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Abstract

We deal through this thesis with the problem of enhancing the target speech in
noisy recorded signals by separating the target speech signal from other non-target
signals. Although humans are able to focus on and understand the speech of
interest in a complex acoustic environment, the presence of noise and interference
can significantly reduce the intelligibility and comprehension of speech.

Depending on the relationship between the number of sources and microphones,
the source separation problem is classified into determined and underdetermined
cases. The determined case is a well-posed problem, where a sufficient number
of observations are available. In contrast, the underdetermined case, including
single-channel situations, is an ill-defined problem, lacking information for solving
the problem. Determined methods are preferred thanks to the satisfactory perfor-
mance, but more microphones are usually needed to meet the condition in real-life
situations. Hence, application scenarios are limited. This raises the importance of
underdetermined methods since it is much easier to achieve the underdetermined
condition, especially the single-channel condition. Furthermore, different devices
and applications have different hardware configurations and prerequisites, e.g.,
low computational cost and low latency, which should also be considered when
developing methods for realistic environments. This thesis aims to develop source
separation methods that achieve high performance in the determined case and
methods can be applied in more realistic conditions in real life.

The main topic in Chapter 3 is to improve the source separation performance
of frequency domain independent component analysis (FDICA)-based determined
methods by incorporating a source model with stronger representation power into
the framework. We train source models using deep generative models (DGM) that



include variational autoencoder (VAE) and generative adversarial network (GAN).
VAE allows us to formulate the training and separation criteria to be consistent,
whereas GAN has a high potential to achieve a more precise model. Convergence-
guaranteed optimization algorithms are derived for parameter estimation. We fur-
ther propose a fast optimization algorithm to reduce the computational cost, which
estimates parameters that approximately maximizes the posterior. The incorpora-
tion of the DGM-based source model was confirmed to be effective through exper-
imental evaluations.

In both Chapter 4 and Chapter 5, we focus on underdetermined methods to deal
with cases where the determined condition does not hold. Chapter 4 propose a
geometric information-guided multichannel source separation method, which com-
bines beamforming-based geometric constraints and independent vector analysis
(IVA). A parameter estimation algorithm is derived based on the auxiliary function
approach. Besides, an online extension of the method to real-time applications is
performed by applying autoregressive calculation to the signal statistics. We con-
firmed through the experiments the effectiveness of both offline and online meth-
ods introduced in this chapter.

As the most costless condition to achieve, it is unavailable to use spatial in-
formation in the single-channel condition, making it challenging to achieve high
source separation performance compared to multichannel conditions. However, it
has the advantage of being applicable to situations where the spatial characteris-
tics change over time and thus has the broadest range of applications. In Chapter
5, we derive a convergence-guaranteed basis training algorithm based on auxiliary
function approach for discriminative nonnegative matrix factorization (DNMF), one
powerful monaural source separation method without neural networks. Experimen-
tal results revealed the effectiveness of the basis matrix trained with the proposed

method in monaural source separation.



Abstract in Japanese

NHEZEM L FERBEICB W TOREDEH IR Z M, BT 5 Z e TE 5D,
Mo TS ORI HEEOHBECHRE 2 E L KNI E5. KX TlE, /A
VR EESICEENIHNOSFEES L IEHNEEERE DT A Z T, HW
HE 2T AMEEZED D,

FIRMEEEIXZ R E <1 708y OROBRBRIEIC & > T, ERERM e HRE
SR I NG, BRESMI T BB OBHIE S0 THa 0 & U TR
RELRRERMNETHLIOIZHL, YU IV F ¥ 2V E0HPESRMIIMEZ <
ODEHRAARREL TV B HEERMETH 5. BIRESRMOFEIZE D EMEREL S
LNTHELW—AT, ZLOHBETIEEFRBED YA 7RV BDL VeV &
il T 2O DI A 7R U DRBETHL. TD2d, FEEREIZEWTHHAR
Ry —VDRONT WS, 65T, L OADITERMZRT-E 2 HRESRMLDFIEN
HEIIRD, HIZ, @HTETNAAART TV 75— a it ko>Thn— R o THEEK,
HRINDEHE A N RRBENER S, ERBEICBWTEET 2 FiE2MAET 5720
IZENSDEFE BB L2 TNIER SN, KT, BHESMEN S & BIEK
B CHMATRER TR COSRIMTER 2L T 5.

HIETI, FIEBEHIROMAI 2287 (FDICA) (25D  BURESRGDOFE%E
TEEEL, DHEiMEREZ M EX 5 2 2HWE LTWa. BRIIZIX, FDICA OFEIC
B2 HFETIVIERD OREBILZFEET 5720, oA Sk (VAE) REc4d:
Ay b7 —2 (GAN) EIFENDHEEERETVEEAT S, VAEZHWSZ &
Ty b7 — 738 HEERIZH — O mdE b EZ W5 Z AT &, GAN ZHW
AR EVERERTRERETANEONDE Z R TE L. TS DIRETIRC
FHUT, BAIFNEBBIHEINENRNTA—=RF#ELT VT AL E2RET S, FHIZ,
FHEIA N ZHNET 572017, RRFREEVFONDI NI AR ZELUEIET 55
WARRGEALT VT AL RET 5. FHEERICE D, BEERET VEERET IV

Vi



CEATET 70— FREESHMREDO M LICEMTH D LRI NI,

HATETIE, BAUMFRICE DS F v U RV HEFEDHTE2RET 5. #ET
FEEUT, E—A74— 3 v 7 HED RMAMTHIR &Sz~ 2 SLate (IVA) ©H
BB OMAAEDLRIZ L > TENMET h, FBIREBGEICE D W TPEREDMRGEE N 5
NI A=REE TN T XL %2EHRT S, BIZ, ZOREFEEZVTNVRALT T
VI —yaVIZHHT 57201, FE5HEHREOFFEICH SRR Z#EHAT 5 Z LT,
REFEDOA Y T4 MLEFEBT 5. FMFERICLD, KAETRELZ2DDFED
BRI ERER L T2,

DA I PBEIZRDE%F ¥V ANVEMEZH L, Y1 27—
LYVITNVF X U RNVIROL BB MTH L. VOV F ¥ RIVEES
BEFEE, v ZMOZEMEREFHATER WD, £2F vV RIVFRIZHERTHEL
EEERED EBUINEETH 528, ERIRFESIFEN Y — I HEATEET, &bIE
JEWGHEIZIGHABETH 5. HBE5ETI, FEFEHEZHCRVERIRY VIV F v v
POV EIR T MEFE T H 2 3R EMET TN 743 (DNMF) D7-& DREEE 7 v
TV ALZRET . REFEIFHPBEEEICE D SE L Iz m#b 7L T X 4
Thd720, POREPRIEINT WD, FHEERIZ KD, REFETEH LR
BN VTV F v v 2IVERDEEO VRN LIZERITH S Z L 2 HO M L.
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Chapter 1

Introduction

1.1 Background

As one of the essential communication tools for human beings, speech endows
us with a natural and efficient way to interact with the world. Besides speech,
we are always surrounded by various sounds in a natural environment, e.g., mu-
sic, mechanical sound, and ambient noise. Since multiple sounds usually occur
at the same time, they acoustically interfere with each other. Although a human
can considerably separate and focus on listening to the speech of interest among
these sounds, it is unavoidable that the presence of acoustic interferences de-
creases speech understandability. In addition, it is a much more difficult problem
for machines such as smartphones, note PCs, and robots to understand the target
speech in such a complicated acoustic environment.

Speech enhancement[1] is an important technique to solve this problem, which
aims to increase the speech understandability distorted by noise and interferences.
When we treat one specific speech source in a recorded mixture signal as the tar-
get and the other sources as interferences or noise, enhancing the specific speech
source can be considered as a target and non-target source separation prob-
lem. Therefore, source separation [2], whose objective is to recover one or more
sources contained in a recorded signal, is another promising technique to enhance
speech. Speech enhancement and source separation are fundamental technology
for audio signal processing, which have a wide range of applications. Examples

1



2 CHAPTER 1 INTRODUCTION

include hearing aid devices, automatic speech recognition, speaker identification,
teleconferencing systems, and smart home devices. These devices have different
hardware configurations (e.g., number of microphones) and are used in various
situations where the prerequisites are different. This indicates the importance of
developing source separation algorithms that serve different situations.

With a microphone array consisting of several synchronized microphones, one
promising approach to source separation is blind source separation (BSS) [3],
which separates individual sources without any information about the sources and
microphones. Thanks to this property, the BSS technique is accessible for many
applications. However, one limitation is that the number of microphones is needed
to be equal to or greater than the number of sources, which is called determined or
overdetermined conditions. This means that the usage of more microphones (e.g.,
4, 6, or more) is necessary to meet the requirement in a realistic environment. For
example, to enhance a target speech in a cafeteria, since we need to consider
noise from other customers, tableware, kitchen, background music, and outside,
we have to use more than 6 microphones.

This raises the importance of developing source separation methods for under-
determined situations where the number of microphones is less than the number
of sources. However, due to the difficulty of obtaining sufficient information from
observations with less microphones, it is often necessary to use additional as-
sumptions (e.g., sparsity) and a priori information about sources and microphone
arrays to effectively solve the underdetermined source separation. One particu-
lar case of the underdetermined situation is single-channel, where only a single
microphone is available. Although small devices with dual microphones are now
widespread, there are still many devices that have only one microphone. More-
over, since single-channel methods do not require any spatial information, it can
also be applied to separating signals in situations where spatial characteristics are
time-varying, e.g., moving sources, a common occurrence in the real environment.
Therefore, as the esaiest case to achieve, single-channel methods have the broad-
est range of applications.
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1.2 Related work

The source separation problem can be categorized depending on its assumptions
and conditions. In this thesis, we use the terms “determined/underdetermined/single-
channel” and “blind/guided/supervised’ to properly categorize these methods. The
terms “determined”, “underdetermined” and “single-channel” indicate the relation-
ship between the numbers of sources and microphones, while the terms “blind”,
“guided”, and “supervised” indicate whether prior information is available for solv-
ing the problem or whether a training phase is required.

As blind determined method, BSS for the determined situation is one of the
most fundamental theories in these problems. In particular, independent compo-
nent analysis (ICA) [4] has been well studied for ages. Since a mixing system of
acoustic signals becomes a convolutive mixture due to the effect of room rever-
beration, and it is a more difficult problem than the instantaneous mixing system,
frequency-domain ICA (FDICA) [5] has been established to deal with such con-
volutive mixture using Fourier transform, where the instantaneous mixing system
is assumed to be approximately held in the time-frequency domain. Furthermore,
the frequency-domain approach provides the flexibility of utilizing various models
for the time-frequency representation of source signals. The approach involves
independent vector analysis (IVA) [6,7] and independent low-rank matrix analysis
(ILRMA) [8, 9], which are extensions of FDICA. With these methods, a high-quality
blind speech separation was achieved. Recently, motivated by the impressive
power of deep neural networks (DNNs), some methods have been proposed to
incorporate DNNs into the FDICA framework, which is categorized as “supervised
determined” methods. Independent deeply low-rank matrix analysis (IDLMA) [10]
is one of these methods, which trains a DNN for each source so that the trained
DNN can work as a source-dependent noise reduction system.

In many applications, the source position can be roughly known in advance
since it can be estimated by sound localization methods, determined by image/video
processing, or simply known by geometry. Geometrically constrained BSS [11,12]
is a framework that utilizes this prior information to guide the separation system
so that the desired target signal is output from a prespecified channel. This con-
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cept has already been adopted to ICA, IVA, and ILRMA [12-14]. The geometric
constraints allow us to manually control the spatial and frequency responses of
the separation system estimated by a BSS method, which provides the flexibility of
determining to preserve or suppress a signal originating from a specific direction.
With the constraint, BSS methods is able to work well even there exists additional
diffuse noise. Furthermore, the constraints can be designed as a blocking ma-
trix (BM) [15] so that the corresponding channel can produce good estimate of
interference and noise for contructing a generalized sidelobe canceller (GSC) [16],
making it possible to deal with underdetermined situations. From this point of view,
the geometrically constrained BSS methods can be considered as “guided under-
determined” methods.

For single-channel audio source separation, nonnegative matrix factorization
(NMF) [17,18] is a powerful approach. NMF factorizes an observed magnitude (or
power) spectrogram, interpreted as a nonnegative matrix, into the product of two
nonnegative matrices, which amounts to approximating the observed spectra by
a linear sum of basis spectra scaled by time-varying amplitudes. In a supervised
setting, NMF is first applied to train the basis spectra of each source. At separation
time, NMF is applied to the spectrogram of a mixture signal using the pretrained
spectra. The source signal can then be separated out using a Wiener filter. A
typical way to train the basis spectra of each source is to minimize the objective
function of NMF. However, the basis spectra obtained in this way do not ensure that
the separated signal will be optimal. To address this, a framework called discrimi-
native NMF (DNMF) [19] has been proposed, and several works have been done to
solve this bilevel optimization problem [19-21]. All these methods are categorized
as “supervised single-channel” methods.

1.3 Objective and overview of thesis

The aim of this thesis is to propose source separation methods that achieve high
performance in the determined case and methods can be applied in more realistic
conditions in real life.

This thesis consists of three parts. Fig. 5.1 shows the overwiew of the thesis.
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Figure 1.1: Overview of this thesis

In the first part, Chapter 2, we provide some preliminaries, which are necessary
for later discussions. In particular, we formulate audio source separation problems
for multichannel and single-channel cases. We then explain conventional BSS
methods based on signal independence and supervised NMF methods. Finally,
we introduce the evaluation criteria. In the second part, Chapter 3 describes the
details of the proposed methods for determined source separation, which incor-
porate supervised-learned source models pretrained using neural networks into
conventional FDICA-based methods. Also, a fast parameter estimation algorithm
for reducing computational cost is proposed. In the third part, we propose algo-
rithms aiming to address more realistic situations where the determined condition
does not hold. Chapter 4 proposes a geometric information-guided multichannel
source separation method. After explaining the offline optimization algorithm, an
online extension is developed. Chapter 5 deals with a single-channel source sepa-
ration problem. We first introduce discriminative NMF methods; then derive a new
effective optimization algorithm. The effectiveness of these methods is validated
via experiments. Finally, Chapter 6 concludes the entire contents and contributions
in this dissertation.



Chapter 2

Audio source separation

2.1 Introduction

In this chapter, we provide some preliminaries about audio source separation,
which are necessary for later discussions. We first give formulations of source
separation for multichannel and single-channel situations. Next, we explain su-
pervised NMF methods for single-channel source separation and BSS methods
based on signal independence for determined multichannel source separation. We
also introduce the auxiliary function approach, a critical optimization method used
through this thesis. Finally, we review criteria usually applied to evaluate the source

separation performance.

2.2 Formulation of source separation problems

2.2.1 Multichannel case

Let us consider I microphones capture J source signals, where z;(t) and s;(¢)
denote the signal of time ¢ observed at the ith microphone and the jth source
signal, respectively. We use z;(f,n) and s;(f,n) to denote the correspecding
complex-valued short-time Fourier transform (STFT) coefficients, where f and n
are the frequency and time indices, respectively. We denote the vectors containing

6
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x1(f,n),...,z;(f,n) and si(f,n),...,ss;(f,n) by

x(f,n) = [x1(f,n),...,z(f,n)]" € C, 2.1)
s(f,n) = [s1(fin),....ss(f,n)]" € C’, (2.2)

where (-)T denotes transpose. When the length of the analysis window of STFT
is sufficiently longer than that of impulse response and the mixing system is time-
invariant, the relationship between the source signals and observed signals can be

approximated as an instantaneous mixture model at each frequency bin as

x(f,n) = A(f)s(f,n), (2.3)

where A(f) = [ai(f),...,a;(f)] € C'*/ is called the mixing matrix. Here, a;(f) =
[a1;(f),...,ar;(f)]T € C!is the array manifold vector, also called steering vector,
which models the acoustic paths for jth source in frequency domain.

In a determined situation, where I = J, the mixing matrix is a full-rank square
matrix. Therefore, we can define an inverse matrix of A(f) that separates the
mixture signals as

y(f.n) = WH(F)x(f.n), (2.4)

where ()" denotes the Hermitian transpose, W(f) = [wi(f),...,w,(f)] € C*/
is called demixing matrix, and y(f,n) = [y1(f,n),...,ys(f,n)]" € C’ is the vector
containing separated source signals. Here, w;(f) = [wi,(f),...,wr;(f)]T € Clis a
demixing filter for the jth source in a mixture signal. The aim of determined source
separation is to estimate W = {W(f)},; from the observation X = {x(f,n)}, with
assumptions and available prior information. The waveform of separated signal
y;(t) is obtained by applying inverse STFT (iISTFT) to y;(f,n).
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2.2.2 Single-channel case

For the single-channel separation problem, the case of I = 1, the time-invariant

mixing system is simplified as
2(fim) = 3 ai(F)si(F.m), (2.5)

where the microphone index i is omitted. Single-channel source separation is more
difficult than a multichannel problem since the difference of phase and amplitude
between microphones cannot be utilized. Therefore, more prior knowledge and

assumptions are usually needed to achieve single-channel source separation.

2.3 Nonnegative matrix factorization for single-channel

source separation

NMF refers to a technique for modeling spectra of audio sources. Since audio
sources usually have distinct structures in the time-frequency domain, e.g., STFT
domain, the basic idea of NMF is to learn these structures by factorizing the ob-
served spectrograms into two low-rank matrices, which are corresponding to the
spectral templates and scaling coefficients. With the learned spectral templates,
NMF is able to represent the corresponding sources even in mixture signals, which
makes separation possible.

2.3.1 Basic principle of NMF

Given a power spectrogram P = {p(f,n)};, € R=%"*Y or a magnitude spectro-
gram of an audio signal, which can be interpreted as a nonnegative matrix, NMF
factorizes it into the product of a basis matrix B = {b,.(f)};r € R=*"*F and an
activation (coefficient) matrix H = {hy.(n)}, € RZ0KxN:

P~Q=BH (2.6)
p(f.n) = a(f,n) = br(fhi(n), (2.7)

k
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Figure 2.1: An example of applying NMF to spectrogram of speech signal.

where k denotes the index of spectral template in the basis matrix, and Q =
{a(f,n)}sn € RZOF*NNMF learns the underlying spectral structures of the spec-
trogram and approximately represents the spectrogram as a linear combination
of the learned spectral templates with time-varying coefficients. Since the objec-
tive of NMF is to reduce the data deminsion and find out underlying data struc-
tures, typically the number of spectral templates K is set to be a small value as
K < min(F, N), which is equivalent to approximating the spectrogram by a lower
rank matrix. It is important to note that NMF assumes that the observed data are
additive in nature, where is approximately true when applying NMF to magnitude
or power spectrograms. Fig. 2.1 shows an example of applying NMF to a spec-
trogram of speech signal with K = 10. In the basis matrix, we can observe that
hormonic structures of the speech are successfully extracted.

NMF leads to different optimization problems according to the definition of the
measurement of the dissimilarity between P and Q. Most widely used goodness-of-
fit criteria are Euclidean distance (EU), generalizaed Kullback-Leibler divergence
(KL), which is also known as I-divergence [22], and Itakura-Saito divergence (IS)
[23]. These criteria of q(f, n) from p(f,n) are defined as follows:

Dey(PIQ) = [IP — Q% = >_lp(f.n) — a(£. )i (2.8)
fin
Dua(PIQ) = () log BE2 = () + (). 29)

fin
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p(f,n) p(f,n)
Dis(P|Q) = — 1o —1). 2.10
S(PIQ) =2 i (210
Here, ||-||% is the squared Frobenious norm. Note that all these metrices are special
cases of -divergence [24], where § = 2, § = 1, and 5 = 0 are corresponding to
EU distance, KL divergence and IS divergence, respectively. Using these metrices,
NMF is formulated as an optimization problem with respect to B and H.

F(B,H) = argmin Dz(P|BH), (2.11)
B,H

where Dj(+|-) denotes the abovementioned metrices.

When assuming that each observed time-frequency bin p(f,n) is generated
independently from the normal distribution, Poission distribution, or exponential
distribution with mean of q(f,n) = >, bx(f)hx(n), the optimization problem of NMF
with EU distance, KL divergence, or IS divergence is equivalent to the problem
of the maximum likelihood (ML) estimation of B and H with the likelihood function
p(P; B, H). Therefore, NMF can be explained as a generative model.

2.3.2 Auxiliary function approach and multiplicative update al-
gorithms

The objective of NMF is to find the optimal B and H that minimize the dissimilar-
ity between BH and P under the nonnegative constraint. Although it is usually
difficult to obtain the analytical expression of the global optimum, we can compu-
tationally find a local optimum using the auxiliary function approach, also known
as majorization-minimization (MM) principle [25]. Note that the auxiliary function
approach itself is not an algorithm, but a description of how to construct an opti-
mization algorithm.

When constructing an auxiliry function-based algorithm to minimize a certain
objective function, the main issue is how to design an appropriate auxiliary function
called “majorizer’ that is guaranteed to never be below the objective function.
Lemma 1. /f we use F(O) to denote an objective function that we want to min-
imize with respect to ©, and F* (0, A) to denote its auxiliary function, satisfying



2.3 NONNEGATIVE MATRIX FACTORIZATION FOR SINGLE-CHANNEL
SOURCE SEPARATION 11

T
—
Ca

2

Figure 2.2: Jensen’s inequality of I = 2 case.

F(O) = miny F7(O,A), then F(O©) is non-increasing under the following updates
of auxiliary variable A and parameter ©:

A = argmin F*(0, A), (2.12)
A

© = argmin F* (O, A). (2.13)
(C]

Thus, if F(O©) is bounded below, a stationary point of F(©) can be found by itera-
tively performing these updates.

Proof of Lemma 1. Suppose we set © to an arbitrary value ©. We will prove
that 7(©) is non-increasing after the update (2.12) and (2.13). From (2.12), one
obtains F(©) = F*(6,A), and it is obvious from (2.13) that F+(6,A) > F(6,A).
By definition, one sees from (2.12) that F+(©,A) > F(A). Therefore, we can
immediately prove that F(©) = F*(©,A) > F(6,A) > F(6). O

It should be noted that this concept is adopted in many existing algorithms in-
cluding algorithms for NMF [24]. For example, the expectation-maximization (EM)
algorithm [26] builds a surrogate for a likelihood function of latent variable mod-
els by using Jensen’s inequality. In general, if we can build a tight majorizer that
is easy to optimize, we can expect to obtain a fast-converging algorithm. In ad-
dition, auxiliary function-based algorithms are notable in that there are no tuning
parameters.
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An useful inequality for designing majorizer is Jensen’s inequality, which is in-
voked in algorithms of NMF and will be used through the thesis. For arbitrary con-

vex function ® with I nonnegative arguments zy, ..., z;, Jensen’s inequality shows

B3 %) < DGR3 (2.14)

i

where (i, ..., (; are nonnegative weights satisfying > . ¢; = 1. The equality of (2.14)
holds if and only if

Zi

Zi/ 4 '

Fig. 2.2 shows an illustration of Jensen’s inequality for a convex function with I = 2.

G=

(2.15)

With the auxiliary function approach and Jensen’s inequality introduced above,
we can derive the well-known multiplicative update (MU) algorithms for NMF. We
first derive an algorithm for NMF using EU distance. The objective function we
want to minimize can be expressed as

Dey(PIBH) =Y (= 2p(f.m)a(f,n) +a*(f,n) ). (2.16)
fin
where =¢ denotes equality up to a constant term. We want to design a majorizer
such that the elements of matrices are separated into individual terms. Since a
quadratic function z? is convex and arguments b, (f) and h,(n) are nonnegative,
we can invoke Jensen’s inequality to obtain a function upper bounding the second
termin (2.16) as

<Z bk(f)hk(m)2 < Z@,m(M)Z, (2.17)
k

p G fm

where ¢ ;. IS a positive weight that sums to unity. The equality of (2.17) holds if
and only if when

G = bi (f)hr(n) ,
PSS o ()b (n)

(2.18)
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Therefore, a majorizer for the objective function Dgy can be obtained as

bi:(f)hi(n)
Ck,f,n

Diy(B.H,¢) = Y (p(f.m)* = 26(f,m) 3 belNhe(m) + > ). (219)

fin
Here, ¢ = {Ck tn i rn denotes a set of paramter ¢, ;... By setting the partial deriva-
tive with respect to b, (f) and hx(n) at 0, we can derive an iteratively algorithm that
consists of performing (2.18) and

b (f) + SR () g (2.20)

. > P(f,n)bi(f)
> bE(f)/Chin

he(n) (2.21)

By subsituting (2.18) into (2.20) and (2.21), we obtain the following MU algorithm:

>, (. he(n)

)OS g () (&:22)
>, ()bl )

() (S (2.23)

Similar to EU distance, we then derive the MU algorithm for KL divergence

D(PIBH) <Y (= p(f,m) loga(f,n) +a(f.n)). (2.24)

fin
Because the first term in (2.24) has the “log-of-sum” form that is nonlinear, it is
difficult to derive the closed-form solutions. Since the negative logarithm function
is a convex function, we can invoke Jensen’s inequality to construct an upper bound

with “sum-of-log” form

o 3 bu(u() < — 3 G log 2L, (2.25)
k K kofin

The equality holds if and only if

S S b (b (n)

(2.26)
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Then, a majorizer of the objective function (2.24) can be written as

D (B,H,¢) = (2.27)
(o170 1087 ) = 015.) 37 g o S i1 m) + 3 bl ()

Ckfn &

where (. r,, > 0 satisfies ), ¢z r» = 1. The MU algorithm for the KL case can be
derived in the same way as EU distance:

> hi(n) ’ (229
Zf bk(f) '

bi(f) = bi(f)

For IS divergence, we construct a majorizer for the objective function

Dis(PIBH) <Y (ZE; Z; +logq(f, n)). (2.30)
—~\q(f.

Here, we need to design upper bound for both terms of 1/x and logx. For term
1/z, we can obtain the following inequality with Jensen’s inequality:

= bk chfn(l/b’“ L ﬂf b, (2.31)

where (s, is a positive parameter that satisfies >, (xsn = 1. Since tangent
lines for a concave function is never below the original function, we can utilize this

property to design the upper bound for the term log x:

log Z br(f ) <logay, + n) —agn). (2.32)
The equality holds if and only if
Q= D bi(F)hu(n). (2.33)
k

By replacing terms 1/x and log x in the objective function with the right hand of
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(2.31) and (2.32), we obtain the majorizer

DL(B,H. ¢, ) (2.34)

Z(Z o7 ngk:fn ;M—logp(f,n)+10gaf7n_2>’

af7n

where o = {ay,, } s, denotes a set of parameters a;,,. Similarly, by setting the par-
tial derivative with respect to b, (f) and h,(n) at 0 and subsituting the update rules
of auxiliary variables into the closed-form solutions, we obtain the MU algorithm for
NMF with IS divergence as follows:

>, P(fin)hi(n) fa(f,n)*\1/2

>, he(n)/a(f,n) ) ! (2.35)
> p(f,n)bi(f)/a(f, n>2>1/z
> be(f)/alf,n) '

b () + bi(F)

hyo(n) < hk(n)< (2.36)
It is noteworthy that nonnegativity constraint of NMF can be satisfied with the MU
algorithms by easily initializing all the parameters b,(f) and hi(n) with positive
values. These auxiliary function-based update rules are equivalent to those de-
rived in a heuristic way, where the partial derivative of the cost function F(B, H)
with respective to the parameter is decomposed to two nonnegative terms, i.e.
OgF = O F — 0g F, where 95 F > 0 and 95 F > 0. Then the parameter B can
be updated as B + B o (95 F/0g F)", where o and / denote element-wise multi-
plication and division, and n > 0 is a stepsize similar to that involved in a gradient
descent [27].

2.3.3 Source separation with supervised NMF

When applying NMF to single-channel source separation in a supervised manner,
there are two phases, namely, training phase and separation phase. At training
phase, NMF is applied individually to power (or magnitude) spectrograms of train-
ing samples S; = {|s;(f,n)|*} ;. to obtain spectral templates of each source,

Bj, l:lj = argmin ’DB(SJ‘BJHJ> + >\sparse||Hij- (237)

4:Hj



16 CHAPTER 2 AUDIO SOURCE SEPARATION

Here, Asparse||H; ||, is @ regularization term for promoting the sparsity of H;, which is
typically applied to improve the performance [28]. Asparse iS @ parameter that weighs
the importance of the regularization term and || - ||, denotes L, norm, where L; and
L, are common choices.

At separation time, the concatenated basis matrix B = [By,...,B,] is fixed
at the pretrained basis spectra, and the activation matrix H is estimated by fit-
ting the NMF model to the power spectrogram of observed mixture signal X =

{lz(f;n) "} s

H= argimin Dy(X|BH) + Asparse|[H| |- (2.38)

Once B and H are obtained, each source can be separated by a Wiener filter
constructed using the estimated power spectrograms as follows:

T

Y, = [:,j 10X, (2.39)

I

where Y1, ..., Y are thus ensured to sum to the magnitude spectrogram X = v'X
of the mixture signal. Here, o, : and /- denote element-wise multiplication, division
and square-root, respectively. The time-domain signal y;(¢) is then obtained by
applying iSTFT to the magnitude spectrogram Y; and the phase spectrogram of
the mixture signal. Note that speech enhancement is a special case with J = 2
and j = {s,n}, where s and n denote speech and noise, respectively.

It is obvious that the source separation and speech enhancement performance
of NMF is greatly affected by the pretrained basis matrix B and the activation matrix
H. However, since the spectral templates are trained individually for each source,
it becomes challenging to achieve a high estimation accuracy of the activation
matrix when spectral structures of different sources have high similarity. Fig. 2.3
shows an example of spectrograms of the reference clean speech signal and the
speech signal enhanced using supervised NMF. Since there exist similar basis
spectra in speech and noise, oversuppression occurs, and some unsuppressed
noise components remain. To overcome this problem, various methods using prior

information or characteristics of sources have been proposed, such as temporal
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Figure 2.3: An example of speech enhancement using standard NMF. Oversup-
pression occurs and unsuppressed noise components remain in the spectrogram
of the enhanced speech.

dynamics [29-31] and co-occurrence statistics [32]. Meanwhile, it is still unclear
how to train spectral templates to yield optimal performance for source separation,
especially for those separating sources by filtering as (2.39). Many efforts have
also been made to train a more effective basis matrix [19, 28, 33-35].

2.4 Determined blind source separation with signal

independence

The aim of determined BSS is to estimate W from X" without any prior knowledge.
The most popular approach to BSS is ICA and the term is sometimes regarded as
synonymous with BSS. ICA assumes that the source signals follow non-Gaussian
distributions and are statistically independent with each other.
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2.4.1 ICA and FDICA

ICA was originally developed for instantaneous mixtures in the time domain [36—
39], where no delays and reverberation are considered; then applied to convolutive
mixtures [40,41]. However, the estimation of demixing filters in the time domain
is challenging since the number of parameters drastically increases when the filter
length becomes large.

Instead of solving the time-domain deconvolution, FDICA [5, 40, 42] was pro-
posed, where demixing matrix defined in the time-frequency domain W(f) is esti-
mated for the separation. In this approach, the instantaneous mixture model in the
frequency domain is applied as (2.3), where the length of the impulse response
is assumed to be shorter than the STFT window length. The problem definition
is then simplified from a convolutional formula to a multiplicative formula and the
complex-valued ICA techniques for instantaneous mixtures can then be applied
independently in each frequency bin. From the relationship (2.4) defined in the

frequency domain, we can show that

p(x(f,n)[W(f) = W)y (f.n (2.40)
"D ]I (F.m) (2.41)

where |[W"(f)|? is the Jacobian of the complex-valued mapping x(f,n) — y(f,n).
Therefore, the negative log-likelihood of X given W is expressed as

Lrpica(X W) = = logp(wii(f)x(f,n)) = N Y log|[det W(f)[".  (2.42)
!

Jifm

By dividing Lrpica(X|W) by the number of frames N and replacing the sam-
ple mean with the expectation operator, we obtain the normalized negative log-
likelihood

Lrpioa(X]W) = [Zlogp x()| =D log|[det W2, (2.43)
f

which is the objective function that FDICA aims to minimize. In [5], parameter
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update rules modefied from the ICA optimization algorithm based on the steepest
gradient descent as

W(f) < W(f) +n{E[(y(f,n)x"(f,n)] + (WH(f) "} (2.44)

and that based on the natural gradient descent as

W(f) < W(f) +n{E[(y(f.n)y"(f,n)] + T} W(f) (2.45)

were derived. The original ICA algorithm is often called Bell-Sejnowski algorithm
[38] derived from another ICA principle called Infomax approach. Here,

V(y(f,n)) = 81025((]30’(7{;71))

(2.46)

is called activation function or score function, 7 is a stepsize parameter, and I is a
J x J identity matrix.

Since FDICA performs paramter estimation in a frequency bin-wise manner,
there is a permutation ambiguity in the separated components for each frequency.
Therefore, we need to group together the separated components of different fre-
quency bins that originate from the same source after separation, namely,

y(f;n) =P(f)y(fin). (2.47)

Here, P(f) is a permutation matrix. This process is called permutation alignment.
Numerous approaches have been proposed to solve the permutation alignment,
including exploiting the dependence of separated signals across frequencies [43—
47] and utilizing the spatial information, e.g., direction of arrival (DOA) and time
difference of arrival (TDOA) [48-51]. The former is effective for sources having
clearly different time structures and is robust to reverberations, whereas the latter is
effective in a low reverberation and is related to sound localization. Moreover, since
the ICA-based methods separate signals solely based on the signal independence,
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there exists scaling ambiguities, namely,

y(f,n) = A(f)y(fn), (2.48)

where A(f) is a diagonal matrix. The simplest way for recovering signal scales is
projecting them to the observed signals, as

y;(f.n) < W (f)(ejoy(f,n)), (2.49)

where y.(f,n) = [91;(f,n), ..., 91,;(f, n)]" denotes the esitmated source image of
source j at all the microphones whose scale is fitted to the observed signal at
each mirophone. e; is the jth column of the J x .J identity matrix. This calculation
is called the back projection technique [43].

2.4.2 |VA and time-varying IVA

Another solution for permutation problem is to make appropriate assumption on the
probability density of signals p(y(f,n)) to avoid the frequency bin-wise optimization
problem. Typically, this solution is more preferable since the relationship between
frequency bins can be used not only to solve the permutation problem but also as
a clue for separation, which can lead to higher source separation performance.

IVA [6, 7] is one of such methods that simultaneously solves the BSS and per-
mutation problem, which is a multivariate extension of FDICA. IVA models all fre-
quency bins as a variable y;(n) = [y;(1,n),...,y;(F.n)]" that follows a spherically
symmetric multivariate distribution and thus higher-order correlations between the
frequency components can be considered, where the spherically symmetric prop-
erty means that the distribution is a function of only the norm of multivariate vector
variable, i.e., p(y;(n)) = f(|ly;(n)||). The normalized negative log-likelihood func-
tion of IVA is expressed as

Laa(X|W) = ~E| 3 logp(y,)| — 23" log| det W(J)| (2.50)
’ !

J

_ ZE[g@j)] ~2 log | det W(f)] (2.51)
J f
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Figure 2.4: lllustration of source model in IVA, where non-Gaussian spherically
symmetric source distribution p(s;(n)) is assumed for all the frames of sources.

where G(y;(n)) = —logp(y;(n)) is called the constrast function. Note that the ML
estimation based on (2.51) is equivalent to the well-known estimation that maxi-
mizes the independence between all the sources with the KL divergence [52].
One typical choice of the probability density function is using spherically sym-
metric multivariate Laplace distribution [6,7,53] as a super-Gaussian distribution
for modeling sources s;(n) = [s;(1,n),...,s;(F,n)]". The distribution is defined as

pls;(n) ~ ply,(m) xexp (= > [y;(f.m)P) (2.52)
f

with unit variance for j, f, and n. IVA based on this source distribution is called
Laplace IVA. Therefore, the constrast function for Laplace IVA is obtained as fol-

lows:
G(y;(n) = —logp(y;(n) = ly; ()|l = > ly;(fn)I (2.53)
f
Here, || - ||» denotes L, norm of a vector. Fig. 2.4 shows the source estimation

of IVA, where non-Gaussian spherically symmetric source distribution p(s;(n)) is
assumed for all the frames of sources.

Several optimization methods have been applied to this optimization problem,
including the natural gradient descent [6, 7, 53]. Although these methods are
straightforward, there is a tradeoff between the convergence speed and the sta-
bility. To address this weakness, a fast and stable parameter estimation algorithm,
called AuxIVA [54], has been derived based on the auxiliary function approach.
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In [54], a majorizer is designed for objective function (2.51) as follows:
Lva(W) o< Y E[G(y;(n))] =2 log|det W(f)|
j

f
< ZJI{E[M . Xf: ]yj(f,n)|2] +Rj} — 22f2log|detW(f)|

27”j

_ Z { ZW?(f)E[GIR(Tj)X(f7n>XH(f’n)i|W;|(f) + Rj} _ 2210g|detW(f)|
J f

2r;
’ f
- %Z { > wHNQ(f)wi(f) + Rj} — 2 "log|det W(f)]
J f f
= LV, Q), (2.54)

where Gg(r) is a continuous and differentiable function of a real variable r satis-
fying that G';(r) /r is continuous everywhere and it is monotonically decreasing in
r > 0. R; is a constant term independent of w;(f) for any f, and Q = {Q;(f)},s is
a set of auxiliary variable Q;(f) defined as

Q,(f) = E[G’;f?"”’)x<f>x“<f)} . (2.55)
The equality holds if and only if
s = g, (]2 = \/Z wH(F)x(f,m) 2 (2.56)
f

Note that most of the IVA contrast functions used in the literature [6,7,53], including
Laplace IVA, meet the conditions of Gz(r), such as

Gr(r) = Qr, (2.57)

where Q is a positive constant. By setting partial derivative 9L, /0w’ (f) at 0, we
obtain

0
SR — g los | dee Wi =0 (2.58)
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where (-)* denotes conjugate of complex number. Rearranging (2.58) using a
matrix formula (0/0W (f)) det W(f) = W T(f) det W(f), the problem can be ex-
pressed as hybrid exact approximate joint diagonalization (HEAD) problem as

whH(NQ(NwW;(f) = b55, (2.59)

where the closed-form solution for updating all of w;( f) simultaneously is an open
problem. §;,; denotes the Kronecker delta, whose value is 1 when ;' = j and 0
otherwise. AuxIVA therefore proposed a sequential update rules for W( f), which
updates w;(f) while keeping other w;..;;( f) fixed. The update rules are given as

w;(f) < (W()Q;(f)) e, (2.60)
wi(f) < Wi (F)/\/WHQ(F)wy(F). (2.61)

Here, e; is the jth column of the J x J identity matrix. To summarize, the algorithm
of AuxIVA includes updating auxiliary variable (2.56), (2.55), and updating demix-
ing filter (2.60), (2.61) in order for all j. This efficient update algorithm is also called
the iterative projection (IP) method, which was first applied to ICA [55].

The abovementioned model ensures that all the frequency components in the
same source have higher-order correlation, which solves the permutation problem.
However, assuming source signal at each time frame following the same distribu-
tion is inappropriate since audio signals are time-varying. Instead of spherically
symmetric Laplace distribution, in [56], the circularly symmetric complex Gaussian
distribution with time-varying variance v;(n) is introduced to the conventional IVA,
the probability density of which is expressed as

2

pls5()) = p(y;(m)) = —— exp ( — 22

mv;(n) v;(n)

). (2.62)

Here, the time-varying variance v;(n) is shared over the frequency bins in each time
frame. Similar to (2.52), the distribution (2.62) has the spherically symmetric prop-
erty and all the frequency components thus has higher-order correlation. Note that
although the temporal source model p(y,(n)) is assumed to follow the Gaussian
distribution, the global source model p(Y ;) becomes the super-Gaussian distribu-



24 CHAPTER 2 AUDIO SOURCE SEPARATION

vj(n)

Time

Frequency
Frequency
X

Basis

Time Basis

Vi (f, ?’L) b x(f)

Basis

Frequency
Frequency
X

Time Basis

Figure 2.5: lllustration of source models (variance structures) in time-varying
IVA (upper) and ILRMA (bottom), where color shade in each time-frequency bin
indicates scale of variance. Time-varying IVA has frequency-uniform variance
whereas ILRMA employs ISNMF as source model so that variance matrix is low-
rank and can be expressed by limited number of spectral templates.

tion with Y'; = {y;(f,n)} ., because of the time-varying variance [57]. IVA based
on the source model (2.62) is referred to as time-varying IVA. The upper figure in
Fig. 2.5 shows the source model of time-varying IVA. This source model amounts
to assuming the magnitudes of the frequency components originating from the
same source, which is expressed as a flat spectral basis, to vary coherently over

time.

24.3 ILRMA

Although IVA and time-varying IVA can solve source separation and permutation
problem simultaneously and achieve better performance than FDICA, they cannot
capture the specific harmonic structures of each source since frequency-uniform
variance is used for defining the source model p(s;(n)). To further increase the
flexibility of modeling spectral structures, ILRMA has been proposed, which incor-

porates the NMF concept into the source model.
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ILRMA assumes that each time-frequency bin of source s;(f, n) independently
follows a zero-mean complex proper Gaussian distribution with variance v;(f,n),
which is called local Gaussian model (LGM) [58,59]:

Py (fm)) = p(sy(fm)) = Ne(s, (. m)|0, v, (f. ) (2.63)
L sUmE
i d Gy (2.64)

where v,(f,n) = E||s;(f,n)|?] is the power density of signal. This is equivalent to
extending the stationary distribution with uniform variance for all j, f, n assumed
in the Laplace IVA or frequency-uniform variance v;(n) = 1 assumed in the time-
varying IVA to a more flexible model with time-frequency-wise variance. Similar to
the time-varying Gaussian distribution, (2.63) is a super-Gaussian distribution be-
cause of the time-varying variance, which thus can be used for ICA-based method.
The negative log-likelihood function of the parameter set W and V = {v,(f,n)}; rn
is given as
Lirua(XW, V)£ <10g v;(f,n) + %) —2N ) "log|det W(f)], (2.65)
dfin ’ f

which is the objective function of ILRMA.

Moreover, ILRMA assumes the variance matrix V; = {v;(f,n)}, is low-rank

and can be decomposed into two matrices, which amounts to express v;(f,n) as

a linear sum of spectral templates b;1(f),...,b;x(f),...,bjx,;(f) > 0 scaled by
time-varying magnitudes h;(n),...,h;x(n),..., h;g,(n) > 0:
K;
vi(fin) =D bin(fhgu(n). (2.66)

k

Here, B; = {b;x(f)}rs and H; = {h;(n)}x, are the sourcewise basis and activa-
tion matrices including K, spectral templates and activations, respectively. Since
each time-frequency bin of source s;(f,n) is assumed to follow the complex proper
Gaussian distribution, which has a circularly symmetric property in the complex
plane, namely, the probability only depends on the amplitude |s;(f,n)| or power
|s;(f,n)[?, the time-frequency bin of complex-valued observation z(f,n) = 3" s;(f,n)
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follows complex Gaussian distribution

L letp
patf.m) = —omsew (=57 (2.67)

because of the reproductive property in complex Gaussian distribution, where
v(f,n) =3, v;(f,n). Here, if we represent the variance v(f,n) as the linear sum of
two low-rank matrices v(f,n) = >, bi(f)hx(n), the negative log-likelihood function
of B and H can be obtained as

[z (f,n)P?
L(B,H) = logm +1log » bg(f)he(n) + : (2.68)
%}( Z * > bi(f)h <>>

Minimizing this function is equivalent to minimizing the IS divergence between the

power spectrogram of the observed signal X = {|z(f,n)|*};. and v(f,n) since

. m)f . m)
PisXIBH) =3 (5= 5 (Pt~ 5 bk <>‘1> (209
Z (Zk’ikf n)” —|—10g2bk ) (2.70)

which is also equivalent to minimizing the objective function of ILRMA (2.65) with
respect to the source model v,(f,n). Therefore, ILRMA can also be interpreted
as a model that incorporates the NMF model based on the IS divergence into the
time-varying IVA model. The bottom figure in Fig. 2.5 shows the source model
of ILRMA, where the variance matrix V; is represented as the linear sum of two
spectral templates.

The optimization algorithm of ILRMA consists of iteratively updating the demix-
ing matrix W(f), the basis templates B = {b;(f)} % and the activation matrix
H = {h;x(n)}n. k- By fixing B and , the differential of (2.65) with respect to W (f)
becomes equivalent to that of the auxiliary function in Laplace IVA. Therefore, the
update rules of W(f) are derived based on the IP method, which are expressed
as

x(/)x"(f)], (2.71)
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wi(f) < (W()Q;(f)) ey, (2.72)
wi(f)  wi(F)/\/WHQ(F)w,(f). (2.73)

By fixing W(f), the differential of (2.65) becomes equivalent to the differential of
the cost function in NMF with IS divergence. Therefore, the update rules of b, ()
and h;;(n) are give as

R
(f,n) bk vi(f,n)?\1/2
hyx(n) hj,k(zﬂyg bj?:(f)/i% ngf ) ) - (2.75)

Since both W(f) and v;(f,n) have scale ambiguity, the following normalization is
applied at each iteration to eliminate the scale ambiguity in W(f):

w;(f) < w;(f)zt, (2.76)
yi(f.m) « yi(f.n)z;. (2.77)
vi(f,n) = vi(f,n)z %, (2.78)
bjx(f) = bjx(f)z; 2 (2.79)
where
Zj = \/ﬁ > lyi(f,n))? (2.80)
fin

is the normalization coefficient given as the sourcewise average power. Note that
the normalization do not change the value of (2.65). The scale of the separated
signal y;(f, n) is restored by the back-projection technique after the optimization. It
is noteworthy that the log-likelihood of ILRMA is non-decreasing at each iteration
of the algorithm and shown experimentally to converge quickly.
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2.5 Evaluation criteria

A necessary aspect of the development of speech enhancement algorithms is how
to evaluate the goodness of the enhanced speech. In general, the evaluation can
be done by comparing the enhanced signals to the reference signals or listensing
to the enhanced speech, namely, objective and subjective evaluations. Although
subjective evaluation is generally more accurate and reliable, it needs higher hu-
manity cost and more time. Therefore, in this thesis, we mainly use the objective
evaluation.

To evaluate the distortions introduced by speech enhancement or source sep-
aration algorithms to the enhanced speech signals, we use the source-distrotion
ratios (SDRs) that defined as the ratio of the energies of the reference signal and
the error between the enhanced and reference signal

> 5% (1)
SDR [dB] = 101log = : (2.81)
EECENOIE
where s(t) and 5(t) are reference and estimated speech signals at time ¢, respec-
tively. The error between the reference and estimated signals is divided more

specifically into interference, noise, and artifacts error terms as
§<t> = S(t) + 6interf(t) + enoise@) + 6artif(lf)- (2.82)

By using these error terms, measurements for which called sources-to-noise ra-
tios (SNRs), source-to-interferences ratios (SIRs), and sources-to-artifacts ratios
(SARs) are respectively defined as following:

Z (t)
Zt ( )
[ ] 1ol g Zt mterf( ) ( )
B o Zt[s(t) + enoise (t) + 6inten‘(tﬂ2
SAR [dB] = 10log,, S ] . (2.85)

SNR, SIR, and SAR evaluate how much noise remains in the estimated signal,

how much interferences remains in the estimated signal, and how much artifacts
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are generated during the signal processing, respectively. In speech enhancement
tasks, since all the sources excluding the target speech are treated as noise, also
the interference sources, SIR and SNR defined as above, practically measure the
same error. In practical, all these criteria are calucalted using BSS_EVAL toolbox
[60] in this thesis, which was originally implemented using MATLAB.

To evaluate the enhanced speech from various aspects, we also use short-time
objective intelligibility measure (STOI) [61] to measure speech intelligibility. STOI
is an objective measurement that shows a high correlation with the intelligibility of
noisy speech of listening experiments. The score is given as the average of the
sample envelope linear correlation between the clean and enhanced envelop vec-
tors calculated based on the short-time segments [61,62], which is defined in [0, 1].
An implementation called PySTOI is given at https://github.com/mpariente/pystoi.
We also use the perceptual evaluation of speech quality (PESQ) [63] to evalu-
ate the speech quality, which is developed to model subjective evaluation used in
telecommunications and is standardized ITU-T recommendation P.862. The PESQ
score is given in the range of [0, 5]. Strictly speaking, PESQ is an inappropriate
metric for evaluating the performance of speech processing algorithms since it
uses clean speech as the test signal. However, PESQ is positively correlated with
the STOI score and is thus used as a reference metric for evaluation. We use the
Python implementation given at https://github.com/vBaiCai/python-pesq for calcu-
lating the PESQ score. For all the metrics mentioned here, the higher scores
indicate better performance.



Chapter 3

Determined methods incorporating
supervised-learned source model

3.1 Introduction

The frequency-domain BSS approach provides the flexibility of allowing us to utilize
various models for the time-frequency representations of source signals, such as
in IVA and ILRMA, which leads to a high source separation performance in deter-
mined situations. Owing to the fact that ILRMA reduces to time-varying IVA when
it has only one flat basis spectrum, ILRMA can be interpreted as a generalized
IVA method that incorporates a source model with stronger representation power,
which has been shown to significantly improve source separation performance [9].
However, one drawback is that ILRMA can fail to work for sources with spectro-
grams that do not comply with the low-rank assumption, such as speech [9]. This
indicates the importance of developing a more precise source model with stronger
representation power.

Given the recent advances achieved by DNN-based speaker separation meth-
ods, including deep clustering (DC) [64,65] and permutation invariant training (PIT)
[66,67], a discriminative approach has recently proved powerful in monaural source
separation tasks, including both speaker-dependent and speaker-independent sce-
narios [68—71]. The success of these single-channel DNN-based methods attests
to the excellent ability of DNNs to capture and learn the structure of spectrograms.

30
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As an alternative to the NMF model, some attempts have also been made to in-
corporate DNNs for modeling the spectrograms of sources for multichannel source
separation [10,72,73]. The idea is to replace the process for estimating the power
spectra of source signals in a source separation algorithm with the forward compu-
tations of pretrained DNNs. This can be viewed as a process of refining the esti-
mates of the power spectra of the source signals at each iteration of the algorithm.
While this approach is particularly appealing in that it can take advantage of the
strong representation power of DNNs for estimating the power spectra of source
signals, one weakness is that unlike ILRMA, the log-likelihood is not guaranteed to
be non-decreasing at each iteration of the algorithm.

On the basis of these facts, in this chapter, we introduce multichannel source
separation methods using deep generative models (DGM) for source spectrogram
modeling, including variational autoencoders (VAES) [74, 75] and generative ad-
versarial networks (GANs) [76]. We call the method using VAE source model
the multichannel variational autoencoder method (MVAE), and that using GAN
the multichannel star GAN method (MSGAN). Different from the algorithms of IVA
and ILRMA, where source models are estimated in a blind manner, the proposed
methods use a supervised pretrained source model to estimate source signals in
the mixture signals. It is worth noting that there have been some attempts to ap-
ply DGM to monaural speech enhancement and source separation tasks [77-81],
which was later extended into multichannel tasks [82—84]. As far as we know,
the methods introduced in this chapter were the first to propose the application of
VAEs and GANSs to multichannel source separation. We propose two optimization
algorithms for the proposed method. One is guaranteed to be non-decreasing at
each iteration of the log-likelihood in order to demonstrate the full potential of the
proposed method. The other is a fast algorithm to reduces computational time and
cost so that it can be applied to more practical applications.
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3.2 Multichannel variational autoencoder method

3.2.1 Problem formulation

Let us consider a determined situation where the number of sources equals to that
of microphones, namely, I = J. The relationship between observed signals x(f, n)
and source signals s(f,n) is described as (2.4). We assume that each source
signal s;(f,n) independently follows a zero-mean complex Gaussian distribution
with power spectral density v;(f,n) = E[|s;(f,n)]?]:

Sj(fan)NNC(Sj(fan)l()?Vj(f?n))? (31)

which is the same as the source model assumed in ILRMA. When s;(f,n) and
sy (f,n)(j’ # j) are independent, s(f,n) follows

s(f,n) ~ Ne(s(f,n)[0, V(f,n)). (3.2)

Namely, the separated signals y(f,n) approximately follows

Y(f7 n) NN(C(S(fa n)\O,V(f,n)), (33)

where V(f,n) is a diagonal matrix with diagonal entries v, (f, n),...,v;(f,n). From
the relationship between the separated signals and mixture signals given as (2.4)
and (3.3), we can show that x(f, n) follows

x(f,n) ~ Ne(x(f,n)|0, (WH(f) V(£ )W (f)™). (3.4)

Hence, the negative log-likelihood of the demixing matrices VW and source model
V given the observed mixture signals X' is given by

|yj(f7 n)|2

Lrras(XIWV, V) £ 37 (1ogs(f,m) + "

Jfm

>—2NZlog\detW(f)\, (3.5)
f

which is the same as the objective function of ILRMA (2.65). Similar to ILRMA, we
need to make constraints or incorporate spectral structures into v;(f,n) to elimi-
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nate the permutation ambiguity during the estimation of WW. The difference is that
instead of using the NMF model, which assumes sources are low-rank and esti-
mates v;( f, n) frame-wise, we train a DGM to model spectrograms of utterances so
that no low-rank assumption is needed and both spectral and temporal structures
of signals can be captured.

3.2.2 VAE and CVAE

VAEs [74,75] are stochastic neural network models consisting of encoder and de-
coder networks. The encoder network generates a set of parameters for the con-
ditional distribution ¢,(z|s) of a latent space variable z given input data s, whereas
the decoder network generates a set of parameters for the conditional distribution
po(s|z) of the data s given the latent space variable z. Given a training data set
S = {s,,}M_,, VAEs learn the parameters of the entire network so that the encoder
distribution ¢,(z|s) becomes consistent with the posterior py(z|s) o ps(s|z)p(2).
By using Jensen’s inequality, the log marginal distribution of the data s can be
lower-bounded by

log pa(s) zlog/q¢(z|s)%dz (3.6)
po(slz)p(z) |

2/q¢(z|5)10g 2o(5]5) d (3.7)

:Ez~q¢(z\s)[logp9( slz)] — KL[gg(2|s)|[p(2)], (3.8)

where the difference between the left- and right-hand sides of (3.8) is given by

bmm@—/ uwmgﬁggg$%z

—/q¢(z]s) log Mdz (3.9)

pea)
— [ astels)og 2% e (3.10)

|
o(z|s
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which is equivalent to the KL divergence between ¢,(z|s) and py(z|s). Obviously,

this is minimized when

q4(2|8) = po(z|s). (3.11)

This means we can make q,(z[s) and py(z[s) oc py(s|z)p(2z) consistent by maxi-
mizing the lower bound of (3.8). One typical way of modeling q¢y(z|s), po(s|z), and

p(z) is to assume Gaussian districutions

66(2]8) = N'(2|p,(s), diag(o3(s))), (3.12)
po(s]z) = N (s|uy(2), diag(o5(2))), (3.13)
p(z) = N(2]0,1), (3.14)

where p4(s) and o7 (s) are the outputs of an encoder network with parameter ¢,
and p,(z) and o3(z) are the outputs of a decoder network with parameter 6. Here,
it should be noted that to compute the first term of this objective function, we must
compute the expectation with respect to z ~ ¢g4(z|s). Although this expectation
cannot be expressed in an analytical form, we can compute it by using a Monte
Carlo approximation. However, simply sampling z from ¢,(z|s) does not work,
since once z is sampled, it is no longer a function of ¢, which makes it impossible
to evaluate the gradient of the objective function with respect to ¢. Fortunately, by

using a reparameterization
z=py(s) +ogy(s)oe (8.15)

with € ~ N (€|0, I') where o indicates the element-wise product, sampling z from
¢»(z|s) can be replaced by sampling e from the standard normal distribution, which
is independent of ¢. This allows us to compute the gradient of the first term of
the objective function with respect to ¢ by using a Monto Carlo approximation of
the expectation E...,, -)[-]. This technique is called a reparameterization trick. By

using this reparameterization, the first term of the lower bound can be written as

Ezwqd,(z\s) [log p9(8|2)]
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1
= Eeoxteo,n | — 5 D log2m((uy(s) + 7o(s) o €],

By (80 — [1g(y(s) + T4(s) 0 €)]n)*

2003 (1y(s) +ag(s)oe)n 1 (3.16)

where [-|, denotes the nth element of a vector. We can confirm from equation
(3.16) that the second term reduces to a negative weighted squared error between
s and py(p,(s)) when e = 0, which can be interpreted as an autoencoder re-
construction error. On the other hand, the second term of (3.8) is given as the
negative KL divergence between ¢4(z|s) and p(z) = N (2|0, I). This term can be
interpreted as a regularization term that forces each element of the encoder output
to be independent and normally distributed.

Conditional VAEs (CVAEs) are an extension version of VAEs where the only
difference is that the encoder and decoder networks can take an auxiliary variable
¢ as an additional input. With CVAEs, distribution (3.12) and (3.13) are replaced
with

N (z|py(s, ), diag(a?(s, ), (3.17)
N (slpy(z, c), diag(o5(z, 0))), (3.18)

4s(2ls, ¢)

po(s]2;¢)

and the variational lower bound to be maximized becomes

T (6,0) = E(s0)pasea(sic) [Bamas (21500108 (8|2, ¢)] — KL[gs(2]s, ¢)|Ip(2)]],  (3.19)

where E; o) p....(s.0)[-] denotes the sample mean over the training examples S =
{8ms em}imet-

One notable feature of CVAEs is that they are able to learn a “disentangled”
latent representation underlying the data of interest. For example, when a CVAE
is trained using the MNIST data set of handwritten digists and ¢ as the digit class
label, z and ¢ are disentangled so that z represents the factors of variation corre-
sponding to handwriting styles. We can thus generate images of a desired digit
with random handwriting styles from the trained decoder by specifying ¢ and ran-
domly sampling z. Analogously, we would be able to obtain a generative model
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that can represent the spectrograms of a variety of sound sources if we could train
a CVAE using class-labeled training examples.

3.2.3 CVAE source model

Let S = {s(f,n)};, be the entire complex spectrogram of an utterence and c be
the class label of that source. Here, c is a one-hot vector consisting of C' elements,
indicating to which class the spectrogram S belongs. For example, if we consider
speaker identities (IDs) as the class category, each element of ¢ will be associated
with a different speaker, and c will be filled with 1 at the index of a certain speaker
and with 0 everywhere else.

We now model the generative model of S using a CVAE with an auxiliary input
c. So that the decoder distribution has the same form as the LGM (2.63), which is
defined as a zero-mean complex Gaussian distribution,

pe(S|z, c) = Nc(S]0, diag(a(z, ))), (3.20)
= [INe(s(f.m)[0, 05 (f, n: 2, ). (3.21)
fn

Here, o3 (f,n;z,c) denotes the (f,n)th element of the decoder output. Once the
parameter ¢ and ¢ of the encoder and decoder are trained by minimizing the neg-
ative variational lower bound

—T(6,0) = —E(8.c)~puna(S.c) Eamay(ls.c)[108 Po(S|2, ¢)] + KL[gy(2] S, c)||p(2)]]
(3.22)

using speaker-labeled training utterance {S,,,c,,}*_,, the decoder with fixed 6
can be used as a generative model of spectrograms for each speaker py(S,|z;, c;)
at test time. Here, p4..(S,c) is approximated as the empirical distribution of

{Sm, e}, and ¢,(z|S, c) and p(z) are assumed to be Gaussian distributions

p(z) = N(z]0,I), (3.23)
q5(2|S, ¢) = N(z|py(S, ), diag(a(8S, ¢))), (3.24)
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Figure 3.1: lllustration of CVAE source model used in MVAE.

= H/\/ n)|ps(n; S, ¢), 02 (n; 8, c)), (3.25)

where z(n), us(n; S, ¢), and o} (n; S, c)) denote the nth element of the latent space
variable z and the encoder outputs p,(S, c) and (S, c), repectively.

Normalizing the mean and variance of each training sample is one of the com-
mon practices in neural network training. Similarly, in the CVAE training in the
MVAE method, the total energy of each training utterance is normalized to 1. How-
ever, of course, the total energy of the spectrogram of each source in a test mix-
ture can vary from source to source and does not necessarily equal 1. So that the
generative model can flexibly bridge this gap, a scale parameter ¢ is additionally
incorporated into (3.20) and treated as a free parameter to be estimated at test
time. Namely, the generative model of the complex spectrograms S; of utterances
of speaker j can be expressed as

po(S;lzs,ci.95) = [ [ po(si(f.n)1z5,¢5,95), (3.26)
fn
where
po(s;(f,m)|25,¢5,95) = Ne(s;(f,n)|0, g;05(f,n;5 25, ¢5)), (3.27)

and z;, c;, and g, are the unknown parameters to be estimated. (3.26) is called the
CVAE source model. We can immediately confirm that the decoder distribution in
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(8.20) corresponds to a particular case of (3.26) where g; = 1. Since the CVAE
source model is given in the same form as the LGM in (2.63), where v;(f,n) is
given by g;07(f,n;z;,¢c;). The trained decoder distribution py(S;|z;, c;, g;) can be
used as a universal generative model that is able to generate spectrograms of all
the sources involved in the training examples where the latent space variable z;,
the auxiliary input c;, and the global scale g; can be interpreted as the source
model parameters. Fig. 3.1 shows an illustration of the CVAE source model used
in the MVAE method.

According to the properties of CVAEs, we consider that the CVAE training pro-
motes disentaglement between z; and c;, where z; characterizes the factors of
intraclass variation while c; characterizes the factors of categorical variation that
represent source identities. Instead of CVAE, one can also think of using a regular
(unconditional) VAE, as in the VAE-NMF framework proposed for monaural speech
enhancement [77,78]. In this case, all the factors of variations in speech spec-
tra, including the speaker identity factor, will be encoded into the latent variables.
However, this can lead to an overparametrized representation since even though
the speaker identity factor should be considered time-invariant (unlike phoneme-
and Fy-related factors), the latent variables are allowed to vary over time. Hence,
when estimating the latent variable sequence of each source in a given mixture, we
would want to separate out only the speaker identity factor from the latent variable
sequence and force it to be time-invariant so as not to allow it to change during
the utterance. This is the motivation behind the idea of using a CVAE instead of a
regular VAE.

Using the decoder distribution p,(.S;|z;, c;, g;) as the generative model of each
source leads to the same form of the log-likelihood as in ILRMA (2.65):

log p(X W, ¥, G) (3.28)
:QNZlog | det W(f)| + Zlogp9(5j|zj,cj,gj)
f J
c (Wi (f)x(f.n)?
—2N2f:10g|detW(f)| ﬁzﬂ; (loggjag(f,n,zj,c]) + ngg(ﬁn;ZpCj))? (329)

where G = {g;}, and ¥ = {z;, c;},. Since z is assumed to follow A (z|0, I) when ¢
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Algorithm 1 MVAE Algorithm

Require: Network parameter ¢ trained using (3.22), observed mixture signal
x(f,n), iteration number ¥
1: randomly initialize W, ¥
2: optional: update W using a BSS method
3: for/=1t0 . do

4: for each source j of J do

50 y(fin) = wH(X(fn)

6: (updating source model parameters)

7: initialize g; using (3.34)

8: normalization: S; = {y;(f,n)/g;}n

9: for £ = 11to 100 do
10: update z; and c; using backpropagation while keeping 6 fixed
11: end for
12: calculate o7 (f,n;2;,¢;,9;, = 1,0)
13: update g¢; using (3.34)
14: compute v;(f,n) =g, - a?(f,n;zj,cj,gj =1,0)
15: (updating demixing matrices)

16: update w;( f) using the IP method (3.31), (3.32), and (3.33)
17:  end for
18: end for

and ¢ are trained, it would be reasonable to assume it as a prior distribution for z
also at test time. The prior p(c) is the empirical distribution of the training examples
{cn}M_,, expressed as a multinomial distribution. Thus, the log-posterior

m=1"
log p(X|W, V., G;0) + log p(z) + log p(c) (3.30)

is the objective function of the MVAE method to be maximized with respect to W,
¥, and G.

3.2.4 Convergence-guaranteed optimization algorithm

A stationary point of (3.30) can be found by iteratively updating W, ¥, and G
so that (3.30) is guaranteed to be non-decreasing. Since the differential of (3.30)
with respect to W ( f) is equivalent to that of the objective function of ILRMA when
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U and G are fixed, the update rules of W( f) are given as

1
Q,(f) = E[MX(f)XH(f)} : (3.31)
(WH(f>Q‘(f))‘lej, (3.32)

w; — w,(f /\/w (f)w;(f), (3.33)

which are equivalent to the IP method. By setting the differential of (3.30) with
respect to G at 0, we can obtain the update rule of G as the closed-form solution:

x(f,n)|?
FNZn o3 f,n Zj,C;)

(3.34)

Note that (3.34) maximizes (3.30) with respect to g, when W and U are fixed.
While keeping W and g fixed, a gradient descent method, which is implemented
as updating the inputs of decoder with the network parameter ¢ fixed using a back-
propagation, can be used to search for the optimal z; and c; that maximize (3.30),
or equivalently log py(S,|z;, c;, g;) +1og p(z;) +log p(c,) for each j in parallel, where
each element of S; is given by s;(f,n) = wf(f)x(f,n). Note that estimating c;
from a test mixture corresponds to identifying which source is present in the mix-
ture. There are, however, certain cases where we know which sources are present
prior to separation. Thank to the conditional modeling, we can also use our model
in such cases by simply fixing c; at a specified index. When updating c;, the
sum-to-one constraint must be taken into account. This is easily implemented by
inserting an appropriately designed softmax layer that outputs c;,

c; = softmax(u;), (3.35)

and treating u; as the parameter to be estimated instead. The source separation
algorithm of the MVAE method is summarized in Algorithm 1.

The proposed MVAE method is noteworthy in that it offers the advantages of
the conventional methods concurrently: (1) it takes full advantage of the strong
representation power of DNNs for source power spectrogram modeling, (2) the
log-likelihood is guaranteed to be non-decreasing at each iteration of the source
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separation algorithm by using a carefully chosen step size or applying a back-
tracking line search, and (3) the criteria for CVAE training and source separation
are consistent, thanks to the consistency between the expressions of the CVAE
source model and the LGM.

3.3 Learn source model with StarGAN

3.3.1 Motivation

Compared to the linear NMF model, the nonlinear CVAE source model not only
increases the representation power but also makes it possible to capture the tem-
poral structures of sources thanks to carefully designed network architectures for
sequential modeling. However, one well-known problem as regards VAEs is that
outputs from the decoder tend to be oversmoothed, which means the source spec-
trograms may leak spectral details. Besides VAEs, another promising approach to
modeling spectrogram is GANs [76], where the generative distribution of spectro-
grams is optimized by playing a minimax game between a generator and a discrim-
inator. Compared to VAEs, which explicitly assumes the prior distribution about the
data, e.g., Gaussian distribution in a regular VAE or complex Gaussian distribution
S ~ Nc(S|py(z,c), 03(z, c)) in the MVAE method, and learns data distribution by
forcing an approximate posterior distributions to be consistent with the true one,
GANSs train a generator network to deceive a real/fake discriminator network so
that the generator distribution is optimized to fit the target data distribution without
explicit density assumption. This allows us to avoid the mismatch between the as-
sumed and real distributions and the approximation error occuring in the posterior
estimation. Thanks to the training strategy, it is expected that GAN can learn a data
distribution more accurately than VAE. This motivates us to exploit GAN to model
power spectrograms of sources.
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Figure 3.2: lllustration of regular GAN.

3.3.2 GAN and StarGAN

GAN is a training framework of neural network for estimating generative models,
which consists of a generator G that learns the data distribution pq(s|z;6) from
input noise z randomly sampled from p(z), which is usually defined as a Gaus-
sian distribution N'(z]0, I'), and a discriminator D that estimates the probability of
a sample to be real data pp(s; ¢). Here, § and ¢ are network parameters. Fig. 3.2
shows an illustration of GAN. This framework corresponds to a minimax two-player
game. The generator G is trained to maximize the probability estimated by the dis-
criminator D to deceive it, while the discriminator D is trained to accurately classify
the real and generated data as a binary classifier. By assigning the label for real
data as 1 and that for fake data as 0, we can train the generator and discriminator

using the following loss function:
ngn max J(D,G) = Egppua(s)logpp(8)] + Ezopizyllog(l — pp(pa(s|z)))].  (3.36)

In practice, the generator G and discriminator D are updated iteratively during
the training. By fixing the parameter 0, we can obtain the optimum of discriminator
D, which is expressed as

# (. _ pdata<s)
pD(S’ gb) - pdata(s) +pG(S|z; 0) . (337)

Then, substituting the optimal discriminator distribution into (3.36), we can obtain

T (G) = Eonpgua(s)[108 B (83 0)] + Eapia)log(1 = 9} (06(s]2)))]
pdata(s)

=E
pdata(s) + pG(S|Z; 9)

Sdiata(s)

pa(s|z;0) ]

+E. 2 [10
] P 108 a() + pa(s]z; 0)
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o L N

= —log(4) + 2 - JS[pdata(s)||pc(s|z)], (3.38)

where JS[-||-] denote the Jensen-Shannon (JS) divergence [85]. Minimizing (3.36)
with respect to G with fixed discriminator D is equivalent to force the generator
distribution becomes as close as possible to the data distribution in terms of the JS
divergence, where the optimal solution is achieved when the generator distribution
becomes identity to the data distribution.

Although GAN has shown great success in many tasks, to stably train a GAN is
difficult. One reason is the loss function defined using JS divergence, which causes
gradient vanishing when two distributions are disjoint. To address this problem,
extensions of GAN, such as least square GAN (LSGAN) [86] and Wasserstein
GAN (WGAN) [87], have been proposed. Instead of using the cross-entropy in
(3.36), LSGAN utilizes the least square loss to measure the classification accuracy
of the discriminator. The loss functions for the generator and discriminator are

given as

i1 T (D) = S By [(00(5) — 1)) + 5 Eempio[(p0(p6(512) — b)), (3.39

min T (G) = 5Bapis)po(p(sl2) — )7 (3.40)

Here, by, by, and b; are constant values, which are usually defined as (by, b2, b3) =
(—1,1,0) or (b1, bo,b3) = (0,1, 1). WGAN proposes using earth-mover distance, also
named as Wasserstein-1, to measure the dissimilarity of the generator distribution
pa(s|z) and paata(s) instead of the JS divergence, since loss function based on
the JS divergence is discontinuous, which may cause the training unstable. The
training loss function of WGAN is given as

it 02X T (D, G) = B0 P (5)] — B [po(pa(512))] (3.41)

where D denotes a family of 1-Lipschitz continuous functions. In the WGAN, in-
stead of classifying real and fake sample, the discriminator is trained to learn a
1-Lipschitz continuous function to help compute Wasseristein distance. Therefore,
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the discriminator is called “critic”. As the loss function (3.41) decreases in the train-
ing, the Wasserstein distance gets smaller and the generator distribution grows
closer to the real data distribution. To enforce the 1-Lipschitz continuity during the
training, [88] proposes a practical trick called weight clipping, namely, clamping the
weights ¢ to a small range [—a, a] after every gradient update to keep the parameter
space compact so that the function pp(s) preserves the Lipschitz continuity. Here,
a is a small value usually set at 0.01. However, WGAN using weight clipping still
suffers from unstable training, vanishing gradients, and slow convergence when
an inappropriate clipping range is employed. To further improve the training pro-
cess, [89] proposes an alternative way to enforce the Lipschitz continuity. Since a
differentiable function satisfies 1-Lipschtiz if and only if it has gradients with norm at
most 1 everywhere, the gradient norm of the critic’s output with respect to its input
can be used as a constraint. This constraint is called gradient penalty. Therefore,
the training loss function of WGAN with gradient penalty (WGAN-GP) is expressed
as

minmax J (D, &) = Ezwp(z) [P0 (96(8]2))] = Espgura(s) [P0 (8)]

+ )\gradE.§~p(.§)[(||v.§pD('§)||2 - 1)2]7 (342)

where s is a data sampled uniformly along straight lines between pairs of points
sampled from the real data distribution pq.¢.(s) and the generator distribution pg(s|z).
Agrad 1S @ NONNegative weight paramter and || - ||, denotes L, norm.

StarGAN [90] is a GAN variant, which consists of a generator G, a discrimi-
nator D, and a domain classifier O. The generator G is trained to translate input
data s into an output data s conditioned on the target domain label ¢, ps(8]s,c).
The discriminator produces the probability of a data to be real pp(s). The domain
classifier classifies to which domain the data belongs, po(c|s). First, to make the
generated data indistinguishable from real data, an adversarial loss is defined as

jadV(D7 G) = Eszdata(S) []'ngD(S)} + E(Svc)diata(sac) [1Og(1 —Pb (pG('§|S7 C)))] (3'43)

The generator G aims to minimize this objective function, while the discriminator D
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aims to maximize it. The aim of the generator is to translate s to s, which is properly
classified to the target domain c. To achieve this condition, a domain classification
loss is used to train the network, which is defined as

Jas(0,G) = Ey ) pnnas) |7 10820(¢ 1)) + Es.cmpauna(s.0) [~ 10g PO (clpa (5, 0)))-
(3.44)

By minimizing this objective function, the domain classifier O learns to classify a
real data s to its corresponding original domain ¢ and a generated data p¢(s, c) to
the target domain c. The generator G is trained to minimizing this objective function
to generate data that can be classified as the target domain c. Finally, a recon-
struction loss is considered since minimizing the losses (3.43) and (3.44) does not
guarantee that translated data preserve the content of its input while changing only
the domain-related information. The reconstruction loss is expressed as

‘ZGC(G) = ]E(S,C/,C)diam(s,c/,c) H ‘S - pG(pG(S7 C)? C/) H1]7 (345)

where ||-||; denotes L, norm. This objective function is minimized when the genera-
tor G completely reconstructs the original data s taking the translated data pg (s, ¢)
and the original domain label ¢ as input. The total objective functions for each

network is given as

j(D) - _jadva (346)
J(0) = Jas, (3.47)
j(G) = jadv + )\Clsu7cls + >\recu7recu (348)

where )\ and \... are parameters weigh the importance of domain classification
loss and reconstruction loss.

StarGAN was originally proposed for multi-domain translation [90], which has
recently been adapted for use in many-to-many voice conversion [91-93] and
shown to perform remarkably. This confirms the effectiveness of StarGAN for mod-
eling audio signals.
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Figure 3.3: Concept of StarGAN training. Generator is designed as an encoder-
decoder architecture, where trained decoder distribution is used as a source
model, called StarGAN source model. Inputs of decoder, namely, z and c, are
parameters of source model.

3.3.3 StarGAN source model

Let us consider a power spectrogram S = {|s(f,n)|?};,. as the data and a target
speaker ID c as the class label, namely, we consider a translation among speaker
domain, p&(S|S, ¢). If we use the power spectrogram Sj as the variance of v;(f,n),
we can explain the generator as a source variance convertor, which converts vari-
ance matrix of speaker ¢ to speaker c. One of the goals of StarGAN is to make S
as realistic as real spectrograms belonging to the speaker c. To realize this we use
a real/fake discriminator D to produce a probability p(S) to measure how likely the
power spectrogram S is a real spectrogram whereas we use a speaker classifier O
to produce class probabilities po(c|S) of S.

Fisrt, instead of the adversarial loss function of GAN (3.43) used in the original
StarGAN, we define an adversarial loss using WGAN-GP [89], which can stablize
the training procedure:

Ture(D) = Es.c)praa(s.c) [P0 (6 (S, €))] = Espynen(s) [P0 (S)]
+ AgraaEs 5 (I Vs D(S) |2 — 1)7), (3.49)
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ja?iv<G> = _E(suc)diata(s1c) [pD (pG<S7 C))] (350)

Here, E[-] denotes sample mean, ||- ||, denotes L, norm, and Agaq iS @ nonnegative
weight parameter. 72 (D) takes a small value when D correctly classifies ps(S, c)
and S as fake and real spectrograms whereas 75 (G) takes a small value when G
successfully deceives D so that ps(S, c¢) is misclassified as real spectrograms by
D. Next, we consider domain classification losses for classifier O and generator G,

which are defined as

TH(0) = —Eemy(e), s~p(sio)10g po(c|S)],
TG(G) = —Eep(e), s~ps)[l0g po(clpa(S, ¢))]. (3.51)

Both 7%(0) and J5.(G) take small values when O correctly classifies S ~ p(S|c)
and p¢ (S, c) as belonging to speaker c. Training G, D, and O using only the above
losses does not guarantee that GG will preserve the linguistic information of the input
spectrogram. To encourage p; (S, c) to be a bijection, a cycle consistency loss is

also employed for training, which is expressed as
Teye(G) = Ecrope), s~p(sie’), emp(e)||[Pc (P (S, €), €') — S|[1], (3.52)
where || - ||, denotes L, norm. We also consider an identity mapping loss
Jia(G) = Eep(e), s~p(sje) [[|G(S, ¢) = S|[1] (3.53)

to ensure that an input spectrogram into G will remain unchanged when the input
already belongs to the target speaker. To summarize, the full objectives of StarGAN
to be minimized with respect to G, D, and C are given as

Te(G) =Tain(G) + Ais Tge(G) + AeyeTeye(G) + g T (G), (3.54)
jD(D> - a[d)v(D)’ (355)
Jo(0) =J5(0), (3.56)

respectively, where A\¢gs > 0, Aceyc > 0, Aig > 0 are regularization parameters weigh-
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ing the importance of the domain classification loss, the cycle consistency loss,
and the identity mapping loss relative to the adversarial losses.

Fig. 3.3 shows an illustration of the StarGAN source model training. We de-
sign the generator as an encoder-decoder structure. The encoder aims to extract
the low-dimensional latent representation z of the input spectrogram, whereas the
decoder takes the latent variable z and a class index c as inputs and performs
spectrogram conversion. The decoder distribution can be utilized as a genera-
tive model of power spectrograms, where z and c are parameters of the model.
Furthermore, since the generator of StarGAN is trained as a speaker convertor
for multiple speakers, the decoder can generate power spectrograms belonging to
all the speakers included in the training dataset, which has the same property of
that in the CVAE source model. We call the decoder distribution trained with the
StarGAN the StarGAN source model. With the trained decoder distribution, we
can employ the multichannel source separation algorithm proposed in the Subsec.
3.2.4 for determined situations, where we call the method MSGAN. Note that al-
though the optimization algorithm of MSGAN is guaranteed to be non-decreasing
at each iteration of log-likelihood as that in the MVAE method, the criteria used for
training the source model and separation are different, where an adversarial loss is
used for training the source model and a ML criterion is used for separation. This
is different from the MVAE method.

3.4 A fast optimization algorithm for MVAE

3.4.1 Motivation and idea

It is worth noting that with the algorithm described in Subsec. 3.2.4, the model
parameters can be updated so as not to decrease the log-likelihood at each itera-
tion by using a carefully chosen step size or applying a backtracking line search.
However, one downside is the high computational cost of the backpropagation pro-
cess involved in each iteration, which is a major barrier to the practical application
of the MVAE method. To address this drawback, in this section, we propose an
accelerated version of the MVAE method called the “FastMVAE” (or fMVAE).
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Since the process of updating the parameters of the CVAE source model is
more computationally costly than that of updating the other parameters, our main
focus is on how to accelerate this process. When W is fixed, each element of S
will be fixed at s;(f, n) = w'(f)x(f,n). Now, since the terms that depend on z; and
c; in (3.30) are given as

log po(S;]2;, ¢;, 9;) + log p(z;) + log p(c;) =log pe(z;,¢;|S;, g;), (3.57)

we would like to find z; and c; that maximize the posterior p(z;,c;|S;,g;) after
updating W. This posterior can be factorized as

p(z5,¢5]85, 95) = (25185, ¢4, 95)p(c;|S;, 95)- (3.58)

Here, we notice that the first factor, p(z;|S;, c;, g;), resembles the encoder (or in-
ference) distribution in the CVAE in (3.24), with the difference being that it is also
conditioned on the scale parameter g;. Since the total energy of each training
utterance is assumed to be normalized to 1 in the CVAE training as mentioned
earlier, g; can be thought of as a parameter that plays the role of normalizing the
total energy of an unnormalized input S; to 1 at test time so that the scale of the
encoder input is ensured to be consistent with the training utterances. Specifically,
the encoder distribution that allows for unnormalized inputs is implicitly assumed
to be given as the following expression:

06(z|S, c. g) = N(z|p,(S/g,c), diag(o?(S/g.c))), (3.59)
= [IN(Gz()us(n; S/g. ), 0% (n; S/g,¢)), (3.60)

which reduces to (3.24) when ¢ = 1. Thus, we can use the trained encoder
4+(2;|S;, c;, g;) as an approximation of the first factor of the posterior p(z;, ¢;|.S;, g;).
This means that if we could obtain the true distribution p(c;|.S;, g;) or its approxi-
mate distribution r(c;|S;, g;), we would be able to find an approximation of the
maximum point of the posterior p(z;, c;|S;, g;) by finding the maximum point of the
corresponding approximate distribution.

In this section, we review the concept of an auxiliary classifier VAE (ACVAE)
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[94], present how this concept can be used to obtain r(c;|S;, g;), and introduce the
details of the proposed optimization algorithm.

3.4.2 Auxiliary classifier VAE

ACVAE [94] is a CVAE variant, which incorporates an information-theoretic regu-
larization [95] that assists in making the decoder outputs as correlated as possible
with the class variable ¢ by maximizing the mutual information between ¢ and an
output S ~ py(S|z, c) from the decoder, conditioned on z. The mutual information
is expressed as

Z(c, 8|2) = Ecnpyua(c).S~ps(Slz.c).c'~p(c|s) [log p(c|S)] + H(c), (3.61)

where paata(c) is the empirical distribution of ¢ in the training dataset, and H(c)
represents the entropy of ¢, which can be considered as a constant term. Although
it is difficult to optimize Z(c, S|z) directly since it requires access to the posterior
p(c|S), we can derive a variational lower bound of the first term of Z(c, S|z) by
using a variational distribution r(c|S) to approximate p(c|.S):

Eempgaia(©),S~ps(Slzc).c’~p(c|s) [0 P(c|S)]
7“(C’|A5’)p(<3’|5)]
r(c'|S)

=Eempaa(c),S~po(Slzc) [ KLP(C'|9)]|7(c'[8)] + Eerp(eisyllog r(c’|S)]]
>Eenpauia(c).Smps(Slzc) e/ ~p(c|s) [10g (| S)]

=Ecpgara(c).S~ps(Sizc) [log 7(c|S)], (3.62)

:]Echdata(C)szPH(S‘zvc)vcle(CLs) |: log

where the equality holds if and only if r(c|S) = p(c|S). This technique of lower
bounding mutual information is known as variational information maximization [96].
The last line of (3.62) follows the lemma presented in [95]. Therefore, we can indi-
rectly maximize Z(c, S|z) by increasing the lower bound with respect to py(S|z, c)
and r(c|S). One way to achieve this involves expressing the variational distribu-
tion r(c|S) as a neural network and training it along with ¢,(z|S, c¢) and py(S|z, c).
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Specifically, r(c|S) can be expressed as a multinomial distribution
ry(c|S) = Mult(c|p,(S)). (3.63)

Here, Mult(c|p) « [T, p{" denotes a multinomial distribution, where ¢ = [cy,...,c"
and p = [p1,...,p1]". p,(S) denotes a neural network that takes S as an input and
produces a probability vector consisting of C' elements. (3.63) is called an auxiliary
classifier. Therefore, the regularization term that we would like to maximize over

the training samples with respect to ¢, 0, and ) becomes

Tac1 (0, 0,1) = E(8.c)mpaara(8.0).05(2/5 ) Ecmpaaea(c) S~po (Slzc) 108 T4 (| S)]],  (3.64)

where r,(c|S) must satisfy the sum-to-one constraint. With the regularization term
(3.64), the auxiliary classifier is trained using only the reconstructed spectrograms.
Since we can also use the spectrograms of real speech to train the auxiliary clas-
sifier, we can further use the cross-entropy

Jac2(V) = E(s e)mpaa(s.e)[10875(€] F)] (3.65)

as the training criterion. The entire training criterion is thus given by combining the
loss function of CVAE (3.22) with regularization terms,

_j(¢7 6) - )\acljacl (¢7 6; w) - )\a02a7a02(2/})7 (366)

where A\,.; > 0 and \,.o > 0 are the parameters weighing the importance of the
regularization terms. Fig. 3.4 shows an illustration of ACVAE.

3.4.3 FastMVAE algorithm

As mentioned above, the auxiliary classifier distribution r,(c|S) trained using
{S.., e }M_, is expected to be a good approximation of the conditional distribution
p(c|S). Now, in the same way that we considered the encoder that flexibly allows

for an unnormalized input, here we also consider an auxiliary classifier r,(c|S, g)
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Figure 3.4: lllustration of ACVAE used in fMVAE method.

that incorporates the global scale parameter g such that
ry(clS, g) = Mult(c|p,(S/g))- (3.67)
Using the trained auxiliary classifier and encoder, we can obtain an approximation
p(zj, <5185, 95) = ry(ci]S;, 95)46(251 85, ¢j, 95)- (3.68)

Since the maximum points of r,(c;|S;, g;) and g¢4(z;|S;, c;, g;) can be found imme-
diately, we can use these approximate distributions to find an approximate solution
to

(2, ¢j) = argmaxp(z;, ;|5 9;) (3.69)
instead of the gradient descent update for increasing log ps(S,|z;, ¢;, g;)+log p(z;)+
log p(c;). Fig. 3.5 shows the flowchart of the proposed algorithm for the I = 2 case.
The algorithm is summarized in Algorithm 2. The main difference between the new
algorithm from the original version is that the optimal z; and c; are estimated using
the forward propagations of the two pretrained networks instead of using gradient
descent updates. Specifically, z; is given as the mean of the encoder distribution
14(S;/9;,c;). There are two possible ways to update the class variable c;. One is
to directly use the probability vector produced by the auxiliary classifier network

cj < py(Si/9;) (3.70)
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Algorithm 2 FastMVAE Algorithm

Require: Network parameter 6, ¢, v trained using (3.66), observed mixture signal
x(f,n), iteration number £, weight parameter o
1: randomly initialize W, ¥
2: optional: update W using a BSS method
3: for/=11t0 . Z do

4: for each source j of J do

50 yi(fn) = wH()x(fn)

6: (updating source model paremeters)

7: initialize g; using (3.34)

8: normalization: S; = {y;(f,n)/g;}n

9: update c; using (3.70) or (3.71)

10: update z; using (3.75)

11: compute o7 (f,n;2;,¢;,9; = 1,6)

12 update g; using (3.34)

13: compute v;(f,n) =g, - og(f,n;zj,cj,gj =1,0)
14: (updating demixing matrices)

15: update w;(f) by IP method with (3.31), (3.32), (3.33)
16: end for

17: end for

We hereafter refer to the proposed algorithm using this update rule as fMVAE c.
The other is to use the one-hot vector closest to the output of the auxiliary classifier

1 (n=n),

[c)]n (3.71)
0 (n#1),

f = argmax [py(S;/95)n, (3.72)

where [-], is used to denote the nth element of a vector. We hereafter refer
to the algorithm using this update rule as fMVAE o. Here, the subscripts are
the first letters of “continuous” and “one-hot”, respectively. r,(c;|S;,g;) can be
seen as a speaker recognizer trained with explicit supervision. Hence, the pro-
posed algorithm is expected to perform better than the original version in terms
of speaker identification accuracy. However, one downside would be that it does
not guarantee a non-decrease in the objective function because of the approxima-
tion p(z;, c;|S;,95) =~ ryu(ci|S;, 91)94(2;]S;, cj, g;). How this actually affects source
separation performance will be discussed later. Note that the proposed fast algo-
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Figure 3.5: Flowchart of fIMVAE for I = 2 case.

rithm can be applied to MSGAN, since the StarGAN source model is trained with
domain classifier, and the generator is designed to have an encoder-decoder ar-
chitecture, which can be used as the auxiliary classifier, encoder, and decoder in
the FastMVAE method.

3.4.4 Prior-weighted inference

The encoder network is trained so that ¢,(z|S, c) becomes as close as possible to
p(z) = N(z|0, I). However, through preliminary experiments, we found that at test
time the trained encoder occasionally produced outliers that significantly deviated
from the assumed distribution A/ (z|0,I). This may be because the encoder did
not generalize very well due to the limited amount of training data or the mismatch
between the training and test conditions. Since the decoder network was trained
under the assumption that its input follows A/ (z|0, I'), these outliers tended to neg-
atively affect the resulting decoder outputs and eventually the estimate of W (f).
One heuristic way to address this problem would be to reapply the prior distribution
p(z) during inference. In the following, we omit the source index j in this subsection
for simplicity of notation.

As a way of reapplying the prior, we adopt the concept of product-of-experts
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(PoE) [97] and define z as

z = argmax p(z|S, c, g)p(z)®
~ argmax ¢y(z|S, c, g)p(z)”

= argmax log ¢,(z|S, ¢, g) + alog p(z), (3.73)

where o weighs the importance of the prior in the inference. Since both ¢,(z|S, c, g)
and p(z) are multivariate Gaussian distributions, (3.73) can be expressed as

log q4(2|S, ¢, g) + alogp(z)

£ —%(z — 1y (S/g, c))TEd_)1 (z — py(S/g, c)) — %ZTZ

. _E;l +al

e CE DR CEDE (3.74)

where X, = diag(o(S/g,c)) and p = 3, 1(3, " + o) p,(S/g, c). Therefore, the
update rule for z can be easily derived as

z 3, (8, 4+ od) ' py(S/g,c). (3.75)

Note that (3.75) reduces to the mean of the encoder distribution when o = 0.

3.5 Experimental evaluations

To evaluate the effectiveness of the proposed methods, we conducted several

multi-speaker source separation experiments in which we considered both speaker-

dependent and speaker-independent separation tasks. Specifically, the speaker-

dependent and speaker-independent conditions indicate whether the test speaker

is seen in the training dataset. It should be noted that even in the speaker-dependent
condition, the training and test sets are disjoint at the sentence level.
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Figure 3.6: Configuration of room, where o and x represent the positions of micro-
phones and sources, respectively.

3.5.1 Dataset for speaker-dependent separation

We used speech utterances of two male speakers (SM1, SM2) and two female
speakers (SF1, SF2) excerpted from the Voice Conversion Challenge (VCC) 2018
dataset [98] for the speaker-dependent source separation experiment. The audio
files for each speaker were about seven minutes long and manually segmented
into 116 short sentences, where 81 and 35 sentences (about five and two minutes
long, respectively) served as training and test sets, respectively.

We used two-channel mixture signals of two sources as the test data, which
were synthesized using simulated room impulse responses (RIRs) generated us-
ing the image method [99] and real RIRs measured in an anechoic room (ANE)
and an echo room (E2A). Fig. 3.6 shows the configuration of the room used for
simulating RIRs. To meet the instantaneous mixing model assumption, the rever-
beration times (RT}o) [100] of the simulated RIRs were set at 78 and 351 ms, which
were controlled by setting the reflection coefficient of the walls at 0.20 and 0.80, re-
spectively. For the measured RIRs, we used the data included in the RWCP Sound
Scene Database in Real Acoustic Environments [101]. The RTy, of ANE and E2A
were 173 and 225 ms, respectively. The test data included 4 pairs of speakers,
i.e., SF1+SF2, SF1+SM1, SM1+SM2, and SF2+SM2. For each speaker pair, we
generated ten mixture signals. Hence, there were a total of 40 test signals for each
reverberation condition, each of which was about four to seven seconds long. All
the speech signals were resampled at 16 kHz.
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Figure 3.7: Network architectures of the encoder and decoder used for MVAE
and fMVAE and the classifier used for fMVAE. The inputs and outputs are one-
dimensional data, where the frequency dimension of the spectrograms is regarded
as the channel dimension. The ‘w’, ‘c’, and ‘k’ denote the width, channel number,
and kernel size, respectively. Conv and Deconv denote one-dimensional convo-
lution and deconvolution; BN and GLU stand for batch normalization and gated
linear unit.
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3.5.2 Network architectures for proposed methods

Fig. 3.7 depicts the details of the network architectures employed in the MVAE and
fMVAE methods. We used the same network architectures to train the CVAE and
ACVAE. All the networks were designed to be fully convolutional to handle input
spectrograms of signals with arbitrary lengths. We used one-dimensional gated
convolutional neural networks (CNNs) [102] to model spectrograms, which allows
the networks to capture time dependencies in spectral sequences. At each gated
CNN layer in the encoder and decoder, a broadcast version of ¢ is appended along
the channel dimension to the output of the previous layer.

Gated CNNs were initially introduced to model word sequences for language
modeling and shown to outperform long short-term memory (LSTM) [103] lan-
guage models trained in a similar setting. By using O, ; to denote the output
of the (I — 1)th layer, the output of the ith layer ©, of a gated CNN can be written
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sifier used for MSGAN. The inputs and outputs are two-dimensional data. The

s, ‘c’, and ‘K’ denote data size, channel number, and kernel size, respectively.
Conv and Deconv denote two-dimensional convolution and deconvolution; IN and
LReLU stand for instance normalization and Leacky ReLU. Class index is concate-
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as
O; = (01 * W+ D) @ 0(O;_ » W§ + BP), (3.76)

where Wi, W#, B, and B} are weight and bias parameters of the ith layer, ®
denotes element-wise multiplication, and o is the sigmoid function. The main dif-
ference between a gated CNN and a regular CNN layer is that a gated linear unit
(GLU), namely the second term of (3.76), is used as a nonlinear activation function.
Like LSTMs, GLUs have data-driven gates, which control the information passed
on in the hierarchy. Although it is indeed a natural choice for modeling long-term
dependencies of time series data using recurrent netural networks (RNNs)-based
architecutre, including LSTMs. CNNs also have excellent potential for capturing
long-term structures and modeling spectrograms of audio signals. We have made
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Figure 3.9: Example of CVAE and MSGAN source models obtained under ‘ANE’
condition.

an investigation of gated CNNSs for spectrogram modeling in [I3], where we com-
pared the source separation performance of DC [64], amounts of training data,
and training time of gated CNNs with bidirectional LSTM (BiLSTM). We found that
using gated CNNs could achieve comparable performance of using BiLSTMs with
fewer parameters. Gated CNNs could be trained more quickly and stably. After our
work, gated CNNs have been widely used for modeling spectrograms and shown
remarkable performance [104, 105].

Fig. 3.8 depicts the details of the network architectures employed in the MS-
GAN method. We leverage the idea of Patch-GAN [106] to devise a real/fake dis-
criminator D, the output of which is a sequence of probabilities that measures how
likely each segment of the input is to be real. This forces the generator to generate
more local details. Otherwise, it will fail to deceive the discriminator. The domain
classifier O is designed to share the low-level features with the discriminator. We
used two-dimensional convolution and transpose convolution networks for all the
networks used in the MSGAN method. Adam [107] was used to train the networks.

3.5.3 Difference between VAE, CVAE, and StarGAN source mod-
els

We first made a comparsion between the CVAE and StarGAN source models. We
run the MVAE and MSGAN methods for 30 iterations after initializing the demixing
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Table 3.1: SDR, SIR, SAR, PESQ, and STOI achieved by MVAE and MSGAN
under various reverberant conditions. The bold font indicates the beat scores.

SDR [dB] SIR [dB] SIR [dB]

Reverberant conditions | MVAE MSGAN | MVAE MSGAN | MVAE MSGAN
RTy = 78 Ms 2269  24.08 | 27.38  28.85| 26.31  27.21
RTg = 351 ms 7.63 6.09 | 14.95 1234 | 8.97 8.11

ANE (RTs = 173 ms) 19.44 20.92 | 23.73 25.69 | 23.41 24.08
E2A (RTs) = 225 ms) 6.76 6.36 | 15.28 13.98 | 7.94 7.95

average 14.13 14.36 | 20.33 20.21 | 16.66 16.84
PESQ STOI
Reverberant conditions | MVAE MSGAN | MVAE MSGAN
RTg =78 ms 3.40 3.50 | 0.9375 0.9480
RTg = 351 ms 2.05 1.96 | 0.8221 0.8074
ANE (RTgsy = 173 ms) 3.18 3.19 | 0.9047 0.9047
E2A (RTso = 225 ms) 2.36 2.31 | 0.7666 0.7585

average | 275 274 0.8577 0.8547

matrix W by running ILRMA for 30 iterations. The spectral templates number K for
ILRMA was set at 1. Adam [107] was used to estimate the source model parameter
U = {z;, c;}; in both algorithms.

Table 3.1 shows SDR, SIR, SAR, PESQ, and STOI scores obtained by MVAE
and MSGAN methods. All the results were averaged over the 40 test signals under
each reverberant condition. The results reveal that MSGAN slightly outperformed
MVAE in terms of SDR and achieved comparative results in terms of other crite-
ria. Comparing the results under each reverberant condition, we find that MSGAN
performed better in low reverberant situations and the performance degraded with
relatively heavy reverberantion. Fig. 3.9 depicts an example of the power spec-
trograms estimated by different methods. We found that the CVAE and StarGAN
source models used in the MVAE and MSGAN methods can precisely capture
spectro-temporal structures of sources. Moreover, the StarGAN source model
could represent more details of harmonics than the CVAE source model, while
it might lead to more unexpected distortions in local. Considering the training dif-
ficulty of StarGAN and the limited improvement of the StarGAN source model, we
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Table 3.2: Average SDR, SIR, SAR, PESQ, and STOI scores achieved by MVAE
with CVAE and VAE for source modeling. The bold font indicates the best scores.

Method SDR [dB] SIR[dB] SAR [dB] PESQ STOI

MVAE(VAE) 15.35 20.30 1791  2.72 0.8495
MVAE(CVAE) 17.03 23.75 18.61 2.24 0.8717

Table 3.3: Methods for comparison

Category Method  Notation Initialization

unsupervised

) ILRMA Baseline1: u.u.lLRMA random
uninformed

ILRMA Baseline2: s.u.lLRMA random

supervised MVAE Baseline3: s.u.MVAE random/IVA/u.u.ILRMA

uninformed fMVAE o Proposedi: s.u.fMVAE o random/IVA/u.u.lLRMA
fMVAE ¢ Proposed2: s.u.fMVAE ¢ random/IVA/u.u.ILRMA
ILRMA Baseline4: s.i.ILRMA random

supervised IDLMA Baseline5: s.i.IDLMA random

informed MVAE Baseline6: s.i.MVAE random/IVA/u.u.ILRMA
fMVAE Proposed3: s.i.fMVAE random/IVA/u.u.ILRMA

thought the CVAE source model was more preferable. Therefore, we compared
source separation between the baseline methods with the MVAE mothed.

We also confirmed the effectiveness of conditional modeling by comparing the
performance obtained with the CVAE source model and its unconditional counter-
part under the MVAE framework. Table 3.2 shows SDR, SIR, SAR, PESQ, and
STOI scores. As can be seen from the results, the CVAE source model obtained a
1.7-dB higher SDR than a source model based on a regular VAE.

3.5.4 Baseline methods for comparison

We chose ILRMA [9] and IDLMA [73] as the baseline methods for comparison. We
tested several different versions of the proposed and baseline methods. We use
the terms “supervised/unsupervised” and “informed/uninformed” to properly cate-
gorize each version of the methods. The terms “supervised” and “unsupervised”
indicate whether a method requires training examples of source signals prior to
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Figure 3.10: Learning curves of CVAE and ACVAE source models.

source separation, while the terms “informed” and “uninformed” indicate whether
a method is informed about which sources are present in a test mixture signal.
Categorization of each version is summarized in Table 3.3.

We set the basis number K; = 10 for u.u.lLRMA and randomly initialized the
basis spectra and activation matrix. For supervised ILRMA, basis spectra with
K = 10 were pretrained for each speaker in the training dataset using the NMF
algorithm. They were then concatenated and used as a unified model to repre-
sent all the sources in s.u.ILRMA, whereas the basis spectra corresponding to
the specific speakers present in a mixture signal were provided to the method in
s.i.ILRMA. Note that Algorithm 1 and Algorithm 2 correspond to s.u.MVAE and
s.u.fMVAE _o/s.u.fMVAE_c, respectively. For s.i.MVAE and s.i.ftMVAE, the correct
class label c; is given and fixed during the update. Fig. 3.10 shows the learning
curves of the CVAE and ACVAE training processes. The curves demonstrate that
the networks were trained stably with fast convergence.

For s.i.IDLMA, we used a fully connected neural network with four hidden lay-
ers. Each layer had 1024 units, and a rectified linear unit was used for the output
of each layer, which was the same as the network architecture used in [73]. We
implemented the training settings described in [73], namely using the Gaussian-
IDLMA loss function and concatenation of the current, preceding, and succeeding
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Table 3.4: Average SDR [dB] obtained with various STFT settings. The bold font
shows the best scores.

Window length [ms]
32 64 128 256

s.u.MVAE 1091 13.38 14.01 1227
s.i.MVAE 10.84 13.41 13.76 12.47
s.u.fMVAEo 11.63 12.11 14.67 13.85
s.u.fMVAE_c 431 1036 13.51 13.26
s.i.fMVAE 11.57 1225 14.76 14.13

Method

frames to capture the temporal dependency, data augmentation, and regulariza-
tion. The only difference was the optimization algorithm, where we used Adam to
train the network for 700 epochs instead of Adadelta [108] for 200 epochs. More
training details are available in [73].

3.5.5 Experimental analysis of hyperparameters and source sep-

aration performance

In this subsection, we compare the separation performance across different STFT
window lengths, different initialization methods for the MVAE and fMVAE algo-
rithms, and different o settings.

Since all the methods are based on the instantaneous linear mixture model,
the STFT window length may affect the separation performance of each of them,
especially under reverberant conditions. We computed the STFT using a Hamming
window with a length of {32, 64,128,256} ms, and by shifting half of the length for
each frame. In this experiment, all the MVAE and fMVAE methods were initialized
by running u.u.ILRMA for 30 iterations. The MVAE or fMVAE algorithm was then
run for 30 iterations, where Adam was used to update z; and c; in the MVAE
methods with a step size set of 0.01. We used a = 0 for fMVAE in this experiment.
Table 3.4 shows the SDR scores obtained with each method. From these results,
the optimal window length that gave the best overall performance was 128 ms for
the current dataset. Therefore, we conducted all the following experiments using a
window length of 128 ms.
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Table 3.5: Average SDR [dB] obtained by MVAE and fMVAE methods adopting
different initialization approaches. The bold font shows the best scores.

Method Initialization
random IVA ILRMA

s.u.MVAE 17.03 12.58 14.01

s.i.MVAE 16.58 12.45 13.76

s.u.fMVAE_o 1426 13.67 14.67
s.u.fMVAE_c 13.78 12.62 13.51

s.i.fiMVAE 1493 13.82 14.76
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Figure 3.11: Average SDR achieved with various « in a speaker-dependent condi-
tion.

To confirm the impact of the initialization for the MVAE and fMVAE methods on
the source separation performance, we compared the algorithms using the follow-
ing three initialization methods: 1) random initialization with the demixing matrices
initialized at identity matrices; 2) IVA; and 3) u.u.ILRMA. To keep the number of up-
dates of the demixing matrices constant, each algorithm was run for 60 iterations
for the random initialization case and 30 iterations after an initialization algorithm
was run for 30 iterations for the other cases. Table 3.5 shows the SDR scores over
the 160 test samples. From these results, we found that the methods adopting
ILRMA for initialization achieved better performance than those using IVA for ini-
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tialization. One possible reason could be that block permutation had occurred in
IVA. It is worth noting that the MVAE methods with random initialization obtained
more than 3 dB higher SDR improvements than when using IVA and ILRMA for
initialization. Meanwhile, though random initialization slightly outperformed ILRMA
in s.u.fMVAE_c and s.i.fMVAE, there were no noticeable differences. Therefore, we
adopted random initialization in the following experiments.

Finally, we investigated how much the performance depends on the weight pa-
rameter « in the prior-weighted inference. We set « at {0, 1, 10, 50, 100, 200, 300, mean},
where “mean” indicates the data-dependent setting

N
1 2
a=x Z o,(n; S, c). (8.77)

Fig. 3.11 shows the average SDR scores over 160 test signals. We found that the
effectiveness of the prior distribution p(z) in improving the source separation per-
formance was modest in the speaker-dependent case and that the SDRs started
to decrease at a > 10, which indicates that a smaller value leads to better per-
formance for the speaker-dependent case. Moreover, the curve of fMVAE_o was
entirely above the curve of fMVAE ¢ without regard for the choice of the initializa-
tion methods, which indicates that fMVAE o is more effective in speaker-dependent
scenarios.

Table 3.6 shows scores obtained by each method with the optimal parameter
setting. By comparing supervised methods to the blind method (u.u.ILRMA), we
confirmed that an appropriately pretrained source model could lead to considerably
improved source separation performance. The MVAE methods achieved the best
scores in both the uninformed and informed categories, which significantly outper-
formed the other methods. The fMVAE method yielded an average SDR score that
was 2.8 dB lower than the original MVAE method, but about 0.75 dB higher than
the other baseline methods.
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Table 3.6: Average SDR, SIR, SAR, PESQ, and STOI scores achieved by each
method with the optimal parameter setting. The bold font indicates the best scores.

Method SDR[dB] SIR[dB] SAR[dB] PESQ STOI
u.u.lLRMA 12.36 17.77 15.29 1.83 0.8345
s.u.ILRMA 13.50 19.01 16.60 1.92 0.8367
s.u.MVAE 17.03 23.75 18.61 224 0.8717

s.u.fMVAE_o 14.26 19.89 16.71  2.07 0.8454
s.u.fMVAE_c 13.95 19.54 16.33 2.66 0.8452

s.i.ILRMA 13.30 18.60 17.02 1.91 0.8355
s.i.IDLMA 14.15 21.11 15.59 1.77 0.8692
s.i.MVAE 16.58 22.87 18.40 2.84 0.8641
s.i.fMVAE 14.93 21.00 16.98 2.73 0.8548

Table 3.7: Computational times of MVAE and fMVAE methods with random initial-
ization.

Processor Method rumtime/iteration [sec] total [sec]
s.u.MVAE 2.8147 172.5241
GPU s.u.fMVAE_o 0.0367 5.5661
s.u.fMVAE_c 0.0365 5.5372
CPU s.u.fMVAE_o 0.0979 8.6823
s.u.fMVAE_c 0.0969 8.7434

3.5.6 Computational time

The average computational times of the MVAE and fMVAE methods with random
initialization are summarized in Table 3.7. All the programs were run using an In-
tel (R) Core i7-7800X CPU@3.50 GHz and a TITAN V GPU with 12-GB memory.
Here, “runtime/iteration” means the computational time required to update the pa-
rameters once using the MVAE or fMVAE algorithm. The “total” time indicates the
time taken by the entire process, including the time for constructing the system
(e.g., loading the pretrained networks to a GPU), updating parameters, and per-
forming the separation. Through the comparison of the runtime at each iteration,
we found that the fMVAE algorithm was about 70 times faster than the MVAE algo-
rithm. Moreover, fMVAE was found to reduce the computational time by more than
90% even when using a CPU. These results indicate a tradeoff between the source
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Figure 3.12: Average SDR over 200 test signals achieved with various «.

separation performance and computational time: the MVAE method provides better
separation performance with high computational cost, whereas fMVAE significantly
reduces computational cost but with performance degradation.

3.5.7 Speaker-independent separation

In practical applications, the speakers in a given mixture signal are not always
included in the training dataset. In this subsection, we show the performance of
the MVAE and fMVAE methods in speaker-independent tasks and compare them
with u.u.ILRMA, which requires no prior information about the speakers.

We created datasets using utterances from the Wall Street Journal (WSJ0) cor-
pus [109]. All the utterances in WSJO0 folder si_tr_s (around 25 hours) were used
as the training set, which consists of 101 speakers in total. If there is a large num-
ber of utterances of a sufficiently wide variety of speakers in the training dataset,
the trained model is expected to have an ability to express spectrograms of un-
seen speakers. When a test mixture contains unseen speakers, (3.70) can be
interpreted as how similar speaker j is to the speakers in the training set, whereas
(3.71) indicates the speaker in the training set most similar to speaker ;. A test set
was created by randomly mixing two different speakers selected from the WSJO
folders si_dt_05 and si_et_05, where the number of speakers was 18. We gen-
erated test data using simulated RIRs with RTso = 78 ms and RTg = 351 ms,
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Table 3.8: Average SDR, SIR, SAR, PESQ, and STOI scores obtained with unin-
formed methods. The bold font shows the best scores.

Method SDR[dB] SIR[dB] SAR[dB] PESQ STO!
u.U.ILRMA 13.76  19.94  17.09 3.05 0.8727
s.U.MVAE 1758 2513  19.26 2.65 0.8934

s.u.fMVAE_o 14.35 21.06 17.25 3.04 0.8746
s.u.fMVAE_c 14.41 21.21 17.35 3.04 0.8776

where 100 mixture signals were generated under each reverberation condition.
The average SDRs of the datasets were about 0.60 dB and -0.78 dB, respectively.
Other experimental conditions and network architectures were the same as those
described in Subsec. 3.5.1.

As in the speaker-dependent case, we first investigated the dependence of the
separation performance on the « setting. Fig. 3.12 shows the average SDR scores
over the entire test dataset achieved with various « settings. Since the scores ob-
tained with o = 200 and « = 300 increased continuously, we additionally evaluated
the performance obtained when o = {500, 700, 1000, 1500, 2000}. The optimal «
settings were 500 for s.u.fMVAE_o and 2000 for s.u.fMVAE_c, respectively. This
was considerably different from the speaker-dependent case, where a smaller a
performed better. From these results, we can assume that the proposed prior-
weighted update rule was more effective under open-set conditions than under
closed-set conditions.

Table 3.8 summarizes the average SDR, SIR, SAR, PESQ, and STOI scores
obtained with each method with random initialization. The results demonstrate the
ability of the MVAE and fMVAE methods to handle speaker-independent scenarios
with an increasing variety and amount of training data. Both the MVAE and fMVAE
methods were superior to u.u.lLRMA, where s.u.MVAE achieved an improvement
of more than 3.5 dB over u.u.ILRMA. As with the speaker-dependent case, the
fMVAE methods provided less improvement than the MVAE method.
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3.6 Summary of chapter 3

In this chapter, we proposed two determined BSS methods, namely, MVAE and
MSGAN. The proposed methods incorporate DGM-based source models into the
FDICA-based BSS framework to capture the spectro-temporal structures of sources
so that the structures can be used as a clue to solve the permutation problem and
improve the source separation performance. The MVAE method uses a CVAE to
train the source model, whereas the MSGAN method uses a StarGAN to train the
source model. We made a comparison between both models. The experimental
results showed that the StarGAN source model could lead to a slight improve-
ment in terms of SDR. By considering the training difficulty of the StarGAN and
the limited improvement, we thought the CVAE source model was preferable. Both
MVAE and MSGAN are noteworthy in that the log-likelihood of signals are guar-
anteed to be non-decreasing at each iteration. However, the computational cost
and time are high. We proposed a fast parameter optimization algorithm for the
MVAE method, called FastMVAE, which uses ACVAE for training the CVAE source
model. With the trained auxiliary classifier and encoder, we are allowed to search
for the parameters that approximately maximizes the posterior. FastMVAE has
been shown to significantly reduce computational time by more than 90% com-
pared with the original MVAE method. The experimental evaluation showed that
the MVAE method and FastMVAE method could handle both speaker-dependent
and speaker-independent scenarios, which outperformed conventional methods.



Chapter 4

Directional speech enhancement
using geometry information

4.1 Introduction

In this chapter, we consider using the geometry of microphone arrays as prior in-
formation to guide the demixing matrices estimated by BSS methods. Although
ILRMA has shown to outperform IVA in terms of source separation performance,
IVA, especially AuxIVA, has still attracted much attention and been widely studied
due to the fast and stable optimization algorithm and its online extension [110-112].
However, when considering practical applications of speech enhancement, an ad-
ditional process is necessary for selecting the target speech after the separation,
which is typically performed by utilizing the spatial information, i.e., DOA of the
target. Moreover, it is reported that block permutation problem occurs between the
low- and high-frequency bands in IVA, which results in the degradation of the per-
formance [113] though IVA is theoretically able to solve the permutation problem.
One promising approach to eliminate the block permutation is exploiting spatial in-
formation to guide the demixing matrices W. For example, [114] derives IVA in a
maximum a posterior (MAP) fashion so that a spatially informed prior of demixing
matrices can be incorporated into the optimization. Another well-known framework
is the geometrically constrained BSS [11-13,115,116]. In [13], a penalty term re-
stricting the Euclidean angle between the separation filter and the far-field steering

70
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vector calculated from the desired source DOA is combined with IVA to force the
desired signal always being output at the corresponding channel. However, there
are two drawbacks to prevent this method from a wide adoption to real applica-
tions. Firstly, a relatively large number of microphones are needed to meet the
constraints of forming a sharp beam. Secondly, we must carefully tune the step-
size parameter of the gradient-based algorithm to make the system work under
different real use cases.

To address these problems, we propose a novel geometrically constrained VA
(GCIVA) method that combines linear constraints that restrict far-field responses of
demixing filters with IVA. We derive a convergence-guaranteed optimization algo-
rithm based on the auxiliary function approach, and vectorwise coordinate descent
(VCD) [14], which we call “GCAV (geometrically constrained auxiliary function with
VCD)-IVA”, to preserve the advantages from the auxiliary function approach of fast
convergence and no step-size tuning. Although the proposed GCAV-IVA is an ex-
tension of a determined method that improves the source separation performance
for determined situations, since the geometric constraints can be well-designed as
a BM [117], which works as a noise estimator, GCAV-IVA can be easily extended
to handle underdetermined situations by applying noise suppression as done in
the GSC [118]. Moreover, thanks to the constraints, GCAV-IVA works well even
though diffuse noise exists, which relaxes the strict restriction of the determined
case. From this point of view, we consider the proposed GCAV-IVA as an underde-
termined method. We also extend the proposed GCAV-IVA to an online algorithm
for those applications where real-time processing is necessary.

4.2 Geometrically constrained IVA using auxiliary func-

tion approach

4.2.1 Problem formulation

IVA assumes that sources follow a multivariate distribution and thus dependen-
cies over frequency components can be exploited to avoid the permutation prob-
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lem. The demixing matrices W are estimated by minimizing the following objective

function
LvaW) =Y E[G(y;)] - > log|det W(f)|. (4.1)
J f

Here, y; is the source-wise vector representation and G(y;) is the contrast function.
Now, let us consider a geometric constraint [11] that restricts the far-field response
of the jth demixing filter estimated by IVA at the direction «, which is described as

ZA Z!w d;(f,0) — g;]*. (4.2)

Here, d;(f, ) is the steering vector pointing to the direction 9, ¢; is the nonnegative-
valued constant for all frequency bins, and \; > 0 is a parameter weighing the
importance of the constraint. This concept is used in the linearly constrained min-
imum variance (LCMV) beamformer [119]. Note that (4.2) with ¢; = 1 forces the
spatial filter to form a conventional delay-and-sum beamformer steering at the di-
rection ¥ to preserve the target source while a small value of ¢; essentially creates
a spatial null towards the target direction ¢ aiming at suppressing the target source
and preserving all other sources. The null constraint on the target direction can
serve as a BM [117], so that the corresponding channel can produce good esti-
mate of interference and noise. Such estimate would have potential benefit of bet-
ter handling under/overdetermined cases compared to traditional BSS methods.
The objective function of the proposed GCIVA is summarized as

Lacrva(W) = Liva(W) + Lgc(W). (4.3)

4.2.2 Inference algorithm based on auxiliary function approach

In this section, we derive an iterative algorithm for parameter estimation of (4.3)
with the auxiliary function approach [25]. Since the geometric constraints are lin-
ear, we can simply obtain the auxiliary function that upper-bounds (4.3) by com-
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bining the original AuxIVA’s auxiliary function (2.54) with these linear constraints:
c 1
Lana. Q=Y S {5wHNQ (AW, (F) — log| det W(f)[} + L (W), (4.4)
i f

where Q;(f) is the weighted covariances expressed as

Gr(r;)

Ty

Q(f) = E|ZEEx(f)x(f)]. (4.5)

The update rule for Q@ = {Q,(f)}, is obtained straightforwardly by applying
(4.5). Here, we consider the source model with

GR(Tj) =Tj. (46)

Then, we focus on deriving the update rule for W. The indices of f and ¢ are
omitted hereafter for the notation simplicity. Due to the linear constraint terms,
the equation 0L, (W, Q)/0w} = 0 cannot be solved as the HEAD problem
anymore. To obtain the optimal w; of (4.4) with fixed Q, inspired by the VCD
method [14], we embrace the idea of arranging the term log | det W| by using the
property of cofactor expansion

B=1[b,....b;] ¥ (det W)W, (4.7)
where b, is the jth column of the adjugate matrix of W defined as
B,, = (_1)p+qwqp' (4.8)

Here, the index pq denotes the (p, ¢) entry of B and qu is the (¢, p) minor deter-
minant of W. We can then obtain

det W = wi'b;. (4.9)
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The partial derivative of (4.4) with respect to w is calculated as
aﬁécggém 9 _pw, - iy, ~ s (4.10)
where
D; = Q; +A;d;dj. (4.11)
From 0L s /OWS = 0, we have
w; = D (1;b; + Ajg;dy), (4.12)
where
1
v, = Wb, (4.13)
From (4.13), we obtain
v;whb; —1=0. (4.14)
By substituting (4.12) into (4.14), we obtain
D} b;[v;]” + ;D bp; — 1= 0. (4.15)

Because the first and third terms in (4.15) are real numbers, the imaginary part of

the second term must be 0 as
%[)\jq]'d?Dj_lijj] = 0

Since v; # 0, we can obtain

vj =7 (Xig;d; Dy 'b;)" = 9;);q;b"D5 ' d;

(4.16)

(4.17)
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or
Ajq;diD; b =0, (4.18)

where v; € R\{0} is a scale parameter. If (4.17) holds, we obtain a quadratic
equation with respect to v; from (4.15) as

X g7bi'D; by [bl' D Y] + Xl |BlD; [y — 1 =0. (4.19)

By substituting the solution of +; of (4.19) into (4.17), we have the solution of v, as

Hy—1 Hy-1
P Ll R R (4.20)
ij Dj bj )\jqj|bj Dj d]|

Here, we should take the positive solution based on the appendix in [14]. If (4.18)
holds, the solution of (4.15) becomes

el®;

vj = ——— (4.21)
-1
\/ b7 D; b;
where ¢ denotes the imaginary unit and ¢; € (—x, 7] denotes an arbitrary phase.
Note that ¢; does not change the value of £}, .. Therefore, we set ¢; at

(det Wj)*
=L 4.22
%= W, 422)
From (4.12), (4.20), (4.21), and the relationship b, = (det Wj)WJflej, the update

rules of w; are obtain as

u; =D 'Wle,, (4.23)
;= \;jq;D;'d;, (4.24)
h; = u'JT'Djuj, (4.25)
h; = u'D;a;, (4.26)
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Algorithm 3 Offline GCAV-IVA Algorithm

Require: Observed mixture signal x(f, n), iteration number ¥
Initialize W ( f) with identity marix.
for/=11t0 ¥ do
for each source j of J do
yj(f7 n) = W?(f)X(f, TL)
for f =1to Fdo
(updating auxiliary variables)
update Q;(f) using (4.5)
(updating demixing matrices)
calculate D,(f) using (4.11)
update w;(f) using the IP method (4.23) — —(4.27)

end for
end for
end for
—_u; +1; (ifh; =0),
— N (4.27)

J N
%[_pr /1+I4ﬁ% u; + 0, (otherwise).

Here, e, is the jth column of the J x J identity matrix. Therefore, the parameter
optimization algorithm of GCAV-IVA is summarized in Algorithm 3, which consists
of updating the auxiliary variable Q,(f) with (4.5), calculating D;(f) with (4.11),
and updating W (f) with (4.23)—(4.27). We can simply confirm that these update
rules are equivalent to those employed in AuxIVA when \; = 0 for all j. There-
fore, GCAV-IVA can be interpreted as an geometrically constrained extension of
AuxIVA. It is noteworthy that the algorithm takes benefits of the auxiliary function
approach, namely, no step-size tuning, fast convergence, and is guaranteed to de-
crease monotonically. Moreover, the algorithm having similar updating procedures
with AuxIVA allows us to adopt autoregressive estimation [111] to develop online
systems, which is indispensable in real-time and low-latency applications.
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4.3 An extension for online applications

In the GCAV-IVA described above, which is an offline algorithm, only (4.5) requires
all the observed samples overtimen=1,..., N,

Q) = 5 3 [FA ()] (4.28)

Hence, this equation is the point of formulation for the online algorithm. One simple
way is to calculate Q;(f) in a blockwise manner by using

Qum=1 S [EDy (s s ) (4.29

T=n—L+1 73(7)

where Q;(f,n) denotes the calculated Q;(f) at frame n, L denotes the block size,
and r;(7) is calculated by replacing w;(f) with w;(f,7) in (2.56)

ro(1) = s (1)]|2 = \/Z wH(fm)x(f, 7). (4.30)
f

If we directly employ (4.29) to obtain sufficient statistics Q,(f,n), the past obser-
vation with relatively large L needs to be retained and the summation must be
calculated at every new frame arrives, which is highly cost-consuming. On the
other hand, if we set a small value to L for reducing the complexity, the insufficient
statistics may lead to severe performance degradation.

To reduce computational cost and properly compute the statistics, we propose
applying autoregressive calculation of Q,(f,n) as done in the online AuxIVA [111]
that uses the previously calculated Q,(f,n — L) as follows:

1 u Goo(ri(r
Qfm =#Qy(fn 1)+ (1=7 > [ nat(sin). @
T=n—L+1 J
Here, 0 < s < 1 is a forgetting factor, which controls how much statistics of past
signals is considered. Sufficient statistics can then be computed with a small value
of L. Note that (4.31) reduces to (4.29) when s = 0. Since a longer interval of past
samples is considered through the recursion, it is expected that this approximation
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Algorithm 4 Online GCAV-IVA Algorithm

Require: Observed mixture signal x(f,n), iteration number £, forgetting factor s,
block size L.
Initialize W ( f, n) with identity marix.
Initialize Q,(f,0).
forn=1to N do
for/ =110 Z do
for each source j of J do
yj(fa n) = W;l(f)X(f7 n)
for f =110 F do
(updating auxiliary variables)
update Q,(f,n) using (4.31)
(updating demixing matrices)
calculate D;(f,n) using (4.11)
update w;( f,n) using the IP method (4.23) — —(4.27)
end for
end for
end for
end for

can improve separation performance in the fixed source situation with a large s.
In contrast, separation performance in moving source situation is expected to im-
prove with a small >, where any change in source positions can be reflected quickly
via the blockwise term. The proposed online algorithm, called “online GCAV-IVA”
(0GCAV-IVA), is a natural extension of the offline algorithm and the implementation
can be very simple. However, note that the theoretical correctness of the approxi-
mation has not been guaranteed. Algorithm 4 summarizes the algorithm.

4.4 Experimental evaluations

To evaluate the effectiveness of the proposed method, we conducted several speech

enhancement experiments with a dual-microphone system.

4.4.1 Systems for a dual-microphone case

To develop a dual-mirophone system, we take the following conditions into consid-

eration:
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Figure 4.1: A dual-microphone system.

» The correct DOA of the target speaker J is known;

* Null constraints are employed, i.e., ¢; = 0 or close to zero. It is a practical
choice since only two microphones are available.

Fig. 4.1 shows an overview of the dual-microphone system. Under the conditions
above, we always apply a null constraint to the interference channel, where the null
is formed toward the target speaker direction. For the target channel, we evaluate
three options in the next section.

1. No constraint.

2. Null constraint at the interference direction from the oracle in 2-speaker case
or at a dummy interference direction in 1-speaker case. This option is only
for reference purpose.

3. Null constraint at the interference direction estimated by a separate AuxIVA
system.

The motivation of third option is that, as demonstrated later, we find that the con-
straining both channels can lead to a higher enhancement performance. In this
option, the interference DOA is obtained from a separate AuxIVA system. Since a
BSS system can be interpreted as a set of adaptive null-beamformers [120], the
directional nulls, which can be identified from the directivity patterns, usually point
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Figure 4.2: Example of directivity pattern of demixing filter estimated with AuxIVA,
where a null steering to about 40° exists. This filter suppresses the signal coming
from about 40°.

out the directions where the sources come from [12,121,122]. Fig. 4.2 shows
an example of the directivity pattern of the demixing filter achieved by AuxIVA. We
can see that there exists a null steering to about 40°, which suppresses the signal
coming from that direction. Hence, we can consider that there exists a signal at
about 40°.

In the system, the DOA of the jth output sources is given as

F/2

0, = argéninz Wi (F)d(f, 9)]. (4.32)
f

The interference DOA J; can then be obtained by selecting the one far away from
the target DOA ¥;:

J; = argmax [|1§j —9], j=1,2 (4.33)
9
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Figure 4.3: Configurations of sources and microphones, where “x” and “A” denote
source positions used for 2-speaker and 1-speaker case, respectively. Red “x”
denotes the target.

4.4.2 Dataset and settings for offline speech enhancement

We used speech samples of 4 speakers (2 females and 2 males) excerpted from
VCC2018 database [98], which included 81 sentences for each speaker. The audio
files were about 3-7 seconds long. The mixture signals were created by simulating
two-channel recordings of two sources where the RIRs were synthesized using the
image method [99]. Fig. 4.3 shows the positions of the sources and microphones.
The interval of microphones was set at 5 cm. 2 DOA settings were investigated in
the 2-speaker case, and 3 settings were investigated in the 1-speaker case. We
tested two different reverberant conditions where RTg, was about 200 ms and 470
ms, which were controlled by setting the reflection coefficient of the walls at 0.4
and 0.8. To simulate the more realistic acoustic environment, 4 types of diffuse
noise excerpted from DEMAND database [123], including park, office, cafeteria,
and metro, were added to reverberant speech signals. We generated 1920 and
960 test samples for the 2-speaker and 1-speaker cases with various target-to-
interference energy ratios and speech-to-noise energy ratios. The SNRs of the
test samples in the 2-speaker case and 1-speaker case were between [-2, 6] dB
and [0, 6] dB, respectively.

All the speech signals were sampled at 16 kHz. The STFT was computed
using a Hanning window whose length was set at 32 ms, and the window shift
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Table 4.1: Summary of tested GCAV-IVA systems.

SyStem # 191 q1 g2 )\1 )\2
(1) No constraint —
(2) Known 0 0
(3) 050.2 > |10
(4) Estimated by AuxIVA 0 0
(5) 0.5|0.2

was 16 ms. We compared the minimum power distortionless response (MPDR)
beamformer [124] calculated with the far-field steering vectors, the AuxIVA using
Gr(rj(n)) = r;j(n), and the GCAV-IVA method with various constraints. The specific
settings of the tested systems are summarized in Table 4.1. For MPDR and GCAV-
IVA, we evaluated the output from the target channel, whereas for AuxIVA, we
evaluated outputs from all the channels and took the best score as the result.

4.4.3 Offline speech enhancement

First we investigated the potential of the standard AuxIVA as a DOA estimator. The
AuxIVA had 3 update iterations and the DOA range was set at [0°,180° with an
interval of 5°. Fig. 4.4 shows the estimation results in a histogram format, which
were calculated from the 2-speaker dataset. It is revealed that more than 60% of
the estimated directions is located in the range of +20°against the true DOA. In the
next subsection, we will demonstrate the benefit of the DOA estimation in speech
enhancement experiments.

Table 4.2 and Table 4.3 summarize the speech enhancement results. The pro-
posed GCAV-IVA method exceeded the conventional MPDR in terms of all criteria
and achieved higher scores than AuxIVA in terms of SDRs and SIRs, which con-
firmed the advantage of the geometric constraints. Comparing the results achieved
by system (1) with other systems, we found that constraining two channels led to
higher enhancement performances, even in the situation where any interference
speaker doesn’t exist, i.e., 1-speaker case. The results also indicate that carefully
tuned ¢; was able to produce slightly higher SDR and SIR scores. Interestingly, the
system exploiting interference DOA estimation outperformed the one using true
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Figure 4.4: DOA estimation results achieved by performing AuxIVA update for 3
times under reverberant conditions where RTy, = 200 ms (upper) and RTy, = 470
ms (bottom). Red lines show true DOAs. Blue and green graphs are estimated
DOA histograms for two directions.

Table 4.2: SDR, SIR, and SAR of 2-speaker case.

Method RTs =200 ms RTs =470 ms

SDR [dB] SIR [dB] SAR [dB] SDR [dB] SIR [dB] SAR [dB]
unproc 1.46 1.61 23.02 0.78 1.47 12.11
MPDR 3.82 4.89 12.30 3.55 5.33 9.95
AuxIVA 7.12 8.98 14.05 4.96 7.42 10.51
GCAV-IVA(1) 8.42 11.19 13.33 6.47 10.33 9.86
GCAV-IVA(2) 8.71 11.50 13.53 6.51 10.34 9.89
GCAV-IVA(3) 8.75 11.62 13.49 6.55 10.50 9.84
GCAV-IVA(4) 8.72 11.52 13.52 6.53 10.36 9.93
GCAV-IVA(5) 8.80 11.69 13.51 6.57 10.50 9.88

DOAs. One possible reason is that, since the DOA estimate coming from the

AuxIVA points out the direction including the most statistically independent compo-

nents, suppressing that direction can result in a higher SIR.
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Table 4.3: SDR, SIR, and SAR of 1-speaker case.

Method RTso = 200 ms RTso =470 ms
SDR [dB] SIR [dB] SAR[dB] SDR [dB] SIR [dB] SAR [dB]
unproc 3.03 3.37 21.61 2.14 3.06 12.48
MPDR 1.29 2.79 9.50 2.14 4.03 8.98
AuxIVA 6.04 8.00 13.12 4.07 6.65 10.04
GCAV-IVA(1) 7.00 10.20 11.73 5.47 10.20 8.76
GCAV-IVA(2) 7.37 10.33 12.23 5.60 10.30 8.90
GCAV-IVA(3) 7.32 10.40 12.20 5.55 10.36 8.75
GCAV-IVA(4) 7.39 10.27 12.37 5.71 10.41 9.03
GCAV-IVA(5) 7.43 10.41 12.31 5.73 10.56 8.93
1107 ______
;': ‘\\\ cch'f(: - ’ “\\
8gTTTTTTTTTTT Q¥Q-mmm ey
5cm

Figure 4.5: Configurations of microphones and a pair of fixed sources, where red
and blue marks denote target and interference positions, respectively

4.4.4 Dataset and settings for online speech enhancement

To evaluate the effectiveness of the proposed online GCAV-IVA method in the dual-
microphone system, we conducted speech enhancement experiments in two situa-
tions: 2 spatially fixed sources and 1 fixed target source with 1 moving interference
source.

We used speech samples of 4 speakers (2 females and 2 males) excerpted
from VCC2018 database [98]. Clean signals for the simulation were generated
by concatenating utterances spoken by a single speaker in random order, whose
length was about 30 seconds long. For 2 spatially fixed sources, the mixture sig-
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Figure 4.6: Configurations of sources and microphones. Red mark and blue line
denote fixed target source and the trace of moving interference, respectively.

Table 4.4: Summary of tested online GCAV-IVA systems.

System # 5 g | @ | AN
(a) No constraint —
(b) Known 051021 |1
(c) Estimated by AuxIVA | 0.5 02| 1 | 1

nals were created by simulating two-channel recordings of two sources where RIRs
were synthesized using the image method [99]. Fig. 4.5 shows the positions of mi-
crophones and a pair of sources. The interval of microphones was set at 5 cm.
We tested 5 pairs of DOA settings involving (30°, 110°), (70°, 100°), (150°, 60°),
(40°, 90°), (90°, 150°), where the former and latter angles are target and inter-
ference positions, respectively. For the spatially nonstationary situation, we first
generated reverberant signals of moving interference sources using “signal gener-
ator” '. Then we mixed the generated signals with the reverberant target signals. 4
positions of the target signal were tested, namely, 30°, 90°, 140°, and 150°. More
configuration details are available in Fig. 4.6. We tested two different reverberant

Thitps://www.audiolabs-erlangen.de/fau/professor/nabets/software/signal-generator
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conditions. To meet the instantaneous mixing model assumption, RTy, were set
at 78 ms and 200 ms, which were controlled by setting the reflection coefficient of
the walls at 0.2 and 0.4, respectively. To simulate the realistic background noise,
4 types of diffuse noise excerpted from DEMAND database [123], including park,
office, cafeteria, and metro, were also added to reverberant speech signals to gen-
erate “noisy” datasets. We refer to the dataset without/with diffuse noise as “S+l”
and “S+I+N”, respectively. The energy ratio of target-to-interference was set at 0
dB and the input SDR of noisy speech was about [-3, 0] dB.

All the speech signals were sampled at 16 kHz. The STFT was computed using
a Hanning window whose length was set at 32 ms, and the window shift was 16 ms.
We compared the proposed online GCAV-IVA (0GCAV-IVA) method using L = 1
with online AuxIVA (oAuxIVA) that also adopts (4.31) with L = 1. We run these two
algorithms for 5 iterations with the first 5 frames to initialize demixing matrices. To
update demixing matrices every frame, we run the algorithms for 2 iterations. The
forgetting factor »« was set at 0.96 for both oAuxIVA and oGCAV-IVA. Similarly, we
considered three options for the target channel, where we refer them as to system
(a), (b), and (c). Table 4.4 shows the experimantal settings of ¢; and A, for each
system. \; was set at 1 for both channels or only the interference channel in the
system (a). We set ¢; at 0.5 for the target channel and 0.2 for the interference
channel. For DOA estimation, the range was set at [0°, 180°] with an interval of
5°. For each concatenated utterance, we evaluated signals every second, then
computed the average scores over 30 seconds as the results. For GCAV-IVA, we
evaluated the output from the target channel, whereas for AuxIVA, we evaluated
outputs from all the channels and took the best score as a result.

4.4.5 Online speech enhancement

Table 4.5 shows speech enhancement results. The proposed algorithm signifi-
cantly outperformed oAuxIVA without regard to diffuse noise. Comparing with the
GCAV-IVA system using true DOA of the interference, system (c) that adopts DOA
estimation achieved a further improvement of more than 4 dB, which was impres-

sive. One possible reason is that, since the DOA estimate coming from the sep-



4.4 EXPERIMENTAL EVALUATIONS

87

Table 4.5: SDR, SIR, SAR scores obtained in spatially stationary condition.

Method S+l S+I+N

SDR [dB] SIR[dB] SAR[dB] SDR[dB] SIR[dB] SAR [dB]
oAuxIVA 8.37 12.57 12.06 1.70 4.06 8.81
oGCAV-IVA (a) 11.77 15.72 14.51 6.07 8.48 12.06
oGCAV-IVA (b) 10.03 12.50 14.96 4.29 5.81 12.86
oGCAV-1VA (c) 14.19 18.40 16.73 6.86 9.18 13.60

Table 4.6: SDR, SIR, SAR scores obtained in spatially non-stationary condition.

Method S+l S+I+N
SDR [dB] SIR[dB] SAR[dB] SDR[dB] SIR[dB] SAR [dB]
oAuxIVA 3.77 6.51 9.34 0.12 1.96 8.13
0oGCAV-IVA (a) 6.83 9.21 11.66 3.51 5.33 10.50
0GCAV-1VA (c) 5.36 6.90 12.33 3.05 4.42 11.41
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Figure 4.7: Examples of estimated DOA for moving source.

arate AuxIVA points out the direction involving the most statistically independent

components, suppressing that direction can result in a higher SIR. Moreover, we

found the proposed method was also able to improve the performance in the “noisy”

situation, where the determined condition did not hold. oAuxIVA almost failed to

enhance the speech with only achieving SDR score of 1.7 dB, whereas the pro-

posed method exploiting geometric information still achieved SDR score of about

6.8 dB.

Table 4.6 shows the results of enhancing signals against moving sources. As
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with the fixed source case, the proposed method outperformed oAuxIVA, where
0oGCAV-IVA achieved more than 1.5 dB and 2.9 dB improvement in the situation
without/with diffuse noise, respectively. These results confirmed the effectiveness
of geometric constraints in improving speech enhancement performance. The sys-
tem adopting no constraint outperformed the one using DOA estimation in terms
of SDR and SIR, which was different from the fixed source case. One possible
reason is the accuracy of DOA estimation.

The trace of the moving source was designed to move with a uniform speed
from 120° to about 80°, which was controlled by setting the positions of the start
and endpoint, as shown in Fig. 4.6. Fig. 4.7 shows examples of the estimated in-
terference DOA. The left figure shows an example of successful interference DOA
estimation by oAuxIVA, while an example of failure cases can be seen in the right
figure. In situations where oAuxIVA fails to estimate the interference DOA, the
inappropriate constraint may degrade the performance.

All the experiments were run using an Intel (R) Core i7-7800X CPU@3.5 GHz.
The measured average computational time was less than 16 ms, which was the
length of window shift, namely, about 5 ms for the system (a) and (b), and about 15
ms for the system (c). These results indicated that the proposed algorithm could

work in a real-time manner.

4.5 Summary of chapter 4

In this chapter, we proposed a GCIVA method, which combines IVA with a set of
linear constraints restricting the far-field response of the demixing filter. We de-
rived a convergence-guaranteed algorithm with the auxiliary function approach,
which is called GCAV-IVA. We further extended the offline method to an online ver-
sion by using an autoregressive estimation. We investigated the proposed offline
and online algorithms using a dual-microphone system, where the DOA of tar-
get was known and that of interference was estimated using a separated AuxIVA.
The experimental results revealed that the offline algorithm outperformed the con-
ventional MPDR beamformer and AuxIVA, and the online algorithm outperformed
online AuxIVA in both spatially static and dynamic conditions. Furthermore, the
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online algorithm could perform in real-time, which confirmed the computational

complexity of the proposed method was acceptable for online applications.



Chapter 5

Single-channel source separation
based on discriminative
nonnegative matrix factorization

5.1 Introduction

In this chapter, we consider supervised single-channel source separation, which is
the most achievable condition in realistic environments since only one microphone
is needed. With an NMF-based approach to supervised source separation, NMF is
first applied to train the basis spectra of each source using training examples and
is applied to the spectrogram of a mixture signal using the pretrained basis spectra
at test time. The source signals are then separated out using a Wiener filter. A
typical way to train the basis spectra is to minimize a dissimilarity measurement
between the observed spectrogram and the NMF model. However, obtaining the
basis spectra in this way does not ensure that the separated signal will be optimal
at test time due to the inconsistency between the objective functions for training
and separation, namely Wiener filtering.

To address this inconsistency, a framework called DNMF has been recently
proposed [19]. While many methods called “discriminative NMF” [20, 35, 125—-128],
have been proposed with the aim of enhancing the discriminative power of the
basis spectra, in this work, we use this term in relation to the work done in [19].

90
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Note that the term “discriminative” is used in association with the discriminative
models for classification and regression. The central idea of DNMF is that the
basis spectra are trained in such a way that the output of the Wiener filter becomes
as close to the spectrogram of each of the training examples as possible so that
the separated signals become optimal at test time. This approach differs from the
conventional supervised NMF framework in that it uses the training examples of all
the sources to train the basis spectra for each of the sources. This is important
since it helps to enhance the discriminative power of the basis spectra. However,
the training criterion for DNMF becomes analytically more complex than the typical
divergence measurements used in the standard NMF framework, which causes
difficulty as regards optimization of the basis spectra. In the original work of DNMF,
a multiplicative update algorithm was proposed, where the multiplicative factor is
obtained by dividing the negative parts by the positive parts of the partial derivative
of the objective function. Although this way of obtaining the update rules is indeed
convenient in that it is applicable as long as an objective function is differentiable,
one drawback is that the algorithm is generally not guaranteed to converge to a
stationary point, which may limit the unleashing of the full potential of DNMF.

To overcome this weakness, in this chapter, we propose an auxiliary function-
based algorithm for DNMF. We briefly review the formulation of DNMF in Sec. 5.2.
Then, we derive the proposed algorithm in Sec. 5.3. We show in Sec. 5.4 that
using the present basis training algorithm instead of the conventional MU algorithm
leads to a notable improvement in speech enhancement performance. Sec. 5.5
conclude this chapter.

5.2 DNMF with multiplicative update algorithm

5.2.1 Formulation of DNMF

If we assume using the Wiener filter to obtain source signals, the training and test
objectives become inconsistent. Namely, the basis spectra are not necessarily
trained in such a way that the separated signals at test time will be optimal. With
the standard supervised NMF approach, at test time, the basis matrix B is used not
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Figure 5.1: Flowchart of DNMF in 2 sources case.

only for estimating H from the mixture signal X but also for constructing the Wiener
filter in (2.39). To make the training objective consistent with this test inference
procedure, Weninger [19] proposed introducing two separate basis matrices for
these different purposes, B and R, and formulating a bilevel optimization problem

(éja F'j) = argrﬁin Ds(S;|B;H;) + Asparse|[H;||p- (5.1)
H= argl_1|nin Ds(M|BH) + Asparsel|H| |, (5.2)

R f'j o IM), (5.3)
RH

R= argénin ; /\jDé <Sj

for training B and R so that B will be optimized for estimating H from X and R will
be optimized for obtaining Y1, ..., Y ; based on the Wiener filtering. Here, A\; > 0is
a constant that weighs the importance of source j. M = {|m(f,n)*};, € R=0F>*N
denotes the power spectrogram of a mixture signal, which is simply constructed by
mixing complex-valued spectrograms of multiple training samples S4,...,S,;,. M
and S; denote the magnitude spectrograms vM and \/S_J respectively. When our
goal is to reconstruct a single source j only, we shall set \; at 1 and 0 for other
sources j' # j. Fig. 5.1 illustrates the training and test processes of DNMF using 2
sources. Spectral templates in B are usually normalized to 1 as the standard NMF
does to eliminate the scale arbitrary when estimating the activation matrix while



5.2 DNMF WITH MULTIPLICATIVE UPDATE ALGORITHM 93

those in R do not need normalization. Note that the setting of 5 used in (5.2) and
(5.3) are not necessary to be the same as long as those used in training and test
time are the same. It has reported that best results were obtained by using KL
divergence for (5.2) and EU distance for (5.3) [19]. This might be due to the KL
divergence being better suited to decomposing mixtures.

The test inference algorithm for the DNMF approach consists of computing H
by solving (5.2) with the pretrained basis matrix B and observed mixture signal X,
constructing Wiener filter using R and H,

I

8= 250X (5.4)

I

and performing iSTFT for each source j. Note that the test inference algorithm for
the standard NMF approach corresponds to a special case where B = R.

5.2.2 MU algorithms for DNMF

It is obvious that the training criterion for DNMF is more analytically complex than
the objective function of standard NMF. In [19], Weninger proposed a two-stage
iterative algorithm for solving the above optimization problem: First, B and H are
obtained by solving (5.1) and (5.2) using a standard NMF algorithm; Second, by
using the obtained H, the basis matrix R is iteratively updated according to multi-
plicative update rules. Here, we set \; = 1 and \;..;..; = 0 for speech enhancement
tasks and define T =" RH;, T; =R;H;, T; =T — T;,and §; = =2 o M.

For the KL divergence case, the objective function for each source j in (5.3)

becomes
@ 1@ , s;(f:n) T;(fin)
DJKL<S]‘SJ) - ﬁznsj(f7 n) log m(f, n)?éfi;;? +m(f7 n) T(f, TL) SJ(f? n) (55)

Here, Gotham font denotes elements of magnitude spectrograms. Namely, s;(f,n) =
|s;(f,n)| and m(f,n) = |m(f,n)|. The partial derivative of (5.5) with respect to the
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fth element of the kth basis function of the desired source, 7, (f), is

Dy S s, n)( hjx(n) ;j’k(n > +n(f,n) hjk(n)T(f,n) —T;(f,n)h;x(n)

orie(f) T(f,n) i(fin) T2(f,n)
s:(f,n)T=(f.n) . m(f, n)T=(f,n).
B Z a 'Tz((j:’ n))TjEf’n)) hjix(n) + : 17‘2)(]1’]7(1];7 )hj,k’(n)a (5.6)

n

where the second quality is used by defining T5(f,n) = T(f,n)—T;(f,n). Similarly,
we obtain the partial derivative with respect to the r; . (f) for any j' # j as

apf(L _ 8 (f7 TL)
Orpi(f) 5= T(f,n)

)Tj(.ﬂn)A./ n
(f, n) hJ ,k( ) (57)

. n(f,n
hj k(n) — (T2

Since all matrix elements are nonnegative, the multiplicative update rules can be
derived by splitting (5.6) and (5.7) into positive and negative parts, as done in the
standard NMF [23]:

SioTT [T
MoT- ~ ’
J T
T2 HJ
MOTJ' " 7T
T2 Hj

+H;

RE < R] o , (59)
where R; = [Ry,--- ,R;_1,R;11,- -+, R;], namely, the basis spectra of all sources
excep j, and H is defined accordingly.

For the EU distance, the partial derivative of DL, leads to

MOSJ;T?“ T

R: < R:o gt~ 2 (5.11)

The general case of A\; > 0 for all j is a linear extension due to the linearity of
the gredient. Although this way of obtaining update rules is convenient in that it is
generally applicable as long as an objective function is differentiable, one downside
is that the algorithm is not guaranteed to converge to a stationary point.
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5.3 Auxiliary function approach for DNMF

To overcome the weakness of the conventional MU algorithm, we derive an algo-
rithm for DNMF based on the auxiliary function approach, which is convergence-
guaranteed. Here, we derive majorizers for the objective function where D; is
defined as the KL divergence and the IS divergence.

When using the KL divergence, the objective function in (5.3) is given by

Fia(R) = > A Di (S19) (5.12)

= z]: A ; < —8jfnlogT;rn +8jrnlogTs, + ’,rr]ffnnmfn>
Hereafter, we represent indices f and n as subscript for the notation simplicity.
First, let us focus on the term T, ,/T;,. To construct an upper bound for this
term, we can use the following inequality:
Lemma 2. Fora > 0 andb > 0, we have

LN _ oo _gn L .-
C(“‘@) —C(“‘ @*W)—
2

a _Ca 1
i T A
:>b_ 5 +2C52 (5.13)
The equality holds if and only if a — 5 = 0. O

Since m is nonnegative, we can construct an upper bound for the third term of
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(5.12) according to the above lemma,

ijfanmfvnTz,f,n Mmysn
fKL(R) < ; )\j fzn ( — Sjfn log Tj,f,n + 8j.fn log Tﬂn + 7 J + 2Cj7f7nT2 )
(5.14)
The equality of (5.14) holds if and only if
1
(5.15)

Gifn = o
TirnTrn

In the following, we construct upper bounds for each of the terms on the right-hand
side of (5.14).

We notice that the function — log = is convex. Since s; ,, is positive, —s; 7, 1og T, 1
is convex in T, ;.. Hence, we can use Jensen'’s inequality to obtain an upper bound
for this term as

fei e
—log Tjfn < =D Yhjip log —LLEI (5.16)
& Yi.5.fn

where ;. ; 1., iS @ positive weight that sums to unity. The equality of (5.16) holds if
and only if

rk,j,fﬁk,j,n
Ve fm = A . (5.17)
>k g e i
The second term s; ;,, log T, is concave in T;,. Hence, we can use the fact that
a tangent line to the graph of a differentiable concave function liew entirely above
the graph:

hiesn
log Ty <Y ofT +logay, — 1, (5.18)
k n

where ay,, is an arbitrary positive number. The equality of this inequality holds if
and only if

Oéfm = Tf’n = Z I’k’fljlkm. (519)

k
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Since a quadratic function is convex, we can apply Jensen’s inequality to the third
term, which yields

rk]f kjn
; 5.20
an—z Ekjifm ( )

where & ; s, > 0is also a positive number that satisfies >, &, r» = 1. The equality
of (5.20) holds if and only if

rk7‘7 Hk7l7
Epgufn = 2RI (5.21)
Dok kG in

As regards the fourth term, we can use the fact that the function 1/2? is convex in
the first quadrant and then use Jensen’s inequality to obtain an upper bound

Ly i fin (5.22)
e e T :
Tfyn k rl%,j fhij n

where ry ;s IS @ positive number that sums to unity. We can confirm that the
equality of this inequality holds if and only if

1. ¢h
Fop = —— kb (5.23)
?f7
> ow e i

From (5.16), (5.18), (5.20), and (5.22), we can construct a majorizer for the objec-
tive function with KL divergence as

S fnlk hkn Ik hk n
Fru(R <Z)‘ Z( PR — 8, f.n Vhyj,fn 108 L2

3
nfn Mg nk ,n
+C§f i i]fhijnJr—f L2 ) + const,
gkjfn QC]fnrkfhkjn
— F&(RT), (5.24)

where T' denotes a set of all the auxiliary variables, {{; r.n}ifns {Vejfin bk fns
{agn}tsn {8k fntrgrms @NA {Kr b, pn-
By using Lemma 2, Jensen’s inequality, and the concave inequality, we can

also derive a majorizer for the case of the IS divergence in a similar manner (see
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Appendix A). The majorizer is expressed as
Fis(R Z)\ Di(S]9) (5.25)

S fann
J

Sj7f,an7f,nrk,fhk,n Sj,f,n“k,j,f,n
<D N Z ( S :
J k,fn

2m‘f’n€]7‘f’n 2mf7nC]7f7nrz,],f hk7j7n

Mk, fhen . Mg N jn

— Yr.fn lOg ) + const.

’Ykr,f,n aj7f7n

= F&(R,T), (5.26)

where I" denotes a set of all the auxiliary variables, {{; ..} f.ns {7k fn b fins L. £} s
{Skpn e @NA Kk pin b fne

These majorizers are particularly noteworthy in that they can be minimized an-
alytically with respect to r; ; s since they are given as the sum of the reciprocal,
logarithmic, first-order, and second-order functions. We can obtain the update
rules for r, ; ¢ by setting the partial derivatives of the above majorizers with respect
to r, ;s at zeros. Thus, the optimal update of r ; s is given by the positive solution
of

Gt lfin o 1 ;
Aj < Z - nhk]ﬂ) kg f — Aj ( Z Sj’f’"vk’j’f’n) gt
n

kaf
S, fmhijin Sir fahkgn ) s
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for the IS divergence case. It is worth noting that since in 7 (R,T') and F£(R,T),
each element of R is isolated in a separate term, we can update each of the el-
ements in parallel. Thus, this algorithm is well suited to parallel implementations.
Furthermore, since each of the update rules consists of a negative Oth-order term
and a negative 2nd-order term, it turns out that there is only one positive solution,
implying that there is no need to solve a solution selection problem.

F (R, T) is minimized with respect to the auxliary variables when the exact
bounds of Egs. (5.14), (5.16), (5.18), (5.20), and (5.22) are achieved, namely
when Egs. (5.15), (5.17), (5.19), (5.21), and (5.23). The proposed basis training
algorithm with the KL divergence can therefore be summarized as Algorithm 5.
The algorithm with the IS divergence can be developed in the same way. Since the
proposed algorithm is derived based on the auxiliary function approach, we call
the proposed method “AuxDNMF”.

Algorithm 5 Proposed basis training algorithm with KL divergence

Require: S,,...,S;, M

Compute B and H using NMF to solve (5.1) for all ;.

Compute H using NMF to solve (5.2).

Initialize R by, for example, R « B.

Fix H.

while not converged do
Update I" via Egs. (5.15), (5.17), (5.19), (5.21), and (5.23).
Update R by solving (5.27).

end while

return B, R

5.4 Experimental evaluations

5.4.1 Dataset and settings

To evaluate the effect of the proposed algorithm, we conducted speech enhance-
ment experiments, namely ; = {s,n}. For comparison, we tested (i) the stan-
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dard supervised NMF method [129] with EU distance (SNMF_EU), KL divergence
(SNMF _KL), and IS divergence (SNMF_IS), (ii) DNMF using the MU algorithm [19]
with KL divergence (DNMF_KL) and EU distance (DNMF_EU), and (iii) proposed
AuxDNMF with KL divergence (AuxDNMF_KL) and IS divergence (AuxDNMF_IS).
Note that we have excluded DNMF_IS from the baselines since it has not been
studied in [19]. Also note that the results for AuxDNMF_EU are not provided. This
is because we have yet to come up with an auxiliary function with a tractable form
for the EU distance case.

We constructed the training and test datasets using speech signals excerpted
from the WSJO corpus [109] and noise signals excerpted from the CHIME4 back-
ground noise database [130], which includes 4 types of noise recorded in a bus,
cafe, pedestrian area, and street, respectively. The training dataset consisted of
600 utterances, each of which was created by mixing randomly selected utterances
from si_tr_s and noise signals with SNRs set at {—5,0,5}dB. We also created a
validation dataset consisting of 90 utterances in the same way. Each of the four
test datasets consisted of 100 utterances, half of which we created using speech
signals in si_tr_s and the other half using speech signals of different speakers in
si_dt_05. The SNRs for three of the four test datasets were set at {—5,0,5} dB
and those for the remaining dataset were randomly set between [—10, 10] dB.

All the audio signals were monaural and downsampled to 16 kHz. STFT was
computed using a Hanning window that was 32 ms long with a 16 ms overlap. We
used the same number K of basis for speech and noise, i.e., K* = K" = K. In this
task, we tested K = {25,50,100}. For K = 100, we evaluated the effectiveness
of sparse regularization in the case of a large number of basis numbers by setting
Asparse = 10,0.5,1,5,10}. SNMF_KL was run for 100 iterations. For the DNMF algo-
rithms, SNMF_KL was used for initialization. For the separation, the Wiener filter
was constructed using the trained basis and activation matrices obtained using the
standard NMF that was run for 100 iterations.
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Table 5.1: Comparison of the computational times with basis number K = 50.

Method Time / lteration [sec] Total time [sec]
SNMF_EU 0.1468 62.6800
SNMF_KL 0.4687 192.3910
SNMF_IS 0.2820 121.4615
DNMF_EU 1.3460 256.3109
DNMF_KL 0.6234 236.6248
AuxDNMF _KL 1.4947 434.0287
AuxDNMF_IS 1.5184 437.2275

5.4.2 Convergence behaviors and computational time

We compared the convergence behaviors of the proposed algorithms, DNMF_EU,
and DNMF_KL within the first 500 iterations. For all the algorithms, we used the
same initialization and evaluated the SDR improvements. Two examples are shown
in Fig. 5.2. As can be seen from the example when tested on bus noise with
K =100, DNMF_EU and DNMF _KL did not decrease the objective functions mono-
tonically. This indeed shows the fact that each update in the MU algorithms does
not guarantee a decrease in the objective functions. It is also worth noting that
the objective function value does not directly reflect the speech enhancement per-
formance, as shown in the experimental results when tested on street noise with
K = 50. According to the SDR results obtained with the validation dataset as well
as the setting in [19], in the following experiments, we set the iteration number at
150 for the proposed algorithms and 25 for the MU algorithms.

We compared the computational times of all the algorithms with K = 50 using
the training data of about 1 hour long. The algorithms were implemented using
MATLAB and run on an Intel Xeon Gold 5120 @2.2GHz processor. Table 5.1
shows the average computational time of updating B or R at each iteration and
that of the entire process. Note that the total time of DNMF includes the time of
computing B for initialization and H. That the time complexity of the proposed algo-
rithm is O(F K N J?), whereas that of the standard NMF and DNMF algorithms with
multiplicative update rules is O(FKNJ). Since J was 2 in the speech enhance-
ment task, it did not have a significant impact on the computation time. Rather, the
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Table 5.2: SDR obtained with K = {25,50,100} average over all the test datasets
(4 types noise) with 5 random initializations. The average input SDR was about
0.063 dB.

Basis number K
25 50 100

SNMF_EU 2.55 2.52 2.53
SNMF_KL 242 238 244
SNMF_IS 211 1.83 1.68
DNMF_EU 2.87 2.69 2.71
DNMF_KL 2.52 2.62 2.63
AuxDNMF_KL 3.49 3.39 3.36
AuxDNMF_S 210 2.26 2.34

Method

increase in the number of iterations in the proposed algorithm led to an increase in
the total computation time.

5.4.3 Speech enhancement performance

The speech enhancement performances were numerically evaluated in terms of
SDRs, SIRs, and SARs. Table 5.2 shows the average SDRs took over all the
test data with basis number K = {25,50,100}. For each noise type with different
K, we conducted 5 trials with different initializations. The average input SDR of
the test data was about 0.063 dB. As Table 5.2 shows, increasing the bases did
not always lead to an improvement in speech enhancement performance. Com-
paring the results of the standard NMF and DNMF algorithms, we found that the
latter outperformed the former. This indicates the effectiveness of the ability to
learn discriminative bases. Furthermore, the proposed algorithm performed best
among all the algorithms based on the same divergence measure. In Table 5.3,
the average SDRs, SIRs, and SARs evaluated using K = 25 with various input
SNRs are shown. These results were averaged over 4 noise types. As the results
show, AuxDNMF_KL performed best among all the algorithms in terms of SDR
and SIR. Specifically, it achieved about 1.2 dB improvements over DNMF_EU and
DNMF_KL, and about 1.7 dB improvements over SNMF_KL. This shows that the
proposed algorithm with the KL divergence criterion had a better ability to learn dis-
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Table 5.3: From top to bottom are the average SDRs, SIRs, SARs over 4 types
noise with basis number K = 25.

Method Input SNR [dB]
-5 0 5 [-10,10] Avg
unprocessed | -4.92 0.05 5.03 0.09 0.06
SNMF_EU -201 269 7.07 248 255
SNMF_KL -2.04 263 6.79 229 242
SDR [dB] SNMF_IS -235 235 6.45 200 2.11
DNMF_EU -1.61  3.02 7.30 277 2.87
DNMF_KL -1.99 273 6.94 241 252
AuxDNMF KL | -0.92 3.78 7.77 3.34 349
AuxDNMF_IS | -235 219 6.52 204 210
SNMF_EU -1.18 3.78 8.75 3.87 3.79
SNMF_KL -1.04 3.94 8.99 4.05 3.94
SNMF_IS -0.87 422 922 426 4.21
SIR [dB] | DNMF_EU -0.41 449 9.51 461 4.55
DNMF_KL -1.01 394 8.74 3.91 3.90
AuxDNMF KL | 0.75 5.77 10.53 5.73 5.70
AuxDNMF.IS | -1.29 3.44 8.22 3.51 3.47
SNMF_EU 10.04 11.62 13.06 11.62 11.58
SNMF_KL 8.90 10.33 11.56 10.24 10.26
SNMF_IS 711  8.77 10.48 8.83 8.80
SAR [dB] | DNMF_EU 8.85 10.60 12.35 10.64 10.61
DNMF_KL 9.26 10.97 12.56 10.91 10.93
AuxDNMF KL | 7.88 10.00 11.99 9.94 995
AuxDNMF_IS | 8.65 10.40 12.43 10.61 10.52

criminative bases than the baseline algorithms. However, the SARs obtained with
the proposed algorithms tended to be lower than those obtained with the baseline
algorithms.

We also evaluated the effectiveness of sparse regularization. The results are
shown in Table 5.4. We found that A,..cc = 0.5 achieved the best score for each
method except for AuxDNMF _IS, where the best performance was obtained without
sparse regularization. AuxDNMF_KL outperformed other methods regardless of
the sparse regularization.
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Table 5.4: SDR [dB] obtained with A\y,ase = {0,0.5,1,5,10} and K = 100 average
over all the test datasets with 5 random initializations. Bold font shows the highest
score for each method.

A‘ arse
Method P
0 0.5 1 5 10

SNMF_EU 253 2.66 2.64 237 214
SNMF_KL 244 248 241 240 2.40
SNMF_IS 1.68 198 196 1.80 1.78
DNMF_EU 271 3.62 352 3.12 2.88
DNMF_KL 2.63 3.78 3.77 3.77 3.77
AuxDNMF KL 3.36 3.88 3.87 3.87 3.87
AuxDNMF_IS 2.34 199 193 1.71 1.65

5.5 Summary of chapter 5

DNMF is noteworthy in that it directly uses the reconstruction errors of the sepa-
rated signals as the training criterion, which eliminates the inconsistency between
the objective functions for training and separation in the conventional NMF method
and is able to increase the discriminative power of the trained basis. However,
such training criterion causes difficulty as regards optimization. In this chapter,
we derived a novel majorizer for the objective function of DNMF and successfully
developed an MM algorithm that is guaranteed to converge to a stationary point.
Experimental results showed that the proposed algorithm with the KL divergence
criterion achieved significant improvements in terms of the SDR and SIR over stan-
dard NMF and DNMF using the MU algorithm.



9
25 x10 r . . . T
8 ~ — — DNMF_EU
§ 20
i | ~
i) N
Sish ol
w
l | | | | 1 |
0 50 100 150 200 250 300 350 400 450 500
10"
~,
230\ )
© ~.
- =
! 2 1 1 1 1 L 1
0 50 100 150 200 250 300 350 400 450 500
12
1510 ; ; : :
(]
Q
<
L)
5 1
L
=
-l
2}

0.5 * ! * '
_ 0 50 100 150 200 250 300 350 400 450 500
m
'E 6 T T T T T T
€
[}
£
Sat e mmmmmm T T T T e e e -
) P it == T e -~

[=1 = s m—
E S
x 2 — I L I 1 L
a 0 50 100 150 200 250 300 350 400 450 500

9
8 * 1 0 X T T T T

® - — - DNMF_EU

Q6 |--—-—DNMFEL P B

& AuDNMF_KL -

RN S p— AuDNMF_I§ e i
=] _ -

a 2 - —

0 1 1 1 L 1 1
0 50 100 150 200 250 300 350 400 450 500
%10’
o 3 T T T T T T
°
@ P
§2,5 N -
~ "
2 oob N e
- Nee SRSENISPSY. S
= f— e T —
- 50 100 150 200 250 300 350 400 450 500
3 xIOm

0 T T T

2

927

e

515 1

@

0 1 1 ; 1 ;i . :

— 0 50 100 150 200 250 300 350 400 450 500

3
— T T T T T

28r

@

E6

L)

g4

E2r

m 0 | 1 1 L L L 1 1 L J

20 50 100 150 200 250 300 350 400 450 500

Iteration #

Figure 5.2:

Convergence behavior and corresponding SDR improvements ob-
tained with each method in street noise with K = 50 case (top) and bus noise
with basis number K = 100 case (bottom).



Chapter 6

Conclusion

6.1 Summary of thesis

In this dissertation, we addressed speech enhancement problems by separating
the target speech signal and non-target signals, which can be applied to many
speech processing systems. This problem is divided into determined and under-
determined multichannel and single-channel cases, depending on the relationship
between the numbers of microphones and sources. Moreover, depending on the
different hardware configurations and application prerequisites, more conditions
should be considered during the algorithm development. We proposed several
source separation methods, which considered each of the following conditions:

* supervised determined multichannel with high performance;

supervised determined multichannel with a low computational cost;

guided underdetermined multichannel;

real-time guided underdetermined multichannel;
* supervised single-channel.

We proposed novel effective optimization algorithms based on the auxiliary func-
tion approach for all the methods so that the objective functions are guaranteed to

be non-increasing at each iteration.

106
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In Chapter 3, we proposed two determined multichannel source separation
methods called MVAE and MSGAN, which utilize CVAE or StarGAN to model
spectrograms of utterances of sources. These methods can be considered as
extending FDICA-based methods by incorporating DNNs into the source model
so that the source model has stronger representation power to improve the ac-
curacy of source estimation. Owing to the sequence modeling, the CVAE and
StarGAN source models can capture the spectro-temporal structures of sources.
Thanks to the conditional modeling, we are allowed to separate the speaker infor-
mation, which is time-invariant, from other speech information. The advantage of
the separation performance of these two methods was experimentally confirmed
in multi-speaker source separation tasks. Moreover, to reduce the high compu-
tational cost of the MVAE and MSGAN method, we proposed a fast optimization
algorithm called FastMVAE. Instead of estimating parameters that exactly max-
imize the log-posterior, FastMVAE utilizes an auxiliary classifier and encoder to
estimate parameters that maximize the approximate log-posterior. Although the
convergence is not guaranteed anymore in the fast algorithm with the approxima-
tion, which slightly decreased the separation performance, FastMVAE successfully
reduced the computational time of more than 90% even when using a CPU, making
it closer to practical applications.

In Chapter 4, a geometrically constrained IVA method, called GCAV-IVA, was
described. As one of the powerful FDICA-based BSS methods, IVA can simulta-
neously solve permutation problem and source separation. However, it has been
reported that block permutation occurs in IVA, and postprocessing is generally
needed for applying IVA to speech enhancement. To overcome these problems,
we proposed a GCIVA that combines LCVM-based geometric constraints with IVA,
making it possible to control the demixing filters manually. By incorporating the
constraints, GCIVA could work in a situation where there are a number of sources
equals to the number of microphones and diffuse noise. This relaxes the strict
restriction of determined conditions. Furthermore, since LCVM-based constraints
can be designed to perform as BM, which is used in GSC to suppress the esti-
mated interferences from the target channel, the proposed GCIVA has the poten-
tial to handle underdetermined situations. We further extended the algorithm to
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an online algorithm, which could perform in real-time. To evaluate the proposed
methods, we performed an experimental evaluation of speech enhancement. The
results revealed that the proposed methods could significantly improve enhance-
ment performance.

The main topic in Chapter 5 was supervised single-channel source separation,
where we proposed a parameter optimization algorithm for DNMF based on the
auxiliary function approach. Since the objective function of DNMF is analytically
complex, which is formulated as a bi-level optimization problem, an MU algorithm
has been proposed in a heuristic way, which limits the unleashing of the full po-
tential of DNMF. To address this problem, we successfully found majorizers for the
objective function of DNMF using KL divergence and IS divergence and derived
the parameter update rules. Through simulation experiments, we showed that the
proposed methods could converge fast and outperformed existing MU algorithms
in the ability to speech enhancement.

6.2 Future perspectives

We have proposed several methods to improve the performance of source sepa-
ration and reduce the computational cost and time to meet the prerequisites for

practical use in real environments, but there is still much room for improvement.

+ Although DGM-based source models have shown to outperform the conven-
tional NMF model, it has been reported that the likelihood produced by a
DGM does not always coincide with the speech quality [131]. Namely, speech
with bad quality may be scored with a high likelihood. Therefore, it is neces-
sary to improve the discriminative power of the source model so that the
model not only scores the clean speech with high likelihood, but also scores
other signals, such as noise or mixture signals, with low likelihood.

+ Although FastMVAE has significantly reduced the computational time, it also
leads to performance degradation, which is undesirable. One possible rea-
son may be the inadequate training, where the log-likelihood of the recon-
structed spectrograms trained with an ACVAE was lower than that trained
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with a CVAE. This indicates that the source model trained with ACVAE has
worse generative power, which subsequently decreases the log-posterior es-
timation accuracy. A more effective training approach is necessary to reduce
the computational time of the MVAE method while maintains its impressive
source separation performance.

« We have already confirmed the ability of GCAV-IVA to estimating interfer-
ences and noise. To perform it as an underdetermined situation method,
extending GCAV-IVA to a GSC framework is necessary. Moreover, although
we have investigated the performance of the offline algorithm of GCAV-IVA in
an in-car environment [C11], we have to study the online algorithm in order

to make it possible for practical applications in more realistic environments.

 In Chapter 3, we have made constraints on the source model to solve the
permutation problem, whereas, in Chapter 4, we have made constraints on
the demixing filters to eliminate the block permutation. We can expect that
methods that combine the geometric constraints with the MVAE or MSGAN
method are able to further improve the source separation performance by
taking advantage of both approaches.

* As mentioned in the first point, it is necessary to improve the discriminative
power of the source model. Another promising approach is to perform dis-
criminative training for the source model as done in the DNMF. Namely, we
can train a generative source model for estimating the underlying source sig-

nals from a mixture signal and a discriminative source model for separating.



Appendix A

Derivation of a majorizer for DNMF
with IS divergence

For DNMF with the IS divergence case, a majorizer can be derived using Lemma
2 introduced in Chapter 5, Jensen’s inequality, and the concave inequality. We
express indices f and n as subscript for the notation simplicity. The objective

function is given as
Fis(R) = Z A Dis(819) (A1)

_ZA Z(ijann longn+logTan>

> T fm

First, we focus on the first term of (A.1). By using Lemma 2, we can obtain an

upper bound
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In the following, we construct upper bound for each of the terms on the right-hand
side of (A.2).

Since a quadratic function with positive coefficient is convex, we can apply
Jensen’s inequality to the first term:

P (A4
f7n — - €k7f’n ?

where & ;.. is @ positive number that satisfies >, &y, = 1. The equality of (A.4)

holds if and only if
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For the second term, which is a function of 1/22, we can utilize the fact that the

function in the first quadrant is convex and use Jensen’s inequality to obtain an

upper bound
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where «y j ;. IS @ positive number that sums to unity. We can confirm that the
equality of this inequality holds if and only if
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Since —logx is a convex function, we can apply Jensen’s inequality to the third
term of (A.2),
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Here, ;1. is @ positive weight that sums to unity. The equality of (A.8) holds if and
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For the fourth term log x, we utilize a tengent line to obtain an upper bound
log T; pn < Z P Mhjin +logajrn —1, (A.10)
where «; r,, is an arbitrary positive number. The equality holds if and only if
Qoo = Tjgn = > ThjisPjin. (A.11)
k

From (A.4), (A.6), (A.8), and (A.10), we can construct a majorizer for the objective

function with IS divergence as
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Appendix C
Awards Received

1. The 14th Student Conference Paper Award from IEEE Signal Processing So-
ciety (SPS) Japan Chapter, December 2020.

2. The 2nd Student Award from IEEE Signal Processing Society (SPS) Tokyo
Joint Chapter, November 2018.

3. The 13th Best Student Presentation Award from Acoustical Society of Japan
(ASJ), March 2016.

4. The Best Student Presentation Award from IEICE Electroacoustics Sympo-
sium, December 2019.

5. Chair Award of the Department of Computer Science from Graduate School
of Systems and Information Engineering, University of Tsukuba, March 2018.
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