knowl-
edge, the forth contribution of this thesis is the first solution that addresses the
overlapped multi-talker speaker verification by a tandem system. The proposed
speaker extraction methods are exploited as the front-end processing of a tradi-
tional speaker verification system, that is called as SE-SV. Experimental results
show that SE-SV significantly improves the performance of speaker verification

with overlapped multi-talker speech and outperforms oracle speaker diarization.
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Chapter 1

Introduction

Speech is the most natural way of human machine interaction. With the re-
cently dramatic development of speech perception (listening and understanding)
and speech generation (speaking) technologies, speech has been widely adopted
in many applications for near-field human machine interaction. However, speech
perception (i.e., speech recognition) and speech generation (i.e., text-to-speech)
technologies are vulnerable to the presence of reverberation, background noises,
and interference speech. Without solving the problems caused by these adverse
conditions in far-field communications, especially, interference speech, the appli-
cations of speech technologies are greatly limited. Therefore, how to come up a
solution to make human machine interaction robust against these adverse environ-
ments in real world applications is still a challenging problem, such as, hearing aids

[1], teleconferencing [2], smart devices [3], and robotics [4].

This chapter starts with an introduction of speech separation that aims to solve the
cocktail party problem in Section 1.1. Section 1.2 describes the existing problems
in speech separation and the motivations of this thesis. The contributions of this
thesis are summarized in Section 1.3. Finally, Section 1.4 presents the outline of

this thesis.
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1.1 Background

Humans have the remarkable ability to focus auditory attention on a particular
voice by masking out the acoustic background in the presence of multiple talkers
and background noises [5, 6]. This is called cocktail party effect or cocktail party
problem. The remarkable ability is implemented with three stages: accurate pro-
cessing of low-level stimulus attributes, segregation of auditory information into
coherent voices, and selectively attending to a voice at the exclusion of others to
facilitate higher level processing [7]. Speech separation aims to solve this cocktail
party problem by mimicking human’s ability of the first two stages of accurate
processing and segregation. Specifically, there are two possible scenarios: a single
channel recording of multi-talkers speech, or multi-channel recordings of multi-
talkers speech. Speech separation learns distinguishable patterns from the original
single or multi-channel mixture signals, and then divides each speaker’s voice into

an individual output stream.

The multi-channel speech separation problem is a simpler task as compared to
speech separation given only a single channel recording. This is because multi-
channel speech separation could be benefit from spatial information. This thesis
mainly focuses on the challenging single channel speech separation unless other-
wise explicitly mentioning the multi-channel input case. Because the acquisition
of single channel signal is much easier and more common in most real world ap-
plications. In addition, a well-developed single channel speech separation could be

easily extended to be applicable to multiple channels.

Inspired by human auditory scene analysis, computational auditory scene anal-
ysis (CASA) [8-13] is the first attempt of speech separation techniques to solve
the cocktail party problem. To avoid the human designed features in CASA meth-
ods, non-negative matrix factorization (NMF) [14-22], and gaussian mixture model
together with hidden markov model (GMM-HMM) [23-25], apply machine learn-
ing techniques to automatically discover some patterns that distinguish different
speakers in a multi-taker speech. However, these approaches don’t generalize well

to unseen speakers due to the issue of speaker permutation ambiguity problem.

Recent studies have seen major progress by addressing the local speaker permu-
tation ambiguity problem within a frame or utterance with the ability of deep

learning, such as, deep clustering (DC) [26-28], deep attractor network (DANet)
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29, 30], permutation invariant training (PIT) [31, 32], and time-domain audio sep-
aration network (TasNet) [33-35]. These speech separation methods have been
equipped the ability to separate a multi-taker speech with new speakers that are
unseen by the system during training. Similar to the traditional methods, these
deep learning based speech separation methods still require knowing or estimat-
ing the number of speakers in the mixture in advance. However, the number of

speakers couldn’t always be known in advance in real world applications.

To address the limitation of unknown number of speakers, the studies [36, 37]
try to iteratively separate and reconstruct the speech signal for each individual
speaker. The iteration procedure is terminated by either a stop-flag or a threshold
of the residual mask in [36]. In [37], a simple deep neural network based binary
classifier is used to predict whether the residual signal of the input is speech or not
in every iteration. The recursion step continues only when the residual signal is
predicted as speech. However, the iteration procedure limits the run-time process

to be real-time.

Furthermore, speech separation methods may suffer from what is called global
speaker permutation ambiguity problem, where the separated voice for the same
speaker may not stick to the same output stream across frames in an online system,
and long pauses or utterances in an offline system. Because the separation is done
frame by frame in an online system or utterance by utterance in an offline system.
In this work, we focus on addressing the aforementioned limitations to make speech

separation possible in real world applications.

1.2 Motivations

As we known human achieves selective auditory attention with three stages, speech
separation only implements the first two stages without attending to a voice at
the exclusion of others, as discussed in Section 1.1. Speech separation mimics
human’s bottom-up sensory-driven attention, for example, a loud explosion that
would attract attention [38]. In addition, human has another top-down task specific
attention, for example, a flight announcement of one’s interest in a busy airport [38].

Human’s attention is non-static, and modulated rapidly at real-time in response to



4 1.2. Motivations

the bottom-up acoustic stimulus and the top-down attention task in the cognitive

process.

Different from speech separation, speaker extraction emulates human brain’s top-
down selective auditory attention. The idea of speaker extraction is to provide a
reference speech of a target speaker to direct the attention to the attended speaker.
Given the reference speech of the target speaker (similar to human’s specific task
in mind), speaker extraction only extracts the target speaker’s voice and filters out
other competing signals. The reference speech could be different from the speech
in the mixture and is used to model the target speaker’s characteristics. Similar to
speech separation, speaker extraction could obtain a set of separated source signals
from the mixed signal by extracting each speaker’s voice given a reference speech of
that corresponding speaker in parallel. From the point of view, speaker extraction
is a special case of speech separation. Meanwhile, each extracted signal is known

which speaker it belongs to.

By only extracting the target speaker’s voice, speaker extraction overcomes the
problems of unknown number of speakers and global speaker permutation ambi-
guity in a speech separation approach. In addition, speaker extraction is able to
handle different conditions in an unified framework, such as, two-speaker mixture,
three or more speaker mixture, one speaker with background noise, and multi-talker
speech with reverberation and noise. Because speaker extraction always takes a
mixture speech and a reference speech as its inputs, and outputs a single stream
no matter what kind of condition the input mixture is. It’s different from a speech
separation approach that has different number of output streams when the number
of speaker in the input mixture is various. Therefore, it is important to implement

and improve speaker extraction systems to solve the cocktail party problem.

Speech applications always suffer from performance degradation in a cocktail party
environment. The performances of these speech applications need to be studied
when speech separation is applied as a front-end processing in a tandem system.
This work studies the effectiveness of speaker extraction in improving the per-
formance of speaker verification in a multi-talker speech environment, where the
reference speech of the target speaker is available through an enrollment process.
To the best of my knowledge, there is no solution to address the overlapped multi-

taker speaker verification problem.
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1.3 Contributions

In this thesis, we firstly address the frame leakage problem where some frames of
one speaker are leaked to another speaker’s output stream during an utterance pro-
cessing in an offline speech separation system. Then, we study a frequency-domain
and a time-domain speaker extraction approach to overcome the problems of un-
known number of speakers and global speaker permutation ambiguity across frames
and utterances in an online and offline speech separation systems, respectively. Fi-
nally, we propose a tandem system as the first attempt to solve the overlapped
multi-talker speaker verification problem in a real world application. The details

of four contributions are summarized as below.

Multi-task Learning of Neural Networks for Temporal Continuity in
Speech Separation: In the first study, we introduce a temporal objec-
tive function and a grid LSTM to learn spectro-temporal features together
with a multi-task learning framework. Previous frequency-domain speech
separation methods always calculate a mean square error (MSE) in spectral
feature dimension as an objective function without leveraging temporal in-
formation. The temporal continuity of the output stream is broken by the
frame leakage problem within an utterance. The proposed framework exploits
the temporal information in both objective function and feature learning to
address the frame leakage problem. Specifically, the temporal objective func-
tion exploits dynamic information within a contextual window to compute
MSE for network optimization. The grid LSTM captures spectro-temporal
features on top of an image-like spectrum in both spectral and temporal
dimensions through inner communications. Finally, a novel multi-task learn-
ing framework incorporates the speech separation task with a sub-task that
predicts time-frequency attributes (silence, single and overlapped) of each

time-frequency bin.

Top-down Selective Auditory Attention with Speaker Extraction: The
second and third contributions are to address the problems of unknown num-
ber of speakers and global speaker permutation ambiguity by a frequency-
domain and a time-domain speaker extraction techniques, respectively. The
idea of speaker extraction is to mimic human’s ability of top-down selec-

tive auditory attention by taking a reference speech of the target speaker
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as a cue. Speaker extraction consists of four components, namely speaker
encoder, speech encoder, speaker extractor, and speech decoder. Specifi-
cally, the speech encoder converts the mixture speech into feature represen-
tations. The speaker encoder learns to represent the target speaker with
a speaker embedding, which guides the top-down auditory attention. The
speaker extractor takes the feature representations and the target speaker
embedding as inputs and estimates a receptive mask. The speech decoder
reconstructs the target speaker’s speech from the masked feature representa-
tions. The frequency-domain speaker extraction approach applies short-time
Fourier transform (STFT) and invert STFT (iSTFT) as the speech encoder
and speech decoder, respectively. However, such an approach is adversely

affected by the inherent difficulty of phase estimation.

The time-domain speaker extraction network (SpEx) adopts a multi-scale
encoding and decoding scheme with a trainable speech encoder and a train-
able speech decoder instead of STFT and iSTFT. SpEx doesn’t decompose
the speech signal into magnitude and phase spectra, therefore, it avoids the
phase estimation problem. The multi-scale encoding and decoding scheme
enables SpEx to capture multiple temporal resolution for high voice quality.
A multi-task learning framework is further proposed to jointly optimize the
SpEx network with a cross-entropy loss for speaker classification to improve
the quality of speaker embedding and a multi-scale scale-invariant signal-to-
distortion ratio (SI-SDR) loss for speaker extraction to evaluate the quality
of the estimated signal. Finally, an unified SpEx system is studied under

various cocktail party environments.

Multi-talker Speaker Verification with Speaker Extraction: Although a
reference speech of the target speaker is required, speaker extraction is practi-
cal to the applications where only register speakers are need to be responded,
for example, speaker verification. To the best of my knowledge, the fourth
contribution of this thesis is the first solution to solve the speaker verification
problem when the test utterance is corrupted by interference speakers most
of the time. The multi-talker speaker verification system with speaker ex-
traction as a front-end is called as SE-SV. The proposed speaker extraction
methods in both frequency-domain and time-domain are exploited to extract
the speech of the speaker characterized by the enrollment speech from the

mixture. Then, a traditional speaker verification system makes a decision to
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decline or accept the extracted speaker by comparing whether the extracted

speech and the enrollment speech are the same speaker.

The first contribution on multi-task learning of neural network for temporal con-
tinuity discussed in Chapter 3 is published in the conferences: ICASSP 2018 [39]
and INTERSPEECH 2018 [40]. The second contribution on the top-down selective
auditory attention with speaker extraction discussed in Chapter 4 and Chapter 5
is published in the conferences: ICASSP 2019 [41], ASRU 2019 [42], and its exten-
sion is published in the journal: IEEE/ACM Transactions on Audio, Speech and
Language Processing [43]. The third contribution on multi-talker speaker verifica-
tion with speaker extraction discussed in Chapter 6 is published in the conference:
INTERSPEECH 2019 [44].

1.4 Thesis Outline

The rest of this thesis is organized as follows:

Chapter 2 provides a background of speech separation, and reviews the state-of-

the-art speech separation methods.

Chapter 3 proposes a temporal objective function, and learns spectro-temporal
features by a grid LSTM with a multi-task learning framework to make sep-

arated speeches temporal continuous.

Chapter 4 proposes a frequency-domain and a time-domain speaker extraction
approaches, which mimic human’s ability of top-down selective auditory at-
tention. Meanwhile, speaker extraction solves the problems of unknown num-
ber of speakers and global speaker permutation ambiguity across frames an
utterances in an online and an offline speech separation approaches, respec-

tively.

Chapter 5 evaluates and analyzes the frequency-domain and time-domain speaker
extraction approaches proposed in Chapter 4. Various cocktail party environ-
ments are studied, such as, various speaker mixture condition, noisy mixture
condition, reverberant mixture condition, and the mixture condition with

both noise and reverberation.
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Chapter 6 proposes a tandem system as the first attempt to address the over-

lapped multi-talker speaker verification.

Chapter 7 concludes the findings of this thesis and discusses future research di-

rections.



Chapter 2

Overview of Speech Separation

This chapter starts with an introduction of speech separation and its signal defini-
tion in Section 2.1. Since the cocktail party problem has been studied for decades,
we review some previous representative works in Section 2.2 and 2.3. Section 2.2
summarizes the traditional speech separation technologies before deep learning era.

Section 2.3 reviews the deep learning based speech separation technologies.

2.1 Background

2.1.1 Definition of Speech Separation

Speech signals recorded with distant microphones are inevitably corrupted by in-
terfering speaker, noise and reverberation, which severely degrade the perceptual
quality of the captured speech signals. When there is a single distant microphone

as the recording device, the received discrete signal y(n) will be expressed as,

c
y(n) = he(n) = s.(n) + b(n) (2.1)
c=1
where there are number of C' speakers talking at the same time and n is a time
position of each sample. s.(n) is a speech signal of an individual speaker. h.(n) is
the room impulse response between the ¢y, speaker and the microphone. b(n) is a

background noise, and * is a convolution operator.
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Speech separation aims to estimate each individual signal 5.(n) that is close to the
original speech signal s.(n). To estimate the signal 5.(n), most speech separation
methods firstly transform the time-domain mixture signal into its magnitude and

phase spectra with a STF'T for a frequency-domain processing.

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

i

Y(t, f)= y(n + tL)w(n)exp(—j2mnf/N) (2.2)

n

I
<)

where a time frame ¢ € [0, T — 1] is obtained by shifting an amount of L samples,
and a frequency bin f € [0, N — 1] is associated with a frequency of (f/N)f, Hz at

a sampling rate of f; Hz. w(n) is a hamming or hanning window of length N.

With the time-domain signal model as Eq. 2.1, the frequency-domain mixture

signal can be decomposed as,

c
Y(t, f) =Y Hdt. f)S.(t. f) + B(t, f) (2.3)
c=1
where H.(t, f), S.(t, f), and B(t, f) are the complex spectra of corresponding time-

domain speech signal, reverberation, and background noise.

In a typical setup, speech separation estimates the complex spectrogram S, for
each speaker, which is close to the original signal S.. To obtain the complex spec-
trogram S, the magnitude |SC| and phase £S, spectra need to be estimated. Since
phase spectrogram shows little temporal and spectral regularities, it’s a challeng-
ing problem to manipulate the phase spectrum to be a better one. Most speech
separation methods use the phase spectrogram of the mixture signal as the phase
for each speaker (45’0 = ZY). Therefore, frequency-domain speech separation
methods typically focus on how to improve the quality of the estimated magnitude

spectrogram |S,|.

The goal of the separation is to make the estimated magnitude |§C| as close as
the clean magnitude |S,| for each source. When the magnitude spectrogram |S,|
for ¢y, speaker is estimated, the complex spectrogram S. could be obtained by
combining the magnitude |§C| and the phase ZY of the mixture signal. Therefore,

each estimated time-domain signal 5.(n) could be reconstructed by an overlap and
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add algorithm,
T-1
Z v(n —tL)S.+(n —tL) (2.4)
t=0

together with an iSTFT,

MZ

So(t, f) exp(j2nnf/N) (2.5)

Sc,t
f:

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

2.1.2 Corpus

Recent works are mostly conducted on public available corpus for easy comparisons,
such as, two-speaker mixture database without noise and reverberation (WSJO-
2mix), two-speaker mixture database with noise (WHAM!), and two-speaker mix-
ture database with noise and reverberation (WHAMR!). This thesis also conducts
the experiments on these well-known speech separation corpora in order to fairly

compare with the state-of-the-art speech separation methods!.

2.1.2.1 WSJ0-2mix Database

WSJ0-2mix database aims to simulate the recording condition, where there are
only two speaker talking at the same time. This condition simplifies the mixture

signal model in Eq. 2.1 as a special case without noise and reverberation,

c

c=1
where C' is equal to 2 in this WSJ0-2mix database.

The two-talker mixed WSJO0-2mix dataset?, was mixed by randomly choosing ut-
terances of two speakers from the WSJO corpus [45]. The database was simulated

at a sampling rate of 8kHz for a manageable computation load and memory cost.

1Since WHAM! and WHAMR! are released during the time-domain speaker extraction work
of Chapter 5, the performances on these two databases are only compared in Chapter 5.

2 Available at: http://www.merl.com/demos/deep-clustering. The database used in this work
was simulated with the released script and file list in [26].
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It was composed of three sets: training set (20, 000 utterances ~ 30h), development
set (5,000 utterances ~ 8h), and test set (3,000 utterances ~ 5h). Specifically, the
utterances from 50 male and 51 female speakers in the WSJO training set (si_tr_s)
were randomly selected to generate the training and development set in WSJO-
2mix at various signal-to-noise (SNR) ratios uniformly chosen between 0dB and
5dB. Similarly, the test set was created by randomly mixing the utterances from
10 male and 8 female speakers in the WSJ0 development set (si_dt_05) and evalua-
tion set (si_et_-05). Since the speakers in the development set of WSJ0-2mix dataset
were the same as those in the training set, the development set was used as closed
condition (CC) to tune parameters. Moreover, the test set was considered as open
condition (OC) evaluation, because the speakers in the test set were different from

those in the training and development sets, and unseen during training.

2.1.2.2 WHAM! Database

WSJO Hipster Ambient Mixtures (WHAM!)? database was created to simulate
a more realistic condition, where two speaker’s voices are mixed together with
background noise [46]. This database described the mixture signal model by only

considering interference speech and background noise,

C

y(n) =Y se(n) +b(n) (2.7)

c=1
where C' is equal to 2 in this WHAM! database.

The WHAM! database was created by adding real ambient noise into the two-
speaker mixtures same as those in WSJ0-2mix database. The noise samples were
recorded in coffee shops, restaurants, bars, office buildings, and parks. The noise
was mixed in by a random SNR chosen from a uniform distribution between -
6dB and +3dB. In each mixture, two speaker’s voices were used same as those in
the original WSJ0-2mix database. The noise was randomly selected from a noisy
recording at a random start point. The first speaker’s voice to simulate the mixture
was applied with a gain to make the SNR between this speaker and the noise equal

to the random chosen SNR value. The same gain was then applied to the second

3 Available at: http://wham.whisper.ai
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TABLE 2.1: Configuration of room impulse response parameters.

Length (m) Wide (m) Height (m)
Room U(5,10) U(5,10) U(3,4)
Microphone Center | isem 1 7(—0.2,0.2) | WEeem +U(—0.2,0.2) | U(0.9,1.8)
High (s) Middle (s) Low (s)
Too U(0.4,1.0) (0.2,0.6) U(0.1,0.3)
Height (m) Distance (m) 0 (°)
Sources U(0.9,1.8) U(0.66,2) U(0, 360)

speaker’s voice. This resulted in the training set, development set and test set of
20,000, 5,000 and 3,000 paired utterances, respectively.

2.1.2.3 WHAMR! Database

Although WHAM! database introduced noise to the two-speaker mixture WSJ0-
2mix database, there was no reverberation into consideration. The reverberation
was always presented in indoor recordings outside of soundproof studios. To in-
clude the reverberation, WHAMR!* database augmented the WHAM! database by
applying synthetic reverberated sources. This database was simulated with the
condition described in Eq. 2.1 with interference speech, background noise and

reverberation.

The synthetic reverberated sources were generated by convolving the anechoic sig-
nal with room impulse response (RIR). The RIR was simulated using pyrooma-
coustics [47] according to the random room configuration shown in Table 2.1. The
WHAMR! database defined four core separation tasks: 1) clean mixture condition:
anechoic clean mixture to anechoic sources (same as WSJ0-2mix); 2) noisy mixture
condition: anechoic noisy mixture to anechoic sources (same as WHAM!); 3) rever-
berant mixture condition: reverberant mixture to anechoic sources; 4) noisy and
reverberant mixture condition: noisy and reverberant mixture to anechoic sources.
Since the clean and noisy mixture conditions were simulated same as WSJ0-2mix
and WHAM!, this thesis only used WHAMR! to evaluate the performance of speech
separation under the reverberant mixture condition, and the noisy and reverberant

mixture condition.

4Available at: http://wham.whisper.ai
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2.1.3 Evaluation Metrics

The speech separation systems could be evaluated by both objective evaluation
and subjective evaluation. The objective evaluation is used to measure the distor-
tion and quality between the separated and target clean signals. The subjective
evaluation is to examine the perceptual quality and intelligibility of the separated

signal.

2.1.3.1 Objective Evaluation

Signal-to-distortion ratio (SDR), signal-to-interferences ratio (SIR), and signal-to-
artifacts ratio (SAR) [48] calculates the energy ratios expressed in decibels between
the estimated wanted signal and the distortion, the interferences and the artifacts,

respectively. They are calculated by firstly decomposing the estimated signal 5 as
S=s+e +e,+e, (2.8)

where s; = f(s) is the modified source signal s with an allowed distortion f(-).
e;, en, and e, are the inteferences, sensor noise, and burbling artifacts error terms,

respectively.
SDR, SIR, and SAR are then calculated as,

151

SDR = 101 2.9
%076 + en + €a| (2:9)
[Is:]?
, 2
SAR = 10l0gy 12T &+ Cnll (2.11)

leal[?
The higher SDR, SIR, and SAR means the better performance of the speech sep-
aration system. To measure the performance improvement, SDR improvement
(SDRi) is computed by using the SDR of the separated speech to minus that of
the mixture speech [31, 32]. The SDRIi is also defined as global normalized SDR
(GNSDR) [49].

Perceptual Evaluation of Speech Quality (PESQ) [50, 51] is recommended as the
ITU-T P.862 standard to automatically assess the speech quality instead of the
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subjective Mean Opinion Score (MOS). The key of PESQ is to predict the MOS
value that would result if real people are evaluating the recorded speech clips. Com-
paring with MOS, PESQ has the benefit to avoid involving listening subjects into
the evaluation. Different from SDR without distinguishing the type of distortion,
PESQ incorporates a perceptual model to distinguish between audible distortion
(i.e. anoise added to the spectrum) and inaudible distortion (i.e. a spectral compo-
nent omitted or heavily attenuated) with different weights. Compared to additive
components, the omitted or attenuated components may be not easily perceived
because of masking effects. The range of the PESQ score is 0.5 to 4.5. The higher

score represents the better performance of speech separation systems.

2.1.3.2 Subjective Evaluation

An A /B preference test is a subjective evaluation to compare the speech quality
between two systems. For each A /B listening pair, one sample is from the proposed
system while the other one is from the comparing baseline. 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 preference rate to the samples

of a speech separation system indicates the better performance of the system.

2.2 Speech Separation Technologies Before Deep

Learning Era

Speech separation could be formulated as unsupervised learning or supervised
learning task according to whether source signals are available. Unsupervised learn-
ing based approach is also known as blind source separation (BSS) where both the
sources and the mixing process are unknown. BSS aims to recover unknown source
signals from the received mixture observations only. The most popular BSS ap-
proach is independent component analysis (ICA) [52]. Tt assumes the source signals

are statistically independent and non-Gaussian distribution.
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Most ICA methods [53, 54] focus on the case where the number of received obser-
vations is larger or equal to the number of sources signals (overdetermined or de-
termined BSS). Some works extend the overdetermined or determined BSS to only
separate the target source when a reference signal is available, such as, constrained
independent component analysis (cICA) [55], and ICA with reference (ICA-R) [56].
The works in [57, 58] extend ICA to the underdetermined BSS (e.g., single channel
speech separation in this thesis). However, the single channel ICA (SCICA) is
only practical under certain circumstances. For example, the SCICA framework
requires a necessary condition that the independent source processes have disjoint
spectral support [58]. Since this thesis only focuses on supervised learning based
speech separation techniques, more details of ICA based BSS methods could be
found in the handbook [54].

Supervised learning based approach conducts speech separation given a variety of
labelled training data, including the mixed signal and its individual source signals.
A speech separation system could be trained with these data. And the trained
model is applied to decompose the mixed signals into individual sources during
inference. With the supervision of labelled data, supervised learning based systems
always outperform those of unsupervised learning. Although supervised learning
requires a variety of labelled training data, the labelled data is free to be obtained
by simulation. Therefore, this thesis mainly focuses on the study of supervised

learning based speech separation methods.

Before the deep learning era, the representative speech separation approaches could
be grouped into auditory model, decomposition model and generative model, such
as, computation auditory scene analysis (CASA) [8-13, 59], non-negative matrix
factorization (NMF) [14-22], and gaussian mixture model with hidden markov
model (GMM-HMM) [23-25, 60, 61].

2.2.1 Auditory Model

The pioneering works, referred as CASA [8-13, 59], are inspired by the findings on
how human listeners separate sources in an acoustic mixture, for example, the au-
ditory scene analysis in psychoacoustic research [62]. According to the mechanism
and findings of the separation by humans, a series of heuristic rules are designed in

the CASA methods. The frequently-used heuristic rules include pitch continuity
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9], vocal tract continuity [9], temporal continuity [59], harmonic [11], and common

onset or offset [13].

According to the heuristic rules, the CASA methods group the time-frequency bins
belonging to the same speaker together. Then, the signal of expected speaker is
extracted from the mixture based on a binary mask formed by grouping time-
frequency bins. Among these heuristic rules, pitch contour is the most useful one
due to its characteristics of continuity. In addition, different speakers may have
different pitch values. Since a speaker can only produce one instantaneous pitch,

there will be two or more speakers if two or more pitch contours are detected.

Since the extraction of features that clearly show the grouping effects is the most
important step, CASA methods suffer from the main drawback of inaccurate track-
ers (i.e., pitch tracker). In addition, the designed rules may be suboptimal and can
not generalize well to unseen cases because of the limited observations. Further-
more, the extraction of the signal for the expected speaker is based on the binary

mask, which has been shown to be suboptimal [63].

2.2.2 Decomposition Model

To overcome the drawbacks of human designed heuristic rules in CASA, a decom-
position model, such as NMF [14-22], was an early attempt to automatically find
the complex inherent characteristics from data. The decomposition model always
assumes that the audio spectrogram is a low rank matrix. It means that only a
small number of basis could be enough to represent the non-negative spectrogram
Y € RF*T | as follows,

Y ~ BW (2.12)

where B € R and W € RE*T are the non-negative basis matrix and weight
matrix. Typically, the hyper-parameter K (K < F < T) results in a compressed
representation and a low-rank approximation of the data. F' and T  are the dimen-

sion of frequency features and the number of frames.

To find B and W given Y with the non-negative constraints B > 0,/ > 0, an

optimization criterion is formulated as following,

uin D(Y||BW) (2.13)
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FiGURE 2.1: The NMF framework of training and inference procedure. Two
speakers’ mixture is taken as an example.

where D(-) can be Euclidean distance or Kullback-Leibler (KL) divergence. The
optimization algorithm of NMF with KL divergence as a criterion is summarized
in Algorithm 1 [64].

Algorithm 1: KL-NMF
Initialize B, W
Repeat

Until convergence

Return B, W

The procedure of NMF for speech separation is shown as in Figure 2.1. It first
learns a basis dictionary by decomposing the clean spectrogram S, of each clean
source signal into non-negative basis matrix B, and non-negative weight matrix
W,. The basis dictionary is kept and the weight matrix is discarded, as shown in
the left dotted box of Figure 2.1. The decomposition of each source ¢ € [1,C] is in

terms of an optimization objective defined as below,

B, W. = argmin D(S.|B.W,) (2.14)

Be,We>0

During the run-time inference as shown in the right dotted box of Figure 2.1, a

weight matrix W, for each source is obtained by decomposing the spectrogram Y
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of the mixed signal given the learned basis dictionary [By, ..., B¢], as below,

A

W, = argmin D(Y|B.W) (2.15)

wW>0

The learned basis dictionary [Bj, ..., B¢] is fixed during the decomposition at the
run-time inference. Each source signal S, could be estimated by the basis dictionary

[By, ..., Bc| and the optimized weight [Wl, s WC] as following,

S. = B.W, (2.16)

To further improve the performance, a wienner filtering like mask is typically used

to reconstruct the separated source Sc,
Se
Zc SC

The time-domain separated signal §. could be reconstructed using the overlapped-
and-add algorithm together with inverse STF'T as defined in Eq. 2.4 and Eq. 2.5.

S,=Y® (2.17)

By adding different constraints to the optimization criterion, NMF has been ex-
tended to several variants, such as, sparse NMF [19, 21], convolutive NMF [17,
18, 21}, discriminative NMF [22]. However, the main limitations of NMF and its
variants come from the linear assumption of the decomposition and the expensive
computation cost for the optimization during inference. In addition, the decom-
position of signal into a basis and a weight doesn’t exploit the temporal dynamics
of a speech signal. Furthermore, the size of the trained model (basis dictionary) is
determined by the number of learnt basis and increased linearly with the number
of source signals. Finally, the system is unable to generalize to unknown signal
that is unseen during training, because there is no learnt basis for this unknown

signal in the basis dictionary. This limits its ability in real-world applications.

2.2.3 Generative Model

In speech processing, we usually assume the observed data belongs to a Gaussian
distribution. Due to the limited ability of a single Gaussian, a GMM is typically

used to model the complex data. The assumption is that the observed data is
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generated by mixing a set of GMM distributed source signals with unknown mean
and variance. GMM based technology always conducts the separation on log power
spectrum. Here, the distribution of the source signal S, for speaker ¢ € [1, C] within
a GMM is defined as,

K
(Se) = Z kN (Se; pheks Sek) (2.18)
k=1

where K is the number of Gaussian components in the GMM and ¢, denotes the
weight (a prior probability, Zszl ¢r = 1) of the k' Gaussian component. i,
and o, are the mean and covariance matrix of the k' Gaussian for the log power
spectrum of ¢ speaker. N'(S¢; flek, 0ck) is a multivariate Gaussian probability

density function.

Band quantization is employed to reduce the heavy computational cost caused by
the multivariate GMM [24]. Each of the K Gaussians of each model is approxi-
mated to a shared set of d Gaussians (d < K) in each of the F' frequency bands
with a mapping M(-). Now the distribution of the GMM has become,

cf chf;o'ckf) (2-19)

SR10

WM&

where i and 0. are the mean and variance of the k' Gaussian for the f*
dimension of the log power spectrum for ¢/ speaker. N (Se.f; tek.fr Ock.f) is the

Gaussian probability density function.

HMM is a probabilistic model for sequential data, i.e., speech, which generates
unobserved random state sequence by a hidden Markov chain. Each state has
an observation that forms an observation sequence. Every point in the sequence
is corresponding to a time frame in speech. The parameters of a HMM includes
initial state probability distribution, state transition probability distribution and
observation probability distribution. The observation probability function in each
state is usually a GMM.

To overcome the limitation of NMF without exploiting temporal dynamics of a
speech, GMM-HMM approaches [23-25, 60, 61] were studied as a general model
to separate a single channel mixture signal. On the 2006 two-talker speech separa-

tion and recognition challenge, GMM-HMM generative models outperform CASA
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and NMF approaches. When a factorial hidden Markov model (FHMM) [65] was
applied, the generative separation model achieved the best performance and even

outperformed human’s performance on multi-talker speech recognition [24, 66].

Specifically, a FHMM models the acoustic dynamics and grammatical dynamics
via state transition probabilities and a GMM models the observation probability
distribution of the mixture signal. Speaker dependent GMM-HMM models are first
trained with single source data. Each source is modeled with an HMM trained on
the data belonging to this source. The trained models are then combined in a
FHMM framework, which includes two or more Markov chains evolving indepen-
dently. The observation of the mixture signal Y at each frame depends on the

states of all Markov chains.

Given the observation of the mixture signal, a joint underlying state sequence is
obtained over all Markov chains by a 2-D Viterbi search algorithm. Each time-
frequency bin of the mixture is estimated to be dominated by one speaker. It

forms a binary mask to separate the mixture signal.

With the increasing of number of Gaussian mixtures, GMM-HMM based speech
separation improves the performance. However, the computation complexity in-
creases explosively along with the increase of the number of Gaussians. To address
the chicken-and-egg problem, a method that measures the Kullback—Leibler diver-
gence between two GMMs is proposed in [67]. Under this framework, the separation
efficiency is significantly improved without degrading the separation performance.
Since each speaker needs to have a trained HMM model, GMM-HMM remains as
a speaker-dependent system and couldn’t generalize well to speakers that are un-
seen during training. In addition, the complexity of the system would be increased

dramatically when the number of sources is increased.

2.3 Deep Learning based Speech Separation Tech-
nologies
In the deep learning era, the performances of speech enhancement and separation

tasks have been significantly improved by the powerful learning ability of neural

networks with deep structure. For instance, the deep neural network learns a
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mapping between the noisy or mixed speech and its corresponding clean speech
during training by a variety of neurons with non-linear activation function. In the
inference stage, the noisy speech or mixed speech is transformed into the clean

speech space by the learned mapping.

Two types of spectral mapping are first exploited in Section 2.3.1 and 2.3.2. Since
speaker permutation problem is not solved in these frameworks, they are called
as conventional regression techniques and conventional time-frequency masking

techniques.

We further review several deep learning based techniques to solve the speaker per-
mutation problem, including deep clustering (DC), deep attractor network (DANet)
and permutation invariant training (PIT) in Section 2.3.3, 2.3.4, and 2.3.5, respec-
tively. By solving the speaker permutation problem, the systems could be gener-
alized well to unseen speakers. Since frequency-domain approaches typically cause
phase estimation problem, an iterative phase reconstruction approach is summa-
rized in Section 2.3.6. Besides of spectral mapping in frequency-domain, a time-

domain audio separation network (TasNet) is also studied in Section 2.3.7.

2.3.1 Conventional Regression Techniques

The obvious idea is to perform speech separation by learning a spectral mapping
between the mixed speech and corresponding clean speech of each source. The
spectral mapping could be estimated using a deep learning structure, such as, deep
neural network (DNN), convolutional neural network (CNN), and recurrent neural

network (RNN). It’s formulated as a regression task, as shown in Figure 2.2.

In the regression framework, the magnitude spectrum (|S.(t, f)|) of each original
speech is always used as clean target to train the networks. The model is opti-
mized by minimizing a summed MSE between each estimated magnitude spectrum
(1S.(t, f)|) and clean magnitude spectrum (|S,(¢, f)|) over all speakers (¢ € [1,C]),

T><F>< C;ZZH [Se(t, )] = 1Se(t, )] 113 (2.20)

1 t=1 f=1

where || - || is the Frobenius norm.
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FIGURE 2.2: The regression framework of deep learning based speaker depen-
dent systems. Two speakers’ mixture is taken as an example.

However, the speaker permutation problem is not solved in this regression frame-
work. For example, the system separates a mixed speech with speaker A and
speaker B. Speaker A is forced to be the first output stream and speaker B is the
second stream, as shown in Figure 2.2. Given the second mixed speech with speaker
A and speaker C, speaker A and speaker C are forced to the first and second stream,
respectively. Then, it causes a confusion given another mixed speech with speaker
B and speaker C. Because both speaker B and speaker C would be assigned to the
second stream according the learning of previous two mixed speeches (A,B) and

(A,C).

The estimated magnitude ]S’C(t, f)| and the phase of mixed speech ZY (¢, f) are
used to reconstruct the time-domain waveform §. by an inverse discrete Fourier
transform and an overlap and add operation, as defined in Eq. 2.5 and 2.4. The
phase of mixed speech is always directly used to reconstruct the separated signals,

because the phase estimation still remains a challenging problem.

The regression framework may cause distortions and artifacts in the estimated
magnitude, especially in low signal-to-noise ratio (SNR) condition. To address this
problem, the time-frequency masking techniques in Section 2.3.2 are subsequently
proposed to estimate masks that are between 0 and 1. Then, the estimated mag-

nitude spectrum is obtained by filtering the mixture using the estimated masks.
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2.3.2 Conventional Time-Frequency Masking Techniques

According to the commonly used masking approach [63, 68-74], the magnitude

spectrum |S,(¢, f)| of individual source is estimated by

[Se(t, )l = Mo(t, f) @Y (t, £)] (2.21)
where ® indicates an element-wise multiplication.

The commonly used masks, M.(¢, f), include ideal binary mask (IBM) [72], ideal
ratio mask (IRM) [73], ideal amplitude mask (IAM) [63], wiener-filter like mask
(WFM) [74] and phase sensitive mask (PSM) [74].

The IBM is defined as,

1, if SNR(t, f) >0

0, otherwise

MP™(t, f) = { (2.22)
where SNR(t, f) is the local SNR at time-frequency bin (t,f). The threshold ¢ is
usually set to 5dB smaller than the SNR of the mixture to perserve enough speech

information as suggested in [63].

Since the IBM is defined to be either 0 or 1, the time-frequency bin (t,f) is forced to
belong to only one speaker. However, the time-frequency bin (t,f) of the overlapped
speech can be belonging to different speakers. The IRM is subsequently proposed

to predict soft mask with values between 0 and 1 as,

, S.(t,
M™(t, f) = C| (¢, /) (2.23)
Zc:l |SC(t7 .f)|
Similarly, the WFM is defined as,
2
]\4wam(t7 f) _ ’Sc(ta f)’ (2‘24)

Sy 1St I

The TAM is defined as the magnitude of source speech diveded by the mixture,

ME™(t, f) = I5e(t, 1)l (2.25)

Y (t, f)l
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The PSM considers the phase differences between the source signals and the mix-
ture, thus represents the best performance. The ideal PSM for each source is
defined 2 1Su(t, /) @ cos(B,(t, f) — But, /)
t & cos t —0.(t
My, f) = 120 AGP iU (2.26)
Y (¢, )]

where 0, (¢, f) and 6..(t, f) are the phases of the mixture Y (¢, f) and speaker S.(t, f).

To estimate the parameters of the masks, we usually minimize the MSE between
the estimated mask M, and the ideal mask M., which is known as the mask ap-

proximation loss.

- - v _ 2
J= e 2 M= M| (2.27)

1 c

=1
However, such estimation is sub-optimal as it does not directly minimize the signal
reconstruction error. Additionally, the estimated masks are undetermined for si-
lence. Recently, an objective function of magnitude spectrum approximation shows
a benefit by directly minimizing the MSE between the estimated magnitude and
the true magnitude [63]. The magnitude spectrum approximation directly calcu-
lates the signal reconstruction error. The estimated magnitude (5’6) is obtained by
element-wise multiplying the estimated masks and the magnitude of the mixture as
S.= M,®Y. In this case, the masks are estimated using the signal reconstruction

error instead of the error to the ground-truth masks, or ideal masks.

1

C
== M, Y| — 2 2.2
I~ e L Is ¥ - 15 1 (228)

Applying PSM, we have the following objective function in calculating the signal

reconstruction error,

1

C
= 0~ y — _ 2
1= a2 Mo VI =S @eostt, I (229

Same as the conventional regression techniques, we directly use the phase of mixed

speech ZY (¢, f) and the estimated magnitude |S,(¢, f)| to reconstruct the signal
5¢(t).

In the conventional regression and time-frequency masking techniques, the speaker

permutation problem arises and results in a performance degradation to unseen
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speakers. A discriminative network training criterion is proposed in [49]. Specifi-
cally, a discriminative term of Kullback—Leibler divergence is added as a constraint
to the objective function as defined in Eq. (2.28). However, speaker permutation

problem still remains unsolved. It results in poor performance to unseen speakers.

2.3.3 Deep Clustering

The DC [26, 27| techniques were proposed to address the speaker permutation prob-
lem and showed competitive results even for unseen speakers. With the assumption
that each time-frequency bin is dominated by a single speaker, the DC method uses
bidirectional long-short term memory (BLSTM) to project the spectrogram of the
mixture to an embedding space, in which time-frequency bins of different speakers
are clustered by using K-means to obtain a mask for each speaker. The masks are

then applied on the mixture to obtain the speech of each individual speaker.

In the DC framework, the embedding vectors are learned and assigned to each
time-frequency bin, according to an objective function that minimizes the dis-
tances between the embeddings of within speakers, while maximizing the distances
between speakers. Specifically, the D-dimensional embedding vectors V € RV*P
are based on a deep neural network with several BLSTM layers followed by a feed-
forward layer using a global function V' = fy4(|Y|) on the entire inputs |Y]. N
is the total number of time-frequency bins, which is equal to 7" x F. Since the
network takes the whole utterance as inputs, the global properties of the inputs

are considered and thus result in permutation-independent embeddings.

We consider that the D-dimensional embedding vector v; for each time-frequency
bin ¢ € [1,N] is unit norm as |v;|> = 1. The estimated affinity matrix VV7
describes the correlations between different time-frequency bins by calculating the
inter-product of their embedding vectors. The meaning is that the time-frequency
bin of 7 and j are dominated by same speaker if < v;,v; > is close to 1. Otherwise,
they are belonging to different speakers. To estimate such embedding vectors that
implicitly represent the attributes of speakers, we need to provide a target speaker
label for each time-frequency bin. We consider a binary affinity matrix LLT that
denotes the cluster assignments in a permutation-independent way. For element
and j belong to the same speaker, (LLT); ; is set to 1, and (LLT) = 0 otherwise.
For any permutation matrix P, (LP)(LP)T = LL".
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Given the ground truth of the binary affinity matrix LL?, we can learn the em-
beddings V = fy(]Y|) by minimizing the distance between the affinity matrix VV7

and LLT, as shown in the following objective function.

S WV LTI
= Z(< Vi, Vj > — < li,lj >)2

7:7j

= Z (|vz —Uj|2 — 1)+Z < V3, Vj >2
2%

1,5:1;=l;

(2.30)

By minimizing the objective function J, the embeddings v; and v; become close

for same speaker, while the embeddings are pushed apart for different speakers.

However, the K-means clustering collects each time-frequency bin that belongs to
a single speaker by forming a binary mask. To overcome the drawback of a binary
mask, the soft masks are estimated by an enhancement network stacked on the top
of the DC system to further improve the performance in [27]. For each speaker
S., the enhancement network takes the separated magnitude spectrum S. and the
mixture magnitude spectrum |Y| together as inputs. And the outputs are a.. A
softmax is then used to form a mask M, for source ¢ by combing the outputs a.

across sources as follows,

ele

Zc’ et

The final separation |S.| = M.® |Y] is obtained by an element-wise multiplication

M, = (2.31)

between the mask and the mixture magnitude spectrum. The objective function
for the enhancement network is direct signal reconstruction errors over all permu-
tations p € [1,C1],
7 =min 31118 = Bl 13 (2.32)
c

Since the objective function of DC is the distance between the affinity matrix VV7
and LLT in the embedding space, as defined in Eq. 2.30, DC is trained without
directly minimizing the signal reconstruction error. Although the enhancement
network tries to minimize the signal reconstruction errors, the DC network doesn’t
benefit from the errors of the enhancement network, since they are trained sepa-
rately. Thus, the jointly training of the deep clustering and enhancement network
is explored by proposing a soft K-means algorithm. The soft K-means algorithm is

similar to a weighted expectation maximization (EM) algorithm for a GMM with
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tied circular covariance. The assignment of every embedding v; to each centroid

and updating the centroids are alternated computed,

o—alvi—pcl?
CI
Zi Ve,iW;V;
he = S e 230

where 7., is the estimated assignment of embedding v; to the cluster c. p,. is the
estimated centroid of cluster c. « is used to control the hardness of the clustering.
The algorithm becomes close to K-means when « increases. The weight w; is set

to 0 for silence, otherwise 1.

2.3.4 Deep Attractor Network

DANet [29] was proposed to solve the limitation of the objective function defined in
the embedding space in conventional DC method [26] by separating signals directly.
Borrowing the idea of DC to learn a embedding vector for each time-frequency bin,
DANet creates attractor points in embedding space for each source to group the
time-frequency bins belonging to each source together. A mask is estimated for
each source by calculating the similarity between the embeddings and the attractor
point. An end-to-end training scheme is used to learn the mask by direct signal

reconstruction errors, as shown in Figure 2.3.

The objective function for signal reconstruction errors is the same as in Eq. (2.28).
Since the mask is related to the attractor of each source, there is no permutation
problem. The mask M, is estimated by using a D-dimensional embedding vector
Via of each time-frequency bin i € [1, FT] and the attractor A4 for each source
c € [1,C], as follow,
Mi,c = sigmoid(z Aca X Vig) (2.35)
d

In the training stage, the attractor for each source is defined as,

Acd_Zl : i .

0= SR (2.36)
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FIGURE 2.3: The system architecture of DANet method for training. During
run-time testing, the upper dotted box is not necessary. The systems takes input
mixture and outputs the separation.

where B € RY*FT shows the source domination of each time-frequency bin. For
example, B.; = 1 if source ¢ dominates the time-frequency bin ¢ at time ¢ and

frequency f with high energy comparing to other sources.

During training, the clean target speech of each source is known. We can use the
true assignment B to estimate the attractor by finding the centroid of each source as
defined in Eq. (2.36). Since the true assignment is unknown in the inference stage,
the K-means clustering algorithm can be used to find the centers. Unfortunately,
this adds the complexity of forming attractors to the run-time process with K-

means clustering.

2.3.5 Permutation Invariant Training

The PIT [31] techniques represent a series of end-to-end approaches to speech

separation that pool all possible permutations (C! permutations) for C' mixing
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FIGURE 2.4: The framework of PIT technique using DNN or CNN for training.
In run-time process, the upper dotted box is not necessary. The systems takes
input mixture and outputs the outputl and output2 for the case of two speakers’
mixture.

speakers. The permutation with lowest error is minimized to optimize the network
in order to solve the permutation problem, as shown in Figure 2.4. The DNN
with feed-forward layers or CNN are used to estimate a mask for each individual
speaker frame-by-frame. The output stream of each source is obtained by filter-
ing the multi-talker speech with the estimated mask. Since the DNN and CNN
usually take several frames of the input features to capture the contextual informa-
tion, different window sizes of both the inputs and outputs are investigated. The
MSE between the separated and clean target spectra is calculated frame-by-frame
within a contextual window for all possible permutations. The lowest MSE of the

permutation is chosen as the loss to optimize the network.

However, the speaker tracking problem [32] arises during inference in the PIT
technique, because the permutations of speakers may be different along the frame-
by-frame separation. The switch of speaker in the output streams results in speaker
leakage problem, where the frames of one speaker is separated into the stream
of other speakers. The utterance-level PIT (uPIT) [32] solves the permutation
problem and speaker tracking problem within an utterance by using an utterance-
level training criterion with BLSTM [75, 76], as shown in Figure 2.5. BLSTM



Chapter 2. Overview of Speech Separation 31

( targetl ) ( target2 ) permutation
— errorl minimum
| pairwise scores _
permutation error
(outputl) (outputZ) error2
mask1 mask?2

wis|g
[~
>
[~
—>

Calculate
[] errors of all
permutations.

[ Istm| ] Istm[| -
A LR
AV AV

|Hnear| |Hnear|

T T T T R T Supervised
" EAGURE AL T S [] information
st ZE. B S N
L ELARL Y b TN, g in training.
é ”:Ei_é;E B SE
uwkh,_:@ RS kS T 0 Loss for
each task.

input mixture(C=2 speakers)

FicURE 2.5: The architecture of uPIT technique with BLSTM for training in
two speaker’s mixture. In run-time process, the upper dotted box is not neces-
sary. The systems takes input mixture and outputs the outputl and output2.

leverages the past and further information of the input through a forward pass
and a backward pass. As the BLSTM has the ability to remember the contextual
information by the recurrent process, there is no need to expand the frame level
feature with a contextual window like DNN or CNN in PIT. Different from the PIT,
the inputs and outputs of the uPIT have the same feature dimension and number of
frames. Thus the dimension and number of frames of the estimated mask are also
the same as the inputs. The output stream of each individual speaker is obtained
by an element-wise multiplication between the estimated masks and the inputs.
After obtaining the separated stream of each individual speaker, the MSEs over
all permutations are calculated along the whole utterance. The lowest MSE of the
chosen permutation is used as the utterance-level loss. The network is optimizing

by minimizing the utterance-level loss.

Different from the conventional time-frequency masking techniques without con-

sidering the permutation of sources to calculate the loss in Section 2.3.2, the uPIT
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techniques first calculate the loss of MSE over all permutations, which is defined

as follows,
1

2
2.
Jp ['<x I'x C ||F ( 37)

C
Z ||Mc ® |Y| - |Sc,p
c=1

where M. is the estimated mask for source c and S, is the assigned clean reference

with permutation p.

The objective function in Eq. (2.37) is firstly optimized to find the permutation p,

where the loss for the network is minimal.

p = argmin J, (2.38)
p
With the optimal p, the network is optimized with the loss J; to calculate the
gradients and backpropagate to update the weights.

To alleviate the phase mismatch between the mixture and the target clean refer-
ences, PSM is applied when we estimate the mask in the network. The objection

function defined in Eq. (2.37) becomes,

1

C
o= e DML @ Y] = 1S,y @ cos(@, = 0,) I (2:30)
c=1

However, such utterance-level loss sums over individual frame-level errors without
considering the contextual continuity of the frames, that we call temporal conti-
nuity, resulting in the frame leakage problem. The utterance-level loss may be not

optimal for every frame in the whole utterance.

2.3.6 Iterative Phase Reconstruction of Speech Separation

In frequency-domain speech separation methods, the time-domain signal is always
decomposed into magnitude and phase spectra. These methods always focus on
improving the magnitude spectrum and ignore the phase estimation problem, be-
cause the phase spectrum shows little temporal and spectral regularities. The

phase estimation remains as a challenging problem.

The Multiple Input Spectrogram Inversion (MISI) [77] algorithm iteratively esti-

mates the time-domain signal for each source given the estimations of the source
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magnitude spectra and the mixture signal. The magnitude spectra is estimated
by using a Chimera network [78] that combines the loss functions of DC and PIT
defined in Eq. 2.30 and 2.39. As shown in Algorithm 2, the MISI algorithm is
initialised with each initially estimated source 3 The initial source § is recon-
structed with the estimated magnitude spectrum S, and the phase spectrum ¢£°)
of the mixture signal through iSTFT. Then the error e~! between the mixture
signal y and the summation Zc 1 307V of each estimated source 8¢ Y is calcu-
lated before the next iteration. The error =Y is divided equally and assigned to
cach source 5~ by ei=1/C, where C is the total number of sources. The esti-
mated source 87 at iteration i is updated by the estimated magnitude spectrum
S. and the phase spectrum ¢§i) of the estimated signal in previous iteration and
the assigned error through iSTFT. During the iterative phase reconstruction, the
estimated magnitude spectrum for each source remains unchanged. The iteration
process is terminated either by a threshold of the minimum error, or by a maximum

number of iterations.

Algorithm 2: MISI algorithm

Input: mixture signal y, estimated magnitudes S, for ¢ = 1,...,C, and the
number of iterations K
Output: Reconstructed signal § 35 for ¢ = 1,..,.C
Initialize: ¢C = ZLSTFT(y),
30 = iSTFT(S,, "), for c=1,...,C

fori=1,..,Kdo

eli=1) — Yy — 20:1 3(1—1)

o) = LSTFT(8 4 £22)

89 = iSTFT(S,, <bc ), forc=1,...,C
end

In [28, 77|, the iterative phase reconstruction is done as a post-processing. To fur-
ther improve the quality of the estimated signal, the MISI algorithm is included in
the objective function during training in [79]. The iterations in the MISI algorithm
are unfolded as various deterministic layers on top of the mask estimation layer in
a neural network. Being aware of iterative phase reconstruction in an end-to-end
training, the network learns to estimate magnitudes that are optimal to the phase
reconstruction steps. This is different from the post-processing in [28, 77|, where

the estimated magnitudes are kept same during the iterative phase reconstruction.

With the end-to-end training scheme, the objective function is defined as the er-

ror between the estimated signal and the target clean signal. As the permutation
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problem arises between the output streams and the target references, the permu-
tation invariant training is applied to minimize the lowest error among all possible

permutations. The objective function is defined as

C
— i oK)
J = %12; 1850 — selln (2.40)
c=

where K is the number of unfolded iterations as described in Algorithm 2. P is all

possible permutations.

However, the iterative phase reconstruction relies on an assumption that the mixed
signal is a linear summation of a set of speech signals. If the mixed signal is
corrupted by reverberation and background noise, the MISI algorithm may be
failed.

2.3.7 Time-domain Audio Separation Network

A conventional approach is to perform speech separation in frequency-domain, and
reconstruct the time-domain signal from the filtered magnitude by time-frequency
masking and estimated phase spectra. Others have also studied complex ratio mask
[80-82] in speech enhancement. The frequency-domain process relies on short-time
Fourier transform (STFT) that faces the windowing effect and phase estimation
problem. Although the studies in Section 2.3.6 achieve good results by an iterative
phase reconstruction, the phase estimation still remains as a challenging problem,

especially in reverberant and noisy environment.

Time-domain speech processing has been used in various applications with the re-
cent success of deep learning technology. For example, an end-to-end speech recog-
nition system directly applies convolutional neural network (CNN) to the time-
domain signal by transforming it into representations [83, 84]. The time-domain
audio separation network (TasNet) [33-35] provides a novel solution without de-
composing the signal into magnitude and phase spectra, therefore, avoiding the

phase estimation problem.

Specifically, TasNet uses an encoder-decoder framework, which consists of an en-
coder, a separator and a decoder, as shown in Figure 2.6. The encoder encodes

the time-domain signal into non-negative spectrum-like embedding coefficients by
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FIGURE 2.6: The general framework of TasNet technique. The separator could
be a deep LSTM or a stacked temporal convolutional network (TCN) blocks.
The TCN block is a dilated depth-wise separable convolution. The systems
takes mixture signal in and outputs two separated source signals for the case of
two speakers’ mixture.

1-D convolutional neural network. The encoder replaces the STFT step to obtain a
data-driven representations through the end-to-end framework. The separator tries
to estimate a mask like time-frequency masking for each individual speaker. The
mask estimation is conducted on the embedding coefficients from the encoder. The
embedding representation for each individual speaker is obtained by applying the
estimated mask to filter the embedding coefficients from the encoder. The time-
domain signal of each individual speaker is reconstructed from the corresponding
embedding representation with a decoder, which is a 1-D deconvolutional neural

network to replace the iSTFT step.

The separated signal §.() of each individual speaker is,
5¢(t) = Decoder(M. @ Encoder(y(t))) (2.41)

where F = Encoder(y(t)) is the representations (embedding coefficients) from the
encoder. M, is the mask estimated for each speaker based on the embedding
coefficients E. Decoder( - ) is the speech decoder module to reconstruct the time-

domain signal from the filtered embedding coefficients.

In [33, 34], several BLSTM layers are applied in the separator to estimate a mask
for each individual speaker. To reduce the computational cost caused by deep
BLSTMs, a fully convolutional TasNet (Conv-TasNet) [35] is further proposed to
replace the BLSTM by stacking temporal convolutional network (TCN) blocks in
the separator. The TCN block is a dilated depth-wise separable convolution. The

use of depth-wise separable convolution significantly reduces the model size and
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computational cost. Without recurrent step, the parallel processing on consecutive

segments or frames becomes a reality to greatly speed up the separation.

The scale-invariant source-to-distortion ratio (SI-SDR) [85] is used as the objective
function, which is calculated on signal level between the estimated signal $.(¢) and
clean source s.(t). Since the permutation problem still exists between the estimated
and clean sources, the permutation invariant training is deployed by finding the
maximal SI-SDR. Then the best permutation is determinated. The network is opti-
mized by minimizing the negative SI-SDR with the best permutation. By avoiding
the phase estimation in frequency domain approaches, TasNet always outperforms
its counterparts with STFT and iSTFT as the speech encoder and decoder. How-
ever, time-domain speech separation systems are sensitive to temporal distortions
caused by reverberation and noise. In addition, the global speaker permutation
ambiguity problem needs to be addressed for the speech separation systems, where
the output stream of one speaker may switch to the other stream across frames

and utterances in an online and an offline systems, respectively.

2.3.8 Speaker Beam for Target Speaker Recognition

The SpeakerBeam [86] addresses the speech recognition problem of a target speaker
in a multi-talker speech. One of the solution is to firstly extract the target speaker’s
voice from the multi-talker speech with SpeakerBeam frontend (SBF) method us-
ing IBM as supervision (SBF-IBM). Then, the extracted speech is recognized by
a speech recognizer that is trained with single speaker’s speech. The SBF-IBM
method is illustrated in Figure 2.7.

The SBF-IBM method exploits auxiliary speaker information from a reference
speech z(t) of the target speaker s. The auxiliary speaker information is encoded
as adaptation weights in the adaptation layer of the context adaptive deep neural
network (CADNN) [87]. The adaptation weight «, is derived from the reference

speech as,
1 &
a=— X(t, 2.42
™ ;g(l 1)) (2.42)

where a = [, ..., ay] is a vector used as adaptation weights for the target speaker
s. | X(t, f)| is the magnitude spectrum features of the reference speech z(t) of the

target speaker. This reference speech is different from the signal s(t) of the target
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FiGURE 2.7: The framework of the SBF-IBM method to extract the target
speaker’s voice from a multi-talker speech given the speaker information en-
coded by the speaker encoder network. “”Sub 1” to “Sub N” are the number of
sub-layers that have same network configuration. «; to ay are the adaptation
weights that are associated with the target speaker.

speaker in the mixture. Tx is the number of frames of the magnitude spectrum

| X|. g(-) is a speaker encoder network.

The adaptation layer consists of a weighted sum of sub-layers. Each sub-layer is

an affine transformation with same configuration. The sub-layer is defined as,
Bl =W, x k"' + b, (2.43)

where W, and b, are weights and biases of the affine transformation. h! is the
activation of the sub-layer n at the current adaptation layer i. h*~! is the activation

from the previous BLSTM layer.

Then, the activation of the adaptation layer is defined as,

N
W =0(> an x h) (2.44)
n=1

where N is the number of sub-layers. «,, is the weight associated with the target

speaker, defined in Eq. 2.42. h® is the activation of the affine transformation of
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the sub-layer n, defined in Eq. 2.43. o(-) is a non-linear activation function.

To optimize the speaker encoder and speaker extractor networks, the SBF-IBM
method applies a mask approximation loss with the IBM as the supervision. The

loss is defined as,
1 N
Jim = 7 ) |IM = M][} (2.45)

where T' is the number of frames of the mixture in frequency-domain after STFT.
M and M are the estimated mask and the IBM, respectively. || - || is the Frobenius

norm.

However, the SBF-IBM method has some drawbacks. First, the IBM may not
be a good choice, because it only has binary values, either 0 or 1. The mask for
the target speaker may be a value between 0 and 1, which is neither 0 nor 1.
Second, a smaller error on mask may not result in a smaller error on signal itself,
for example, magnitude. Third, the loss doesn’t consider the context information
across frames. Forth, the adaptation layer needs many sub-layers, which may result
in heavy computation cost and parameter explosion. Finally, the speaker encoder
doesn’t leverage the contextual information of the reference speech to obtain the

adaptation weights.

2.4 Summary

This chapter firstly introduces the problem of speech separation and its defini-
tion. The mixture signal is defined to consider the real world environment with
reverberation and noise. Then the recent well-known corpus with various mixture
conditions are introduced. The simulated mixture condition with its signal model
are discussed. The objective and subjective evaluation metrics are further intro-
duced. Finally, the representative speech separation works before deep learning era

and the deep learning based methods are summarized, individually.



Chapter 3

Multi-task Learning of Neural
Networks for Temporal

Continuity in Speech Separation

This chapter focuses on solving the frame leakage problem of time-frequency mask-
ing based speech separation methods. Our solution is to improve the temporal
continuity by considering the temporal information in the objective function and
capturing spectro-temporal features with a grid LSTM. Section 3.1 recaps the
speech separation with time-frequency masking and introduces the frame leakage
problem. Section 3.2 introduces the proposed speech separation framework with
the temporal objective function and the spectro-temporal features. Then, a novel
multi-task learning framework is applied to further improve the performance of
speech separation in Section 3.3. Section 3.4 and 3.5 describe the experimental

setups and results. Section 3.6 concludes this work.

The work in this chapter has been published in [39, 40].

39
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3.1 Recapping of Time-frequency Masking based

Speech Separation

As discussed in Section 2.1.1 and Section 2.3.2, a general speech separation ap-
proach is to transform the time-domain mixture signal into a frequency-domain
processing via STFT. With the magnitude spectrum, a neural network, i.e, DNN,
or LSTM, is adopted to estimate a mask for each speaker in the mixture. The esti-
mated magnitude spectrum of each speaker is obtained by filtering the magnitude
spectrum of the mixture signal with the estimated mask. The signal approximation
loss (i.e., MSE between the estimated and target clean magnitude spectra) is ap-
plied to optimize the mask estimation network. The conventional time-frequency
approach sums the errors over the pairs of the estimated outputs and the tar-
gets without finding the optimal permutation assignment, as discussed in Section
2.3.2. The speaker permutation problem arises in the conventional time-frequency

approach and results in a generalization problem to unseen speakers.

The permutation invariant training [31, 32] addresses the speaker permutation
problem by exploring all possible permutations and finding the best one with lowest
error, as discussed in Section 2.3.5. The error is also a MSE between the estimated
and the target clean magnitude spectra, which is calculated on either frame level
in PIT-DNN [31] or utterance level in uPIT-BLSTM [32]. The PIT-DNN obtains
the best speaker assignment frame by frame in the training stage. The frame
based processing causes a speaker tracking problem during reference, because the
speaker assignment to the following frames may be different from the assignment
in the previous frame. The different speaker assignment between frames causes a
speaker switch in the output streams and breaks the temporal continuity of the
separated speech between frames. The uPIT-BLSTM solves the speaker tracking
problem by calculating an utterance based loss to optimize the network and forcing
the speaker assignment of all the frames in the whole utterance to be the same.
However, the utterance based loss may be not optimal on each frame and causes a
frame leakage problem, where some frames belonging to the output stream of one

speaker are wrongly assigned to another speaker’s output stream.
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3.2 Temporal Objective Function and Grid LSTM

Spectro-Temporal Feature

To ensure the temporal continuity in the uPIT-BLSTM [32] framework, we first
propose temporal objective functions by computing MSE between dynamic features
of estimated magnitudes and clean target magnitudes. The dynamic features are
obtained with a contextual window. They are considered to capture the temporal
structure of the speech. By optimizing the network with the temporal objective
function, the separated speech would be temporal continuous. Inspired by the
heuristic patterns (i.e., common onset or offset) in the CASA approaches, we fur-
ther propose a grid LSTM that automatically learns the spectro-temporal patterns
from the input mixture simultaneously. With the combination of temporal objec-
tive functions and the grid LSTM spectro-temporal feature, we hope to address
the frame leakage problem by taking both spectral and temporal patterns into

consideration.

3.2.1 Temporal Objective Functions

Dynamic features [88, 89] and the shifted delta cepstral features [90, 91], which
consists of the delta cepstral features across multiple frames of speech, have been
proven effective as features in speech recognition [88, 92| and language recognition
(91, 93]. Because they benefit from the temporal information of the speech. In
this chapter, we propose the use of objective functions based on such temporal
coefficients or dynamic features (i.e., delta, acceleration, or SDC) instead of static
coefficients (i.e., magnitude) in monaural speech separation. We estimate the PSM
for each individual source using phase sensitive spectrum approximation. To the
best of my knowledge, dynamic features are the first time to be used in the objective

function of a speech separation task for temporal continuity.

The dynamic features explore the temporal information of speech spectrogram
over a contextual window. SDC captures the temporal information from even
a longer speech window, for example, 11 frames in this work. In this way, the
spectral transitions in the phonemes or even syllables can be included in the analysis
window. Different from the magnitude based objective functions in [31, 32|, the

temporal objective functions ensures that the temporal continuity of a speaker
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is explicitly taken into consideration in the speech separation task. If there is
a speaker switch in the separated output stream, such switch is reflected in the
computation of temporal coefficients by resulting in a higher output error. With the

temporal coefficients in the objective function, such speaker switch is minimized.

The computations of acceleration and SDC are based on the delta coefficient
(fa(v(t))) [88] that can be calculated as follows,

XX ((t+ 1) — (it — 1))
N S 202

where L is set to 2 in this study. v(t) is the spectral feature vector from the frame

fa(v(t)) (3.1)

t of speech. The acceleration coefficient is defined as,

Xl DX (falv(t £ 1) — fa(o(t = 1))

falv(t) ST

(3.2)

The SDC fga.(v(t)) [90] extends the delta coefficient by concatenating K (i.e., 4)
blocks of delta coefficient with a shift of I (i.e., 2) in this work. For kth coefficients,
we have

wae(v(t)) = fa(v(t + (k — 1)I))

X (ot (k= D)+ = ot + (k— 1) —1)) (3.3)

- ST o0

where k£ € {1, K}. In this way, the SDC vector expands multiple frames (i.e., 11

frames in this work) and contains

Juae(v(t)) = [fa(o(®)), fa(o(t + 1)), .., fa(v(t + (K = 1)I))] (3.4)

We estimate the PSMs of individual speakers in a manner of phase sensitive spec-
trum approximation by directly minimizing the signal reconstruction error. The

temporal objective functions are defined as,

C
1 ~
Jop = 7 > A @ [Y]) = £.(1S6,00] @ cos(0y — s,e))II (3.5)
c=1

where ¢,(c),p € [1, P] is an assignment of target source (c) to an output stream,
and P = (! is the total number of possible permutations. f.(-) represents the

function of fy(-), fu(+), and fee(-). And the corresponding temporal losses for
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FIGURE 3.1: The computation of the loss with objective functions of speech
features that minimizing the permutation error.

the permutation p are Jg,, Jo, and Js.p. Since the loss is calculated on static
feature, i.e., magnitude, in the uPIT-BLSTM method [32], the magnitude based
loss (Jy,p) for the permutation p is obtained by replacing the function f.(-) with

f(x) = .

The optimal assignment is done by choosing the minimal loss among all permuta-
tions of C' mixing speakers (P = C'). For instance, the losses of 2! = 2 permutations
(errorl, error2 when p=1 and 2) in the case of 2 speakers are considered in this

work, as shown in Figure 3.1.

p = argmin J, (3.6)
peP

And the loss of the magnitude or temporal objective functions used to optimize

the network is obtained with the optimal assignment.

Jo=Jop (3.7)

We would like to study the use of the temporal losses (Jg, J,, or Jsg.) instead of

the magnitude based loss (J,,) in reducing speaker leakage.

3.2.2 Grid LSTM Spectro-Temporal Feature

A grid LSTM [84, 94, 95] consists of individual LSTMs that step in both time
and frequency axis of the magnitude spectrum. The LSTMs along the time and
frequency axis are called as the grid time LSTM (gT-LSTM) and the grid frequency
LSTM (gF-LSTM). The gT-LSTM and gF-LSTM communicate internally with the

activations from both previous time and frequency steps through the regression.
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With the peephole operation, the states from both previous time and frequency
steps are also used to calculate the weights for the input, forget and output gates.
In the time axis, the gT-LSTM moves forward frame by frame iteratively associated
with the gF-LSTM. In the frequency axis, we fold the frequency features (N = 129)
with a sliding window of F (i.e., 29) and a stride of A (i.e., 10). Then, the gF-
LSTM unrolls over frequency iteratively by an amount of B = (N — F')/A+ 1. At
each time-frequency step (t,k),t € [1,T],k € [1, B], the computations of the grid
LSTM in either time or frequency dimension j,j € {t,k} are defined as,

Zgjlz (W(’)y +W h(t)1k+th htk 1+W Ct 1k+W Ctk 1+b ) (3.8)

9 = oWy + Wil + WA+ Wil + Wit ) (3.9)
Clgtlz/‘ ft(k)®cl(tt)1k+lgl)c®g(w(t)y k+Wc(itz)ht 1k+Wc(flf)h(k 1+b ) (3.10)
015]2 = ft(k) @Cgk) +Z(k) ®9(Wc(a: Ytk +Wc(h ht 1k+Wch hzg,k 1 +b ) (3.11)
o) = o(WDyp + WHRY,  + WIS+ WOl + wheh) 419y (3.12)

hil = o) © o) (3.13)

where ZEQ, t(Jk), 0?,2 are the weights to control the corresponding input, forget and

output gates at time-frequency (¢, k) for gT-LSTM (j = t) and gF-LSTM (j = k).

cgj,z represents the states of the memory cell to remember the history information

internally at time-frequency (¢, k) for gT-LSTM (j = t) and gF-LSTM (5 = k). hgjlg
are the outputs of the gT-LSTM (j = t) and gF-LSTM (j = k) at time-frequency
step (t,k).

Finally, the outputs of the gF-LSTM {h{", ... h{"}} and gT-LSTM {A{], ... n{'}}

are concatenated at each time step t as,
k k) 4 (t t
hy = [hg,l)a e hi,)%v hg,i’ s hE,j)B] (3‘14)

The spectro-temporal features are learnt as h; by the grid LSTM. The spectro-
temporal features are given to a linear layer to reduce the number of parameters
and the computation cost. To further reduce the number of parameters and the
computation cost, the corresponding weights in gT-LSTM and gF-LSTM are shared
in Eq. 3.8 to 3.12.
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3.3 Multi-Task Learning Framework

We now study a novel multi-task learning framework, named as SDC-G-MTL,
for monaural speech separation with a subtask to predict the attribute for each
time-frequency bin of the input mixture, as shown in Figure 3.2. Due to the
time-frequency sparse characteristics of a speech signal, the time-frequency bins
of the mixed speech could be classified into one of the three categories {silence,
single, overlapped}. The attribute for each time-frequency bin is already available
in the training. By using such attributes to supervise the training explicitly, the
BLSTMs and grid LSTMs are optimized according to both the temporal objective
function and a cross-entropy supervising the prediction of the attributes through

a multi-tasking learning.

In this framework, each time-frequency bin is tagged with one of the attributes
in {silence, single, overlapped} in the training stage, which explicitly informs the
mask learning process with the exact location of the silence, single and overlapped
time-frequency bin. We note that the speech separation task is to separate the over-
lapped time-frequency bins into individual speakers. The ideal amplitude masks
for the overlapped parts are always less than 1. For the time-frequency bins tagged
with “single”, the ideal amplitude masks are 1 for the speaker that they belong to,
otherwise, they are 0. As the time-frequency attributes are directly related to the
masks, we believe that by incorporating time-frequency attributes as a learning

sub-task, we improve the quality of the mask estimation.

A softmax function is applied to 3 hidden nodes, which predict the attribute for
each time-frequency bin in the subtask. For each frame, there are 129 frequency
bins. In total, the number of hidden nodes in the output layer is 387(= 3 % 129).

The cross entropy loss is calculated over frames.

T
1 " R
Jee = —7 tzlgt x log gy (3.15)
where g, € R3¥7%1 is the true probability vector over all frequency bins at frame t.

And g, is the predicted probability vector over all frequency bins at frame ¢.

Then the multi-task learning objective function is defined as the weighted sum of

the SDC loss and cross-entropy loss. And the network in the multi-task learning
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FIGURE 3.2: The training schema of the proposed multi-task learning framework
for monaural speech separation. At run-time, the upper dotted box and the
subtask in the upper right dotted box are not necessary. The system takes the
input mixture and separates it into outputl and output2, where two-speaker

mixture is taken as an example.

framework is optimized from scratch with the loss.

Jmtl = (1 _)\> X Jsdc_'_)\ X Jce

(3.16)

where the X is the weight to balance the two loss functions.
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3.4 Experimental Setup

This section describes the details of the experimental setup, including the dataset,

network setting and evaluation metrics.

3.4.1 Dataset and Network Configuration

The proposed methods are evaluated on the well-known two-talker mixed WSJO-
2mix dataset, as discussed in Section 2.1.2.1. A normalized square root of 32ms
hamming window with a shift step size of 16ms is applied for STFT analysis. Both
the FFT length and frame length are 256 samples. The 129-dim spectral magnitude
features were obtained as input features. Since the PSMs are estimated for each
speaker with a signal approximation loss, the magnitudes of the two clean speakers’
signals together with phase differences between the clean speeches and the mixture

were obtained as the targets to train the network.

To obtain the true time-frequency attributes ({silence, single, overlapped}) as the
targets in the subtask, we firstly label each time-frequency bin of each speaker’s
clean speech with “1”7 and “0” tags in the training stage. The time-frequency
bin of each speaker’s clean speech is labelled as “1”7 if the magnitude is greater
than a threshold that is 40dB below the maximum [26]. If the corresponding
time-frequency bins of both speakers are labelled as “1”, the attribute for this
time-frequency bin of the input mixture is assigned as “overlapped”. If only one
is labelled as “17, the attribute is “single”. Otherwise, the attribute of “silence” is

given.

For a fair comparison with the previous work [32], 3 BLSTM layers with 896 units
in each layer were kept the same as our proposed architecture. The units of the
grid LSTM cell were set to 64 and the input dimension and shift were 29 and 10
for the grid frequency LSTM. The outputs of the grid LSTM [84, 94, 95] were
reduced by a linear layer from 1,408 to 896. A random dropout with a dropout
rate of 0.5 was used in the the BLSTM layers'. The ReLU activation function
was applied in the mask estimation layer. Since there were 129 frequency bins

and each frequency bin had 3 possible tags for every frame, the output layer of

IThe recurrent dropout was not applied across time steps for fairly comparisons, although it
was known to be effective and used in [27].
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the subtask had 387(= 3 % 129) nodes. The learning rate was initialized as 0.0005
and scaled down by 0.7 when the training loss increased on the development set.
Each minibatch had 16 randomly selected utterances. The number of minimum
epoch was set to 30 and the early stopping criterion was that the relative loss
improvement was lower than 0.01. The model was optimized with Adam algorithm

[96] and implemented using Tensorflow?.

3.4.2 FEvaluation Metrics

We evaluate the performance using GNSDR, SIR, and SAR, as introduced in Sec-
tion 2.1.3.1. In addition, a subject evaluation of A/B preference test is operated
to compare our SDC-G-MTL method with the uPIT-BLSTM [32] baseline. The
detail of the A/B preference test could be found in Section 2.1.3.2.

Similar to word error rate in speech recognition, this work proposes a frame leakage
error rate (FLER) to report the extent of the frame leakage problem in speech

separation when the target references are available,

Nr+ Np + Ng

FLER =
N

(3.17)

where N;, Np, Ng is the number of insertions, deletions and substitutions, respec-
tively. NN is the total number of frames in the separated stream including silence
frames. We count one insertion when a silence target frame is assigned with a
speech frame as a result of the separation. We count one deletion when a tar-
get speech frame is wrongly assigned with a silence frame. One substitution is
reported when the one speech frame from a speaker is wrongly separated to the

output stream of another speaker.

When we count the type of errors (insertion, deletion, or substitution), we firstly
decide which speaker the separated output streams belongs to. For example, if
there are two separated output streams (0; and 0,) and two clean target speeches
of two speakers (s; and s;), we calculate the MSE over all the permutations (p;:
(01 = s1, 02 = s9), and po: (01 = S2, 02 — $1)) between the output streams and

the clean speeches over an utterance. If the MSE of permutation p, is smaller, we

https://www.tensorflow.org/
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assume the output stream o, belongs to speaker s;. Meanwhile, the output stream

0o belongs to speaker s;.

Then an energy based voice activity detection (VAD) is applied on each separated
and clean target speech to obtain the voiced and silent frames, respectively. Finally,
the distance (MSE) of the separated frame is calculated by comparing with the
corresponding frames in the clean target speech of speaker s; and speaker ss,
respectively. For example, if the frame from the separated output stream o; is
closer to the reference frame of speaker s; than speaker sy, the separated frame
belongs to speaker s;. But this separated output stream has classified as speaker
s9 in previous stage. A substitution error is thus counted when the separated and
reference frames are voiced frames. If the reference frame is a silent frame and the
separated frame is a voiced frame, an insertion error is counted. If the reference
frame is a voiced frame and the separated frame is a silent frame, a deletion error

is counted.

3.5 Experimental Results

3.5.1 Effect of Temporal Objective Functions

We would like to obtain the parameter settings for delta coefficient and SDC that
are used in the temporal objective functions (J; and Jg.). Figure 3.3 shows the
performances of speech separation by tuning the parameter L that indicates the
contextual window size in delta coefficient calculation in Eq. 3.1. The parameter
L is tuned with the delta based objective function .J; on the development set
in terms of GNSDR. Meanwhile, the network structure is kept same as the uPIT-
BLSTM baseline. From Figure 3.3, we observe that the best performance of speech
separation is achieved when L is set to 2 in delta-based objective function (J;) in
Eq. 3.5. It is also same as the configuration of delta and acceleration based
dynamic features in the speech processing, such as, MFCC feature with delta and
acceleration (L = 2) for speech recognition [97] and speaker verification [98]. The
same setting (L = 2) is used in the acceleration and SDC calculation in Eq. 3.2
and Eq. 3.3.
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GNSDR (dB) on development set
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FIGURE 3.3: The GNSDR (dB) with different order L of the delta coefficient
(See Eq. 3.1) objective function on the development set. ‘All gender’ is the
overall result of the development set that has both different gender and same
gender speakers in the mixtures. ‘Different gender’ is evaluated on the subset
of the development set that only has different gender speakers in the mixtures
(female and male mixture). Similarly, ‘Same gender’ is evaluated on the other
subset of the development set that only contains same gender speakers in the
mixtures (female and female mixture, male and male mixture).

We further tune the parameters I and K for SDC in Eq. 3.3, which is used in the
SDC-based objective function (Jsq.) in Eq. 3.5. We report the speech separation
performance for different I and K settings in Figure 3.4 on the development set in
terms of GNSDR. The network structure is still kept same as uPIT-BLSTM base-
line in order to fairly comparing with magnitude or delta based objective function.
To tune K, we firstly fix I to 3 and observe that K = 4 provides the best result.
Then we fix K to 4 to tune the parameter /. With this parameter tuning scheme,
the best GNSDR (dB) is achieved when [ is 2 and K is 4. With L =2, [ =2 and
K =4, the SDC at frame t is [fq(t), fa(t +2), fa(t +4), fa(t +6)] following Eq. 3.4.
Since L is set to 2, the SDC expands the long contextual temporal information to

a span of 11 frames (192ms in this work).

To evaluate the effectiveness of contextual information in temporal objective func-
tions (Jy, Ju, and Jgg.), we compare them with the magnitude based objective
function (J,;,) in the uPIT-BLSTM baseline [32]. Table 3.1 suggests that the pro-
posed delta and SDC objective functions based systems significantly outperform
the uPIT-BSLTM baseline with a magnitude based objective function at the sig-
nificant value p (< 0.05). Although BLSTM is already capable of modelling the

temporal structure in the input space which should also be reflected in the output
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FIGURE 3.4: The GNSDR (dB) with different shift / and block K with the SDC
objective function on the development set.

TABLE 3.1: A comparison of GNSDR, SIR and SAR (dB) with 95% confidence
intervals over different objective functions calculated on magnitude, delta, ac-
celeration and SDC on WSJ0-2mix test sets using 3 BLSTM layers same as the
network configuration in the uPIT-BLSTM baseline. The order L is set to 2 in
delta, acceleration and SDC calculation. The shift I and block K are 2 and 4
when computing SDC. wy, w, and wgy. are tuned to be 4.5, 10.0 and 5.0.

‘ Sys. ‘ Objective Function ‘ GNSDR ‘ SIR SAR ‘
1 Magnitude, J,,,[32] | 9.5£0.1 | 16.5+0.1 | 11.2+0.1
2 Delta, Jy 9.7+0.1 | 16.9+£0.1 | 11.340.1
3 Acceleration, J, 9.6+0.1 | 16.7£0.1 | 11.14+0.1
4 SDC, Jg4e 9.8+0.1 | 17.1£0.1 | 11.340.1
) Jmtwg* Jg+we*J, | 9.8+0.1 | 17.1£0.1 | 11.440.1
6 I+ Wsde™* Jsde 9.840.1 | 17.1£0.1 | 11.440.1

space, the experimental results show that the performance could be further im-

proved by adding the temporal information into the objective function. Because

the temporal structure of the reference speech is explicitly captured in the tempo-

ral objective functions to constrain the output to be temporally continuous. It is

noted in Figure 3.2 that the objective functions are used to optimize the system to

produce good speaker separation masks during training. Mask estimation has been

a focus point to study in speech separation. An interesting finding in our research

is that the temporal objective functions clearly outperform magnitude based objec-

tive function in terms of mask estimation. The results in Table 3.1 have validated

our proposal of temporal objective functions presented in Section 3.2.1.
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As delta and SDC capture the differences between speech frames in a near neighbor-
hood, by minimizing the mean square errors with uPIT, the frames with minimal
differences are separated into the same output stream. Only when the frames are
from the same speaker, the minimal differences are obtained, thus the speaker tem-
poral continuity is ensured. Additionally, as SDC is calculated over a longer range
of contextual window than that of delta coefficient, SDC-based objective function
shows a better separation performance than delta-based objective function. We
notice that the acceleration-based objective function is not as effective as other
dynamic features. The main reason may be that the acceleration coefficient is the
second order dynamics while the delta coefficient is the first order dynamics. The
minimizing of the acceleration coefficient is to optimize network to make the delta

coefficient temporal continue, instead of the magnitude (static features) directly.

By integrating the static and dynamic objective functions as System 5 and System
6 in Table 3.1, we observe that the systems with the weighted objective functions
outperform the single feature objective function, either based on static or dynamic
features. Since the average value of static features is greater than that of each delta,
acceleration and SDC features, the weights wy, w, and w,g. are tuned to be great
than 1, i.e., 4.5, 10.0 and 5.0 in this work. The values are determined by evaluating
the performance on the development set in terms of GNSDR. As the difference of
performance between the System 4 and System 6 is small, we only apply the SDC

objective function to optimize the network in the following experiments.

3.5.2 Effect of Grid LSTM Spectro-Temporal Feature

Inspired by the idea of capturing time-frequency patterns with a grid LSTM fol-
lowed by LSTM and DNN layers for acoustic modelling (grid-LDNN) [84], we
explore to use a grid LSTM as a feature extractor followed by extra BLSTMs.
We name it as SDC-G method. In [84], the grid-LDNN achieves the best perfor-
mance of speech recognition among the comparisons with its counterparts LDNN,
CLDNN, F-LDNN and TF-LDNN. The CLDNN, F-LDNN and TF-LDNN replace
the grid LSTM layer in grid-LDNN with a convolution, frquency LSTM, and a
time-frequency LSTM layer, respectively. Therefore, this work only studies the
performance of adding an additional grid LSTM layer in the uPIT-BLSTM base-

line.
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TABLE 3.2: GNSDR, SIR and SAR (dB) with 95% confidence intervals in a
comparative study with and without a grid LSTM on WSJ0-2mix test set. The
SDC method refers to the network with 3 BLSTM layers, that is the same as in
uPIT-BLSTM, with a SDC-based objective function (Js4.). The SDC-G method
further inserts one grid LSTM layer between the input and the BLSTM layers.
* indicates our re-implementation

Method | GNSDR | SIR | SAR
uPIT-BLSTM* [32] | 9.5£0.1 | 16.5£0.1 [ 11.240.1

SDC 9.840.1 | 17.1+0.1 | 11.3£0.1

SDC-G 10.14+0.1 | 17.4+0.1 | 11.6+0.1

We now compare SDC-G with SDC and uPIT-BLSTM baseline. We report that
SDC-G achieves 10.1dB on GNSDR, 17.4dB on SIR, and 11.6dB on SAR, respec-
tively, as reported in Table 3.2. By adding a grid LSTM layer to learn the temporal
and spectral patterns, the proposed SDC-G method significantly outperforms the
SDC method by 3.1% on GNSDR, 1.8% on SIR and 2.7% on SAR with a significant
value p (< 0.05). The SDC-G results validate the effectiveness of the grid LSTM in
learning temporal and spectral patterns, such as, pitch continuity in time-domain.
The SDC-G achieves 6.3%, 5.5% and 3.6% relatively significant improvement over
the uPIT-BLSTM baseline [32] in terms of GNSDR, SIR and SAR with a significant
value p (< 0.05), respectively.

3.5.3 Effect of Multi-task Learning

To make use of the attributes ({silence, single, overlapped}) of the time-frequency
bins, we propose a novel multi-task learning framework that combine the SDC-
based objective function (Js4.) and a cross entropy (J.) objective function in the
learning. The multi-task learning system is called SDC-G-MTL. The total cost
function (J,,y) is a weighted sum of Jg4. and J.. using a weight A. By tuning the
weight A\ between 0 to 1 on the development set, we set A to 0.2 as shown in Figure
3.5.

From Table 3.3, we observe that our SDC-G-MTL method further significantly
improves the performance relatively by 4.0% on GNSDR, 3.4% on SIR and 2.6%
on SAR over the SDC-G approach that is a single task learning, respectively. The
significant value is p (< 0.05). This suggests that the proposed multi-task learning

framework that uses a subtask to predict the time-frequency attributes is effective
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GNSDR (dB) on development set
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FIGURE 3.5: The GNSDR (dB) of tuning the weight A in our SDC-G-MTL
multi-task learning system using 1 Grid LSTM layer and 3 BLSTM layers evalu-
ated under three conditions on the development set. All gender: all data are used
to calculate GNSDR. Different gender: GNSDR is computed on the data that
the gender of the input mixture is different. Similarly, same gender: GNSDR is
computed on the data that the gender of the input mixture is same.

TABLE 3.3: GNSDR, SIR and SAR (dB) with 95% confidence intervals in a
comparative study of with or without multi-task learning on WSJO0-2mix test
set. The weight A is set to 0.2 for multi-task learning systems. * indicates our
re-implementation.

| Method | MTL | GNSDR | SIR | SAR |
uPIT-BLSTM* [32] | No | 9.5+0.1 | 16.5+0.1 | 11.2+0.1
SDC No | 9.840.1 | 17.1+0.1 | 11.3+0.1
SDC-G No | 10.140.1 | 17.4+0.1 | 11.640.1
uPIT-BLSTM-MTL | Yes | 10.0+0.1 | 17.3+0.1 | 11.5+0.1
SDC-MTL Yes | 10.1+0.1 | 17.64+0.1 | 11.6+0.1
SDC-G-MTL Yes | 10.5+0.1 | 18.040.1 | 11.9+0.1

by leveraging the explicit information of where the speech is silence, single or over-
lapped. The same J.. subtask can also be applied to uPIT-BLSTM baseline to form
a multi-task learning, that is called uPIT-BLSTM-MTL. We observe that uPIT-
BLSTM-MTL obtains a similar improvement over uPIT-BLSTM baseline. Overall,
the proposed SDC-G-MTL approach obtains a relatively significant improvement
by 10.5% on GNSDR, 9.1% on SIR and 6.3% on SAR over the uPIT-BLSTM

baseline [32], respectively.
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TABLE 3.4: GNSDR, SIR and SAR (dB) in a comparative study of same and
different gender combinations on WSJ0-2mix test sets (Def Assign.). ‘Diff.” is
evaluated on the subset of the test set that only has different gender speakers
in the mixtures (female and male mixture). Similarly, ‘Same’ is evaluated on
the other subset of the test set that only contains same gender speakers in the
mixtures (female and female mixture, male and male mixture). The weight X is
set to 0.2 for multi-task learning systems. * indicates our re-implementation.

GNSDR SIR SAR

Method MTL Same \ Diff. | Same \ Diff. | Same \ Diff.

uPIT-BLSTM* [32] No 7.3 11.5 | 13.6 | 19.1 9.5 12.6
SDC No 7.6 11.7 | 14.2 | 19.7 9.6 12.8
SDC-G No 8.1 11.9 | 14.8 | 19.7 | 10.0 | 13.0
uPIT-BLSTM-MTL | Yes 7.7 119 | 144 | 198 9.7 13.0
SDC-MTL Yes 8.0 12.0 | 14.8 | 20.1 9.8 13.1
SDC-G-MTL Yes 8.6 | 12.2 | 15.5 | 20.2 | 10.4 | 13.2

3.5.4 Same vs. Different Gender

Note that systems achieve better separation for speakers of different gender than
same gender. We report the same gender and different gender results separately in
Table 3.4. The proposed techniques improve the performance consistently in both
cases and achieve 8.6dB and 12.2dB in terms of GNSDR for same and different
gender under open condition. We note that the separation of same gender speakers
remains a challenge. However, we are encouraged by the fact that our proposed
SDC-G-MTL method achieves a 6.1% and a 17.8% relative improvement in terms of
GNSDR over the uPIT-BLSTM baseline under same and different gender mixture

conditions, respectively.

3.5.5 Evaluation of Frame Leakage

Figure 3.6 shows an example of the female-female mixture separation using the
uPIT-BLSTM baseline and our proposed SDC-G-MTL method. By comparing
Figure 3.6 (b) and (d), we observe that some frames of speaker s, are wrongly
separated into the output stream of speaker s;, as shown in ellipse in Figure 3.6
(d), which is classified as insertion error. We first apply a voice activity detection
to distinguish the speech frames from silence in both the target references and
the separated streams. As the silence frames can go to either output stream o;

or stream o0y, we color them in white in Figure 3.6 (h) and (i). When the target
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FIGURE 3.6: Spectra of the mixture, two target speech of a female-female mixed
example ("050a0501_2.1935_421c020b_-2.1935’) from the test set are shown in (a),
(b) and (c). The spectra of two separated output streams by the uPIT-BLSTM
baseline and the proposed SDC-G-MTL method are shown in (d) and (e), (f)
and (g). The speech frames of target speaker are marked in red in the upper
panel of (h) and (i). The frame assignments of the uPIT-BLSTM baseline are

shown in the middle panel, while those of the SDC-G-MTL method are in the
lower panel.

frame is speech but assigned as silence during the separation, a deletion error
occurs as illustrated in rectangle in Figure 3.6 (e). When the target and separated
frames are both speech and the frame level speaker label of the separated frame is
different from the utterance level speaker label of this separated stream, we report

a substitution error as shown in vertical line in Figure 3.6 (d).

The speech frames of the reference target speaker s; and s, are marked in red in the
upper panel in Figure 3.6 (h) and (i), respectively. The frame assignments of the
uPIT-BLSTM baseline are illustrated in the middle panel with insertion (yellow),
deletion (blue) and substitution (green) in Figure 3.6 (h) and (i). Similarly, the
frame assignments of the SDC-G-MTL method are shown in the lower panel in

Figure 3.6 (h) and (i). When comparing the middle and lower panel in Figure
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TABLE 3.5: FLER (%) in a comparative study of the proposed techniques
and the baseline. The pitch continuity is evaluated to show the separation
continuity. “VUV (%)” and “CORR” represent the voiced and unvoiced er-
ror rate and correlation calculated on the pitches between the separated and
clean speech. The results are obtained on the WSJ0-2mix test set. * indicates
our re-implementation.

Pitch Continuity

Method FLER VOV ‘ CORR
uPIT-BLSTM* [32] | 11.44 | 7.69 0.54
SDC 10.53 | 7.30 0.55
SDC-G 9.68 6.90 0.56
SDC-G-MTL 8.47 | 6.44 0.57

3.6 (h) and (i), we notice that SDC-G-MTL method reports a much lower frame
leakage than the uPIT-BLSTM baseline. We observe that SDC-G-MTL effectively
deals with the frame leakage problem. In addition, the speaker switch happens
when there are insertion and substitution error. The speaker switch is significantly
reduced in the SDC-G-MTL method by the SDC objective function even if the
speaker switch occurs during a silence region in the uPIT-BLSTM. Because the
SDC objective function ensures the continuity of the speaker within 11 frames
(192ms in this work).

We summarize the FLER results of the baseline and the proposed techniques in
Table 3.5. We observe that SDC-G-MTL method achieves a relative reduction
of 26.0% in terms of FLER over the uPIT-BLSTM baseline, which represents a
significant reduction of frame leakage. To evaluate the temporal continuity of
the separated speech, we further examine the pitch continuity, where the pitch is
extracted by a robust pitch extractor [99]. We calculate the voiced and unvoiced
error rate (VUV) and correlation (CORR) based on the pitch contours of the
separated and clean speech. We observe that the SDC-G-MTL method obtains a
better pitch contour than the uPIT-BLSTM baseline.

3.5.6 Comparisons with Other Methods

Table 3.6 summarizes the performance of a series of competitive systems as the
reference baselines, that include DC [26] and its variants (DC+, DC-Enh-Joint)
27], DANet [29], PIT-DNN [31], PIT-CNN [31], and uPIT-BLSTM [32] methods
on the WSJ0-2mix database. DC-Enh-Joint is a two stage end-to-end system that
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TABLE 3.6: GNSDR (dB) in a comparative study among the competitive
methods on the WSJ0-2mix dataset with optimal frame level assignment (re-
alignment with reference speeches) and default assignment (actual assignment)
on closed (CC) and open (OC) conditions. T is a two-stage model by stacking. *
is with curriculum learning. * indicates our re-implementation. IRM and IPSM
are the upper-bound performance by reconstructing the signal using IRM or
IPSM with the phase of the mixture signal.

Opt Assign | Def Assign

Method CC [ OC | CC | OC

DC [26] - - | 59 ] 58

DC+* [27] - - - 1103
DC-Enh-Joint™ [27] - - - 108

Baselines DANet# [29] - - - | 105
PIT-DNN [31] 73 | 72 | 5.7 | 5.2

PIT-CNN [31] 84 | 86 | 7.7 | 7.8
uPIT-BLSTM [32] 109 | 10.8 | 94 | 94
uPIT-BLSTM-STT [32] | 11.7 | 11.7 | 10.0 | 10.0

Ours uPIT-BLSTM* [32] 10.8 [ 10.7 | 96 | 95
SDC-G-MTL 11.4 | 11.4 | 10.6 | 10.5
Upper-bounds IRM [32] 124 [ 127 | 124 [ 12.7
IPSM ([32] 14.9 | 15.1 | 14.9 | 15.1

incorporates the DC with soft clustering and an enhancement network on top.
Similarly, uPIT-BLSTM-ST stacks an additional uPIT-BLSM with the mixture
and separated magnitudes as inputs on top of the first uPIT-BLSTM. It’s a two-
stage model. The results with reference masks, i.e., IRM and IPSM [32], are also
included. We observe that SDC-G-MTL achieves comparable performance with
DC+ [27] and DANet [29] models, which used some advanced techniques such as
recurrent dropout [100] and curriculum learning [101], and outperforms the group
of reference baselines in general. We have not applied the recurrent dropout and
curriculum learning techniques in SDC-G-MTL. This is to ensure a fair comparison
with uPIT-BLSTM baseline. As we use the ground truth to obtain the optimal
assignment, the results of the optimal assignment can be seen as the upper bound

of the default assignment.

3.5.7 Subjective Evaluation

To evaluate the listening quality and intelligibility, we conduct a A/B preference
test on the separated audio samples using our SDC-G-MTL method and the uPIT-
BLSTM baseline by randomly selecting 20 pairs of listening examples from the
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FIGURE 3.7: The A/B preference test result of the reconstructed speech wave-
form between the proposed SDC-G-MTL method and the uPIT-BLSTM base-
line. We conducted t-test using a significance level of p < 0.05 which is depicted
with the error bars.

reconstructed waveforms and the original test set®. Each pair includes 3 audio
samples with same content (One is the separated output stream from our SDC-
G-MTL method, another is the separated output stream from the uPIT-BLSTM
baseline and the third one is the corresponding original speech.). The two separated
output streams are played one-by-one randomly with original speech. A group of
10 subjects are asked to answer their preference according to the quality and intel-
ligibility. The less interference of the other speaker means the better quality and
intelligibility. The percentage preference is shown in Figure 3.7. We observe that
the listeners clearly prefer the SDC-G-MTL method to the uPIT-BLSTM baseline.
Most subjects prefer our SDC-G-MTL method based audio samples because there
are less distortion and speaker interference than the baseline, especially in the same
gender case. The examples from the SDC-G-MTL method and their corresponding

original samples are available for listening®.

3.5.8 Discussions

In this chapter, we propose the use of temporal objective functions to address
the frame leakage problem. Being evaluated only on uPIT-BLSTM, the proposed

objective functions are also applicable to other systems, such as DC-Enh-Joint with

3https:/ /sites.google.com /site/xuchenglin28 /demos/taslp18-subject-evaluation
4https:/ /sites.google.com/site/xuchenglin28 /demos/taslp18
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end-to-end structure [27], DANet [29] and Chimera++ [28] methods, which will be

further studied in the future work.

While the deep learning based methods have significantly advanced the state-of-
the-art of multi-taker speech separation, the number of speaker has to be known in
prior. The uPIT [32] and Chimera [28, 78] methods require such prior information
during training. DC [26, 27] and DANet [29] don’t need to know the number of
speakers at the training stage, however they need the information during inference.
Since the number of speakers is not always known in practice, the requirement of
speaker information has limited the usage of the speech separation methods in real-
world applications. To address this problem, we consider two research directions.
One is to iteratively reconstruct the speech for speakers one after another [36].
The iteration procedure is terminated by either a stop-flag or a threshold of the
residual mask. Another is to extract only the target speaker’s voice from a mixture
given the speaker information [86]. The solution to frame leakage problem that we
discuss in this chapter is also applicable to either the iterative reconstruction or

target speaker extraction frameworks.

3.6 Conclusion

In this chapter, we explore the use of temporal objective functions in uPIT for single
channel speech separation. Inspired by the findings in CASA research, we propose
to simultaneously learn the spectro-temporal patterns from the input mixture using
a grid LSTM. A multi-task learning framework is further proposed to incorporate
a subtask that supervises the learning of time-frequency attributes (silence, single,
overlapped). Experimental results show that our proposed SDC-G-MTL method
significantly outperforms the uPIT-BLSTM baseline by improving the temporal
continuity in the separated streams. The frame leakage problem in the uPIT-
BLSTM baseline is significantly reduced by the temporal objective functions, the
grid LSTM, and the time-frequency attribute sub-task learning.



Chapter 4

Top-down Selective Auditory
Attention with Speaker

Extraction

In this chapter, we focus on addressing the problems of unknown number of speak-
ers and the global speaker permutation problem across utterances. Our solution
is to extract the target speaker’s voice given a reference speech by mimicking hu-
man’s ability of selective auditory attention. Section 4.1 first introduces human’s
ability of selective auditory attention and the motivation. The relation to speech
separation is discussed in Section 4.2. Section 4.3 and Section 4.4 describe the pro-
posed frequency-domain and time-domain speaker extraction systems, individually.

Section 4.5 summarizes the work in this chapter.

4.1 Motivation

Infants, as young as five months, have developed the ability to give special at-
tention to their own names [102]. Behavioral studies have shown that both the
abilities to selectively attend to relevant stimuli and to effectively ignore irrelevant

stimuli are developed progressively with increasing age across childhood [103]. As

The work in this chapter has been published in [41-43].
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discussed in Chapter 1, these remarkable selective auditory attention abilities are
implemented with accurate processing of low-level stimulus attributes, segregation
of auditory information into coherent voices, and selectively attending to a voice

at the exclusion of others to facilitate higher level processing [7].

Recent physiological studies reveal that such attentional modulation takes place
both locally by transforming the receptive field properties of the individual neu-
rons and globally throughout the auditory cortex by rapid neural adaptation , or
plasticity, of the cortical circuits [38]. Computationally, the selective attention to
an acoustic stimulus E(t) of interest can be described by a spectro-temporal recep-
tive field, M (t), which acts as a spectro-temporal mask. The modulated response
S(t) to E(t) can be expressed as the element-wise multiplication between the stim-
ulus and the mask, S(t) = M(t)® E(t), where M(t) can be seen as the modulation

of the input stimulus by a top-down voluntary focus, or top-down attention.

The top-down attention tasks vary with the application scenarios, for example, the
flight announcement from a busy airport, the singing vocal from a music, or the
speech of particular speaker from a multi-talker acoustic environment. Different
from the speech separation framework in Chapter 3, this chapter mainly focuses on
how to pay a selective attention to a target speaker, that is called speaker extrac-
tion. The idea is to provide a reference speech from a new speaker that is unseen
during training. The system then uses such reference speech to direct the atten-
tion to the attended speaker, that emulates human’s top-down voluntary focus, as
shown in Figure 4.1. By only focusing on the target speaker, speaker extraction
addresses the problem of unknown number of speakers and global permutation

ambiguity across utterance in speech separation.

Speaker extraction is highly demanded in real-world applications, such as, hear-
ing aids [1], speech recognition [97, 104, 105], speaker verification[44], speaker
diarization[106], and voice surveillance. A speaker independent speaker extraction
system is expected to work for any target speaker unseen during the training, that
we call open condition. However, machines have yet to achieve the same attention
ability as humans in the presence of background noise or interference of competing
speakers. The question is how to equip a network the ability to estimate the mask

at run-time for a new speaker that is unseen by the system during training.
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FIGURE 4.1: Emulating humans’ ability of selective auditory attention with
speaker extraction network, where a reference speech of target speaker is used
to direct the top-down voluntary focus.

4.2 Relation to Speech Separation

Speaker extraction aims to extract the target speaker’s voice s.—;(n) from a single
channel microphone mixture signal y(n) given a different speech segment z.—;(n)
of the target speaker. Suppose that a signal y(n) of N samples is the mixture
of the target speaker’s voice s.—;(n) and C' — 1 interference voices S..;(n) with

reverberation h.—;(n) and h..;(n) or background noise b(n). We have,

y(n) = he—i(n) % sc=i(n) + > he(n) xse(n) +b(n), n=1,.,N (4.1)
c#i

where C' might be any number of source signals, and the target speaker’s voice is

Se—i(n) indexed by i.

Compared with speech separation definition as in Eq. 2.1, speaker extraction is
just a special case of speech separation, where one of the source signals is the target
speaker’s voice and the others are interference speech. By given the reference speech
x.(n) for each speaker in parallel, speaker extraction could parallelly extract each
speaker’s voice in the mixture, like speech separation. The extraction process could

be summarized as,

=§c(n) = f(y(n)7xc(n))7 c=1,..,C (42)



64 4.2. Relation to Speech Separation

where §.(n) is the estimated target speaker’s voice from the mixture signal. f(-, -)

is the speaker extraction system that takes two inputs.

Given the mixed signal and enrolled reference signal, the speaker extraction system
estimates $.(n) that is close to s.(n). Different from speech separation, speaker
extraction forms attention to the target speaker’s voice s.(n) no matter how many
interference speakers there are. The speaker extraction system only gives one
output stream in a single thread with the target speaker’s reference signal z.(n).
The number of speakers in the mixture, which is required in speech separation,
is not necessary in speaker extraction. With the reference signal z.(n) of the
target speaker, the speaker extraction system always focuses on the target speaker’s
speech. The speaker ambiguity problem across different utterances or segments in
speech separation is solved inherently in the speaker extraction. Because the output

stream of the speaker extraction is always known as the target speaker’s speech.

Although speaker extraction requires an additional reference speech of the target
speaker comparing with speech separation, the acquisition of such reference speech
is possible in real world applications through either an enrolment process or a
speaker diarization system. For example, in speaker verification or personal device
speech application, where the reference speech of the target speaker is available
through an enrolment process or a pre-registration. Such speaker extraction tech-
nique is particularly useful when the system is expected to respond to a specific
target speaker. If the enrolment process or pre-registration is not available, we
could use a speaker diarization system to cluster the single speaker’s voice together

by firstly excluding the overlapped speech part, for example, in a meeting.

In addition, the speaker extraction system has no strict requirement about the
duration of the reference speech. A few seconds of the reference speech is able
to characterize the speaker well. For example, we use a random duration of the
reference speech with a mean of 7.3s in this work and compare with other cases

with fixed duration in Section 5.4.2.8.
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4.3 Frequency-domain Speaker Extraction

4.3.1 A General Frequency-domain Framework

To extract the target speaker’s voice from the mixture, a common approach is to
perform speaker extraction in frequency-domain, and reconstruct the time-domain
signal from the extracted magnitude and estimated phase spectra. A frequency-
domain speaker extraction network can be generally described in Figure 4.2. The
network consists of a speaker encoder and a speaker extractor. The speaker encoder
simulates a top-down voluntary focus of cognitive process with the target speaker
as the attention task. The speaker extractor estimates a filter (i.e., mask) that
only lets pass the target speaker’s voice given the speaker information encoded in

the speaker encoder module.

The problem has been formulated as a supervised learning task. Specifically, the
speaker extraction system estimates a filter (i.e., mask) for the target speaker with
the supervised information, i.e., IBM, or clean target speech signal. The speaker en-
coder and speaker extractor could be jointly optimized with a signal reconstruction
error, i.e., MSE between the estimated magnitude and the target clean magnitude.
Then, the target speaker’s magnitude spectrum |S(¢, f)| is extracted by applying
the estimated mask to filter the magnitude spectrum of the multi-talker speech as

below,

5@t )l =Mt f) Y (L, f) (4.3)

where ® indicates element-wise multiplication. M (t, f) is the estimated mask and

Y (¢, f)| is the magnitude spectrum representation of the mixed signal.

Finally, the time-domain signal §(t) of the target speaker is reconstructed with
the extracted target speaker’s magnitude spectrum |S(¢, f)| and the original phase
spectrum ZY (t, f) of the multi-talker speech.

§(t) = OLAGSTFT(M(t, f) & [Y (L, f)], ZY (. f))) (4.4)

where OLA( ) is the overlap and add algorithm. iSTFT(-) is the inverse short-

time Fourier transform.
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FIGURE 4.2: The block diagram of a general frequency-domain speaker extrac-
tion network, which consists of a speaker encoder and a speaker extractor.

4.3.2 Proposed Speaker Extraction with Magnitude and

Temporal Spectra Approximation Loss

Inspired by the target speech recognition based on speaker beam [86], this section
proposes a frequency-domain speaker extraction framework to improve the per-
ceptual quality of a mixture speech. As discussed in Section 2.3.8, the front-end
process for speaker extraction with SBF-IBM has some drawbacks, such as, the
explosion of the adaptation layer with the increasing dimension of speaker embed-
ding vector, and no contextual information in speaker encoder. To overcome these
limitations, the proposed speaker extraction system applies a concatenation frame-
work instead of the adaptation layer, a BLSTM layer in speaker encoder to capture
contextual information. As we known in Chapter 3, the temporal information used
in the objection function could improve the performance of speech separation for
temporal continuity. This section applies a magnitude and temporal spectra ap-
proximation loss (MTSAL) to leverage the temporal information of a speech. This

concatenation based speaker extraction network is named as SBF-MTSAL-Concat.
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FIGURE 4.3: The framework of SBF-MTSAL-Concat for speaker extraction with
magnitude and temporal spectra approximation loss. |S|is the clean magnitude
of the target speaker with a phase difference, which is equal to |S|® cos(8, — 6;),
as defined in Eq. 4.6. f4(-) and f,(-) are delta and acceleration computation
function.

4.3.2.1 The Concatenation Framework

Speaker information, i.e., i-vector [107], has been used for speaker adaptation of
acoustic model in speech recognition [108-110]. The performance of speech recog-
nition has been improved by simply concatenating the i-vector with the acoustic
feature frame by frame repeatedly. Inspired by this idea, we propose a speaker ex-
traction network with a simple concatenation framework instead of the adaptation
layer in the SBF-IBM method. Without the adaptation layer, the computation cost
caused by many sub-layers in the adaptation layer is significantly mitigated. As
shown in Figure 4.3, the speaker extraction network consists of a speaker extractor
that estimates a phase sensitive mask and a speaker encoder that learns a speaker
embedding. The speaker embedding contains the target speaker’s characteristics.
To be aware of the target speaker in every frame of the representations learned
from the mixture magnitude, the speaker embedding is repeatedly appended to

the representations from a BLSTM frame by frame.

The SBF-IBM method encodes the speaker information by a DNN without lever-
aging the context of the speech. In this work, we exploit a BLSTM to model
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the history and future information of the speech with its recurrent. The speaker
embedding is obtained by averaging the activations of the frames over a whole ut-
terance within the speaker encoder. The speaker encoder takes a reference speech
of the target speaker as its input and outputs a D dimensional speaker embedding
V e RPxL,

4.3.2.2 Magnitude and Temporal Spectra Approximation Loss

To address the problems caused by the mask approximation loss (i.e., MSE between
estimated and ideal mask), a magnitude spectrum approximation loss is always
used to extract the target speaker in frequency-domain. The magnitude spectrum
approximation loss is calculated as MSE between the extracted magnitude and the

target clean magnitude.

To mitigate the inconsistency of the estimated magnitude and the mixture phase
during the signal reconstruction with iSTFT, the phase sensitive mask [74] is ap-
plied. The phase difference between the mixture and the target clean speech are
considered to estimate the phase sensitive mask in the objective function. The

magnitude spectrum approximation loss is thus defined as,

msal— ZH’S| ‘S|®COS< )H%
=—Z|IM®IY| S| @ cos(6, — 05) || (4.5)

- = Z I F(YIXD @ Y] = |S| @ cos(6, — 6,) |I7

where |S| and |S| are the extracted magnitude and the target clean magnitude,
respectively. 0, and 05 are the angles of the mixture phase and the target clean
phase. cos(6,—0;) is the phase difference between the mixture and the target clean
speech. The extracted magnitude \S’ | is estimated by element-wise multiplying
the estimated phase sensitive mask M to the mixture magnitude |Y|. The phase
sensitive mask is further estimated by the speaker extractor network f(-, -) given

the mixture magnitude |Y'| and the target speaker’s reference speech | X].

In Chapter 3, we observe that the static and dynamic information, i.e., magnitude,
delta and acceleration, contributes the temporal continuity of the separated speech.

To make the extracted target speaker’s voice becoming temporal continuous, we



Chapter 4. Top-down Selective Auditory Attention with Speaker Extraction 69

propose to compute a magnitude and temporal spectrum approximation loss to

optimize the speaker extraction network.

The loss first calculates MSE between the extracted magnitude and the target
clean magnitude with phase difference. The dynamic information, i.e., delta and
acceleration, of the extracted magnitude is further computed. The delta and ac-
celeration of the target clean magnitude with phase difference are also obtained
as the supervised information. Then, the MSEs between these delta and acceler-
ation are calculated as the constraints. The loss consists of the weighted sum of
the contributions of the MSEs on magnitude, delta and acceleration. The loss is

formulated as,

Tutsat = 7 SV @ Y] 18] @ cos 0, — 0,)] 12
il fa(M ® |Y])  fa(|S| ® cos(8, — 0.))][} (4.6)
a0 @ V) = 1018 @ cos(6, — 0.)|2)

where M is the estimated phase sensitive mask for the target speaker. Y| and | S|
are the mixture magnitude and the target clean magnitude. 6, and 0, are the angles
of the mixture phase and the target clean phase. w,; and w, are the weights to
balance the importance of the contributions of the MSEs on magnitude, delta and
acceleration. fy(-) and f,(-) are the delta and acceleration computation function.

The delta computation function [88] is defined as,

S X (wt+ D) — (= 1))

Falo(t) ST

(4.7)

where v(t) is a feature vector of the magnitude at time frame ¢. L is the contextual
window. The acceleration computation function is obtained by computing the delta

twice.

4.4 Multi-scale Time-domain Speaker Extraction

In the prior work [86], a common approach is to perform speaker extraction in
frequency-domain, and reconstruct the time-domain signal from the extracted mag-
nitude spectrum and the phase spectrum of the mixture signal. Others have also

studied complex ratio mask [80-82] in speech enhancement. The frequency-domain
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FIGURE 4.4: The block diagram of a general speaker extraction network, that
consists of a speaker encode (in green), a speech encoder (in cyan), a speaker
extractor (in purple), and a speech decoder (in cyan). The network components
in Figure 4.4 and 4.5 share the same color codes for ease of cross reference. The
speaker encoder simulates a top-down voluntary focus of cognitive process with
the target speaker as the attention task.

process relies on STFT that faces the windowing effect, and phase estimation prob-

lem.

Inspired by Conv-TasNet [35, 111] for speech separation, we propose a novel end-
to-end network architecture for speaker extraction (SpEx), as shown in Figure 4.4.
SpEx converts the mixture speech into multi-scale embedding coefficients instead
of decomposing the speech signal into magnitude and phase spectra. In this way,

we avoid phase estimation.

In a frequency-domain implementation, a STFT module serves as the speech en-
coder that transforms the time-domain speech signal into magnitude and phase
spectra, while an inverse STFT serves as the speech decoder. SpEx opts for train-
able neural networks to serve as the speech encoder and the speech decoder in
the time-domain speaker extraction. The speaker encoder is trained to convert
the time-domain speech signal into spectrum-like embedding, also called embed-
ding coefficients. The speech decoder reconstructs the embedding coefficients into
a time-domain signal. The proposed SpEx framework is depicted in Figure 4.5 in
detail.
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4.4.1 SpEx Architecture

SpEx is composed of four network components: The speaker encoder encodes the
reference speech x(n) into a speaker embedding, that is the feature representation
of the target speaker. The speech encoder encodes the time-domain mixture speech
y(n) into spectrum or spectrum-like feature representation. The speaker extractor
estimates a mask that only lets pass the target speaker’s voice. Finally the speech
decoder reconstructs the time-domain speech signal from the masked spectrum of
the mixture speech. From the viewpoint of selective auditory attention, the masked
spectrum is called the modulated response [38]. The SpEx architecture allows the
joint training of all these four modules to take place with a multi-task learning

algorithm.

4.4.1.1 Speaker Encoder

In text-independent speaker recognition, it is common that we represent the speech
with a fixed dimensional vector, such as i-vector [107], x-vector [112] and other
similar feature representations [113], that characterize the voiceprint of a speaker.
The model that converts speech samples x(n) into feature representation is called
speaker encoder g( - ), and the resulting feature representation g(x) is called speaker

embedding.

A speaker encoder could be pre-trained independently to extract an i-vector or
x-vector for the target speaker. As such speaker encoders are pre-trained indepen-
dently of speaker extraction systems, they are not optimized directly for speaker
extraction purposes. Another idea is to train speaker encoders jointly with the
speaker extraction system [86] with the loss (i.e., mean square error) between the
extracted and clean speeches. Such speaker encoders are trained to optimize the
signal reconstruction for speaker extraction, however, they do not aim directly to

characterize nor discriminate the speakers.

To benefit from the idea of speaker encoder and task-oriented optimization, we
propose a multi-task learning algorithm to incorporate the speaker encoder as part
of the SpEx network. The speaker encoder is jointly optimized by weighting a cross-
entropy loss for speaker classification and a signal reconstruction loss between the

extracted and clean speeches for speaker extraction. In practice, we use a BLSTM
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FIGURE 4.5: The block diagram of the proposed SpEx network, that consists
of a speaker encoder (in green), a speech encoder (in cyan), a speaker extractor
(in purple), and a speech decoder (in cyan). The network components in Figure
4.4 and 4.5 share the same color codes for ease of cross reference. Q) is an
operator that concatenates the speaker vector repeatedly to the intermediate
representations of mixture speech along the channel dimension. &) refers to the
element-wise multiplication. The “conv” and “deconv” are 1-D convolutional
and de-convolutional operations. “relu” and “sigmoid” are the rectified linear
unit (ReLU) and sigmoid functions. The structure of the “tcn” block is similar
to Conv-TasNet as shown in Figure 4.6. The extracted signal s; is chosen as the
ultimate output of the system at run-time inference.

9

to encode the context information of the reference speech into a speaker embedding
with a mean pooling layer. In the multi-task learning process, the gradients from
both the cross-entropy loss and the signal reconstruction loss are back-propagated
to optimize the speaker encoder network. The details of the learning algorithm
will be discussed in Section 4.4.2 and 4.4.3.
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4.4.1.2 Speech Encoder

There have been studies on how to address the phase estimation problem for
frequency-domain methods. One is to optimize the real and imaginary parts
separately [80-82], another is to compensate the phase in the training process
(28, 77, 79]. Such attempts have achieved limited successes due to the inexact
phase estimation. Similar to Conv-TasNet [35, 111], we opt for a time-domain
approach, that transforms the time-domain mixture signal directly into a feature

representation using a convolutional network.

In a frequency-domain approach, by applying Fourier transform, a speech sig-
nal is decomposed into an alternate representation, characterized by sines and
cosines. Similarly, in a time-domain approach, we can consider the filters in the
convolutional layers as the basis functions in analogy to the sines and cosines in
the frequency-domain [114]. The feature representations are considered as the
embedding coefficients. After all, the time-domain encoding is different from
Fourier transform in that a) the feature representations don’t handle the real-
and-imaginary parts separately; b) the basis functions are not pre-defined as sines

or cosines, but rather trainable from the data.

The input mixture speech y(n) € R™*7 can be encoded to embedding coefficients
using a convolutional neural network in a similar way as other end-to-end speech
processing systems [35, 115, 116]. Inspired by [117, 118], this paper proposes to
encode the mixture speech into multi-scale speech embeddings using several parallel
1-D CNNs with N filters each for various temporal resolutions. While the number
of multiple scales can vary, we only study three different time scales in this work,
without loss of generality. The filters of the parallel 1-D CNNs are of different
lengths, Li(short), Ly(middle), Ls(long) samples, to cover different window sizes.
The CNNs are followed by a rectified linear unit (ReLU) activation function to
produce the speech embedding E = [E| E,E3] € REX3N,

To concatenate the embeddings across different time-scale, we align them by keep-
ing the same stride, L;/2, across different scales. With the varying filter lengths,
the encoder learns representations in multiple scales, for example, the short window
has good resolution at high frequency and long window has high resolution at low
frequency. Without trading the temporal resolution with frequency resolution like

in STFT, we encode the time-domain signal into three temporal resolutions in the



74 4.4. Multi-scale Time-domain Speaker Extraction

embedding E. The embedding coefficients F; in each scale consist of a sequence of

vectors, F; ;,, which are defined as,
Ei,k = ReLU(yzkal), k‘ = ]_, ceny K,Z = 1, 2, 3 (48)

where K = 2(T — Ly)/Ly + 1, and y; . € R"%i is the k' segment of y(t) that has
a window of L; samples shifting every L;/2 samples. U; € R¥*Li is also called the

encoder basis.

4.4.1.3 Speaker Extractor

One of the earliest theories of attention is Broadbent’s filter model [119]. In psy-
choacoustic experiments, the stimuli are first processed according to their physical
properties such as color, loudness, and pitch. The selective filters of listeners then
allow for certain stimuli to pass through for further processing while other stimuli
are rejected. The selective filter can be modelled by a mask that has been well
studied in speech separation literature, such as ideal binary mask (IBM) [72], ideal
ratio mask (IRM) [73], ideal amplitude mask (IAM) [63], wiener-filter like mask
(WFM) [74] and phase sensitive mask (PSM) [74].

In the SpEx framework, the speaker embedding describes the physical properties of
the auditory source, a target speaker in this case, as the focus of the attention. The
speaker extractor, as shown in Figure 4.5, is conditioned on the speaker embedding
both during training and at run-time inference to estimate a filter mask, that is
referred to as the receptive mask. We obtain the modulated response S; [38] for
each scale 1 = 1, 2,3 of the target speaker by applying the receptive mask M; on

the embedding coefficients E; of the mixture signal in each scale,

Si=M;®E;

4.9
= [(E,g(x)) © E; o

where ® is an operator for element-wise multiplication. E is the multi-scale em-
bedding coefficients. f(-, -) and g(-) are the functions representing the speaker
extractor and speaker encoder. x(n) is the reference speech of the target speaker

to form an attention.
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Specifically, the multi-scale embedding coefficients E are firstly normalized by its
mean and variance on channel dimension scaled by the trainable bias and gain
parameters. Then, a 1-D CNN with 1 x 1 kernel size, that is called 1 x 1 CNN,
is applied. The 1 x 1 CNN with O filters is performed to adjust the number of
channels for the inputs and residual path of the subsequent blocks of temporal
convolutional network (TCN). In this way, we have the multi-scale embedding
coefficients as E € REXO. At the same time, the speaker embedding vector g(z) €
RP from the speaker encoder is concatenated repeatedly to E. The multi-scale
embedding coefficients with speaker information are then defined as E € RE*(O+D),

Similarly, the speaker embedding vector is also concatenated repeatedly with the

representations along the subsequent TCN blocks as shown in Figure 4.5.

Similar to Conv-TasNet, we stack the TCN blocks by exponentially increasing the
dilation factor to capture the long-range dependency of the speech signal. Each
TCN block, as shown in Figure 4.6, applies a dilated depth-wise separable con-
volution to reduce the number of parameters. The dilated depth-wise separable
convolution consists of a dilated depth-wise convolution (“d-conv” in Figure 4.6)
and a following 1 x 1 CNN with O filters. Since the number of input channels
of the TCN block may be different from the number of the filters of the dilated
depth-wise convolution, a 1 x 1 CNN with P filters is applied in advance to turn the
number of input channels to P. The dilated depth-wise convolution has a kernel
size of 1 x (), a number of P filters and a dilation factor of 28~V B is the number
of TCN blocks in a stack. Such a stack is repeated for R times as shown in the

speaker extractor in Figure 4.5.

To apply the mask M; on E;, M; must have the same dimensions as F;. As the
output channels O from the last TCN block may be different from the channels N
of the encoded representations £; € REXYN we apply one 1 x 1 CNN to transform
the dimension of the output channels from the last TCN block to be same as the
encoded representations E; € RE*N . The elements of the mask M; € RE*N are
estimated through a Sigmoid activation function to keep the range within [0, 1].
Finally, the masked embedding coefficients S; € RE*Y of the target speaker, that
are also called the modulated responses [38], are estimated by Eq. 4.9.
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FIGURE 4.6: The structure of the “tcn” block is temporal convolutional network
used in Figure 4.5. @ denotes the residual connection. The “d-conv” is depth-
wise convolution which forms a depth-wise separable convolution together with
the last “1x1 conv”. “prelu” is the parametric rectified linear unit (PReLU). “g-
norm’ is the mean and variance on both dimensions of time frames and channels
scaled by the trainable bias and gain parameters.
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4.4.1.4 Speech Decoder

The decoder reconstructs the time-domain speech signal from the modulated re-
sponses. Embedding coefficients at each scale lead to a modulated response. We
reconstruct the multi-scale modulated response into time-domain signals (sq, s,
s3) with the decoder bases V; € RM*11 1, € RN*E2 and V3 € RV*L2 through a
de-convolutional process. The decoder basis consists of the learned filters during

training just as a Fourier basis that is composed of sine and cosine functions.

4.4.2 Multi-scale Encoding and Decoding

Speech has a rich temporal structure over multiple time scales presenting phonemic,
prosodic and linguistic content [118]. It was shown that speech analysis of multiple
temporal resolutions leads to improved speech recognition performance[120]. As
shown in Figure 4.5, we implement multi-scale encoding in speech encoder and
speaker extractor. The speaker encoder first encodes the mixture signal into a
multi-scale embedding coefficients E = [E;FEyE3]. The speaker extractor then

estimates multi-scale masks M, My, M3, and generates the multi-scale modulated
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responses 51, S2,53. We finally reconstruct the multi-scale modulated responses

into time-domain signals sq, o, s3 at multiple scales with the speaker decoder.

During training, we calculate a multi-scale scale-invariant signal-to-distortion ratio

(SI-SDR) loss, defined as J;, that aims to minimize the signal reconstruction error,

Ji = —[(1—a—B)p(s1,8) + ap(sz,s) + Bp(ss3, s)] (4.10)

where o and f are the weights. s, so and sz are the signals reconstructed from
the modulated responses S, Ss and S3, respectively. s is the clean speech signal
serving as the training target. We use the SI-SDR loss [85], denoted as p( -, -), as

the measure of reconstruction error.

) 155512
p(8,s) = 101Og1o<m) (4.11)
||<s’s>s—s||

where s and s are the extracted and target signals of the target speaker, respec-
tively. (-, ) is the inner product. To ensure scale invariance, the signals § and s

are normalized to zero-mean prior to the SI-SDR calculation.

The calculation of multi-scale SI-SDR J; loss is required only during training and
not at run-time inference. At run-time inference, we evaluate the quality of the
signals reconstructed at multiple scales individually, i.e. si, s9, s3, and collectively

as a weighted summation s,=(1-a-3)s;+ass+0s3.

4.4.3 Multi-task Learning

We propose to train the speaker encoder together with three other network com-
ponents as a whole. The speech encoder, speaker extractor, and speech decoder
are optimized to minimize the multi-scale SI-SDR loss, while the speaker encoder
is optimized with two objective functions, the multi-scale SI-SDR loss and the

cross-entropy loss for speaker classification.

The cross-entropy loss J, for speaker classification is defined as,

N,
Jo == pilog(p;) (4.12)
=1
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where N, is the number of speakers in the speaker classification task. p; is the true

class label for speaker ¢ and p; is the predicted speaker probability.

We combine J; with J; to optimize the speaker encoder network in a multi-task
learning, as J; and .J; represent two different optimization tasks. With the multi-
task learning, the speaker encoder network is trained not only to characterize the
unique properties of the target speaker, but also to contribute to the overall speaker

extraction objective. The total loss J is a weighted sum of J; and Js,

4.4.4 Relationship with TasNet

SpEx network can be seen as an extension to Conv-TasNet [35, 111] from speech
separation to speaker extraction applications. A comparison with TasNet frame-

work will help the understanding of SpEx.

BLSTM-TasNet [33, 34] and Conv-TasNet [35, 111] represent a successful attempt
to address the phase estimation problem in frequency-domain speech separation.
The techniques employ an encoder-separator-decoder pipeline, and learn trainable
basis functions with a 1-D convolution and de-convolution instead of Fourier se-
ries consisting of sine and cosine functions. Speech separation is performed by
estimating a mask for each speaker in the mixture using either a BLSTM in
BLSTM-TasNet or a fully convolutional neural network (CNN) in Conv-TasNet.
Conv-TasNet uses a TCN architecture together with a dilated separable depthwise

convolution that represents an effective time-domain implementation.

The idea of SpEx is similar to that of Conv-TasNet in the sense that the speaker
extractor of SpEx is based on the same TCN architecture[111], and the encoder-
extractor-decoder pipeline is inspired by the encoder-separator-decoder pipeline of
Conv-TasNet. However, SpEx is also different from Conv-TasNet in the following

ways:

e Top-down voluntary focus: SpEx features a speaker encoder as the top-
down voluntary focus in selective auditory attention. It learns to single out
one voice from the multi-talker mixture by modulating the input stimulus

with a top-down attention. However, Conv-TasNet doesn’t employ such a
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mechanism. It learns to segregate two competing voices by estimating two
filtering masks. Just like other speaker extraction techniques, SpEx addresses
the issues of global speaker permutation ambiguity and unknown number of

speakers that we face in speech separation.

e Multi-task learning: As Conv-TasNet doesn’t involve a speaker encoder,
it is trained only to optimize the reconstruction errors, equivalent to the SI-
SDR loss in this paper. SpEx adopts a multi-task learning algorithm to jointly
optimize all network components, with a cross-entropy loss for speaker clas-
sification and a SI-SDR loss for signal reconstruction. The speaker encoder is
optimized by the total loss defined in Eq. 4.13. Such a total loss is different
from the prior works, where the speaker extraction systems train the speaker
encoder with either speaker classification loss [121], or signal reconstruction
loss [86, 122, 123] as a single task.

e Multi-scale encoding and decoding: The TCN architecture in Conv-
TasNet works well for single time scale embedding coefficients [35, 111].
Multi-scale encoding is effective in deep neural networks approach to speech
recognition[118]. We believe that, if the TCN architecture is trained with
multi-scale embedding coefficients, it learns to reconstruct the rich temporal
structure of speech in greater detail. This will be an interesting study of the
TCN architecture.

4.5 Summary

In this chapter, we propose a frequency-domain and a time-domain speaker ex-
traction systems that emulate humans’ ability of selective auditory attention. The
system performs speaker extraction without the need of the information about the
number of speakers. It forms a top-down voluntary focus by using the reference
speech of the target speaker. Although the target speaker information is required,
the proposed technique is particularly useful for the system to respond to the reg-
istered speakers, for example, in speaker verification where the target speaker is

known to the system through enrollment.






Chapter 5

Evaluation and Analysis of

Speaker Extraction

In Chapter 4, the proposed frequency-domain and time-domain speaker extraction
systems have been introduced. The models attempt to address the problems of
both unknown number of speakers in real-world environment and global speaker
permutation ambiguity across utterances in current speech separation techniques.
This chapter presents the experimental setups, evaluation results and discussions

on the proposed models.

Section 5.1 firstly introduces the speaker extraction database and the speech sep-
aration database. The speech separation database is extended to be used in the
evaluation of speaker extraction for directly comparisons with other speech sepa-
ration methods. The experimental setups of the proposed frequency-domain and
time-domain speaker extraction systems are described in Section 5.2 and Section
5.3, respectively. Section 5.4 and Section 5.5 report the performances of the pro-
posed speaker extraction methods under two-speaker mixture and three-mixture
condition, respectively. Furthermore, The comparisons between proposed speaker
extraction methods and other speech separation methods are conducted on the
WSJ0-2mix database under clean two-speaker mixture condition in Section 5.6.
Finally, Section 5.7 and Section 5.8 conduct the comparisons on the WHAM! and

The work in this chapter has been published in [41-43].
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WHAMR! databases for noisy, reverberant, and noisy and reverberant two-speaker

mixture conditions, respectively. The conclusions are drawn in Section 5.9.

5.1 Database

Unlike in speech separation, speaker extraction technique requires a reference
speaker’s voice to supervise the voluntary attention. We firstly re-organize the well-
known WSJ0-2mix and WSJ0-3mix [26] with “max” data structure by selecting the
first chosen speaker as the target speaker, while keeping the mixing utterances and
SNR values the same. We rename the simulated databases as WSJ0-2mix-extr and
WSJ0-3mix-extr in this work to differentiate from the original WSJ0-2mix and
WSJ0-3mix database, as described in Section 5.1.1.

To compare with speech separation techniques, we further extend the well-known
WSJ0-2mix, WHAM! and WHAMR! databases for speaker extraction by providing

a reference speech for each speaker in the mixture, as discussed in Section 5.1.2.

5.1.1 WSJ0-2mix-extr and WSJ0-3mix-extr

We simulated a two-speaker (WSJ0-2mix-extr) and a three-speaker (WSJ0-3mix-
extr) mixture databases' according to the well-known WSJ0-2mix and WSJ0-3mix
[26]. The speech signals are sampled at a sampling rate of 8kHz based on the WSJ0
corpus [45]. Each database has three datasets: training set (20,000 utterances),
development set (5,000 utterances), and test set (3,000 utterances).

Same as [26], the training set and development set are generated by randomly
selecting two utterances for two-speaker database, and three utterances for three-
speaker database, from 50 male and 51 female speakers in the WSJ0 “si_tr_s” set at
various signal-to-noise ratio (SNR) between 0dB and 5dB. The training set is used
for the training of network components, while the development set is for optimizing

system configurations.

!The code is available at: https://github.com/xuchenglin28/speaker_extraction.
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Similarly, the utterances from 10 male and 8 female speakers in the WSJ0 “si_dt_05"
set and “si_et_05” set are randomly selected to create the test set. Since the speak-
ers in the test set are excluded from the training and development sets, and the
reference speech is not used in any of the speech mixing, the test set is developed

for speaker independent evaluation, also called open condition evaluation.

To include both overlapping and non-overlapping speech in the dataset, we keep
the maximum length of the mixing utterances as the length of the mixture. The
speaker of the first randomly selected utterance is regarded as the target speaker.
At run-time, the speaker extraction process is conditioned on a reference speech

from the target speaker.

As the reference speech is randomly selected, the duration of the reference speech
varies in training, development and test sets. We call this experimental condition
as “Random”. In the test set, the average duration of the reference speech is 7.3s
with a standard deviation of 2.7s, a maximum length of 19.6s, and a minimum
length of 1.6s. The experiments are conducted under this “Random” condition if

not stated otherwise.

In two-speaker database, we also group the reference speech for the test set into
four duration groups, i.e. 7.5s, 15s, 30s and 60s, for the experiment on duration of

reference speech, as reported in Section 5.4.2.8.

While most of the comparative experiments are conducted on the two-speaker
database, we also extend the experiments beyond two-speaker mixture. A three-
speaker database is constructed in a similar way as the two-speaker database,
except that the duration of the reference speech in the test set is kept as 15s and
60s. In the experiment for three-speaker mixture, we train the speaker extraction
network under three conditions, two-speaker mixture only, three-speaker mixture
only, and two-speaker and three-speaker mixture in combination. The trained
speaker extraction systems are then evaluated on the two-speaker and three-speaker

mixture test set, respectively.
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5.1.2 WSJ0-2mix, WHAM! and WHAMR!

As discussed in Section 2.1.2, WSJ0-2mix, WHAM! and WHAMR! were well-known
databases for speech separation. To compare with the state-of-the-art speech sep-
aration techniques, we conducted speaker extraction experiments on these well-
known databases by providing a reference signal of each speaker in the mixture to
form the auditory attention. Then the voices of each speaker in the mixture could
be obtained, like speech separation as discussed in Section 4.2. Since the mix-
ture signal and clean target signals were kept same, the performances between the
proposed speaker extraction methods and the state-of-the-arts speech separation

techniques were comparable.

Different from WSJO0-2mix-extr database, WSJ0-2mix, WHAM! and WHAMR!
were generated with “min” scheme. The duration of the mixture signal was kept
same as the minimum duration of the two speaker’s voices. The speaker’s voice with
long duration was trimmed to be equal to the short one. In addition, WHAM! and
WHAMR! extended the WSJ0-2mix by adding noise and reverberation. WHAM!
was used to study the performance of speaker extraction under two-speaker mixture
with noise condition. The reverberate-only, and reverberate and noisy two-speaker
mixture conditions were studied with WHAMR! database.

5.2 Frequency-domain Speaker Extraction Setup

The speech signal was transformed into frequency-domain via a STFT with a win-
down length of 32ms and a shift of 16ms. A normalized square root hamming
window was applied. The magnitude features were thus obtained with a dimension

of 129 for both the mixture speech and the reference speech.

In the SBF-IBM baseline, as shown in Figure 2.7, the speaker encoder consisted
of 2 non-linear ReLU layers, a linear layer and a mean pooling layer. The ReLLU
layer had 512 hidden nodes. The linear layer outputed the adaptation weights
associated with the target speaker, which were used to weight the contributions
of the sub-layers in the adaptation layer. Since the number of sub-layers were
equal to the dimension of the adaptation weights, the number of hidden nodes

in the linear layer was set to 30 to have a manageable computation cost. The
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adaptation weights were obtained by averaging the 30 dimensional outputs over the
frames of an utterance. In the speaker extractor, a BLSTM first transformed the
mixture magnitude into representations by using the contextual information of the
inputs in forward and backward directions. The BLSTM had 512 cells in forward
and backward directions, respectively. Then, an adaptation layer was followed
with 30 sub-layers. Each sub-layer had 512 hidden nodes with 1024 dimensional
inputs from the previous BLSTM. The 30 dimensional weights associated with the
target speaker were used to weight sum the contributions of these sub-layers. Two
additional non-linear ReLLU layers were used. The output layer was followed with
129 hidden nodes to predict the mask for the target speaker with the IBM as the
supervision. The IBM was obtained with a threshold that was 40dB below the
maximum energy of that utterance by following the work in [26]. If the energy
of the time-frequency bin was greater than the threshold, the IBM was set to 1.
Otherwise, the IBM was 0. The mask approximation loss defined in Eq. 2.45 was

used to optimize the network.

To evaluate the performance of direct signal approximation loss, we further replace
the mask approximation loss by a magnitude spectrum approximation loss, and
a magnitude and temporal spectrum approximation loss, as defined in Eq. 4.5
and 4.6, respectively. The network configures were kept same as the SBF-IBM
baseline. We called them SBF-MSAL and SBF-MTSAL, individually. Different
from the SBF-IBM baseline to estimate binary mask, the phase sensitive mask was

predicted.

In the SBF-MTSAL-Concat approach, the magnitude of the reference speech was
feeded into a BLSTM to capture the contextual information in the speaker encoder.
The BLSTM had 256 cells in both forward and backward directions, respectively.
A non-linear ReLLU layer with 256 hidden nodes was further added. Then, a linear
layer with 30 nodes was used to obtain a 30 dimensional speaker embedding with
a mean pooling over the frames of an utterance. Although the increasing of the
dimension of the speaker embedding might not result in the parameter explosion
problem, we kept the dimension of the speaker embedding same as the dimension
of the adaptation weights in the SBF-IBM baseline [86]. In the speaker extrac-
tor, a BLSTM with 512 cells in both forward and backward directions was built
on top of the magnitude of the mixture. The speaker embedding was repeatedly

concatenated with the representations from the previous BLSTM frame by frame.
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With the concatenation at each frame, the network was able to know the speaker
information when it learned to extract the target speaker from the representations.
Then, a non-linear ReLLU layer was used to transform the concatenated representa-
tions with the target speaker information. A BLSTM and an additional non-linear
ReLU layer were used. The number of cells and hidden nodes were set to 512.
The mask estimation layer had a dimension of 129. The estimated phase sensitive
masks were element-wisely multiplied with the magnitude of the mixture to extract

the target speaker. The network was optimized with a loss defined in Eq. 4.6.

All experiments were done with a learning rate started from 0.0005 and scaled down
by 0.7 when the training loss increased on the development set. The minibatch
size was 16. The utterances of the training set and the development set were
sorted ascendingly by their duration during training. The network was forced to
be trained with minimum 30 epochs and stopped when the relative loss reduction
was lower than 0.01. The network was optimized with the Adam algorithm [96]

and implemented with Tensorflow 2.

5.3 Multi-scale Time-domain Speaker Extraction

Setup

The network is optimized by the Adam algorithm [96]. The learning rate begins
with 0.001 and halves when the loss increases on the development set for at least 3
epochs. Early stopping scheme is applied when the loss increased on the develop-
ment set for 10 epochs. The minibatch size is set to fully occupy the GPU memory,
i.e., 10 with a 32GB V100 GPU for a SpEx system. The utterances in the training

and development set are broken into 4s segments®.

’https://www.tensorflow.org/

3We discard the segments less than 4s or containing only silence for the target speech for
the experiments conducted on WSJ0-2mix-extr and WSJ0-3mix-extr with Tensorflow. To fairly
compare with speech separation techniques on WSJ0-2mix, WHAM! and WHAMRY!, we keep the
segments less than 4s by padding with zeros. Since these databases are simulated with “min”
data structure, there are no segments contained only silence. We implement the SpEx system
with Pytorch (https://pytorch.org/).


https://www.tensorflow.org/
https://pytorch.org/
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5.3.1 Speaker Encoder

The speaker encoder in Figure 4.4 translates the reference speech of the target
speech into a top-down voluntary focus that the speaker extractor network can act
upon. In Figure 4.5, we propose a detailed implementation, that is to repeatedly
concatenate the speaker embedding vector with the inputs to TCN blocks. In this
thesis, we advocate the idea to incorporate the speaker encoder network as an inte-
gral part of the SpEx architecture during training and at run-time inference. As a
contrastive experiment, we would like to know how such speaker encoder performs
differently from a traditional i-vector extractor [107]. We choose i-vector because
it has been one of the most effective techniques for text-independent speaker char-

acterization.

5.3.1.1 I-vector Extractor

An i-vector extractor converts a speech sample into a low-dimension vector. We first
train the UBM and total variability matrix with the single speaker (clean) speech
from the training and development sets. The acoustic features include 19 MFCCs
together with energy, and their 1st- and 2nd-derivatives, followed by cepstral mean
normalization [124] with a window size of 3 seconds. The 60-dimensional acoustic
features are extracted from a window length of 25ms with a shift of 10ms. A
Hamming window is applied. An energy based voice activity detection method is
used to remove the silence frames. The i-vector extractor is based on a gender-
independent UBM with 512 mixtures and a total variability matrix with 400 total

factors.

5.3.1.2 Speaker Encoder

We use the same acoustic features as in the training of i-vector extractor. To lever-
age the temporal information of the whole reference speech, a BLSTM with 256
cells in each forward and backward direction is used to capture the speaker infor-
mation from the acoustic features, which is same as the configuration in proposed
frequency-domain speaker extraction approach. A non-linear layer with ReLU acti-

vation function with 256 nodes is followed by the BLSTM. Another linear layer with
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400 nodes followed by a mean pooling is applied to extract the speaker embedding

vector, that has the same dimension as the i-vector for fair comparison.

5.3.2 Speaker Extraction Pipeline

The speaker extraction pipeline includes speech encoder, speaker extractor, and
speech decoder. The parameters that are quoted in this section have been tuned

empirically for the best performance on the development set.

5.3.2.1 Speech Encoder

In the SpEx implementation detailed in Figure 4.5, the speech encoder encodes the
mixture speech input Y € R™? into embedding coefficients by three parallel 1-D
convolution of N (= 256) filters each, followed by a ReLLU activation function. To
learn multi-scale embeddings with different time resolutions, the three 1-D convo-
lutions had filter lengths of Lq(short), Lo(middle), Ls(long) with a stride of L;/2
samples. Li, Ly, L3 windows are tuned to cover 20(2.5ms), 80(10ms), 160(20ms)

samples in this work.

5.3.2.2 Speaker Extractor

As shown in Figure 4.5, a mean and variance normalization with trainable gain
and bias parameters is applied to the embedding coefficients £ € R¥>*3Y on the
channel dimension, where K is equal to 2(T — Ly)/L; + 1. A 1x1 convolution
linearly transformed the normalized embedding coefficients F to the representations
E € RF*O with O(= 256) channels, which determined the number of channels in
the input and residual path of the subsequent 1 x 1 CNN. Same as Conv-TasNet
[111], the number of input channels P and the kernel size 1 x @ of each depthwise
convolution are set to 512 and 1 x 3. B(= 8) TCN blocks are formed as a stack
and repeated for R(= 4) times.
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TABLE 5.1: SDR (dB), SI-SDR(dB) and PESQ in a comparative study of the
frequency-domain speaker extraction systems under open condition. “Mixture”
refers to original input mixture with zero effort. “SBF-MSAL” replaces the
mask approximation loss in the SBF-IBM baseline with a magnitude spectrum
approximation loss, as definded in Eq. 4.5. “SBF-MTSAL” further adds the
temporal constraint to form a magnitude and temporal spectrum approximation
loss, as defined in Eq. 4.6. “SBF-MTSAL-Concat” is the novel concatenation
framework with magnitude and temporal spectrum approximation loss instead
of the adaptation structure. “#Paras” means the number of parameters of the
model.

’ Methods \ #Paras \ SDR \ SI-SDR. \ PESQ ‘

Mixture - 2.6 2.5 2.31

SBF-IBM [86] | 19.3M | 6.5 6.3 2.32
SBF-MSAL | 19.3M | 9.6 9.2 2.64
SBF-MTSAL | 19.3M | 9.9 9.5 2.66
SBF-MTSAL-Concat | 89M | 11.0 | 10.6 2.73

5.3.2.3 Speech Decoder

The speech decoder in Figure 4.5 reconstructs the time-domain speech signal (s,
S9, 83) from the modulated responses (S7, Sa, S3) through a de-convolution process.
The filter in the de-convolution has the same configuration as that in the speech
encoder, where the number of filters (V) is equal to 256 and the filter lengths
(L1, Lo, L3) are tuned to be 20(2.5ms), 80(10ms), 160(20ms) samples.

5.4 Evaluation of Speaker Extraction on WSJO-

2mix-extr Database

5.4.1 Frequency-domain Speaker Extraction Result
5.4.1.1 Overall Comparisons

The SDR, SI-SDR and PESQ performances of frequency-domain speaker extraction
systems are summarized in Table 5.1. Compared with the original mixture, the
PESQ of the SBF-IBM baseline shows a slight improvement. The main reason is
that the mask approximation loss is not direct signal reconstruction error. The
smaller error between the estimated masks and IBMs doesn’t lead to the smaller

error of the signal itself. The smaller error of mask estimation doesn’t mean better
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speech quality and intelligibility. The estimated mask may harm the speech context

by forcing it to be close to IBM with binary values using mask approximation loss.

When applying the magnitude spectrum approximation loss, the performances of
the SDR, SI-SDR and PESQ are significantly improved, as shown in Table 5.1.
Compared with the SBF-IBM baseline, the SDR, SI-SDR and PESQ of the SBF-
MSAL are relatively improved by 47.7%, 46.0% and 13.8% with a significant value
p (< 0.01), respectively. It shows that the magnitude spectrum approximation
loss is directly minimizing the error on the signal itself. The better speech quality
and intelligibility are thus achieved. The SBF-MTSAL method further improves
the performance in terms of SDR, SI-SDR and PESQ significantly (p < 0.05). By
adding the temporal constraints of dynamic information in the objective function,

the system improves the temporal continuity of the extracted speech.

Different from the speaker encoder using a DNN in the SBF-IBM, SBF-MSAL, and
SBF-MTSAL approaches, the SBF-MTSAL-Concat approach applies a BLSTM to
leverage the context of the reference speech. With the contextual information, the
speaker embedding is well learned to capture the target speaker’s characteristics.
We observe that the SBF-MTSAL-Concat framework further improves the quality
and intelligibility of the extracted speech. Compared with the SBF-MTSAL sys-
tem, the SDR is significantly improved from 9.9dB to 11.0dB with a 11.1% relative
improvement under the open condition (p < 0.01). Meanwhile, the SI-SDR and
PESQ have been improved relatively by 11.6% and 2.6%, individually. Compared
with the SBF-IBM baseline, the SBF-MTSAL-Concat method achieves a 69.2%,
68.3% and a 17.7% relative SDR, SI-SDR and PESQ improvements under open
condition. The improvements are statistically significant (p < 0.01). The number

of parameters in the network is also significantly reduced.

5.4.1.2 Same Gender vs. Different Gender

The performances of the same gender and different gender mixture are further
analyzed and summarized in Table 5.2. We observe that the performance of the
different gender mixture is always better than that of the same gender. The main
reason is that the speaker characteristic of the same gender is less discriminating
than that of the different gender. Although the speaker extraction of the same gen-

der mixture remains challenging, the proposed techniques still improve the speech
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TABLE 5.2: SDR (dB) and PESQ in a comparative study of the same gender
and different gender mixture under open condition.

SDR PESQ
Diff. \ Same | Diff. \ Same

Mixture | 2.5 2.7 2.29 | 2.34

SBF-IBM [86] | 7.6 5.1 242 | 2.19
SBF-MSAL | 12.0 6.9 2.82 | 2.43
SBF-MTSAL | 12.3 7.2 2.85 | 2.44
SBF-MTSAL-Concat | 12.9 | 8.8 | 2.90 | 2.54

Method

quality and intelligibility of the same gender mixture. From Table 5.2, we observe
that the SBF-MTSAL-Concat could achieve 69.7% and 72.5% relative improve-
ments over the SBF-IBM baseline in terms of SDR for the different and same

gender mixture conditions, respectively.

5.4.2 Multi-scale Time-domain Speaker Extraction Result
5.4.2.1 Frequency-domain vs. Time-domain

In this experiment, we would like to compare between two processing paradigms,
the frequency-domain and the proposed time-domain methods. For frequency-
domain implementation, we adopt STFT and inverse STFT as the speech encoder
and decoder in Figure 4.4, respectively. For time-domain implementation, we adopt
the speech encoder and decoder proposed in Section 4.4.1. In both systems, we
adopt i-vector extractor as the speaker encoder for fair comparisons. As the i-
vector extractor is trained independently from the speaker extraction pipeline, this
comparison is focused on frequency-domain and time-domain speaker extraction
pipeline. As the frequency-domain method uses a fixed short-time window of 256
samples, the time-domain systems are also implemented with a single short-time
window, or single scale as opposed to multi-scale as discussed in Section 4.4.1, for

fair comparison.

We observe from Table 5.3, that the time-domain speaker extraction systems (Sys-
tem 2-13) consistently outperform the frequency-domain counterpart (System 1),
especially when time-domain systems have fewer than or roughly the same number

of parameters as the frequency-domain system.
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TABLE 5.3: SDR (dB), SI-SDR(dB) and PESQ in a comparative study between
frequency-domain and time-domain under open condition. L is the filter length
of the convolution in the speech encoder for single scale in this experiment. N, O,
P, Q, B, R are the parameters of the extractor defined in Section 4.4.1.3. In the
frequency-domain implementation, we use the phase spectrum from the original
mixture speech to reconstruct the speech signal. “#Paras” indicates the total
number of parameters in the network. i-vector is used as feature representation
of reference speaker.

[ System | Domain | N [ Ly [ O [ P [ Q[ B[R [ #Paras [ SDR [ SI-SDR [ PESQ |
1 Frequency - 256 | 256 | 512 | 3 [ 8 | 4 9.0M 10.3 9.9 2.85
2 128 | 20 [ 128 [ 128 [ 3 | 8 | 4 1.3M 12.3 11.7 2.85
3 128 | 20 | 128 | 128 | 3 | 8 | 5 1.7M 12.0 11.2 2.82
4 512 | 20 | 128 | 256 | 3 | 8 | 4 2.6M 12.4 11.6 2.83
5 512 | 20 | 128 | 512 | 3 | 8 | 3 3.7M 11.7 10.9 2.78
6 256 | 20 | 256 | 256 | 3 | 8 | 4 4.7M 12.6 11.9 2.88
7 Time 512 | 20 | 128 | 512 | 3 | 8 | 4 4.9M 12.9 12.1 2.89
8 256 | 20 | 256 | 256 | 3 | 9 | 4 5.2M 12.8 12.2 2.89
9 256 | 20 | 256 | 512 | 3 | 8 | 4 9.0M 13.1 12.4 2.92
10 256 | 40 | 256 | 512 | 3 | 8 | 4 9.1M 12.7 11.9 2.90
11 256 | 80 | 256 | 512 | 3 | 8 | 4 9.1M 13.0 12.4 2.93
12 256 | 160 | 256 | 512 | 3 | 8 | 4 9.1M 12.2 11.5 2.88
13 256 | 256 | 256 | 512 | 3 | 8 | 4 9.2M 12.8 12.2 2.94

The results clearly show the advantage of the trainable speech encoder and decoder
over the static STFT and inverse STFT in the frequency-domain. We consider that
the better performance is attributed to the use of embedding coefficients in place
of magnitude and phase spectra in the process, that avoids the need of phase

estimation.

5.4.2.2 Single-scale vs. Multi-scale

In this experiment, we would like to validate the idea of multi-scale speech em-
bedding. We continue to use i-vector extractor as the speaker encoder. From the
experiments reported in Table 5.3, we observe that systems of more parameters
perform better. By varying the filter length of the convolution layer in the speech
encoder from System 9-13, we observe that the change of time-frequency resolu-
tion of the embedding coefficients has an impact on the system performance. The
best SDR is achieved as 13.1dB with a filter length of 20 samples (2.5ms). The
best SI-SDR is 12.4dB with the filter length of 20 samples (2.5ms) and 80 samples
(10ms). The best PESQ is 2.94 with a filter length of 256 samples (32ms). This

finding is similar to that in speech recognition experiment [118] .

To benefit from the different time-frequency resolutions, we propose to have three 1-
D CNNs with different filter length, short, middle, and long, in the speech encoder.
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The speaker extractor and speech decoder are also extended to be compatible for
the multi-scale speech embedding, as shown in Figure 4.5. The speaker extrac-
tor estimates the mask for the target speaker at each scale. The speech decoder

reconstructs the time-domain signal for each scale with the modulated response.

We explore different system configurations that are summarized in System 14-
24 of Table 5.4. Comparison between System 9 and System 14 shows that the
multi-scale speech encoder achieves better performance than single-scale speech
encoder. If the speech decoder has multiple outputs with the multi-scale speech
embeddings, we could optimize the SpEx network with a weighted multi-scale SI-
SDR loss, as defined in Eq. 4.10. With multi-scale speech encoder and decoder,
the best performances of the SDR, SI-SDR and PES(Q are achieved at 13.9dB,
13.3dB and 3.00 when the weights a and £ in Eq. 4.10 are tuned to be 0.10
and 0.10. Comparing with the single-scale system, the performance of the multi-
scale SpEx improves the SDR of 6.1%, the SI-SDR of 7.3%, and the PESQ of
2.7%. Comparisons between System 16 and System 22-24 present that the best
performance is achieved by picking the output stream s; with short window (high
temporal resolution). By only picking the reconstructed signal s; instead of a
weighted summation (s, =(1-a-3)s;+ass+Fs3), the number of parameters during

evaluation is less than that during training.

5.4.2.3 I-vector vs. Speaker Embedding

We have observed that the i-vector is effective in speaker characterization for both
single-scale and multi-scale speaker extraction networks as reported in Tables 5.3
and 5.4. We note that the i-vector is extracted independently of the speaker extrac-
tion network. In this experiment, we would like to replace the i-vector extractor
with the speaker encoder. The speaker encoder is trained jointly with other com-
ponents of the network using both the cross-entropy loss for speaker classification
and the multi-scale SI-SDR loss for speaker extraction as System 25 to 31 in Table
5.5.

We obtain the best SDR and SI-SDR of 15.1dB and 14.6dB when the weight for
the sub-loss of the cross-entropy is tuned to be 0.2. Comparing with the i-vector
based system (System 16 in Table 5.4), we observe that the joint optimization of
the speaker encoder and the speaker extraction pipeline (System 27 in Table 5.5)
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TABLE 5.6: SDR (dB), SI-SDR(dB) and PESQ of extracted speech for the pro-
posed SpEx network and other 4 competitive frequency-domain systems under
open condition. “Mixture” refers to original input mixture with zero effort.
“#Paras” means the number of parameters of the model.

’ Methods \ Domain \ #Paras \ SDR \ SI-SDR \ PESQ ‘

Mixture - - 2.6 2.5 2.31

SBF-IBM [86] 19.3M 6.5 6.3 2.32
SBF-MSAL Frequency 19.3M 9.6 9.2 2.64
SBF-MTSAL 19.3M 9.9 9.5 2.66
SBF-MTSAL-Concat 8.9M 11.0 10.6 2.73
SpEx Time 10.8M | 15.1 14.6 3.14

with multi-task learning achieves relative improvements of 8.6% in terms of SDR,
9.8% in terms of SI-SDR, 4.7% in terms of PESQ. As the SpEx network with joint
optimization (Figure 4.5) achieves the best performance, we use the configuration

hereafter.

5.4.2.4 Benchmark against the Baselines

We compare the SpEx network as illustrated in Figure 4.5 with four competitive
frequency-domain speaker extraction systems in Section 5.4.1. As can be seen in
Table 5.6, the SpEx network shows 37.3%, 37.7% and 15.0% relative improvements
over the best SBF-MTSAL-Concat system in terms of SDR, SI-SDR and PESQ
under the open condition. The time-domain speaker extraction architecture has

shown three clear advantages over its frequency-domain counterparts.

(1) Because the SpEx network doesn’t decompose the speech signal into magnitude

and phase spectra, it avoids inexact phase estimation.

(2) The SpEx network benefits from the long-range dependency of the speech signal
captured by the stacked dilated depth-wise separable convolution with a manage-
able number of parameters. Without the recurrent connection, the SpEx method

can be easily parallelized for fast training and inference.

(3) The SpEx network takes advantage of multi-scale speech embedding to have
a good coverage of time-frequency resolution in the encoding, which doesn’t have
to trade time resolution with frequency resolution like in short-time frequency

analysis.
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TABLE 5.7: SDR (dB) and PESQ in a comparative study of different and same
gender mixture under open condition.

SDR PESQ
Diff. \ Same | Diff. \ Same

Mixture | 2.5 2.7 2.29 | 2.34

SBF-IBM [86] | 7.6 5.1 242 | 2.19
SBF-MSAL | 12.0 6.9 2.82 | 2.43
SBF-MTSAL | 12.3 7.2 2.85 | 2.44
SBF-MTSAL-Concat | 12.9 8.8 2.90 | 2.54
SpEx | 17.4 | 12.4 | 3.34 | 2.92

Methods

As an example, we illustrate the speaker extraction from a female-female mixture
speech by the competitive baseline systems and the proposed SpEx network in
Figure 5.1. From the log magnitude spectrum, we observe that the proposed SpEx
network outperforms other baseline systems in terms of the recovered signal quality
and purification. Some listening examples are available online *, of which the first

example is the audio illustrated in Figure 5.1.

5.4.2.5 Different Gender vs. Same Gender

Generally speaking, speakers of the same gender sound closer than those of different
gender. We further report the results of the experiments in Table 5.6 for different
and same gender mixture separately. We observe in Table 5.7 that the performance
of different gender mixture is always better than the same gender. This has been
observed in human listening test as reported by Treisman [125] in a behavioural
study. It was found that difference in voice (i.e., male versus female) allows more
efficient rejection of the irrelevant signal when messages are mixed and played to

both ears (i.e., diotic).

From Table 5.7, we also observe that the proposed SpEx network achieves 34.9%
and 40.9% relative SDR improvement, and 15.2% and 15.0% relative PESQ im-
provement over the best baseline, SBF-MTSAL-Concat, for different and same

gender conditions.

‘https://xuchenglin28.github.io/files/tas1p2019/index.html
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TABLE 5.8: SDR (dB) of extracted speech when we evaluate the same SpEx
system on varying duration of reference speech of target speaker at [0, 1)dB, [1,
3)dB, [3, 5]dB.

SNR(dB)
Methods [0, 1) | [1,3) | [3, 5]

Mixture | 0.7 2.0 4.2

SBF-IBM [86] | 4.0 5.8 8.4
SBF-MSAL 7.1 9.2 11.3
SBF-MTSAL 7.5 9.5 11.5
SBF-MTSAL-Concat | 8.7 10.6 | 12.5
SpEx | 13.3 | 14.8 | 16.3

5.4.2.6 Mixture with Different SNR

It is of interest to investigate how the proposed SpEx network performs for mixture
speech of different SNR, where we consider the target speech as the foreground and
the interference as the background noise. We train a SpEx network on the dataset
that has the SNR range of [0-5] as described in Section 5.1.1. The same SpEx
network has been reported in Tables 5.6 and 5.7.

We divide the test set into 3 SNR groups, namely [0, 1)dB, [1, 3)dB and [3, 5]dB.
The results are summarized in Table 5.8. Without surprise, test data of higher
SNR performs better than that of lower SNR. We also observe that the proposed
SpEx network achieves 52.9%, 39.6% and 30.4% relative SDR improvement over
the best baseline system, SBF-MTSAL-Concat, for [0, 1)dB, [1, 3)dB and [3, 5]dB
SNR group respectively. Since the SNR of the simulated database is limited from
0dB to 5dB, in the future work, we will investigate various SNR ranges, i.e., from
-10dB to 20dB.

5.4.2.7 Subjective Evaluation

Since the SBF-MTSAL-Concat represented the best baseline performance in the
objective evaluation, we only conducted an A/B preference test between the pro-
posed SpEx network and the SBF-MTSAL-Concat baseline to evaluate the signal
quality and intelligibility in a listening test. We randomly selected 20 pairs of lis-
tening examples, including the original target speaker’s reference and two extracted
signals for the target speaker by the proposed SpEx network and the best baseline

system. We invited a group of 13 subjects to select their preference according to
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FIGURE 5.2: The A/B preference test result of the extracted target speaker’s
voice between the proposed SpEx method and the best SBF-MTSAL-Concat

baseline. We conducted t-test using a significance level of p < 0.05 which is
depicted with the error bars.

the quality and intelligibility. The listeners were asked to pay special attention
to the amount of perceived distortion and interference from background. For each
test, the subject listened to three audios in a group, the reference speech was firstly
played, followed by the extracted speech in random order from the two systems.
The subject didn’t have the information about which speech stemmed from which

system.

We observe from Figure 5.2 that the listeners clearly favor the proposed SpEx
network with a preference score of 73.5% as opposed to that of 11.9% for the best
SBF-MTSAL-Concat system. Most listeners significantly favor the SpEx network
with a significance level of p < 0.05, because of lower distortion and inter-speaker

interference than the best baseline.

5.4.2.8 Duration of the Reference Speech

As speaker extraction relies on the reference speech of the target speaker to develop
the top-down voluntary focus, the duration of the reference speech plays a role in

the process. We further look into the impact of the duration on speaker extraction
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TABLE 5.9: SDR (dB), SI-SDR(dB) and PESQ in a comparative study of dif-
ferent duration of the reference speech. “Random” indicates that the duration
of the reference speech is random.

’ Training ‘ Test ‘ SDR ‘ SI-SDR ‘ PESQ ‘
Random | 15.1 14.6 3.14

7.5s 15.0 14.6 3.14
Random 15s 15.4 15.0 3.17
30s 15.5 15.2 3.19
60s 15.6 15.2 3.19
15s 14.9 14.5 3.13
60s 15.2 14.8 3.15

15s

performance. In the aforementioned experiments, the duration of the reference
speech in training, development and test sets is at “Random” as described in Sec-
tion 5.1.1. Now let’s compare the “Random” setting with different duration groups
(7.5s, 15s, 30s and 60s) in the test set. The experimental results are summarized
in Table 5.9.

Since the average duration of the reference speech in the “Random” condition of
the test set is 7.3s, we firstly evaluate the performance on the test subset with
reference speech of a duration 7.5s. It is noted that the results are similar between
“Random” condition and the 7.5s subset. When we increase the duration of the
reference speech in the test set to 15s, 30s and 60s, we observe that longer duration
leads to better results in general. When we fix the duration of the reference speech
to 15s for the training and development set, the performance drops slightly when
comparing with those under the “Random” condition. However, we continue to

observe that longer test speech duration always helps.

5.5 Evaluation of Speaker Extraction on WSJO-

3mix-extr Database

The proposed SpEx network has the inherent ability to extract speech from mixture
speech of more than two speakers using the same network architecture. We train the
SpEx system under three conditions: only two-speaker mixture data, only three-
speaker mixture data, and the combination of two- and three-speaker mixture data.
We then evaluate the performance of the trained SpEx systems on two-speaker and

three-speaker mixed test data, respectively. From Section 5.4.2.8, we know that the
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TABLE 5.10: SDR (dB), SI-SDR(dB) and PESQ in a comparative study of differ-
ent number of speakers in the mixed speech on WSJ0-2mix-extr and WSJ0-3mix-
extr datasets. The duration of the reference speech is random during training.
“#tspeakers” indicates the number of speakers in the mixture. “Dur.” indicates
the duration of the reference speech.

.. Test
Training Zspoakers ‘ Dur. SDR | SI-SDR | PESQ
9 speakers 2 speakers | 15s 15.4 15.0 3.17
P 3 speakers | 15s 5.2 5.0 2.35
3 speakers 2 speakers | 15s 11.5 10.9 2.74
P 3 speakers | 15s | 7.9 7.3 2.40

2 speakers | 15s 15.0 14.6 3.14
3 speakers | 15s 8.9 8.4 2.54

2 speakers | 60s 15.6 15.2 3.19
3 speakers | 60s 5.2 5.0 2.36
2 speakers | 60s 12.1 11.6 2.81
3 speakers | 60s 8.3 7.8 2.44
2 speakers | 60s 15.5 15.1 3.19
3 speakers | 60s 9.1 8.7 2.57

2 & 3 speakers

2 speakers

3 speakers

2 & 3 speakers

longer duration of the reference speech in the test set achieves better performance.
We keep the duration of the reference speech as 15s and 60s for a comparison for

both two-speaker and three-speaker mixed test data in this experiment.

From Table 5.10, we observe that the performance of the two-speaker mixture is
always better than the three-speaker mixture in the SpEx systems under three
conditions with different training data. This is consistent with the findings in a
human’s performance of a subject evaluation where both listening comprehension
and auditory attention decrease significantly as the number of simultaneous au-
dio channels increased [126]. It further confirms that the longer duration of the
reference speech achieves better performance. Because the longer duration of the

reference speech derives better speaker embedding.

5.6 Evaluation of Speaker Extraction on WSJ0-

2mix Database

Most speech separation methods conducted their experiments on the well-known
WSJ0-2mix database. To compare with speech separation methods, we trained the
proposed SpEx model on WSJ0-2mix database to extract each speaker in the mix-

ture by giving a reference speech of the corresponding speaker. Since most speech
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TABLE 5.11: SDRi (dB), SI-SDR(dB) and PESQ in a comparative study on
the WSJ0-2mix dataset under the open condition. “Ref: Avg. 7.3s” means
the duration of the reference speech in the test set is random with an average
duration of 7.3s. “Ref:60s” indicates the duration of the reference speech is fixed
as 60s in the test set. The duration of reference speech in SpEx is always random
during training. “#Paras” refers to the number of parameters of the model. ¥
indicates the latest Conv-TasNet with an additional skip-connection in each TCN
block. For speech separation (SS) task, we report the results evaluated on the
oracle-selected streams. For speaker extraction (SE) task, we report the results
evaluated on the SpEx-extracted stream. The SI-SDR on the original mixture
speech is 0dB, thus the SI-SDR is same as the value of SI-SDR improvement
(SI-SDRIi) that are reported in some works.

’ Task \ Methods \ Domain \ #Paras \ SDRi \ SI-SDR. \ PESQ ‘

DC++ [27] 13.6M - 10.8 -
uPIT-BLSTM-ST [32] 92.7M | 10.0 - -
DANet [29] 9.1M - 10.5 -
SDC-G-MTL | Frequency | 53.9M 10.5 - -
CBLDNN-GAT [127] 39.5M | 11.0 - -
SS Chimera++ [28] 329M | 12.0 11.5 -
WA-MISI-5 [79] 329M | 13.1 12.6 -
BLSTM-TasNet [34] 23.6M | 13.6 13.2 -

Conv-TasNet [111] Time 8.8M 15.0 14.6 3.25

Conv-TasNet! [35] 51M | 15.6 15.3 3.24

SpEx (Ref:Avg. 7.3s) . 10.8M | 16.3 15.8 3.35

S SpEx (Ref:60s) | e 10.8M | 17.0 | 16.6 | 3.42

separation methods didn’t discard the segments less than 4s, we re-implemented
the proposed SpEx system using Pytorch with the same scheme that breaks the

utterances into 4s and pads zeros to the segments less than 4s °.

From Table 5.11, we observe that the proposed SpEx achieves best performance
over other speech separation techniques. Compared with the Conv-TasNet [111]
method with the same TCN architecture, SpEx achieves 13.3%, 13.7% and 5.2%
relative improvement in terms of SDRi, SI-SDR and PESQ. In addition, just like
other speaker extraction techniques, SpEx offers its unique advantages over other
speech separation techniques in real-world applications. The problems of unknown
number of speakers and global speaker permutation ambiguity in speech separation

are addressed in the SpEx system.

As SpEx relies very much on the quality of the speaker embeddings, we observed

that the proposed speaker encoder has outperformed i-vector encoder (refer to

5We use this SpEx system implemented with Pytorch hereafter and the activation function in
the mask estimation layer is tuned to be ReLU.
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TABLE 5.12: SDRi (dB), SI-SDRi(dB) and PESQ in a comparative study on
the WHAM! dataset under the open condition, where the mixture is corrupted
with additive noise. “Ref: Avg. 7.3s” means the duration of the reference
speech in the test set is random with an average duration of 7.3s. “Ref:60s”
indicates the duration of the reference speech is fixed as 60s in the test set.
The duration of reference speech in SpEx is always random during training. For
speech separation (SS) task, we report the results evaluated on the oracle-selected
streams. For speaker extraction (SE) task, we report the results evaluated on
the SpEx-extracted stream. The SDR and SI-SDR of the origianl mixture speech
are —4.23dB and —4.5dB.

’ Task \ Methods \ Domain \ SDRi \ SI-SDRi \ PESQ ‘

Chimera++ [46] | Frequency - 9.9 -
BLSTM-TasNet [46] Time - 9.8 -
SpEx (Ref:Avg. 7.3s 13.0 12.2 2.41
SpEx (Ref:60s 13.7 13.1 2.48

SS

SE

; Time

Table 5.5). We will further investigate the performance of SpEx on the speaker
database larger than WSJ0-2mix (101 speakers) in the future work.

5.7 Evaluation of Speaker Extraction on WHAM!
Database

We further evaluate the SpEx system on WHAM! database, which extends the
WSJ0-2mix by adding additive noises into the mixture. Compared with the re-
sults between Table 5.11 and Table 5.12, we observe that the additive noise in
the mixture significantly degrades the performance of both speech separation and
speaker extraction systems. The SDR and SI-SDR of the origianl mixture speech
are —4.23dB and —4.5dB. It shows the energy of wanted speaker’s voice is lower
than that of the interference speaker and noise in the mixture. The separation
or extraction of a speaker’s voice from a noisy mixture condition is a challenging
task. Although the performance is degraded by adding noise, the SpEx system for
speaker extraction still achieves significantly better performance than Chimera++
and BLSTM-TasNet baselines for speech separation. Compared with Chimera+-+
and BLSTM-TasNet methods, SpEx achieves 32.3% and 33.7% relative improve-

ments in terms of SI-SDRi, respectively.
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TABLE 5.13: SDRi (dB), SI-SDRi(dB) and PESQ in a comparative study on
the WHAMR! dataset under the open condition, where the mixture is corrupted
with reverberation. “Ref: Avg. 7.3s” means the duration of the reference speech
in the test set is random with an average duration of 7.3s. “Ref:60s” indicates
the duration of the reference speech is fixed as 60s in the test set. The duration
of reference speech in SpEx is always random during training. For speech sepa-
ration (SS) task, we report the results evaluated on the oracle-selected streams.
For speaker extraction (SE) task, we report the results evaluated on the SpEx-
extracted stream. The SDR and SI-SDR of the origianl mixture speech are
—0.12dB and —3.3dB.

| Task | Methods [ Domain | SDRi | SI-SDRi | PESQ |
sS Conv-TanNet [128] - 7.6 -
BLSTM-TasNet [128] | Time - 8.9 -
Pre-Enh+BLSTM-TasNet [128] - 9.9 -
SpEx (Ref:Avg. 7.3s) . 8.7 9.7 2.68
St SpEx (Ref:60s) | ™ | 95 | 10.8 | 2.77

5.8 Evaluation of Speaker Extraction on WHAMR!
Database

To further study the influence of reverberation in the mixture, we conduct the
speech separation and speaker extraction experiments on WHAMR! database. The
WHAMR! database consists of four conditions: the clean mixture, the additive
noisy mixture, the reverberant mixture, and the noisy and reverberant mixture.
The WHAMR! database is an extension of WSJ0-2mix and WHAM! databases.
The clean mixture and the noisy mixture conditions are corresponding with the
WSJ0-2mix and WHAM! databases, which have been evaluated in Section 5.6
and Section 5.7, respectively. Thus, this section mainly focuses on the other two

conditions.

We first conduct experiments on reverberant mixture condition to compare between
speech separation and speaker extraction methods. From Table 5.13, we observe
that the SpEx system achieves better performance than Conv-TasNet and BLSTM-
TasNet speech separation methods. Compared with the Pre-Enh-+BLSTM-TasNet
system with a speech enhancement module as a pre-processing, the SpEx system
still achieves 9.1% relative improvement in terms of SI-SDRi. Compared with the
results between Table 5.11 and Table 5.13, we observe that the reverberation in
the mixture also significantly degrades the performances of both speech separation

and speaker extraction systems.
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TABLE 5.14: SDRi (dB), SI-SDRi(dB) and PESQ in a comparative study on the
WHAMBR! dataset under the open condition, where the mixture is corrupted with
both additive noise and reverberation. “Ref: Avg. 7.3s” means the duration of
the reference speech in the test set is random with an average duration of 7.3s.
“Ref:60s” indicates the duration of the reference speech is fixed as 60s in the
test set. The duration of reference speech in SpEx is always random during
training. For speech separation (SS) task, we report the results evaluated on the
oracle-selected streams. For speaker extraction (SE) task, we report the results
evaluated on the SpEx-extracted stream. The SDR and SI-SDR of the origianl
mixture speech are —3.49dB and —6.1dB.

[ Task | Methods | Domain | SDRi [ SI-SDRi | PESQ |
sS Conv-TanNet [128] - 8.3 -
BLSTM-TasNet [128] Time - 9.2 -
Pre-Enh+BLSTM-TasNet+Post-Enh [128] - 10.1 -
SpEx (Ref:Avg. 7.3s) . 9.5 10.3 2.24
SE SpEx (Ref:60s) | 1™M¢ | 10.1 11.1 2.30

TABLE 5.15: SDRi (dB), SI-SDRi(dB) and PESQ in an universal study of the
SpEx system, which is trained on 4 conditions and tested on each condition
individually. “Ref: Avg. 7.3s” means the duration of the reference speech in
the test set is random with an average duration of 7.3s. “Ref:60s” indicates the
duration of the reference speech is fixed as 60s in the test set. The duration of
reference speech in SpEx is always random during training.

Condition . .

Methods Traiming ] Tost SDRi | SI-SDRi | PESQ

Clean Mixture 14.8 14.1 3.22

. Noisy Mixture 13.5 12.7 2.49

SpEx (Ref:Avg. 7.3s) | 4 Conditions Reverbe};ant Mixture 8.8 9.8 2.74
Noisy and Reverberant Mixture 10.1 10.8 2.31

clean mixture 15.9 15.4 3.32

. L Noisy Mixture 14.3 13.8 2.57

Spkx (Refi60s) | 4 Conditions Reverberant Mixture 9.7 10.8 2.83
Noisy and Reverberant Mixture 10.8 11.7 2.38

We further conduct the experiments on the mixture with additive noise and rever-
beration, as summarized in Table 5.14. Compared with Conv-TasNet and BLSTM-
TasNet, the SpEx system achieves 33.7% and 20.7% relative improvements in terms
of SI-SDRi. Although the performance of BLSTM-TasNet is further improved by
applying a pre-processing and a post-processing speech enhancement modules, the

SpEx system still achieves better performance without any additional processing.

Finally, we study an universal SpEx model that is trained on four mixture condi-
tions (clean, noisy only, reverberant only, and noisy and reverberant). The perfor-
mance of the universal SpEx system is further evaluated on each mixture condition,
individually. The experimental results are summarized in Table 5.15. Compared
with the results in Table 5.12, Table 5.13 and Table 5.14, we observe that the

universal SpEx model trained on four conditions achieves better performance than
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that trained on a single adversarial condition, i.e. noisy only condition, reverberant

only condition, noisy and reverberant condition.

5.9 Conclusions

In this work, we propose an frequency-domain and an time-domain speaker extrac-
tion methods that emulate humans’ ability of selective auditory attention. The
speaker extraction method forms a top-down voluntary focus by using the refer-
ence speech of the target speaker without the need of the information about the

number of speakers.

The SpEx network also overcomes the phase estimation issue in the frequency-
domain speaker extraction. The improvements are attributed to the dilated convo-
lutional encoder-decoder framework without decomposing the mixture audio into
magnitude and phase spectrums, the multi-scale learning to capture different tem-
poral resolutions, and the multi-task learning to jointly optimize the speaker en-
coder and speech extraction pipeline. Our experiments show that the SpEx network
significantly outperforms the frequency-domain speaker extraction methods when

we use a comparable number of parameters.

The ability of human to detect a particular signal from other interference speech or
background noise is greatly degraded. The experimental results of the SpEx system
are also made the same conclusions on these adversarial conditions. Although the
performance of the SpEx system is degraded by noise and reverberation, the SpEx
system always achieves better performance than other speech separation methods.
Meanwhile, the problems of speech separation are addressed inherently by the

speaker extraction technique.

In summary, the proposed SpEx network marks a significant step towards solv-
ing the cocktail party problem. It will potentially improve the performance of
many down-stream speech processing applications, such as speaker verification and

speaker diarization.






Chapter 6

Multi-talker Speaker Verification

with Speaker Extraction

Nowadays, smart devices become more and more popular in our daily life. Speech
is a nature way to interact with these smart devices. To make the smart devices
secure, speaker verification becomes an important role to identify and only re-
sponse to the owner. However, the performance of speaker verification degrades
significantly when the speech is corrupted by interference speakers most of the

time.

In this chapter, we propose a multi-talker speaker verification framework with
speaker extraction to solve the problem that the test speech is corrupted by inter-
ference speakers. To the best of my knowledge, this is the first work to address
the overlapped multi-talker speaker verification problem. Section 6.1 introduces
the problem of speaker verification when the test utterance is corrupted by inter-
ference speaker most of the time. Section 6.2 describes the proposed multi-talker
speaker verification approach with speaker extraction as a front-end. Experimental
setups and results are described in Section 6.3 and 6.4. Section 6.5 concludes this

work.

The work in this chapter has been published in [44].
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6.1 Problem of Multi-talker Speaker Verification

The performance of speaker verification degrades significantly when the test speech
is corrupted by interference speakers. When the speech segments of the tar-
get speaker and interference speaker are non-overlapped in a multi-talker speech,
speaker diarization may work well for speaker verification [129-134]. Speaker di-
arization is effective to segment the speakers and exclude unwanted speech segments
of the interference speakers even when the speakers in a multi-talker speech have
a slight overlap [135, 136]. However, such speaker diarization system fails when

multiple talkers speak simultaneously most of the time.

Since the multi-talker speech is mixed in temporal and spectral directions, one pos-
sible solution is to separate the multi-talker speech into different output streams
with speech separation techniques. Each output stream only contains one individ-
ual speaker. Then, the speaker verification system compares each output stream
with the enrolled speech to identify whether the output stream is the enrolled
speaker. As we know, the speech separation system requires the number of speak-
ers in the multi-talker speech to be known as a prior. However, the number of

speakers is always unknown in most real-world applications.

As discussed in Chapter 4 and 5, speaker extraction techniques don’t need to know
the number of speakers in advance. In addition, speaker verification always knows
the enrolled speech, which could be used as the reference speech of the target
speaker in speaker extraction. Furthermore, speaker extraction only outputs the
target speaker’s voice if the target speaker is in the multi-talker test speech. The
speaker verification system only needs to verify whether the extracted speech is
the same speaker as the enrolled speech once. Thus, speaker extraction is the most
suitable technique to address the performance degradation of speaker verification

when the test speech is an overlapped multi-talker speech.
6.2 Multi-Talker Speaker Verification with Speaker

Extraction

With an overlapped multi-talker speech as the input, speaker verification is only

interested in whether the target speaker described by the enrolled speech is in
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Enrollment [ jSoooosmemsesmeseososomoosoesosoorocoocoososoonoocs :
speech:x(t) yr———=======- :
' Feature I-Vector LDA+PLDA |

' Speaker Exiracti Extract rt |

: Extraction xtraction xtraction coring |

Multi-talker Network :
speech: y(t) ! ¢ :
' Speaker Extraction: Speaker Verification Score

FIGURE 6.1: The flow chart of overlapped multi-talker speaker verification sys-
tem. It consists of a speaker extraction module and a traditional speaker ver-
ification module. “y(¢)” represents the overlapped multi-talker speech. “x(t)”
represents the enrollment speech, which is also used as the reference speech in

“wa

speaker extraction. “5(t)” represents the extracted target speaker’s speech from
y(t).

the multi-talker speech. The speaker verification system doesn’t care how many
interference speakers in the multi-talker speech. In this chapter, we propose an
overlapped multi-talker speaker verification framework, which consists of a speaker
extraction module and a traditional speaker verification module, as shown in Figure
6.1. We name the proposed pipeline as SE-SV. The speaker extraction module is
used as a front-end to extract the target speaker’s voice if the target speaker is in
the multi-talker speech. The traditional speaker verification module could be any
monaural speaker verification system with a single speaker’s test speech and an

enrolled speech as inputs, for example, i-vector/PLDA system [107, 137-139].

Specifically, the speaker extraction takes in the multi-talker speech y(t) and a ref-
erence speech x(t) of the target speaker, where the reference speech is also the
enrolled speech of the following speaker verification system. If the target speaker
is existed in the multi-talker speech, the target speaker’s voice §(t) is extracted
and used as the test speech of the speaker verification system. If the multi-talker
speech doesn’t contain the target speaker’s voice, the extracted speech §(t) may
be silence or random segments of the multi-talker speech. Then, the speaker ver-
ification system further verifies whether the extracted speech §(¢) belongs to the
target speaker. If the extracted speech belongs to the target speaker, it means
that the multi-talker speech has the target speaker’s command. Then, the speech

application may authorize and response to the command.

This chapter evaluates the proposed frequency-domain and time-domain speaker
extraction techniques in Chapter 4 and 5 for the overlapped multi-talker speaker
verification. We compare the usage of three target speaker extraction methods as

front-end and their interaction with the back-end speaker verification system: (1)
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FIGURE 6.2: The architecture of the SBF-MTSAL method. “Sub” indicates
the sub-layer. « represents the adaptation weights associated with the target
speaker. “N” is the number of sub-layers, which is also equal to the dimension of
the adaptation weights. |S| and |S| are the extracted magnitude and the target
clean magnitude, respectively. fy(-) and f,(-) are the delta and acceleration
computation functions. During the inference, the calculation of the delta and
acceleration is not necessary.

SpeakerBeam front-end with magnitude and temporal spectrum approximation loss
(SBF-MTSAL), (2) SBF-MTSAL with a concatenation framework (SBF-MTSAL-

Concat), and (3) Multi-scale time-domain speaker extraction (SpEx).

6.2.1 SBF-MTSAL

The SBF-MTSAL architecture is composed of a speaker extractor and a speaker
encoder, as shown in Figure 6.2. The speaker extractor applies an adaptation layer
to focus attention to the target speaker using the adaptation weights, which are
associated with the target speaker in the speaker encoder. The adaptation layer is

a context adaptive deep neural network (CADNN) structure [87].
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Specifically, the speaker extractor takes the magnitude of the multi-talker speech
(|Y|) as inputs. The BLSTM transforms the magnitude into representations includ-
ing both the target speaker and the interference speakers. Then, the adaptation
layer only lets pass the target speaker by weighting and summing the contribu-
tions of the sub-layers. The adaptation weights (o = [, ..., ay]) are learned from
a reference speech (|X|) of the target speaker. The reference speech is from the
enrollment speech in the multi-talker speaker verification task. With the target
speaker information encoded in the adaptation weights, the speaker extractor esti-
mates a phase sensitive mask for the target speaker. Then, the extracted magnitude
of the target speaker is obtained by element-wise multiplying the estimated phase
sensitive mask and the magnitude of the multi-talker speech. In the inference stage,
the extracted magnitude (|S]) is used to reconstruct the signal together with the

phase of the multi-talker speech through iSTFT.

To train the speaker extraction network, we compute a magnitude and temporal
spectrum approximation loss, as defined in Eq. 4.6. In particular, the delta and
acceleration of the extracted magnitude of the target speaker are used as the tem-
poral spectrum in the objective function. Similarly, the magnitude and its dynamic
information (i.e., delta and acceleration) are also obtained as the supervision. The
MSEs between these corresponding magnitudes and their dynamic information are
calculated to jointly optimize the speaker extraction network. After the speaker
extractor and the speaker encoder are well trained, the speaker extraction network
is used as the front-end of the multi-talker speaker verification system, as described

in Figure 6.1.

6.2.2 SBF-MTSAL-Concat

As discussed in Chapter 4.3.2, the SBF-MTSAL-Concat approach also consists
of a speaker extractor and a speaker encoder, as shown in Figure 4.3. Different
from the SBF-MTSAL method, the speaker extractor and the speaker encoder
are communicated through a concatenation structure. In particular, the speaker
embeddings learned from the speaker encoder are concatenated to every frame of
the representations, which are transformations of the magnitude of the multi-talker
speech. At the same time, the speaker encoder is trained together with the speaker

extractor by back-propagating the errors from the speaker extractor to the speaker
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encoder. A stack of BLSTMs and non-linear ReLLU layers are applied to estimate
a phase sensitive mask using a magnitude and temporal spectrum approximation
loss, as defined in Eq. 4.6.

In the SBF-MTSAL method, the speaker encoder learns the adaptation weights to
make the speaker extractor form an attention to the target speaker. The adaptation
weights are learned to associate with the speaker information with DNN. Different
from the SBF-MTSAL method, the SBF-MTSAL-Concat approach learns a speaker
embedding in the speaker encoder using a BLSTM. Unlike the DNN, the BLSTM
has the ability to model the context of the reference speech of the target speaker.
With the forward and backward paths, the BLSTM transforms the reference speech

into better representations.

Same as the SBFE-MTSAL method, the speaker extractor and the speaker encoder
are jointly optimized using some simulated data in the SBF-MTSAL-Concat ap-
proach. After the networks are well trained, the speaker extraction is used as a
front-end processing of the multi-talker speaker verification system to obtain the

extracted speech.

6.2.3 SpEx

As discussed in Section 4.4, the multi-scale time-domain speaker extraction con-
sists of four network components, a speaker encoder, a speech encoder, a speaker
extractor, and a speech decoder, as shown in Figure 4.5. The speaker encoder
encodes the reference speech x(t) of the target speaker into a speaker embedding.
The speaker embedding describes the speaker characteristic, which is an important
information to make the speaker extraction focus on the the target speaker. The
speech encoder transforms the time-domain multi-talker speech y(¢) into spectrum
or spectrum-like feature representation. The speaker extractor estimates a mask
that only let pass the target speaker’s voice together with the speaker embedding.
Finally, the speech decoder reconstructs the time-domain speech signal of the target

speaker from the masked spectrum of the mixture speech.



Chapter 6. Multi-talker Speaker Verification with Speaker Extraction 115

Same as SBF-MTSAL-Concat, the speaker encoder applies a BLSTM to leverage
the contextual information of the reference speech to obtain better speaker em-
bedding. Different from the frequency-domain speaker extraction methods (SBF-
MTSAL and SBF-MTSAL-Concat), the speaker encoder is jointly optimized with
a cross-entropy loss and a SI-SDR loss through a multi-task learning. The cross-
entropy loss is used for speaker classification. At the same time, the SI-SDR loss
evaluates the speech quality of the speaker extraction. A weight is used to balance

the contribution of these two losses in optimizing the speaker encoder.

The frequency-domain speaker extraction methods always apply a STFT and iSTFT
as speech encoder and speech decoder to transform and reconstruct the time-
domain signal, respectively. However, the phase estimation problem remains a
challenge task in the frequency-domain methods. Different from SBF-MTSAL and
SBE-MTSAL-Concat, SpEx transforms and reconstructs the time-domain signal
with trainable speech encoder and decoder instead of STFT and iSTFT. Without
decomposing the time-domain mixture signal into magnitude and phase spectra,
SpEx inherently avoids the phase estimation problem. In addition, SpEx also
adopts a multi-scale encoding and decoding scheme to capture complementary fea-

ture representation with various temporal resolutions.

Different from SBF-MTSAL and SBF-MTSAL-Concat methods with BLSTM, SpEx
adopts temporal convolution network in the speaker extraction pipeline. The main
reason is that the time-domain speech processing always uses a small window to
encode the signal. It thus results in a huge number of frames, which causes gradi-
ent vanish problem to model plenty of frames in a BLSTM. The speaker extractor
exploits a stacked depth-wise separable dilated CNN to estimate a filter mask for
every scale of the encoded feature representations from the speech encoder. The
stacked dilated structure captures the long-range dependency of the speech signal.
Meanwhile, the depth-wise separable framework reduce the number of parame-
ters for a manageable computation cost. Then, the estimated mask for each scale
is used to extract the embedding spectrum of the target speaker. Different from
frequency-domain methods using a MSE loss between the estimated and clean mag-
nitude spectra, a multi-scale SI-SDR loss is calculated between the reconstructed

and clean time-domain signals to optimize the four network components jointly.
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6.3 Experimental Setup

6.3.1 Speaker Extraction Database

To train the speaker extraction systems, we simulated a two-speaker mixture
database, which was same as the WSJ0-2mix-extr database® for two-speaker mix-
ture experiments in Chapter 4 and 5. Specifically, we randomly selected two ut-
terances of two different speakers from the “si_tr_s” set of the WSJO corpus with
50 male and 51 female speakers to simulate a training set and a development set
at a sampling rate of 8kHz. The training set and the development set included
20,000 and 5,000 mixtures, respectively. Similarly, the test set included 3,000
mixtures which were generated by randomly mixing the utterances selected from
the “si_dt_05” and “si_et_05” sets of the WSJO corpus with 10 male and 8 female

speakers in total.

In the simulation of two-speaker mixture, the first selected speaker was used as
the target speaker, the other one was considered as the interference speaker. The
first selected utterance from the original WSJO0 corpus was used as the target clean
speech to supervise the network optimization. Another different utterance of the
target speaker was randomly selected to be used as the reference speech to form

the attention to this target speaker.

Considering the interference speech as noise, each two-speaker mixture was gen-
erated at a random SNR between 0dB and 5dB based on the rule of maximum
duration. For example, if the duration of first utterance was 10 seconds and that
of the second utterance was 5 seconds, the duration of the two-speaker mixture
would be 10 seconds. Therefore, the overlapped percentage of the two-speaker
mixture was 50%. The overlapped percentages of the two-speaker mixture in the
training set, development set, and test set were shown in Figure 6.3. Most of two-

speaker mixtures were highly overlapped with the average length of 8.5 seconds.

!The database simulation code is available at: https://github.com/xuchenglin28/
speaker_extraction


https://github.com/xuchenglin28/speaker_extraction
https://github.com/xuchenglin28/speaker_extraction
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FIGURE 6.3: The overlapped percentages of the two-speaker mixture in the
training set, development set, and test set.

6.3.2 Speaker Verification Database

As we known, the speaker extraction database (WSJ0-2mix-extr) was simulated by
randomly selecting utterances from the WSJO corpus. These selected utterances
from the WSJO corpus were considered as Clean Dataset, which was used for the
speaker verification experiments. For the training set (20,000 mixtures) and de-
velopment set (5,000 mixtures) in the WSJ0-2mix-extr database, there were 8, 769
and 2,791 different utterances selected from the “si_tr_s” set of the WSJO corpus
with 50 male and 51 female speakers in total. These 8,769 and 2, 791 utterances
were used as the training set, and development set of the Clean Dataset, respec-
tively. The training set and development set were used together to train a speaker

verification system for the clean condition.

For the test set (3,000 mixtures) in the WSJ0-2mix-extr database, 1,478 different
utterances were selected to simulate the mixtures from the “si_dt_05” and “si_et_05"
sets of the WSJO corpus, which had 10 male and 8 female speakers. These 1,478 ut-
terances were used as the test utterances of the evaluation set in the Clean Dataset.
Meanwhile, 1,875 different utterances were selected as the reference speeches in
speaker extraction, which were usually used as the enrollment utterances of the
evaluation set in speaker verification. Since the speakers in the evaluation set were

different from those in the training set and development set, the evaluation set
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was used to evaluate the speaker verification performance. These test utterances
and enrollment utterances formed the Clean evaluation set with 48, 000 non-target
trials and 3,000 target trials. The utterances in the Clean Dataset had an average

duration of 7 seconds.

To evaluate the speaker verification performance with a multi-talker speech, we
formed a Mixture evaluation set with 48,000 non-target trials and 3,000 target
trials. The mixture speech and reference speech of the target speaker in these
3,000 target trials were same as the test set in the WSJ0-2mix-ext database. The
48,000 non-target trials were generated by pairing the simulated 3,000 mixture
speech with a random utterance from other 16 speakers. For each mixture speech,
the utterance of other 16 speakers, which were different from the target speaker
and interference speaker in this mixture speech, was used as the enrollment speech

in the speaker verification non-target trials.

6.3.3 Speaker Extraction Setup

We exploited three proposed speaker extraction approaches for the multi-talker
speaker verification. The frequency-domain SBF-MTSAL and SBF-MTSAL-Concat
methods extracted the magnitude of the target speaker. Then, the time-domain
signal was reconstructed with the extracted magnitude and the phase of the mixture
through inverse STFT. The details of the STFT configuration, network configura-

tion, and training scheme were described in Section 5.2.

The third speaker extraction method was SpEx in time-domain. The SpEx method
applied data-driven convolution and de-convolution operations to encode and re-
construct the signal instead of STFT and inverse STFT. The details of the network

configuration, and training scheme were described in Section 5.3.

6.3.4 Speaker Verification Setup

As discussed in Section 6.3.2, the Mizture evaluation set was used to evaluate the
performance of the proposed multi-talker speaker verification framework. It in-
cluded 48,000 non-target trials and 3,000 target trials. Each trial consisted of

an enrollment utterance of a single speaker and a multi-talker test utterance (two
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speakers in this work). The multi-talker speaker verification framework applied a
speaker extraction as a front-end. Thus, the extracted speech from the speaker
extraction was assumed to be a single speaker. To show the upper bound per-
formance of the multi-talker speaker verification using the speaker extraction, we
generated a corresponding Clean evaluation set using the original clean utterances
from the WSJO corpus according to the 51,000 trials of the Mizture evaluation set?.
Each test utterance of the Clean evaluation set was the first speaker’s utterance
used to generate the mixture speech of the Mizture evaluation set. The enrollment
utterances and identity keys of the Clean evaluation set were same as those of the

Mizture evaluation set.

The training and development sets of the Clean Dataset, called as Clean(training& dev),
were used to train universal background model (UBM), total variability matrix, lin-
ear discriminate analysis (LDA), and Probabilistic LDA (PLDA) models. This
speaker verification system was named as Clean SV. Since the Clean SV sys-
tem was trained with clean utterances, the extracted speech from the speaker
extraction system might cause a mismatch when the extracted speech was sent to
the Clean SV system. To address the mismatch problem, we further trained the
speaker verification system using both the clean utterances from the training set
of the Clean Dataset and the extracted utterances from the development set of
the WSJ0-2mix-extr database. For a fair comparison with the Clean SV system,
we firstly pooled 2, 791 extracted utterances and 8,769 clean utterances (named as
Clean(training)+Ext1 set) to train a Hybrid SV1 system. To investigate how was
the performance of the speaker verification with more data, we trained another
Hybrid SV2 system with 8,769 clean utterances and 5,000 extracted utterances.
These utterances were formed as a Clean(training)+FExt2 set. When the speaker
extraction system (i.e., SpEx) was used as the front-end of the multi-talker speaker
verification system, the corresponding extracted utterances using this speaker ex-

traction system were used to train the Hybrid SV1 and Hybrid SV2 systems.

In this work, all the speaker verification systems were trained with 19 MFCCs
together with energy plus their first and second order derivatives of the speech
regions. A cepstral mean normalization [124] with a window size of 3 seconds
was applied to normalize the features. The 60-dimensional acoustic features were

computed with a Hamming window of 25ms and a shift of 10ms. The silence was

2The trials and keys of the Clean and Mizture evaluation sets for speaker verification evaluation
are available at: https://github.com/xuchenglin28/speaker_extraction
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removed by an energy based voice activity detection method. The speaker verifi-
cation system was based on a gender-independent UBM with 512 mixtures. The
UBM and total variability matrix were estimated with 400 total factors, resulting
in a 400-dimensional speaker embedding. The LDA and PLDA were estimated
with 150 latent variables.

6.4 Experimental Results

6.4.1 SBF-MTSAL and SBF-MTSAL-Concat

To investigate the effect of overlapped test speech on speaker verification (SV)
system, we perform the SV experiments on both Mizture and Clean evaluation set
as described in Section 6.3.4. System 1 of Table 6.1 is the baseline system of SV with
clean training data on mixture test set. System 15 of Table 6.1 shows the upper
bound performance (also called as ideal performance) of SE-SV for overlapped
multi-talker SV. Comparison between System 1 and 15 of Table 6.1 shows that the
performance of SV system seriously degrades when the test speech is corrupted by

interference speaker’s speech most of the time.

Table 6.1 presents the performances of SV systems with and without target speaker
extraction. System 1 of Table 6.1 is the baseline results of overlapped multi-talker
SV. Systems 6 to 8 and Systems 9 to 11 of Table 6.1 show the performances of
proposed SE-SV approach with SBE-MTSAL and SBF-MTSAL-Concat as front-
ends on multi-talker SV. The comparison of performances among System 1 to 11
suggests the following findings: (1) the proposed SE-SV approach significantly
improve the performance of multi-talker SV, specifically, the SE-SV with SBF-
MTSAL-Concat (System 11) on the overlapped multi-talker speech can obtain
around 64.4%, 27.7%, 18.1% relative reduction over the baseline (System 1) in terms
of EER, DCF08, and DCF10, respectively; (2) SE-SV with SBF-MTSAL-Concat
outperforms SE-SV with SBF-MTSAL in terms of both EER and DCFs; (3) pooling
the clean training set and extracted speech data is effective to alleviate the effect
caused by the mismatch problem between clean and extracted speech; (4) more
extracted utterances for SV training could further improve the performance of SE-
SV on the overlapped multi-talker speech; (5) comparing System 2 with 7, and

10, we observe that most of improvement on the overlapped multi-talker speech is
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attributed to the speaker extraction front-end in the SE-SV. The same conclusion

could be made by comparing System 3, 8, and 11.

6.4.2 SpEx

As we known in Section 5.4.2.4, SpEx always outperforms SBF-MTSAL and SBF-
MTSAL-Concat in terms of objective and subjective evaluations of speech qual-
ity and intelligibility. Comparing the performance among System 6 to 14, we
observe that the proposed SE-SV with SpEx outperforms the SE-SV systems
with both SBF-MTSAL and SBF-MTSAL-Concat in terms of EER and DCFs.
The SE-SV with SpEx (System 14) on the overlapped multi-talker speech ob-
tains around 22.8%, 14.5%, 8.6% relative reduction over the SE-SV with the best
frequency-domain speaker extraction (System 11) in terms of EER, DCF08, and
DCF10, respectively. In addition, the SE-SV with SpEx (System 14) achieves
72.5%, 36.9%), 25.1% relative reduction over the baseline (System 1) on the over-
lapped multi-talker speech in terms of EER, DCF08, and DCF10, respectively.

6.4.3 Speaker Extraction vs. Oracle Speaker Diarization

To investigate whether speaker diarization is effective on the multi-talker speech,
we perform the multi-talker SV experiment with oracle speaker diarization. The
oracle speaker diarization is an upper bound system using the target speaker’s
clean speech to find the start and end time of the target speaker in the multi-talker
speech. Specifically, we first apply the energy-based VAD on the clean speech that
makes up the mixture speech, then generate the diarization labels for the mixture
speech according to the VAD labels of clean speech. Since the utterance in WSJ0
corpus is clean, energy-based VAD works well to find the speech segments of the
target speaker with the clean speech. We consider these diarization labels as oracle
diarization labels. With the oracle speaker diarization, the average percentage of
removed non-target speech frames in the mixture speeches is around 24%. System
20 in Table 6.1 shows the performance of the multi-talker SV system with the
oracle speaker diarization, which also means the best performance achieved by
speaker diarization for multi-talker SV. The comparison of performance among

System 1, 8, 11, 14, and 20 suggests that our proposed SE-SV method always
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significantly outperforms the multi-talker SV with the oracle speaker diarization

in the overlapped multi-talker scenarios.

6.5 Conclusions

In this chapter, we propose the SE-SV approach to improve the performance of SV
on overlapped multi-talker speech. By exploiting the proposed speaker extraction
methods, SBF-MTSAL and SBF-MTSAL-Concat, and SpEx in Chapter 4 and 5
as front-ends, the performance of SV is significantly improved on the overlapped
multi-talker speech. Comparing with the multi-talker SV with an oracle speaker
diarization, we further observe that the proposed SE-SV achieves significant im-

provement.






Chapter 7

Conclusions and Future Work

7.1 Conclusions

Speech separation or speaker extraction plays an important role to improve the
performance of speech applications in multi-talker environment, for example, a
cocktail party. The goal of this thesis is to improve the speech separation and
speaker extraction technologies, which are used to solve the cocktail party problem.
This thesis has contributed three novel approaches to advance the state-of-the-art
speech separation and speaker extraction technologies for better speech quality and
intelligibility. In addition, this thesis also conducted a systematic study examining
the proposed frequency and time-domain speaker extraction methods as front-ends
for multi-talker speaker verification. The works of this thesis are summarized as

follows.

7.1.1 Multi-task Learning of Neural Networks for Tempo-

ral Continuity in Speech Separation

Most frequency-domain speech separation methods typically use spectrum features
that only contain the spectral information within each short-time frame. However,
the temporal structure of speech is not considered. This thesis has exploited both
spectral and temporal information and proposed to use temporal objective func-

tions and spectro-temporal features captured by a grid LSTM to solve the frame
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leakage problem together with a multi-task learning framework. Inspired by the
grid LSTM communicating information in two dimensions, spectro-temporal fea-
tures are captured by a grid LSTM on top of the image-like spectrum in both spec-
tral and temporal directions through inner communications. The spectro-temporal
features contain both spectral and temporal information. In addition, the tem-
poral objective function computes a loss to consider both spectral and temporal
information using dynamic features, for example, SDC. Finally, the novel multi-
task learning framework incorporates the speech separation task with a sub-task
that predicts time-frequency attributes (silence, single and overlapped) of each
time-frequency bin. The explicit attributes of each time-frequency bin in the mix-
ture helps the mask estimation for each individual speaker. The improved speech
separation system is called as SDC-G-MTL.

Experiments are carried out using the WSJ0-2mix database. It is observed that
the performance of speech separation is improved step by step using the temporal
objective function, spectro-temporal features and the multi-task learning compar-
ing with the uPIT-BLSTM method. Specifically,SDC-G-MTL achieves relative
improvements by 10.5%, 9.1%, and 6.3% in terms of GNSDR, SIR, and SAR, re-
spectively, comparing with the uPIT-BLSTM baseline. Meanwhile, SDC-G-MTL
achieves a relative error reduction of 26% in terms of FLER over the uPIT-BLSTM
baseline. It indicates a significant reduction of frame leakage and an impovement
of speech quality for temporal continuity. An A/B preference listening test of sub-
jective evaluation shows a 54% of preference for the proposed SDC-G-MTL while
a 11% preference for the uPIT-BLSTM baseline. However, the number of speak-
ers required as a prior during training couldn’t always be known in practice. In

addition, global speaker permutation ambiguity problem remains across utterances.

7.1.2 Top-down Selective Auditory Attention with Speaker

Extraction

To address the problems of unknown number of speakers and global speaker permu-
tation ambiguity in speech separation, this thesis has further studies a frequency-
domain and a time-domain speaker extraction methods. Speaker extraction mimics
humans’ ability of selective auditory attention by extracting a target speaker’s voice

from a multi-talker environment. Speaker extraction takes a reference speech of
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the target speaker as a cue to form the top-down selective auditory attention. The
target speaker is always characterized by the speaker embedding encoded with a
speaker encoder. The proposed frequency-domain approach applies a simple con-
catenation framework with a BLSTM based speaker encoder. The speaker encoder
improves the quality of speaker embedding by capturing the contextual informa-
tion. In addition, the speaker encoder and speaker extractor are jointly optimized
with a magnitude and temporal spectrum approximation loss for temporal conti-

nuity.

The frequency-domain speaker extraction always reconstructs the time-domain sig-
nal with the phase from the original mixture. Since there is a phase difference
between the mixture and the clean single speaker, the usage of the phase from the
mixture is not optimal. To address this phase problem, this thesis further proposes
a novel end-to-end multi-scale time-domain speaker extraction network (SpEx).
SpEx converts the mixture speech into multi-scale embedding coefficients instead
of decomposing the speech signal into magnitude and phase spectra. Therefore,
SpEx inherently avoids the phase problem. The multi-scale embedding coefficients
have the benefits of capturing complementary information with different temporal
resolutions. With the multi-scale embedding coefficients, SpEx conducts a multi-
scale learning to extract the target speaker’s voice. In addition, the multi-task
learning framework enables SpEx to be optimized with a multi-scale SI-SDR loss
for speaker extraction and a cross-entropy loss for speaker classification. The multi-
task learning improves the quality of speaker embedding to well characterize the
target speaker. As a result, the perceptual quality of the extracted target speaker’s

voice is improved.

Experiments were firstly conducted on the WSJ0-2mix-extr and WSJ0-3mix-extr
database for speaker extraction with two-speaker and three-speaker mixture, re-
spectively. Experimental results show that the proposed frequency-domain and
time-domain methods achieve better performance than the baselines. Meanwhile,
the time-domain method (SpEx) achieves 37.1%, 35.6% and 15.0% relative im-
provements over the proposed frequency-domain approach (SBF-MTSAL-Concat)
in terms of SDR, SI-SDR and PESQ. To compare with the state-of-the-art speech
separation methods, experiments are further conducted on well-known WSJ0-2mix,
WHAM! and WHAMR! database. Experimental results show that SpEx always
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achieves better performance than other speech separation methods in clean, noisy,

reverberant, and noisy and reverberant two-speaker mixture conditions.

7.1.3 Multi-talker Speaker Verification with Speaker Ex-

traction

Although a reference speech of the target speaker is required, speaker extraction is
practical to the applications where only register speakers are need to be responded,
for example, speaker verification. The performance of speaker verification degrades
significantly when the test speech is an overlapped multi-talker speech. To the best
of my knowledge, this thesis has proposed the first solution to solve the speaker
verification problem when the test utterance is corrupted by interference speak-
ers most of the time. The multi-talker speaker verification system using speaker
extraction as a front-end is called as SE-SV. Three different speaker extraction
methods in both time and frequency-domains are exploited to extract the speech
of the attended speaker from the mixture. The attended speaker is characterized
by the enrollment speech. Then, a traditional speaker verification system makes
a decision to decline or accept whether the extracted speech and the enrollment

speech are the same speaker.

Experiments were carried out using a simulated two-speaker mixture database
with 48,000 non-target trials and 3,000 target trials. Comparing with the tra-
ditional speaker verification baseline test on Mixture evaluation set, the SE-SV
with speaker extraction achieves significant improvement. Specifically, the SE-SV
with SBF-MTSAL-Concat achieves around 64.4%, 27.7%, 18.1% relative reduction
over the baseline in terms of EER, DCF08, and DCF10, respectively; If SpEx is ap-
plied, 22.8%, 14.5%, 8.6% relative reductions are further obtained in terms of EER,
DCF08, and DCF10, respectively. Speaker extraction is an efficient technique to

solve the multi-talker speaker verification problem.

7.2 Future Work

Speaker extraction is a potential technique to make the real-world applications

possible in multi-talker environment. We plan to extend the current works in the
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following three research directions.

Noise and reverberation: SpEx has shown significant improvement over its
frequency-domain counterpart by avoid the phase estimation problem. SpEx
has also shown better performance than other speech separation methods in
different mixture condition. Since the real-world environment is complex,
the performance of SpEx needs to be studied in a even complex environ-
ment, for example, non-overlapped noisy condition. In addition, the speech
encoder and speech decoder of SpEx are data-driven, which may cause the
performance degradation when the training condition is different from the
test environment. To mitigate this situation, SpEx could be improved by
forcing each filter in the speech encoder and decoder only responding to spe-
cific frequency, for example, the mechanism in SincNet [140]. In addition,
the mismatch caused by different training and test conditions needs to be

studied by exploiting some adaptation techniques.

Attention based information fusion: Speaker extraction requires the speaker
information to be integrated into the extraction pipeline. The SBF-IBM
method has proposed a contextual adaptation layer to integrate the speaker
information as the weights to each sub-layer in the adaptation layer. Since the
number of sub-layers is equal to the dimension of speaker embedding, it may
result in a parameter explosion. A simple concatenation scheme is studied
in this thesis in Chapter 4 and Chapter 5. Other techniques to fuse two
inputs (speaker information and mixture speech) could be further studied,

for example, attention based techniques [141].

Multiple channels: As we known, speech processing with multiple channels al-
ways achieves better performance than that of single channel, due to the
additional spatial information. When the speech direction is estimated with
the multi-channel inputs, the speech from that direction could be enhanced
and others are suppressed. From our previous study of neural network based
beamforming [105] for far-filed speech recognition, the multi-talker speech
applications, such as, speech recognition, and speaker verification, could be
further improved by exploiting multi-channel speaker extraction. The pro-
posed speaker extraction methods could be extended to multiple channels by

applying a minimum variance distortionless response (MVDR) beamformer
[105].
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Joint optimization of front-end processing and back-end application: To
the best of my knowledge, this thesis has proposed the first solution to ad-
dress the multi-talker speaker verification when the test speech is corrupted
by interference speaker most of the time. However, the front-end speaker ex-
traction and back-end speaker verification are independent from each other.
A unified neural network framework could further improve the performance of
overlapped multi-talker speaker verification by jointly optimizing the speaker

extraction and speaker verification.
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