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Abstract

Despite a lot of progress in speech separation, enhancememtd automatic speech recognition
realistic meeting recognition is still fairly unsolved. Mest research on speech separation either
focuses on spectral cues to address single-channel recayslior spatial cues to separate multi-
channel recordings and exclusively either rely on neural merks or probabilistic graphical
models. Integrating a spatial clustering approach and a deéearning approach using spectral
cues in a single framework can signi cantly improve automat speech recognition performance
and improve generalizability given that a neural network po ts from a vast amount of training
data while the probabilistic counterpart adapts to the curent scene. This thesis at hand,
therefore, concentrates on the integration of two fairly djoint research streams, namely
single-channel deep learning-based source separation amati-channel probabilistic model-
based source separation. It provides a general frameworkitbegrate spatial and spectral
cues in which neural networks and probabilistic graphical adels complement each other
in achieving state of the art performance in blind source samation on noisy, reverberant
data. The e cacy of the proposed approaches is evaluated omulated arti cial mixtures as
well as real recordings of simultaneously active speakefhe key ndings are (1) a cascade
integration in which a neural network initializes a probaMistic graphical model provides
substantial improvement, (2) spatial cues can be used for wnservised training of neural
networks, (3) tight integration, an integration in which a joint agreement between both
modalities and models is found, leads to lowest word errortes and best generalizability to
unseen real mixtures.
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1 Introduction

Blind source separation addresses the problem to separaignsl components originating
from di erent sources, while only the mixture single can belmserved. In the audio domain,
when multiple speakers are active simultaneously, humansesaable to concentrate fairly well
on a particular speaker and get the idea of what is being sai@he problem of separating
overlapping speech was coineabcktail party problemmost likely in 1953 by Colin Cherry.
Since then, many researchers have addressed simpli catoaf this problem. Early work
concentrated on instantaneous mixtures and later got exteled to cover convolutive mixtures,
i.e., acoustic conditions in which a room impulse responseealto the multi-path transmission
in an acoustic enclosure causes a temporal smearing e ecttbé source signals. While
blind source separation (BSS) systems were analyzed on thewn for most of the time,
more recently { mainly due to improved performance of separan methods and improved
robustness of acoustic models { researchers started addiag the more challenging problem
of multi-speaker automatic speech recognition (ASR). In f&cBSS for human listeners poses
its own challenges such as the demand for low latency, avomte of audible artifacts, and
naturalness of the separation result.

The goal of this thesis is to propose and describe new methddsseparate speech sources
and automatically transcribe each utterance present in a iure. Although there are quite
many attempts at improving recognition of overlapped speb¢the focus of this work is
on two distinct aspects: (1) the integration of probabilisic graphical models and deep
neural networks, and (2) the integration of spatial and spé&@l cues. The key motivating
factors why integration along both aspects is promising areummarized in Figure 1.1.

Probabilistic model  Neural network Spatial features Spectral features
, Speech specic
Physically motivated  gcgles with more Speech égnostlc Independent of
Unsupervised training data Scales with more movement
Generalizes better Better performance channels Applicable for

Interpretable single-channel

Figure 1.1: Key motivating pieces which illustrate why an integration framework is promising.
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Probabilistic graphical models and neural networks have me complementary strengths.
While deep neural networks (DNNs) are purely data-driven appezhes and therefore contain
very little priors introduced by a possibly error-prone human being, probabilistic models
allow capturing a physical understanding of the world. Depwling on the model choice, they
may encapsulate our human understanding of the physics of weapropagation while a neural
network has to guess all relevant statistical dependencié®m data only. Interestingly, the
data-driven approach has beaten statistical models by a giemargin in very many domains.
Nevertheless, their generalizability is often limited and grformance on an unseen database
can hardly be predicted. In contrast, while the base perforamce of unsupervised probabilistic
graphical models may be inferior, they shine when it comes tew databases since they
are just as unaware of that one as they were on the primary ddiase of interest. The rst
integration aspect worth to analyze and capitalize upon ishe complementarity of neural
networks and probabilistic graphical models.

Addressing the second integration aspect, spatial featurésve long been the feature of
choice in a multi-channel setup: Phase- and level di erensebetween microphones can
be very informative and lead to high separability given thathe geometry is fairly static
and the transfer characteristics of each source are su cidéyg di erent. On the contrary,
spectral features are either derived from or learned based mdividual speakers' speech. The
performance heavily depends on the discriminability of thepeakers' voices and movement
within limits does not impact performance at all.

Given these two dimensions (1) modeling paradigm and (2) fieme modality, it is almost
self-explanatory that an integration framework is to be saght after and can provide gains in
terms of generalizability and overall performance.

To reach this goal and lead through fundamentals towards antegrated solution, the thesis
Is structured as follows: Chapter 2 introduces some fundamntal concepts and sets up the
notation and terminology used throughout this work. Chapte 3 provides a broader overview
of source separation approaches and then quickly focusestbree deep learning-based
separation concepts and a limited number of spatial clusteg models, which all serve as a
baseline as well as potential candidates to be used within anegration framework. Chapter 3
nishes with a review of source extraction methods, namely asking and beamforming. While
a short overview of other integration approaches is compiet the beginning of Chapter 4,
it also develops the key aspects of this thesis, namely thescade integration and the
tight integration for blind source separation. Chapter 4 alo details how a neural network-
based source separation system can be trained without supision. Chapter 5 contains an
extensive evaluation not just of the proposed framework butlso of the underlying integration
components and the baseline systems { to prove that the progped framework actually is
an advancement, it is particularly important to demonstrae that the baseline systems are
carefully tuned. Each part of Chapter 5 contains a brief exmition of the key ndings to
more easily capture the essence of the evaluation. Finallgnzlusions and remarks on future
directions of study are located in Chapter 6.



2 Prerequisites

This chapter introduces the notation and signal model in Séon 2.1 and Section 2.2 and
continues with an overview in Section 2.3. Most importantlyit introduces random variables
and probabilistic graphical models in Section 2.4 and Seati 2.5, respectively. Most impor-
tantly, Section 2.5 contains estimation techniques whichra used in most systems proposed
within this work.

2.1 Notation

Scalars, vectors and matrices are distinguished by using alircharacters, bold characters
and bold capital characters, e.g.x, x and X, respectively. More abstract sets of values
or variables, without necessarily specifying the shapesthie set elements are denoted
by calligraphic symbols such a¥ .

Whenever it becomes necessary to distinguish random variablfrom their realization
a breve symbol is used, e.gxx ; X; X. However, this is avoided in the following by
using the shorthand notationp(x) instead of p,(x = x) if possible.

To more quickly identify corresponding indices and boundaas, the indices are denoted
by lower case characters and are upper-bound by the corresgng upper case character,

Within the scope of this thesis probability density functiors for continuous and discrete
random variables as well as probability mass functions folstrete random variables
share the same notation, e.gp(x). The most important reasons are: (a) The probability
density function and the probability mass function for a disrete random variable are
both de ned with the same set of parameters { the probabilityof each class. Thus,
they are used synonymously anyway. (b) Joint distributions fodiscrete and continuous
random variables are not an edge case anymore, they can siynpé written as p(x;y).

As common in an engineering context, this thesis does not digjuish between, e.g., a
function f and the valuef (x) obtained by calling the function on some inpuix.

The expected value of a random variable is denoted &5 g . In case the distribution
under which the expected value is calculated is unclear, this denoted with the
distribution/ probability density function (PDF) as a subscript: Eq)fg.

Limits for sum or product symbols are simpli ed to just the irdex in case the sum or
product is carried out over all possible values.
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Figure 2.1: lllustration of typical signal quality impairments. In a real -world setting it is practically
impossible to obtain reverberation-free (dry) recordings or entirdy noise-free (clean) recordings.
Some image elements are created and their reuse is permitted by Randdllunroe (xkcd.com).

2.2 Signal model

The typical obstacles for far- eld ASR are rst and foremost everberation [1], noise sources [1],
and interfering speakers. Although this thesis focuses onusoe separation, correctly handling
reverberation and background noise is crucial when assegsthe real-world applicability of
the proposed algorithms. Figure 2.1 illustrates these impanents.

The signal propagation process, namely the reverberatio the source signals is caused by
an in nite amount of re ections and potentially the direct transmission path. This process
can be modeled as a convolution of a room impulse responseRRWwith the source signal in
time domain [2, Equation 3]. If we further suppose that the dainant part of the RIR ts
approximately into one analysis window, we can convenieptimodel the entire reverberation
process as a multiplication in the short time Fourier trangfrm (STFT) domain [3, Page 8 .].
This simpli cation is often called narrowband approximaton [2, Section I1.B]. Since the wave
equation can be considered linear for room acoustics [2, &t Il.A], we can deduct that
the whole mixing process is su ciently well modeled by a sumfall source images and the

noise received at each of thB microphones:

X X
Yir = Nir Sier + Ner = Xt + Nt - (2.1)
k k

Here,sy.; represents the source signal of each of the? f 1;::: K g speakershy; , represents
the vector of acoustic transfer functions (ATFs) for each spder [2, Section 11.B], andny

is the noise vector summarizing each noise signal at each loé tmicrophones. Further, the
indicest 2f 1;::: Tgandf 2f 1;:::Fgspecify the time frame and frequency bin, respectively.
The speech image, which is the reverberant version of the soeisignal as it is received by each
microphone is denoted byk,..t while the mixed signal is written asy; . Correspondingly,
each of the vectors contains a complex-valued scalar for baxf the D microphone channels
(see Table 2.1 for an overview). It is worth noting that intefframe and inter-band convolution
e ects are neglected [4] when the mixing process is modeledthe STFT domain as in
Equation 2.1. In the context of this thesis, no distinction lketween the noise and the noise
image is made and both terms are used synonymously. Deperglon the application it is
now desired to either nd an estimate of the speech imageg..s or the underlying source
signal syt . The signals are later reconstructed using the correspondi inverse transform
either for a human listener or a subsequent speech recognize
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2.3 Overview table of variable names

Table 2.1: Overview table of most frequently used variables. Variablesvith a more limited scope
are only introduced in the corresponding chapters and not summarizedhere.

Variable Values Description

f1,:::;Lg Sample index in the discrete time domain

I

d f1;:::;Dg Channel (sensor) index

t f1,:::;Tg Time frame index in the STFT domain

f f1,:::;Fg Frequency bin index in the STFT domain

k f1,:::;Kg Class index (e.g., for mixture models) or speaker index

[ f1;:::;1g Iteration index

e f1,:::;Eg Embedding dimension index

St.f C Speech source signal in the STFT domain

Ni.g::f C ATF in the STFT domain

Rt cPb Vector of ATFs in the STFT domain

Xked:tf C Speech image in the STFT domain

Xi:t:f CcP Vector of speech image channels in the STFT domain

Ng:tf C Noise image in the STFT domain

N cPb Vector of noise image channels in the STFT domain

Yefd C Mixture in the STFT domain

Yt CcP Vector of mixture channels in the STFT domain

Yo CsPb ¢t Unit-length normalized vector of mixture channels

¢ RE Embedding vector (e.g., in a DC system)

Wi cP Beamforming vector in the STFT domain

Rices C Predicted speech signal

Ci:t:f f0; 19 Indicator variable is 1 if slot (t;f ) is dominated by classk.

Ctf One-hot vector indicating which class dominates the obsextion.
Kt [0; 1] Posterior a liation/ estimated mask

2.4 Random variables

Although basic knowledge about random variables might be canon sense for the like-minded,
it is very worth to point out di erent notational variations which often turn out to be the
main nuisance factor in teaching.
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Let us rst address discrete random variables by acknowletyy that the following statements
all share the same information:

The scalar random variablec can have the realizatiork. The probability of this event
is given byp.(c = k) = p(k). Due to the second Kolmogorov axiom, all probabilities
have to sum up to one, i.e., the probability that one elementfahe sample space

ocCcurs is one:
X

p() = p(k) =1
k

The probability of the one-hot random vectorc having the realizationc is denoted by
R (c = ¢) = p(c). The one-hot vector is then de ned such that thek-th entry is 1,
when c = k, otherwise 0. Again, the second Kolmogorov axiom has to hold:

X

p() = p(c) =1

c

We can descrlbqo(k) as a categorical distributiort [5, Page 35] parameterized by the
parameter vector =( 1;:::; k)"

p(k) = p(k = k) = p(ac=1) = p¢ =c)=Cat(k=k; ); with = p(k):

We may also interpretp(k) as a probability density function. As long as the concept
of p(k) just encodes how likely certain outcomes are, it is not funer necessary to
distinguish between a probability mass function and a prolimlity density function

written with Dirac pulses:
X
pk)= 1 (k D+ + ¢ (k K)= w (ko kY:

kO

By not distinguishing between the notation of probability nass functions and probability
density functions, we avoid a common notational issue withespect to mixed distributions.
The joint distribution of a continuous and a discrete randonvariable can simply be written
as follows:

P(X;K) = Py (X = X; 6 = 1)

By extension of the notation for expected values above, werbewrite entropy, cross-entropy
or Kullback-Leibler divergence in terms of the probabilitydensity functions they evaluate

much rather than the random variable:
1

HPO) = Exyfinp0dg= OO pO) o
Zl
CEQX:AN) = ExgfNaXg= P00
Zl
KL(p(ka(x)) = CE( p();ia(x))  H(pO) = Exy P = poxyin PX) g
W) - . ax)

1 The term Multinoulli distribution , an alternative name for the categorical distribution, apparently stems
from Gustavo Lacerda [5, Page 35].
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2.5 Latent variable models and the expectation
maximization algorithm

Since latent variable models play an integral role throughu this thesis this section in-
troduces latent variable models, mixture models, and metlks to obtain corresponding
parameters.

2.5.1 Latent variable models

Probabilistic modelsp(Y; ) ideally represent the distribution of the observationY as accu-
rately as possible with a parameterization captured in. Often times, when the observations
share a common cause or are a manifestation of an underlyin@gess it is advisable to design
a model with latent (or hidden) random variables [5, Page 337These latent variablesZ then
in uence the distribution of the observations, often intraluce some hierarchy of the random
variables, and may serve as an information bottleneck [5]n lparticular, in unsupervised
learning, this information bottleneck is of main interest a a condensed representation of the
observation itself [5] and may then be used in a downstreamsta

Most latent variable models exhibit a parameter identi ablity problem [5, Section 11.3.1],
[6, Section 11.2]. Reciting [6, De nition 11.2.1] a paramet for a family of distributions
fp(xj ): 2 D gisidentiable if distinct values of correspond to distinct distributions. In
the case of discrete latent random variables, this may alse lzalled label switching problem [5,
Page 341] or permutation problem. This problem can also be derstood as multimodality,
in the sense of multiple peaks, of the likelihood in the paragter space: di erent locations in
the parameter space lead to equal likelihood values. How thsanifests in BSS applications
is addressed in more detail in Section 3.2.1.1.

2.5.2 Mixture models
A particular instance of latent variable models are mixturamodels. In a mixture model one
assumes the following generative process:

1. A class a liation is sampled from, e.g., a categorical disibution p(c,) = Cat(c,; ),
where = ;i T summarizes all class probabilities.

2. The observation itself is sampled from a class-conditiondistribution. The class-
conditional distribution is also termed class-dependentbservation model.

The marginal distribution is then a weighted sum of class-aalitional distributions:
X . X
plyn; )= kP(YnjGn=1) = kKP(Yn: &) (2.2)
k k

wherek is a class index and x contains the class-dependent parameters of the class-citiodal
distribution p(ynj «). The mixture weights =( 4;:::; k)T with 0 k 1sumuptoone
such that p(c,) = Cat( c,; ) is a valid probability mass distribution.
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Figure 2.2: Graphical model of a Gaussian mixture model (GMM) as an examm@ of a mixture model.
Circles depict random variables, while doubly circled elements a observable random variables.
Boxes are model parameters which are estimated during test time. Apws indicate statistical
dependencies.

k

In case the observation model is a Gaussian distribution, ifhmodel is called a GMM as
illustrated in Figure 2.2:

X

X 1 T o1
p(yn; )= N Yo W)= e 200 T O (2.3)
‘ ‘ det(2 )

where , , « are the class-dependent mixture weight, mean vector, andvemiance matrix,
respectively. For compactness reasons, all parameters asptured in

= Jk2f1::0Kg =« o« wk2fl:iKg (2.4)

It was already in 1894 that Karl Pearson proposed methods taentify parameters of a
GMM. At that time, due to a lack of today's nomenclature, he clied this processdissection

of abnormal frequency curves into normal curveg]. The next section introduces the most
common approaches used nowadays to estimate parameters ahiature model, e.g., a
GMM.

2.5.3 Expectation maximization algorithm

The expectation maximization (EM) algorithm is quite a famais®> method to obtain maximum
likelihood estimates of a latent variable model when an expit estimation formula cannot be
derived [8]. It is by no means the only way to approach this pldem, e.g., Everitt mentions
and compares a whole list of algorithms just to estimate pamnegeters of a GMM [9]. The EM
algorithm can be seen as a special case of the variational egation maximization (VEM)
algorithm as well as a special case of the majorize-minimiza or minorize-maximization
(MM) algorithm [10, Section 4.2].

Di erent authors tend to prefer di erent ways to motivate the EM algorithm. This work
summarizes a selection of approaches: (a) A direct derivati which does not rely on an
external formalism but rather heuristically de nes cutting points to create a two-step iterative
algorithm. (b) One version which motivates the auxiliary function by arguing that the
marginal likelihood is just intractable. This version stil leaves it rather unclear where the
auxiliary function stems from and why optimizing it is indee maximizing the likelihood we

21t is without doubt famous, since the work [8] alone has already receivednore than 50 000 citations.
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were originally interested in. (c) A derivation which stars by decomposing the marginal
likelihood and therefore is the most rigid approach arguinffom rst principles only. (d) An
approach which shows that the EM is a special case of the VEM.)(&n approach motivating
the EM as a special case of a MM algorithm.

a) Direct derivation The likelihood of a latent variable model which is compactlparam-
eterized with can be written as follows:
Z

L=np(Y; )= p(YiZ; )p(Z; )dZ; (2.5)

Z

whereY represents all realizations of observable random variablend Z captures all re-
alizations of hidden or latent random variables. Likewise, we may prefer to work with
the log-likelihood function which often turns out slightly easier to handle and imple-
ment:

z

“=inp(Y; )=In pYjZ; )p(Z; )dZ: (2.6)

To nd a maximum of the likelihood function, the necessary aadition @ =@= 0 leads to
a system of equations which needs to hold for the likelihood be maximized. Therefore,
we may simply calculate all derivatives rst. Then, if we do ot obtain explicit parameter
estimation formulas directly, we may identify cutting poins to partition the equations into a
multi-step iterative algorithm. A similar argumentation can be found in [11, Section 9.2.2]
and [12, Page 104].

Here, we use a GMM as an illustrative example because we mayelateuse some results when
motivating the mixture models applied to speech data. The plikelihood of a GMM for the

observationsy , with the observation indexn = 1;:::;N is denoted by
. X X _ X
= In kP(Yn: & k) Wwith Kk =1: (2.7)
n k k

To rst nd an equation for the mixture weights , we modify the objective function™ by in-
troducing the sum-1 condition according to the Lagrange mieod [13]#
|
“ X X X '
= In kP(Yns )+ k 1o (2.8)
n k k

3 One may be willing to write py (Y =Y, ) but we here use the simpli ed notation p(Y; P)
4 An alternative would have been to parameterize the categorical distrilution with w ko, Where
the parameter  is then unconstrained. See Section A.3 for a brief derivation.
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We obtain the necessary optimality conditions by setting th derivatives to zero:

@ _ % 5 pyn ki ¥

@_k n l w kP(Yn: ko ko) =0 “
O V2SR ) B,
e Py )
X = kn
, it k=0 (2.9)

n

When we now sum up Equation 2.9 for eadk, we obtain an expression for:

X X
kn t k=0, N+ =0, = N: (2.10)
k; k
" | {z-}
=1
With this result we can now separate  in Equation 2.9:

1 X 1 X
n n

With a similar procedure we nd two more necessary conditionghich have to hold for a
likelihood maximum [11, Equation 9.17 and 9.19] given by

X X
kK — knYn K;n s (2.12)
n n
X X
k = kn (Yn W(Yn k)T kin - (2.13)
n n

We may now identify an iterative two-step algorithm by rst evaluating ., and then
updating the parameters as in Equations 2.11 { 2.13. Howevdhis does neither tell us
whether this is a maximum or a minimum nor are there any convgence guarantees visible.
Evaluating second-order derivatives allows us to examinethe solution indeed corresponds
to a maximum.

It is worth noting that the direct derivations of the update equations up to this point did not
require explicit handling of latent random variables.

b) Auxiliary function An alternative to the direct approach is given as follows. Fitswe
state the log-likelihood™ of the observations. Then, we introduce the latent random veables
as a reverse marginalization [11, Equation 9.29] resulting

z
“=inp(Y; )=In o p(Y;Z; )dZ (2.14)



Prerequisites 11

One may now argue that the integral in the logarithm (or the sm in case of discrete latent
random variables) is overcomplicating the matter and one tlaer wishes to optimize the
likelihood of the complete data ¥; Z) { a tuple of the observations and realizations of latent
random variables. The alternative maximum likelihood termcan then be written in the

form

O=Inp(Y:;Z; ): (2.15)

However, we neither know the realizations of the latent rancdho variables nor do we know
their distributions. At most, we may have a guess for the paraeters °¢ from a previous
step or from an initialization. Therefore, we can make use ¢& possibly wrong or premature)
posterior distribution p(ZjY ; °9) and calculate the expected value of the log-likelihood of
the complete data under the assumption thap(ZjY ; °9) is true, which is called a rather
heuristic ideain [8, Page 6]. Nevertheless, a presentation like this is figicommon and also
appears in Moon's comparably popular tutorial [14] as wellsaMcLachlan's book on EM
algorithms [15, Page 19]. The auxiliary function is then gan by

Q( : old): Ep(ZjY; old)'ltl‘og
= Boaiv; oy Inp(Yizi)

o

p(ZiY; Yinp(Y;Z; )dZ: (2.16)

We may now read this integral as a more structured way of dissteng the algorithm:

In the expectation step (E-step) we evaluat@(ZjY ; °9) { the distribution under which
the expectation is calculated. This step is called expectah step because in principle
we evaluate the expectation operator and then have a singlepeession for the auxiliary
function without the expectation operator.

In the maximization step, we maximize the resulting expresm for the auxiliary function
with respect to the new parameters by calculating the derivative of the auxiliary
function with respect to the parameters and equating this taero.

For our concrete GMM example the posterior distribution of lhe latent random variables
then turns out to be

old . old. old

Idy — _ w PYn: K5 k) .

° ) = kn = P old . od. oldy" (2.17)
kO kO p(yn, kO 1 kO

P(Cen = 1jYn;

First, we recognize thaty, only depends ornc,, and neither on other observationy o nor
other latent a liations cpo, wheren®6 n:

n 0
)E(p(ZjY;old) Inp(Y;Z; )

Q(;

EP(anynJ °|d)f|n p(yn;cn; )g (218)

n
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This results in the expectation-free expression of the adigry function:

X
QU: ™= ploen =1iyn; ™% % “)InplyniGen =1 5 ;)

n

= k;nlnp(Yn;Ck;n:]-; B )

= N POC; =1, n .Ck; =1, ;
- kn [N P( ?Z H P(Y n] ?Z ;
X’ In Inp(yn: «: «)

= ko N 2In(2)Pdet «  Iyn )T (MY W) 1 (2.19)
k;n

When we now calculate derivatives of the auxiliary functionrbm Equation 2.19 with respect
to the parameters , we obtain the same update equations as in the direct derivahs
(compare Equations 2.11 { 2.13), for example:

@Q ; old X !
Q@—k):% N kn k(Yn k=0
9 * X X
) knYn = k;n
n n
X X
: k= knYn kin - (2.20)
n n

Interestingly, although it seems like using the expectatio operator in Equation 2.16 is
an approximation, this led us to the same parameter updatesseefore. Furthermore,
this derivation led us to two distinct processing steps and ade their naming rather intu-
itive.

We now brie y prove that maximizing the auxiliary function in the M-step indeed maximizes
the likelihood and thereby roughly follow the suggestion®i[8, beginning of Section 3] with
updated notation. To do so, we rst decompose the auxiliaryuinction into the log-likelihood

term and a negative cross entropy term by making use of the dation of conditional

probabilities and the linearity of the expectation operata
n 0

Q(; )= Epgzy. o0y INP(Y;Z; )
n

= Epzjy: o0y Inp(Y; )+In p(ZjY; )n )

= Epzjy ; ooy FInp(Y; )9; Epziv ; o) O'n p(ZjY; )

(0]

=In p(Y; )+ Eyzjy. oay INpZjY; ) : (2.21)
| {z }

CE(p(ziY ; “)ip(zjY ;)

Hence, it follows:

Inp(Y; )= Q(; *)+CE p(zjY; *)pzjY; ) : (2.22)
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We can now calculate the di erence between the log-likeliloal after the M-step and before
the M-step using a short hand notation for the cross entropy:

“=Inp(Y; ) Inp(Y; °9)

— Q( : old) Q( old; old) + |CE old; ) {ZCE oId; old} : (2.23)

KL( old Kk )

The di erence of auxiliary functions increases by de nitim of the M-step { after all, the
M-step is de ned as maximizing the auxiliary function with espect to the parameters. The
di erence of cross entropy terms is positive or zero, becauthe expected code length under
the wrong distribution CE  °¢; ) is always larger than the entropyCE  °¢; ° or equal
when the distributions are equal. This is also known as the Bh's inequality which can itself
be proven by applying Jensen's inequality (compare Sectiond. Consequently, = 0 and
the M-step for the auxiliary function indeed maximizes theikelihood?

c) Decomposition of the likelihood Alternatively, we may decompose the likelihood
into a lower bound and a Kullback-Leibler divergence. Thisiew of the EM algorithm is
closest to [16] although Neal et al. do not demonstrate the dwoposition. Similarly to the
decomposition in the last section we rst introduce a latentandom variableZ by multiplying
the log-likelihood with the integral of the PDF of the latent random variable, here denoted
asq(Z) [17, Equation 3.1]:

z
"=Inp(Y; )=Inp(Y; ) oZ)dz
Z z . .
= : oZ) Inp(Y; )+In —p(ij(;) )i —p(i’(;; )z
_ p(Y;Z; ) p(ZjY ;)
= da Ty N T #
z p(YiZ; ) 2 pZIY ;)
= qZ)ln =27 dz qz)in 2= 2 dz:
f {ZQ(Z) )2 . q(z) \
=:F(q; ) = KL( akp)

We have now obtained a decomposition of the log-likelihoodto a lower boundF (q; ) and
a Kullback-Leibler divergence KLEkp):

“=Inp(Y; )= F(q; )+KL( okp): (2.24)

The term F(q; ) is a lower bound of the log-likelihood since the Kullback-ibler divergence
is always greater or equal to zero (compare Section A.2).

51t is worth noting that this actually proves a bit more: It also proves that a generalized EM algorithm
improves the likelihood even when the M-step did not nd the maximum and just improved the auxiliary
function a bit [8], [16].
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It is now possible to maximize the likelihood purely by optinzing the lower boundF (q; ).
Neal et al. formulated the corresponding EM algorithm as falivs and proved that this is indeed
equal to the auxiliary function optimization as stated befce [16]:

Find a posterior distribution g which maximizes the lower bound-(q; ) while keeping
the parameters xed.

Maximize the lower boundF (g; ) with respect to the parameters under the assump-
tion that the posterior g is the true distribution.

Arguably, it might still be a bit nebulous how to maximize the bwer boundF(q; ) (a
functional) with respect to a function. In general, it is raher complicated to nd a function q
without implying further constraints. Keeping in mind that F(q; ) is a lower bound for the
log-likelihood and that the Kullback-Leibler divergences always positive or zero, it becomes
clear that the lower bound can at most reach the log-likelirad. Then, the Kullback-Leibler
divergence equals zero, i.eg and p coincide [18, Page 135]:

aZ) = p(ZjY; ): (2.25)

At least for our timeless GMM example we may now maximize thewer bound with respect
to the candidate distribution g without arguing via the Kullback-Leibler divergence, i.e.
by directly di erentiating with respect to the parameters d the candidate distribution
d(cen=1) = Cat(k; ), where , = 1n;:i0 Kkn T We start by adding a constraint that
the distribution has to sum up to one by introducing a Lagrang multiplier [13] for each
observation indexed byn:

X X
FO= F (q, ) + n k:n 1
X X X KX
= k:n In p(yn;ck;n =1; ) k:n In kn T n knt n- (2-26)
k;n k;n k;n n

We now di erentiate with respect to the parameters of the cadidate distribution g

@F
@k;n

) In ko =N p(yn;CGn=1; )+ » 1

=N pyn;Gn=1; ) (@L+In )+ =0

) kn = P(Yn;CGen=1; ) er" L (2.27)

By using the constraint again, we can identify the constant e *:

QP | X 1 1 1
=0 n; Gen=1; e" =1, e =P :
@y ) " Py ) « P(YniCGen=1; )

(2.28)
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Plugging Equation 2.28 into Equation 2.27 con rms our previus observation that the lower
bound is indeed maximized when the candidate distributioq coincides with the posterior
distribution p(ZjY ; ):

kP(Yns & k) :
w kPYn: koo ko)

qCn=1)= n =P (2.29)

It remains to be argued that maximizing the lower bound- (qg; ) with respect to is, in
fact, equal to the M-step of the auxiliary function approactdescribed in Section 2.5.3. To do
so, the lower bound is rewritten slightly:

Z
Sy p(Y;Z; )
F(g; )= q(Z)In Al dz
v z
= qZ)Inp(Y;Z; )dz q(Z)Inqg(Z)dZ : (2.30)
f {z 1 }
=Q(; % = H(a(2))

The last term, which turns out to the entropy of the candidatedistribution, is constant with

respect to the parameters. Consequently, since the rst ter is the auxiliary function and
the entropy does not depend on the parameters, maximizingegHower bound with respect to
the parameters is indeed equivalent to maximizing the auxiliary function ith respect to
the same parameters. In [18, Equation 10] Tzikas et al. argsamilarly, however, in contrast
to their presentation we actually did not need to plug in the esult of the E-step to prove our
point.

d) Special case of the VEM algorithm Based on the likelihood decomposition approach
in Section 2.5.3 we argue that the likelihood is maximized weh the lower bound is maximized
(repetition of Equation 2.24):

“=1Inp(Y; )= F(q; )+KL( gkp):

To derive a VEM algorithm, we, therefore, thrive to maximize he lower bound with respect
to g. To do so, no constraints org are imposed in general. Speci cally, we do not impose
any functional form such aspolynomial Much rather, we want to perform a free-form
optimization (also called variational optimization) of the functional F with respect to the
function g. The only structural choice necessary for the derivation ithe following is that
the variational posterior factorizes with respect to eachatent random variable or at least
with respect to subgroups of latent random variables. Herey indexed the latent variable
subgroup:

Y
aZ)=  dZm): (2.31)

m

According to this argumentation the successive derivatiomosely follows [17, Section 3.2] and
[18, Equation 15] with adjusted notation and slightly moredcus on transparent intermediate
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steps. To do so, we need to insert the factorization in Equatn 2.31 into the lower bound.
For clarity, we make use of the decomposition in Equation 203and insert the factorization
into the auxiliary function and into the entropy independertly.

z
Q(; ™= qZ)Inp(Y;z; )dz
Zy
= A(Zm)Inp(Y;Z; )dZ
z "z oy

= A(Zm) AZmo) Inp(Y;Z; )d(ZNnZmo)dZm; (2.32)
Zm nZ m m9% m
] z }
=:Inp(Y;Zm; )

whered(Z n Z o) should be read as the product of all but 4,,0. We identify p(Y;Z; ) as
that distribution which contains only one of the latent varable subgroups: all others have
disappeared due to the marginalization.

We now continue by inserting the factorization in Equation 21 into the entropy term on the
very right hand side of Equation 2.302:

H (a(2))

g(Z)Inq(Z)dz
z Y Y
C](Zmo) In q(zm)dz
zy  x
Ad(Z mo) Inq(Z,)dZ: (2.33)

0
Z m m

Applying the distributive law, we can now move the product ovem?®into the summation
over m: the multiplication is distributive over addition. Finally, the integration and the
summation are switched and the known property that the entnoy of independent sources is
additive is obtained:

X Zvy
H(a(2)) = A(Zmo) In o(Z m)dZ
w 2z" z
= q(ZmO) q(zm) In Q(Zm)dzm d(Z n Zm)
m .- m% m .
" i z }
) , , THEZD)
= H(q(zm)) q(Zmo) d(Z an)
m m9% m
i z }
X =1

H(@(Zm): (234)

m



Prerequisites 17

We can now combine both previous ndings and apply them to thesiver bound:

z X
F(g; )= AZm)INp(Y;Zm; )dZm + H(Q(Zm)) + H (a(Zmo))
ZZ' 7 m% m
= gZm)Inp(Y;Zpm; )AZn+  o(Zm)Ing(Zm)dZy, + const. (2.35)
ik 2o }

= KL(a(Zm)kp(Y;Zm; ))

Now, it can be deduced that the lower bound can be maximized byjasting q(Z,) for each
m independently by minimizing the Kullback-Leibler divergace between the approximate
posterior g(Z ) and the partially marginalized distribution p(Y;Z,; ). Since the Kullback-
Leibler divergence is always positive or zero and only zerd@n both distributions coincide,
the approximate posterior has to be equal to the partially m@ginalized distribution in
order to maximize the lower bound. To make it more clear, we naobtain the candidate
distribution for a latent variable Z,, by evaluating the expectation operator under all
distributions q but the candidate distribution [11, Equation 10.9], [18, Egation 16], [17,
Equation 3.16]:
n o]
INGn(Zm) = Eqznz,) Inp(Y;Z; ) +const,; (2.36)

where Z are all latent random variables andZ,, is a single latent random variable or a
subset of latent random variables an& n Z,, stands for all latent random variables butZ .
Therefore, our new E-step is to cycle through this equatiorof each latent random variable
Z, and evaluate the expectation operator to obtaim(Z ).

The VEM algorithm can then be summarized [17, Page 13]:
E-step Cycle through Equation 2.36 for each latent random variable
M-step Maximize the lower boundF (g; ) with respect to

If there is only one group of latent variables, the expectain operator in Equation 2.36 becomes
obsolete: there is no other latent random variable. Consegptly, we can simplify the expres-
sion and capture all terms not depending oZ in the additive constant:

Ing(Z)=1In p(Y;Z; )+const.
=In p(ZjY; )+In p(Y; )+const.
=In p(ZjY; )+ const. (2.37)

For the classic GMM example this results in the expected sdian:
Ing(cn) = In p(Cajyn; )+const. d(cn) = p(Cnjyn; )= «n: (2.38)

The M-step is the same optimization problem as discussed ie@ion 2.5.3 before. In summary,
the EM algorithm is de facto a special case of the VEM algorithm
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e) Special case of the MM algorithm The EM algorithm can be identi ed as a special
case of the very general MM algorithm [10], [19]. This is maahed here for reasons of
completeness but is not shown in detail. Falling back to the M algorithm is advantageous
when the variational approximation is not su cient to nd a s olution.® An example in which

Azcarreta et al. applied the MM algorithm to spatial clusterng of multi-channel speech

signals can be found in [20].

6 An example in which MM has not been applied yet, but in which it might | ead to a better model is a
prior distribution for the concentration parameter of a complex Watson distribution. Although rst
derivations were performed to nd such a prior, e cient parameter u pdates were unavailable at that

time.



3 Blind source separation principles

This chapter introduces the relevant foundations of BSS umowhich this thesis is built. It

is organized as follows: First, a general overview of sour@paration algorithms and their
goal is provided. Second, single-channel as well as muhiaanel approaches that yield an
intermediate signal, e.g., a time-frequency mask, are imtduced in Section 3.1 and Section 3.2,
respectively. Third, two instances of source extraction tagories which are informed by
the aforementioned masks are discussed in Section 3.3. Aligb xed (data-independent)
approaches are known, we constrain the discussion to datapgndent source extraction
technigues, namely masking and spatial Itering/ beamforrimg.

BSS aims at estimating the underlying signal components of abserved mixture without
access to parts of the source signals or the transfer chamtstics from the source to the
receiving sensor. Although its applicability generally rages from medical applications such
as disentangling electroencephalography (EEG) signals seismographic signals to detect
earthquakes, we here want to constrain ourselves to apprbas particularly derived for speech
mixtures.

When separating speech mixtures, the goal is to either obtaan estimate of each speech
image or an estimate of each speech source signal. The goaosietimes de ned rather

vaguely, since a source separation system may inherentlg@lpartially dereverberate a signal

and, therefore, might approximate a scaled and dereverbégd version of the source signal
better than the speech image itself.

The term blind refers to the degree of how much a priori knowledge is assumede available
to a system. Generally speaking, no BSS system is entirelyinal. Most systems make
some assumptions about the source signal, here speech, tviméorms how the system itself
is designed. This may include the assumption that speech iather sparse in the STFT
domain [21], [22] which led to sparsity-based methods or tressumption that speech is
limited in frequency, leading to systems operating on onlyputo 8 kHz or 16 kHz More
practically, source separation systems within the scope tifis thesis are considered blind
when they do not use knowledge of the geometry of the setupg.the source locations or the
array geometry, when they do not make use of externally praled diarization information,
speaker identity or any other kind of speaker information, rad do not assume knowledge of
interference signals beforehand.

In case signals do not overlap, it seems natural to select thedevant signal simply by masking.
In particular, this is used in digital communications in whch a communication channel can be
occupied by multiple participants using, e.g., time-divien multiplexing or frequency-division
multiplexing. Yilmaz et al. nicely demonstrated that a spariy assumption is well valid for
speech signals in the STFT domain (with a certain orthogon#&i measure, namely W-disjoint
orthogonality, [22, Section Il.]). In other words: althou@p speech signals may overlap in

19
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the time domain the assumption that speech signals overlagrely in the STFT domain
approximately holds [21], [22]. Rickard demonstrates in 32 Figure 8.4] that the W-disjoint
orthogonality is maximized forK =2 up to K = 8 speakers for a discrete Fourier transform
(DFT) window size of 1024 (64 ms) for a 16 kHz speech signal.

Although being aware of time-domain source separation, werkeconstrain the discussion
to frequency domain approaches which, at least to some degyreely on sparseness in the
STFT domain or derived domains. The general processing piped, therefore, consists of
(1) obtaining a speech mixture from a multi-channel micropbne array, (2) analyzing the
waveform with a STFT to obtain an STFT signal, (3) applying a clstering or separation
algorithm in the STFT domain that yields some form of masks, (dextracting each source
in the STFT domain by either using the mask directly (compare &ction 3.3.1) or within
a mask-based beamforming step (compare Section 3.3.2), andlly (5) a synthesis of the
waveform with an inverse short time Fourier transform (ISTFT). The reconstruction result
in the time-domain can then be evaluated with signal-level etrics or be transcribed in a
speech recognizer to obtain word error rates (WERS).

3.1 Principles of single-channel approaches

This section addresses single-channel approaches to BS8.bE able to separate sources
given only one channel one needs to rely on additional coretits such as independence
of the source signals, sparseness in a particular domain, smphisticated source models.
This section is organized into shallow methods in Section131 more heavily relying on the
aforementioned assumptions or grouping principles and $iea 3.1.2 containing selected
DNN-based approaches in which less structure is enforced antbwledge is rst and foremost
obtained through excessive training on dedicated database

3.1.1 Shallow methods

In an entirely blind setup and without additional constrairts, it is generally impossible
to separate sources in a single-channel recording [24]. IBwonstraints that enable sep-
aration are independence constraints [25], sparseness staints, or constraints on the

source itself [26] leading to di erent well-known algoritins, as brie y introduced in the

following.

Constraints on the source itself can be encapsulated into ausce model. Ellis groups these
into explicit source models, which aim to memorize realistisource signals and implicit
source models, in which particular cues encoded into funatis are tested against the source
signal [24]. Factorial models [27] treat the separation pbtem as an inference problem, in
which the sources are assumed to be well modeled one just rset gure out how they
explain the given mixture. However, this requires learned ndels for each source beforehand.
Given additional sequential constraints, these can also lspeaker-independent, e.g., by
introducing a (hard) transition matrix between states as rgely illustrated in [24, Figure 3.2]
or state transition probabilities resulting in factorial hdden Markov models (HMMs) [28],
[29]. Slightly di erently, computational auditory scene analysis (CASA) models encode
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knowledge about source properties into functions appliea tthe signal [30]{[32]. Such a
grouping principle can be for example proximity in time andrequency, harmonicity, common
onsets, or other hand-crafted properties.

In contrast, while the aforementioned models assume indem@®nce since no cross-source
statistics are captured, independent component analysigJA) explicitly maximizes some
measure of independence [33], [34], e.g., by approximatungcorrelatedness of any function of
the source signals (not just uncorrelatedness of the sigaahemselves). Smaragdis compares
ICA with CASA and goes so far as to argue that the rather heurigtally obtained grouping
principles in CASA are better captured with independence assiptions naturally leading to
ICA [35].

Sparse decomposition can be seen as a generalization of peeshelence and sparsity. Source
signals themselves are not directly assumed to be independer sparse. Much rather, it
is assumed that their decomposition coe cients given a posgsy overcomplete dictionary
are independent and sparse [36]. In that sense, nonnegatimatrix factorization (NMF)

Is a decomposition technique into a dictionary of bases andreesponding activations [37].
Subsequently, NMF has been extensively applied to mixture$ audio signals [38] adding
additional constraints or generalizing to convolutive NMF 39].

Although the aforementioned approaches are not directly cqrared in the remainder of
this work, a brief understanding of the underlying assumptins helps to better understand
other algorithms referred to in the following. Especially Wwen discussing other integration
approaches, e.g., in Section 3.2 or more extensively in Sext4.1 beyond the ones derived
in this thesis, the aforementioned shallow approaches areigg to reappear either in a
generalized form or as a sub-model.

3.1.2 Deep-learning methods

Motivated by the success of deep learning in domains such geeech recognition, image
recognition, and segmentation researchers have appliedired networks to speech enhancement
as well as speech separation. Early deep learning approah® source separation trained a
separate network for each target speaker which maps from thaxture signal to the speech
signal of the target speaker [40] and were, thus, only apmisle when the speaker at test
time had already been seen during training (closed conditip Tu et al. introduced training
networks with a mean squared error (MSE) loss not just for thearget speaker but also for
the interfering speaker and claim that this training scheméeads to better generalizability
when it comes to unseen interferers [41]. They encourage fgomal continuity by using
neighboring context frames for separation and already enaage multi-style training with
varying mixture ratios. That work and its follow-up improvement can certainly be seen
as a generalization of [40] in the sense that although the et test speaker needs to be
known during training the interference test speaker can der from training interferences [41,
Section 3.3], [42].

The development of deep clustering (DC) is an important brédhrough as it can operate
with entirely unseen speakers at test time (open conditiorf#3]. Not much later Yu et al.
published the rst successful system, which addresses theusce separation problem similarly
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Figure 3.1: Overview of the DC processing steps. The vanilla implaentation operates on a single-
channel which in this case is, without loss of generality, set tad = 1. Furthermore, ¢t represents
a ground-truth supervision mask such as an ideal binary mask (IBM).

to [41] while allowing the prediction to be arbitrarily pernuted [44], [45]. This concept,
allegedly solving the permutation problem, was already m&aned brie y in [43] while not
being successfully applied. Deep attractor networks (DANs)@ an interesting variant of
DC in the sense that they infer a latent embedding represeritan which is intrinsically
permutation invariant while enforcing separability with areconstruction loss without the
need for a permutation invariant training (PIT) strategy [46].

3.1.2.1 DC: Deep clustering

DC is a method to separate a single-channel speech mixturdaran estimate for each
speaker's contribution to the mixture [43]. It is probably the rst neural network-based

source separation approach that addresses the label ambigyproblem: one is interested

in separated source estimates but the actual ordering (e.ghe youngest speaker rst) does
not matter. The key component is to train a neural network thatranslates an amplitude

spectrogram into an embedding vector per time-frequencyrbi Then, applying a clustering

algorithm such as k-means on the embedding vectors allowseaio obtain a posterior mask
for each source. The underlying idea is that the DNN transformithe information in such a

way that separability by a simple clustering algorithm is deviated. Figure 3.1 summarizes
these processing steps.

Training embeddings, e.g., to group similar images or to ndimilar words can be seen as
weakly-supervised training: instead of using the class labas supervision, one just uses the
information that objects belong or do not belong to the samdass. The standard loss is a
contrastive loss which encourages to move embeddings belog to the same class closer
together and embeddings belonging to di erent classes fin¢r apart. Figure 3.2 illustrates
this behavior.
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Figure 3.2: Di erent sketches to illustrate a contrastive embedding loss. From left to right: two
embedding vectors from the same class attract each other, two embeddj vectors from di erent
classes repel each other, both e ects complement each other.

Although there are many variants to the contrastive loss, siicas triplet loss, Hershey et al.
decided to use a very speci ¢ variant of the contrastive losghich can be reformulated in a fairly
resource-e cient way. The DC loss is given as follows [43, Hqtion 1]:

2 2
JoO = A A = EET cCT : (3.1)
F F
Here,A and A are the estimated and the ground truth a nity matrices with shapeTF  TF.
The entries in A encode if two time-frequency slots belong to the same cla3he matricesE
and C consist of the stacked embedding vectors and the stacked gnd-truth class a liation
vectors, respectively:

E = €11 I erF TZRTF E; C= Ci1 i1 CrF TZRTF K: (32)

Regardless of the fact that Equation 3.1 suggests thafl )2 inner products need to be
calculated, [43] demonstrates that the e ective number ohner products is much lower when
an appropriate reformulation of Equation 3.1 is performed.

An early extension added a subsequent mask re nement netwaakd trained that jointly with
the embedding network [47]. Other noteworthy extensions &fC are alternative objective
functions [48] and multi-channel DC as better explained inegtion 3.2.2 [49]. Another larger
performance boost was achieved by combining the DC loss wiih additional permutation
invariant mask inference loss (compare Section 3.1.2.3BJ4[50]. Further, DANs are a
noteworthy variant of DC which allow a signal reconstructia loss. DANs are explained in
the next section.

3.1.2.2 DAN: Deep attractor network

Just as DC, DANs were developed to separate speech from a sirgiannel mixture [46]. To
do so, a DAN relies on an embedding network similar to DC but aids the DC loss function.
First, the embedding vectorse;; are calculated by a DNN. Second, a weighted average of
the embedding vectors is calculated using an oracle classlation mask to obtain mean
embeddings:

X X
K= C;t:it €t Cit;f - (3.3)
t;f t;f
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Figure 3.3: Overview of the DAN processing steps with a signal reconsiction loss. During training,
an oracle class a liation mask is used to calculate attractors similar to an M-step in GMM clustering.

Referring to alleged brain mechanisms, these mean vectors aalledattractors in the original
work [46]. Interestingly, although the authors of [46] did at mention this connection, this
is reminiscent of supervised GMM parameter estimation: Gan the latent class a liations
the mean vectors of a GMM are calculated just as in Equation 3. Third, an inner product
between each embedding vector and each attractor is calcigd to obtain logits,! which can
then be mapped to probabilities with a softmax function ovek [46]:

X
T T
kitf = Softrknax Iet;f =g K& e kot - (34)
KO

Finally, the embedding network can be trained either with a msk loss (such as cross entropy
(CE) comparing a predicted mask with an oracle mask) or with aignal level loss by applying
the mask to the mixture spectrogram rst [46]. Figure 3.3 show/the training and inference
steps for a reconstruction loss.

Albeit avoiding the DC loss function and being able to train wh a reconstruction loss, the
training conditions still di er slightly from the test cond itions: During test time, the oracle
masks are replaced by the output of the k-means clusteringgakithm. This mismatch can
be addressed by training a mask-re nement network similarot [47] or by retraining the
downstream task, e.g., ASR as in [51, Table 3].

1 Here, logit refers to the log-probability before applying the sigmoid or softmax furction. The term goes
back to 1944 when Joseph Berkson used thiegistic function to map probabilities in [0;1]to [1 ;1 ].
However, there is no logistic function involved here.
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Figure 3.4: Overview of the PIT processing steps. The PIT loss caldates a given metric, e.g., MSE
for each possible permutation of classes and then just forwards the mimal loss.

3.1.2.3 PIT: Permutation invariant training

PIT [44], [45] is a di erent approach to address the global saker label ambiguity which
greatly streamlined the processing scheme and led to manyptperforming separation models
such as TasNet [52] or DPRNN [53]. The idea is to skip the embedd representation entirely
and train a network that directly estimates posterior mask$rom the observation. In doing so,
the neural network cannot be aware of the order in which the @rent target signals appear.
Ideally, one would like to take the oracle permutation and jst calculate a mask loss such as
CE or a signal reconstruction loss such as MSE on the accorgliy permuted signals. One
option is to externally calculate the ideal assignment, pegly with a di erent metric. A much
more self-contained solution is to calculate the desiredst® for each possible permutation and
then use that loss for backpropagation which led to the lowesalue [44], [45], where is

X
J(PIT) = argmin MSE k( k)t s Xktf - (35)
k;t;f

When training with an additional noise class, one can keep thmosition of the noise output
xed to somewhat reduce the number of permutations to test. Heever, although the number
of permutations needed for Equation 3.5 is the factorial ohe number of classes, the number
of MSE losses which actually need to be calculated scalesgodional to the square of the
number of classes: One can rst calculate the quadratic matr containing the loss of each
image Xyt with each predictionR¢ers and then pick those precomputed losses from that
matrix to evaluate Equation 3.5.

3.1.3 Discussion of single-channel deep-learning methods

The main advantage of DC and DANSs over PIT is that the embeddingetwork is entirely
independent of the number of speakers, i.e., the same wegglean be used to infer two and
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Table 3.1: Conceptual comparison of single-channel deep learning-based appches to BSS each
appearing as baseline systems in Chapter 5.

DC DAN PIT

Embedding 3 3 7
Allows reconstruction loss 7 3 3
Number of sources arbitrary during inference 3 3 7
Computational complexity of the loss high low low

three speaker mixtures [43, Table 3]. However, the number gfesakers has to be known before
the k-means step during inference, or at least estimated by &xternal system. The advantage
of DANs and PIT over DC is that they allow a signal reconstructia loss: the resulting
masks during training can be multiplied with the input spectogram and the resulting speech
estimate can be compared with the ground truth source sigrsal However, DC variants such
as [47] and Chimera++ [48] again allow to train with a signal econstruction loss, regardless.
Another advantage of PIT over DC and DANSs is that it is easier to deign a frame-online
algorithm using PIT than DC or DANs. This is caused by the fact tlat DC and DANs both
require k-means to run on a certain minimum signal length. Haver, all methods can be
generalized to block processing by, e.g., separating bleckdependently and then solving the
block permutation problem (the problem that the speaker inéx may be inconsistent across
blocks) later. Table 3.1 roughly summarizes the key di erazes between DC, DANs, and PIT.

3.2 Principles of multi-channel approaches

The main cue for multi-channel separation are cross-chanrfeatures: the spatial character-
istics of each source can be obtained by using inter-chanmdlase di erences (IPDs) and
inter-channel level di erences (ILDs). Figure 1 and Figure 3ni [55] conceptually visualize
IPDs and ILDs, respectively. Although single-channel appazhes such as DC may already
pro t from additional channels due to the added redundancy gee, e.g., Table 5.26 for a
limited comparison), cross-channel dependencies add arddinal source of information
and, depending on the complexity of the scenario, can lead gwod source separation
results.

Multi-channel approaches consist of a variety of methods d&oped in parallel [54]. Figure 3.2
shows an overview of selected algorithms.

Widely known methods include multi-channel NMF [56], [57], a Bthod bending the term
nonnegativeto some degree: To also capture IPDs multi-channel NMF is, imadt, a semi-
nonnegative modeling approach in which the latent source wer is modeled with NMF and
the mixing conditions are addressed with other means [58, & 74]. An introduction to
multi-channel NMF can be found in [58, Chapter 4].

Additional methods are independent vector analysis (IVA) [99[61] and independent low-rank
matrix analysis (ILRMA) [62] (an approach unifying multi-channel NMF and IVA) which
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Table 3.2: Conceptual comparison of multi-channel approaches to BSS. Theisualization closely
follows [54, Figure 1]. The approaches marked with an asterisk require an aitional dimensionality
reduction. Approaches highlighted with a blue box[] are discussed in more detail in this work.
Other single-channel approaches are brie y introduced in Section 3..1, while other multi-channel
approaches are referenced in the introduction of Section 3.2.

Single-channel Multi-channel
Training
data Underdetermined Determined Overdetermined
D=1 K>D K =D K<D
7 ICA ICA*
7 ILRMA ILRMA*
7 Spatial clustering in Section 3.2.1
7 Multi-channel NMF
NMF
3
3 DNN-based methods in Section 3.1.2

are focusing on the determined case: the number of speakasgicides with the number of
channels. These can be generalized to overdetermined sc@sa i.e., situations in which
the number of channels exceeds the number of speakers, byppoeessing the observations
with a dimensionality reduction. Nevertheless, in the follwing, we will not address these
independence assumption-based methods in any more detail.

A more versatile class of multi-channel separation methodase clustering-based formula-
tions [22], [55], [63]{[66]. These concepts in principlelal to address the underdetermined
case (fewer sensors than sources) by assuming that the olaBons stem from a structured
generative model: rst, class labels are sampled which irwdite which observation belongs to
which source or noise, second, the observations are samgdtedn di erently parameterized
distributions based on their class a liation. Although the underdetermined case is supported,
in practice, these methods are often applied with six or momhannels { more channels result
in better separation performance nonetheless.

A rather early overview of spatial features for clusteringpased techniques can be found in
[23, Section 9.4]. Although Table 9.2 in [23] compares manyurestically motivated spatial
features, it already provides features quite similar to nomalized observations as used in
modern spatial clustering approaches (compare Section A2 The choice of the actual
spatial feature, potentially a transformation of the obsestion vector y , heavily depends
on the separation approach at hand. For probabilistic mixtte model-based approaches,
the feature choice depends on the availability of adequateqgbability density functions and
the complexity of the parameter estimation process. In corast, for multi-channel neural
network-based approaches, features are typically selette such a way that the range of
possible values is limited and that discontinuities are awed: to name an example, phase
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di erence is often avoided due to the discontinuity at the wapping point, whereas sine and
cosine of the phase di erence are continuous and bound to1; 1].

Quite a di erent approach, not further analyzed within this work, is to precalculate a set
of xed beamforming vectors for a given microphone array. Tdén a subsequent system just
selects the channels which lead to the best source sepanatiesults. To name an example,
Chen et al. suggests to apply a DAN to a limited number of xed bemformer outputs and
then uses an additional system to select the best separatiogsult [67].

First, Section 3.2.1 introduces spatial clustering approles with their corresponding spatial

features. Then, Section 3.2.2 highlights, how spatial faates can be used with neural networks.
Although beamforming is often introduced as a multi-channedource separation approach
(see, e.g., [68]), it is here introduced as an instance of smeiextraction methods alongside
masking approaches in Section 3.3.

3.2.1 Probabilistic spatial mixture models

Probabilistic spatial mixture models are a way to address thcocktail party problem based
on the sparseness assumption of speech in the STFT domain: esgfe occupies a small
fraction of time-frequency bins in the STFT domain. This assuption holds well for
the instantaneous mixing of a few sources in a noise-free rem@o. However, in more
realistic scenarios reverberation e ects cause the di ené source signals to cover more
time-frequency bins. In particular, background noise alnsb always violates the sparseness
assumption.

However, this sparseness assumption can be relaxed: it is sient to assume that each
time-frequency bin is dominated by one source or noise. Byidg so, one can again assign
class labels to each time-frequency bin and model the muttirannel observation with a
weighted sum of component distributions:

X
P(f (Yer)) = Epeey ) FP(F (Yer )L e )= P(Ctr =1) p(f (Yer DiCknr =1); (3.6)
k

wheref () is a feature extraction method andc..¢ is the latent class a liation modeling
from which class a particular time-frequency bin stems: eaclass models either a source or
the background noise.

All algorithms in the remaining part of this chapter either ug the observation vectors
directly or use normalized features; [69, Equation 12]:

Yt = Yeri1iilYeo | 2 CP (3.7)
Yoo = Yer Ky k2 CSP 1 with CSP 1= y2CP:yly=1 : (3.8)

This normalization ensures that neither the power in a partular time-frequency bin nor the
scaling of the entire input signal in uences the clusteringesult. This elegantly incorporates
the scale ambiguity [2, Section I111.C] but at the same time avds using the power information,
e.g., as a reliability cue.
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The sparseness assumption can be relaxed further by assugnénnonsparse (not to say dense)
noise source while sticking to sparse speech sources at tbst ©f increased computational
requirements [70]. Another way is to improve sparseness byher applying a dereverberation
algorithm such as weighted prediction error (WPE) [71], [72]}st, or formulating a joint
separation and dereverberation algorithm [73].

The remainder of this section is organized as follows: Sexti3.2.1.1 introduces the fre-
guency permutation problem. Section 3.2.1.2 addresses e@lient initialization schemes and
Section 3.2.1.3 discusses particular choices of mixtureigigs. The remaining sections discuss
concrete manifestations of spatial mixture models and ca&sponding parameter update
rules.

3.2.1.1 Frequency permutation problem

The aforementioned spatial mixture models neglect frequeyndependencies. Although, under
some conditions, a normalization of the features in such a w#hat all can be processed
frequency-independently is possible [74] almost all re¢grublications suggest to operate at
least in part independently of frequency. Thus, when clustieg is performed without any kind
of guidance, it will yield a solution in which the speaker inelx is inconsistent over frequency
bins. This issue is the so-called frequency permutation drlem [75]. This can be addressed
by a variety of approaches [2, Page 14] which may or may not bkemady incorporated into
the optimization process: a linear constraint such as in mimum variance distortionless
response (MVDR) beamforming can be applied [76], a similayilneasure between neighboring
beamforming vectors/ relative transfer functions (RTFs) mg& be used [77], or a similarity
to the corresponding anechoic steering vector can be coresiedd [78]. However, within the
scope of this work permutation alignment is used as a sepaggbost-processing step which
maximizes the correlation of neighboring frequency binsgJ[66], [79], [80]. In particular, a
greedy maximization of the similarity of the posterior maslof neighboring frequency bins
as proposed by Tran Vu [81, Section 5.6] is used where indiedt It is mainly in uenced
by [66], [75], [80], [82] and nicely visualized in [83, Semti4.4].

3.2.1.2 Initialization

Probabilistic spatial mixture models tend to be very susceible to initialization. The two pos-
sibilities are to either initialize with values for the clas a liation posteriors ..+ or to initialize
with values for the class-dependent parameters and the mixe weights.

To be able to initialize with values for the class-dependemiarameters one often needs external
knowledge such as the approximate source positions [84].idtalso possible to distribute the
initial values randomly in their domain of de nition, e.g., in [17, Page 33] complex Watson
mode vectors were drawn from a uniform distribution on the stace of the complex unit
hypersphere.

Initialization with values for the class a liation posteri ors ..+ tends to be easier to implement
because knowledge of the class-dependent distribution @t mequired. One option is to sample
the class a liation posteriors ¢ i.i.d. from, e.g., a Dirichlet distribution or even from
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a uniform distribution with a subsequent normalization. Alernatively, one may randomly
assign wider vertical stripes to each of the classes, whidfesiates the frequency permutation
problem a bit and encourages the class-dependent paramstéo initially be more spread
out.

A more elaborate way is to better analyze the observation ts Tran Vu et al. proposed a
de ation scheme that selects high energy regions rst and #n calculates class-dependent
parameters on those for initialization [85]. Duong et al. mposed a hierarchical agglomerative
clustering approach for initialization [86]. Further, onecan perform some form of preclustering,
e.g., with an online preclustering as done in [87] or simplyithh k-means [88] or variants
thereof [89].

Keeping in mind that a good separation result is, of coursenaxcellent initialization, we here
refer to the proposed weak integration in Section 4.2. A corafson of di erent initialization
schemes is given in [85, Figure 2], [83, Section 6.8], and it®m 5.5.2.

3.2.1.3 Inuence of the mixture weight

The formulation in Equation 3.6 intentionally omits the patticular shape of the mixture
weight p(c.tf =1) = r . However, in a given instance of this formulation, the a prior
distribution is often set to be constant along at least one dhe indices K, t, or f ). Although
in terms of notational burden, this is a minor change, it can éve an interesting impact on
the overall solution. A constant mixture weight .+ = 1=K tends to lead to a more even
distribution and, thus, avoids to cancel all speakers when large portion of the signal is
noise-only. A time-independent mixture weight ..+ = s IS the most common choice.
It allows us to entirely model each frequency bin independty) which may be advisable
since a few frequencies tend to be purely noise. A frequenogependent mixture weight

ktf = Kkt IS Seen less often but has the desirable property that it alliates the permutation
problem to some degree [90]. It is also possible to use a Ditet prior for the mixture weight
to more carefully control how many observations are assigh#o one class on average [17],
[66].

3.2.1.4 Complex Watson mixture model

The complex Watson mixture model (c(WMM) is a spatial clusteng model which is used
to separate di erent sound sources based on spatial cuesymaly IPDs and ILDs [91], [92].
These cues are encoded in the normalized complex-valuedeskiation vector which is de ned
on the complex unit hypersphereCSP 1 which itself is a subset of the complex domai@®
according to Equation 3.8. The motivation for operating on lte normalized observation
vectorsy¢ IS to maintain as much information in the signal which is reled to the acoustic
mixing conditions but to remove all audio source related pperties.

A cWMM is a spatial mixture model with complex Watson distribuions [93] as class
conditional distributions. Typically, it is applied independently per frequency binf [91],
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[92]. In its generic form, the distribution is the marginal & the complete data distribu-
tion:
X
P(yer) = P(Gaer =1) P(yes s =1); (3.9)
k

wherep(cts =1) is a categorical distribution which is parameterized wit the mixture weights

The complex Watson distribution is de ned as follows [93, Heption 1]:

1

e ki Wl i jz; 3.10
cw( Kf) ( )

P(Ytt jCatr =1) = CW(¥et; kWit ) =
with the class-conditional concentration parameters,: and mode vectorsw, for each
frequency bin. The mode vectors are constrained to unit-lgth and de ne the direction
around which the observations accumulate. A potential preecsor of the cWMM is the
line-orientation model in [66, Section Ill.A]. The concengition parameters in uence how
much the observations are concentrated around the mode verd and are forced to be
nonnegative. A concentration of zero implies that the obseations are distributed uniformly
on the complex unit hypersphere. It is worth noting that the dstribution is circularly-
symmetric, i.e.,p(¥e jCerr =1) = p(¥er € jors =1). This elegantly addresses the absolute
phase ambiguity of an observation received at a sensor arraye time of ight from the
source to the array is unknown anyway and, therefore, the atisite phase should not be used
for clustering.

The normalization constantcy ( «f) can be obtained by integration of the PDF over the
surfaceCSKX 1 of the complex unit hypersphere and then separatingy ( «s ). The resulting
analytic form is given as follow [93, Equation 1]:

2 P4Fi(3;D; k).
© 1

ow( Kkf)= (3.11)

where ;F1(; ; ) is the con uent hypergeometric function [94, Equation 12.2]. Issues
regarding numerical stability can be found in [17, Appendix]#

To obtain a maximum likelihood estimate of all involved parmeters, an EM algorithm
Is used (compare Section 2.5.3). The E-step evaluates thespaior of the class labels
ket = P(Ker = Kyt ) according to, e.g., Equation 2.25:

N kor =N e INaFA(LD; k) + ke Wik Yar Yy Wi + const: (3.12)

During the M-step the lower bound is maximized with respect tthe parameters. We obtain
the following updates [93, Section 4], [81, Appendix B.5],38Section 2.4.2]:

1 X
= = f 3.13
k;f T k;tf ( )
t
2 A numerical implementation in Matlab can be found in libDirectional [95]. A Python implementation

can be found inpb_bss (https://github.com/fgnt/pb  _bss).
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k;f

! @ @\
Figure 3.5: Graphical model of a cWMM. The complex-valued distribution is visualized by its real-
valued counterpart. Circles depict random variables, while doubly d@rcled elements are observable

random variables. Boxes are model parameters which are estimated dung test time. Arrows
indicate statistical dependencies.

Wt

X X
Wit = P ( pwwr) With gy = ot Yt Yo Kitf 5 (3.14)

1F1(2;D +1; k) Ny
Y T Wit Wit 3.15
D 1F1(1, D’ k:f ) Wk,f vy k;f Wk‘f ( )

where P () calculates the principle component of the provided matrix

The update equation for the concentration parameter,.; is implicit and an explicit update
is not available. One can either rely on an approximation, ., for high concentration values
[93, Equation 9] or evaluate the hypergeometric ratio for aectain number of points to obtain
a lookup table. A cubic spline interpolation turned out to besu ciently fast and accurate
both in terms of initialization of the spline parameters as ell as in terms of evaluation time?
Furthermore, it is worth noting that the right hand side of Equation 3.15 is exactly the
largest eigenvalue of the covariance matrix yy i -

Complex spherical k-mode clustering This section describes a clustering algorithm for
sound sources based on spatial cues. It is a simpli ed vensiof the complex Watson mixture
model by enforcing shared concentration parameters for éaclass, i.e., + = > 0 and
a one-hot selection instead of the soft assignment duringehe-step in a regular complex
Watson mixture model maximum likelihood estimation [89].

Consequently, the E-step can be evaluated rather quickly:

&t =1 for k=argmaxjyg Wiosj*: (3.16)
kO

During the M-step we just need to estimate the mode directian The update coincides with
Equation 3.14.

In terms of computational complexity, the complex spherid&k-mode clustering is more expen-
sive than k-means on complex observation vectors but espli the E-step is considerably
faster than the E-step of the complex Watson mixture model. Ae contribution [89] evaluates
the algorithm in comparison to k-means clustering and di e¥nt complex Watson mixture
model variants.

3 An implementation of the spline interpolation can be found in pb_bss whereaslibDirectional uses a
linear lookup table interpolation to obtain the concentration parameter.
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3.2.1.5 Complex Bingham mixture model

Ito et al. proposed a complex Bingham mixture model to clustesound sources in a multi-
channel recording based on spatial cues [96]. The featur@e again normalized observation
vectors as in Equation 3.8. The complex Bingham distributions de ned as follows [97,
Equation 1]:

1

— et Brivur 3.17
Cs (B ) (3.17)

P(¥ef jCer =1) = CB(¥¢r ;Bis) =

Ito et al. argue that the complex Watson distribution has linited expressiveness due to
the reduction of the covariance matrix to a single mode diréon [96, Section 3.3]: The
complex Watson distribution is a special case of the compl@&ingham distribution for the
parameterizationBy; = W Wi .

An analytic expression for the normalization constant can bund by integrating p(¥s jCes )
over the complex unit hypersphere [97, Equation 2.3]:

Ce(Bkr) =4 1';&(%;%;Bk;f) v

=2 ° Acfa € K with ak;fl;d = ( Kkfd kif:d 0); (3.18)
d d6 do

where .4 are the eigenvalues of the parameter matriB ;. The latter expression assumes
that the eigenvalues are distinct. However, in many cases,nse eigenvalues may coincide. It
IS an interesting nger exercise to derive these special essvia I'Hospital's rule. In practice,
however, it is often su cient to guarantee distinct eigenvdues by slightly modifying the
eigenvalues. Moreover, the entire expression can be evadwhusing a symbolic toolbox to
generate functions depending ob.

It is worth noting that the normalization constant depends aly on the eigenvalues of
the parameter matrix. More precisely, a constant eigenvaduo set can be factored out of
the normalization constant (compare Appendix A.1.1). Simildy, o setting all eigenvalues

with a constant does not change the shape of the distributigcompare Appendix A.1.2).
Consequently, for numerical stability, the eigenvalues oabe normalized such that the
maximum eigenvalue is zero:

©= ¢ Mmax g (3.19)

Maximum likelihood estimates can again be obtained using ¢hEM algorithm. The E-step
turns out to be:

In ktf — In k:f In 1F1(%, %, Bk;f ) + y{'f Bk;f Yt + const: (320)

During the M-step the parameters have to be estimated [97, &®n 3]:

1 X
kif = ? : Kitif (3-21)
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Figure 3.6: Graphical model of a complex Bingham mixture model (cBMM). The complex-valued
distribution is visualized by its real-valued counterpart. Circles depict random variables, while
doubly circled elements are observable random variables. Boxes are iohgl parameters which are
estimated during test time. Arrows indicate statistical dependencies.

X ’ X
vkt = ktf Ytf Y kit (3.22)

t t

Bt = Vit kf Vit (3.23)

whereV s coincides with the eigenvector matrix of . .+ and the eigenvalues 4 have
to be solved numerically% The following equation relates the eigenvaludgs.q of yy kf 1O
the eigenvalues y..q Of By :

@ncs( ki) _ et

3.24
@ k:f.d ( )

3.2.1.6 Full-Bayesian complex Watson mixture model

Drude et al. proposed a full-Bayesian complex Watson mixtarmodel [17], [98]. This model
is a generalization of the complex Watson mixture model in #hsense that it treats the
mixture weights as a random variable by introducing a Diriclet prior and treats the mode

vectors as a random variable by introducing a complex Binghaprior. The main advantage

of this model is that it has the tendency to determine the numér of speakers automatically.
Mixture components which do not represent an audio sourcene to have a mixture weight

of almost zero. The EM update equations can be found in [98, &ation 8 { 14] and [17,

Table 4.1]:

In ktf = Eq( k)fln kg 1F1(1;D; k;f)

N Eqwir ) W ke Yur YW (3.25)
Nyt = kitf (3.26)
t
kf = okt + Nigr (3.27)
1 X )
vkt = N_ ktf Y yt;f ; (3.28)
k;f t
Bit = kit Nkt ypkr + Boxit s (3.29)
1F1(2;D + 15 ) H
~ = E W W it 3.30
D1Fi(1;D; &) (W ;s ) ki oy skt kst ( )

4 For example, by nonlinear least-squares tting as inlibDirectional
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Figure 3.7: Graphical model of a full Bayesian cWMM. The complex-value distribution is visualized

by its real-valued counterpart. Circles depict random variables, while doubly circled elements are
observable random variables. Boxes are model parameters which are estited during test time.
Arrows indicate statistical dependencies.

Byt

The expected valueEy ) fIn g, which is the negative entropy H(g( «)) is evaluated using
the digamma function () [11, Equation B.21], [17, Equation 4.40}:
!
X
Eq o fln «g= ( «t) kog (3.31)
kO

Calculating the remaining expected values is a bit more coolted and corresponding
equations can be found in [98, Appendix] or [17, Section 4%].

3.2.1.7 Time-variant complex Gaussian mixture model

Di erent authors have introduced a time-variant complex Gassian mixture model (TV-
cGMM) to separate sound sources based on spatial cues. Rteoand Cardoso used a
factorized covariance matrix for the source images [100].néent and Gribonval introduced it
as alocal Gaussianmodel. They argue that this model is suited for speech mixtas due to the
local stationarity but global sparseness of speech signaisthe STFT domain [101, Section 3].
Although [102] already presented an integration of a TV-cGMM uth an NMF-based source
model more widespread use can probably be attributed to [78lie to its more accessible
notation and [103] due to its successful application in coext of the CHIME 3 challenge [104].
The TV-cGMM is related to the full-rank model by Duong, Vincent and Gribonval [86] but
assumes sparse mixing instead of additive mixing.

The TV-cGMM directly uses the observation vectory; as in Equation 3.7. The distribution
of the mixture is a marginalization over the latent class a lations:

X
p(yer) = P(Cetr =1) P(Yrf JCkits =1); (3.32)

5> The digamma function is de ned as the derivative of the logarithm of the Gamma function [99, Page 258]:

Ax)
(%)

0= S (%) =

8 A numerical implementation is publicly available in libDirectional
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where the class labels are categorically distributed and eéhclass-conditional observation
distribution is a time-variant complex Gaussian distributon:

1
det( tr Bir)

P(Yef Gt =1) = CN(O; kyr Byyr) = e Vi it Bt Yo : (3.33)

It di ers from the widely-used parameterization of a comple circularly symmetric Gaus-
sian [105, Theoreme 3.1] only by the factorization of the cawance matrix.

During the E-step the posterior distribution of the class Iaels is given by

N e =Nk Indet( ke Bir) Vi e Big Yur +const: (3.34)

During the M-step the mixture weights, the time-dependent clar as well as the time-
independent matrix are updated using

Nt X
Kf = % with Ny = Kitf (3.35)
t
— i H B 1 . 3.36
ktf — Dyt;f k;f Yif s ( : )
1 X Yif y|_-|
Bk;f = N_ k;t;f AL . (337)
kif k;t;f

t

It is worth noting that the M-step updates are dependent on edn other. Although this
may require a nonlinear solver, in practice, it turned out tdbe su cient to update each
parameter only once per M-step and initialize, e.g., the tisxdependent scalar .+ with
ones. Moreover, the correlation matrix inverse can be obted via an eigenvalue decom-
position thereby clipping the eigenvalues for additionaltability (see [106] andpb_bss for
details).

3.2.1.8 Complex angular central Gaussian mixture model

The real-valued angular central Gaussian distribution wamtroduced by Tyler [107] as an

alternative to the Bingham distribution due to the rather canplicated normalization constant

and maximum likelihood estimation for the Bingham parametematrix [108, Page 182]. To

illustrate the real-valued angular central Gaussian distibution Figure 3.8 shows samples for
di erent parameterizations. The maximum likelihood paraneter estimates for a real-valued
angular central Gaussian can be found in [107].

The complex angular central Gaussian mixture model (CACGMMis a probabilistic spatial
mixture model that can be used to separate sound sources in altirchannel recording. The
probabilistic dependencies are illustrated in Figure 3.9.t was proposed by Ito et al. in
2016 [111] with a proof that the update equations coincide thithe update equations of
the TV-cGMM [111, Appendix]. Consequently, the EM algorithmdor each are identical. A
similar proof is that wheny; is TV-cGMM distributed, the normalized featuresy; are
cACGMM distributed.
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(@) B =diag (1,117 (b) B =diag (1;100Q1)" (c) B =diag (10;100Q1)"
Figure 3.8: Samples from a real-valued angular central Gaussian distribubn with di erent pa-
rameters. The rst parameter set yields a uniform distribution, t he second parameter set yields a

symmetric distribution around the mode axis and the third parameter set results in an elliptically
symmetric distribution around the mode axis. Visualizations in [109] and[110] inspired this gure.

.| &
ki C tf @ B ki

Figure 3.9: Graphical model of a cACGMM. The complex-valued distribuion is visualized by
its real-valued counterpart. Circles depict random variables, whie doubly circled elements are
observable random variables. Boxes are model parameters which are estited during test time.
Arrows indicate statistical dependencies.

It operates on normalized observation vectors de ned on theomplex unit hypersphereCSP 1!
and, therefore, can only capture IPDs and ILDs:

Yor = Yt Ky k2 CSP 1 (3.38)

The class conditional distribution (observation model) i complex angular central Gaussian
distribution [112, Equation 3.1], for which all class-dep&lent parameters are summarized in
the correlation matrix By :

(D 1) 1
2 b detBk:f (yrf Bk;gyt;f )D

P(¥ts jCats =1) = CACG( ¥t ; Bis ) = (3.39)

This parametric form can be obtained by applying a random vaable transformation, in
this casey=kyk, to a multi-variate complex circularly-symmetric Gaussia random variable
y [110, Page 12f].

The maximum likelihood estimates of the parameters of a CAQ®M can be determined
by applying the EM algorithm. The posterior probabilities n the E-step are then obtained
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via
In ks =In  IndetBys DIn yff B, fy, +const (3.40)

The update equations in the M-step result from calculatinghte derivative of the auxiliary
function with respect to all parameters. While this does notdad to a closed form solution,
the parameter updates are then given by [111, Equation 13 ardd], for which [110] provides

a step-by-step derivation of the updates:
PP X _

kf = ? with Nk;f = Kit:f s (341)
t

X y’{-lf y't;f

D
By = —— e
k;f N ot kit;

AL - (3.42)
¢ ¥ir B k;f1 Yt

3.2.1.9 Guided source separation

Although the previous models clearly classify as blind sowseparation approaches, often
times external knowledge is available. We may have a priornkwledge about the array
geometry or may have a previous algorithm estimating voicectwity detection (VAD)
information. This kind of side information either obtainedthrough some oracle or estimated
from the signal can guide the source separation algorithm drsigni cantly in uence its
performance [113].

An obligatory example for side information is saliency mapsdicating which observations
should be trusted more [114, Page 127], [17, Equation 6.3].id typical for many speech
mixture databases that the mixture recording is already cuin such a way that the beginning
contains a few noise frames as well as that the mixture endstva few noise frames. The
authors of the CHIME 5 challenge went a bit further and provide start and stop timings
for each speaker. This can be exploited by in uencing the samtion process with soft
weights [115] or even forcing the mixture weights of each gker to zero when the annotation
claims that the speaker should indeed be inactive [116, Edien 5]:
X
ktf =  kif Skt KO:f A0t 5 (3.43)
kO
whereay; encodes if speakek is active during time framet, e.g., it is one when the speaker
is active and zero otherwise. The noise class can be assuneté active in all time frames.
Consequently, a minimum value fory. is not required.

This is a great example of external guidance resulting in alvst completely avoiding the
permutation problem (see Section 3.2.1.1) and boosting thpeerformance of a cACGMM
further. Its e cacy was shown with promising WERs on the CHIME 5 dataset [116], [117].
Further, it is worth noting that many integration approaches better covered in Chapter 4
can be interpreted as guided source separation since the d@pa cues guide the spatial
model.

Clearly, the interpretability of probabilistic spatial mixture models helps to integrate external
side-channel information. It is much less clear how to integte, e.g., time annotations in a
pretrained neural network-based source separator.
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3.2.2 Spatial features for neural networks

It is worth noting that a very valid alternative to probabili stic spatial models is to use spatial
features for neural network-based source separation. Inahcase, the training encourages
DNN to understand and use spatial diversity for source sepdian. Multi-channel deep
clustering [49] in particular demonstrated that even simgl IPD features can boost the source
separation performance quite a bit over single-channel ajgaches.

Typical spatial features employed in the context of neural etwork-based speech enhancement
are the sine and cosine of IPDs as used in [49]:

COSIPDyfg;0 0 = COS (ArQYea  @rgyrd o) = COSarg Yigq oYerd (3.44)
SiNIPDyfg.q0 = Sin(arg Yer,a  argyerdo) = sinarg Yerqg oyurd - (3.45)

An alternative is to use generalized cross-correlation (GGQ@eatures obtained by comparing
the actual complex vectors to precalculated steering vectoobtained according to the array
geometry [49, Equation 5], [55]. A comparison of proposedssyms and baseline systems
with and without spatial features can be found in Section 5.3.

3.3 Principles of source extraction

Source extraction refers to techniques developed to exttacsingle speech source. We here
constrain ourselves to spectral masking and spatial Iteng in the frequency domain. A
common factor of both approaches presented here is that thesly on a previously calculated
mask possibly stemming from a blind source separation algbm.

3.3.1 Spectral subtraction/ masking

Spectral subtraction was originally developed as a noisedigetion scheme [118]. Already
in Boll's 1979 formulation an STFT estimate is obtained as th@roduct of a mask and the
observation STFT [118, Section III.F]:

Ratf =  ktf Yefd s (3.46)

where d identi es an arbitrarily selected reference channel, e,gd = 1. Although the
original work relied on a rst estimate of the distortion power, we here just adopt the idea
to extract a mask rst, instead of designing a system which dectly outputs the speech
spectrogram.

Barker et al. suggested already early on to limit the range dhe mask, e.g., to [01] by
employing a squashing function [119]. In 2004 Seltzer et aked a Bayesian approach to
generate masks in the form of posterior probabilities groded on a set of hand-crafted
features laying the foundations for data-driven approacksg120].

Interestingly, the idea to generate masks rst has survivethe neural revolution and neural
network-based speech enhancement systems often perforrttdrevhen they are tasked to
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provide a mask instead of directly providing the speech spgemgram. This can mainly be
addressed to the limited dynamic range the neural network Bao produce when estimating
masks only.

To train a system with the goal of predicting a mask suitabled extract one or more sources,
one needs to rely { in almost all cases { on a supervision maskieh is obtained, e.g., from the
oracle source signal and the oracle noise signal during tvig. For further reading, Erdogan
et al. present a structured overview of di erent ideal maskas targets for a learning-based
approach to mask estimation [121] and argue, why masking igdly to work better than
directly predicting the spectrogram.

3.3.2 Spatial ltering/ beamforming

Spatial Itering is a widely-used technique to extract a desed signal by combining the
di erent channels of a multi-channel observation either uag linear or nonlinear approaches
with its origins mainly in radar, radio astronomy, sonar, coomunications, and seismology
(see, e.qg., [122, Section 1.2] or [123, Section 1.2] for sdns¢oric insights). Linear spatial
Itering, namely beamforming, extracts a particular soure signal by linearly Itering di erent
microphones (channels) so that the desired parts of a mixteirsignal positively interfere while
undesired parts cancel out [2], [124]. In the STFT domain thiesults in complex-valued linear
lter vectors Wyt = W10 Wiep: T which lead to a speech estimate by calculating an
inner product of the beamforming vector with the observatio vector:

kk;t;f = WE;f Yif - (347)

The term beamformingoriginally stems from the geometric interpretation in whib a beam

was steered towards a particular direction of arrival (DoA)Z]. However, a beamformer may
exploit early re ections or in some other way contain valuethat extract sources but does
not have a geometric counterpart. This even allows us to sapée sources with equal DoAs
but di erent distances to the array [125, Section 5].

Beamformer design criteria can be categorized into xed bedorming and data-dependent
beamforming’ Fixed beamforming relies on a priori knowledge of the DoA or em RTFs
and requires knowledge of the exact sensor geometry and ahmelngain. Fixed beamforming
with, e.g., superdirective beamformers [126] can be used $ource separation systems, e.g.,
by cleverly switching between output channels of a set of xebeamforming vectors [67]. In
contrast, data-dependent beamformers rely on statistichbtained from the current observation,
e.g., second-order statistics for the sources and noise $2ction V]. Therefore, they avoid
the need for exact knowledge of the sensor array geometry asllvas the need for additional
gain adjustment of each channel [127, Page 56].

The remainder of this section introduces how the necessamcend-order statistics, namely
the spatial covariance matrices, can be obtained. Moreovyat introduces a limited number of
beamforming approaches suitable to extract a speaker from@egch mixture.

" Data-dependent beamforming is often namedadaptive beamforming. This term is avoided here since it
does not clearly di erentiate between o ine data-dependent beamforming and online data-dependent
beamforming.



Blind source separation principles 41

3.3.2.1 Spatial covariance matrix estimation

Each element of the observation vector is assumed to be a aiarly symmetric zero-mean
complex random variablé® Relevant second-order statistics which can be extractedofn the
observed mixture are the observation spatial covariance mx y ¢, the target covariance
matrix .t and the interference covariance matrix nn.f. The observation spatial
covariance matrix y, ¢ can be obtained by approximating the expected value with artie
average implicitly assuming at least wide-sense statiornyr

1 X

? Yif y{-'f : (348)

t

_ H
wi = BEY ey g

Di erent authors have proposed a variety of variants to esthate the target covariance matrix
for each source. One variant provides an estimate of the smdtcovariance matrix normalized
to the entire utterance and ensures that the target and intéerence spatial covariance matrices

add up to the observation spatial covariance matrix as longsathe masks 1.5 ;::1; kitf
sum up to one. The covariance matrix estimate is then obtaidewith:
H 1X H
wokf = B X giX t:f f ktf Yuf Yt - (3.49)

t

An alternative variant { which is closer to how covariance maices in an EM algorithm
for, e.g., GMMs are calculated { scales up the spatial covance matrix as if the spatial
covariance matrix is estimated only on the active bins:

H X wo X
kit = B X eX g kitf Yt Yir kitf - (3.50)

In [128, Equation 13] and [129, Equation 3] we propose no naxhzation altogether and argue
that some beamforming design criteria are independent ofdéhscale of the covariance matrix.
However, in retrospect, one has to state more carefully, howe particular implementation at
hand reacts to di erently scaled matrices.

Additionally, one may argue that the noise is not that sparseral an additional subtraction

of the interference spatial covariance matrix from the targt spatial covariance matrix is
needed [130, Equation 7]. This, however, would require atidhal measures to avoid negative
eigenvalues. In other words, it validates the expectatiorhat all spatial covariance matrices
are Hermitian and positive semi-de nite.

Another variant is to estimate a masked signal rst and then fed this into the spatial
covariance matrix estimation [131]. This e ectively resu$ in the mask ..+ being replaced
by the quadratic term £ :

X

1 X
( ktf Yt )( kitf Yef )H = ? E;t;f Yt y{—lf : (3'51)

t t

1
— H
xx ;kif — E x t;fX t;f T

8 A complex random variable z is circularly symmetric when p,(z) = p,(e!" z).
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The interference covariance matrix, which in general may peesent interfering speakers as
well as the noise signal, can be calculated similarly. In gespondence to Equation 3.49, it
can be obtained as follows:

H 1X X H
ik = E N tf T kott Yuf Yir
t kOk%s k
k;t;f =1 1 X
— H .
-7 (1 kit )Ytf Yef o (3.52)

t

which assumes that the masks sum up to one. The formulation Heedoes not necessarily
require one of the masks representing the noise signal.

Even though, in this case, we constrain ourselves to o ine rtessing, it can be bene cial to
allow a time-dependent interference covariance matrix. Fe@xample Kubo et al. suggested
changing the interference covariance matrix depending oroWw likely the interfering speakers
are active [132]. It may also be bene cial in an o ine setup wikn the scenario geometry is likely
to change, e.g., the speakers might move in a su ciently longecording.

All results reported in Chapter 5 were obtained with masks namalized as in Equation 3.50
to imitate the covariance matrices used in mixture models.

3.3.2.2 MaxSNR/GEV

MaxSNR beamforming, also called generalized eigenvalue (@Ebeamforming, is an instance
of statistically optimal data-dependent beamforming [133 The two names stem from the fact
that MaxSNR has long been seen as inappropriate for speech ggssing since the narrowband
signal to noise ratio (SNR) maximization may introduce arbitary signal distortions [134,
Page 2]. However, this did not stop Warsitz et al. to introducé to the speech community
(under the name GEV beamforming) anyway [134], alleviatinthe e ect of distortions using a
blind analytic normalization (BAN) post lter (see Section 3.3.2.6). In our subsequent research,
the terms GEV beamforming and MaxSNR beamforming have beenadgs synonymously.
However, to avoid additional confusion, GEV is the preferreterm throughout the remainder
of this thesis.

In the framework of GEV beamforming, the optimal Iter coe cients are obtained by
maximizing the expected output SNR after applying a beamforing vector w; to the
observation signal:

n 20
H
E WieX g1 WE;f xx k:f Wk:f
Wy = argmax —h -6 = argmax — : (3.53)
Wit E Wt'.fn of wir  Wiee  nnskf Wit

The latter term is a generalized Rayleigh quotient. The maximization can be addressed
either with a constrained optimization problem (see SectinA.5.1) or as an unconstrained

9 The Rayleigh quotient is de ned as xHAx =xHx [135, Section 4.2]. Therefore, the additional matrix in
the denominator is a generalization.
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optimization problem (see Section A.5.2). Either way, one ¢hins the optimal coe cients
with a generalized eigenvalue decomposition:

— — 1 .
ookt Wi = kf onnskf Wit ) Wiie = Pf nnkif o xxGkif g (3-54)

whereP f g extracts the principal component (the eigenvector corregpding to the largest
eigenvalue) with a yet unde ned scale.

However, it is worth noting that an explicit inverse of the inerference covariance matrix
IS not necessary since some generalized eigenvalue decartipo algorithms avoid this
step entirely, e.g., one may apply spatial whitening rst ad then extract the principal
component of the resulting covariance matrix as detailed if136, Section A.5]. The thesis
[137] contains a detailed analysis of the e ect of the exacigorithm on noise reduction
performance.

Another crucial point is that the aforementioned eigenvaludecomposition does not constrain
the scale of the beamforming vector altogether. Multiplyig the solution with a complex-
valued scalar does not change its validity:

xxkf Wit = ki nnckef Wkt xx k:f (CWk;f )= kif  nnk;f (C\Nk;f ) with ¢c2 C:

Some implementations normalize each eigenvector to uniinigth. In the context of this
work, | rely on an implementation that obtains the principaleigenvector by rst performing
a Cholesky decomposition of the interference covariance & Then, the beamforming
vector is obtained as the product of the inverse of such a desposition and the principal
component of the target covariance matrix. This coincidesitihh the aforementioned constraint
WE;f nnkf Wi = 1 but interestingly, this contradicts with [133, Equation 61.16]. See
Section 3.3.2.6 for further normalization concepts.

The GEV beamformer has proven to be quite robust with respetd numerical instabilities
in comparison to a MVDR beamformer, e.g., [129, Figure 1] denstmates that the GEV
beamformer performance su ers less from a higher conditioumber of the interference
spatial covariance matrix.

3.3.2.3 MVDR

The MVDR beamformer, also known as the Capon beamformer, isgigned to minimize
the output variance [138]. To avoid the trivial solutionwys = 0 the optimization is
performed under the constraint that the signal from a partialar look direction has unity
gain [138]:

Wit =argmin Wi nnses Wiee St W dir = 1t (3.55)

Wit

Assuming the intermediate vectordy; is given, this constrained optimization problem can
again be solved using Lagrange multipliers (see Section A.@he well-known solution turns
out to be just a slight adjustment of the intermediate vectordy :

1
_ nn ;k;f dk;f
- 4H 1 :
dk;f nn ;k:f dk;f

Wi (3.56)
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It has already become apparent that the precision of the intmediate vectordy; greatly
impacts performance. Traditionally, the intermediate veir can be obtained by using DoA
information and a known array geometry (then rightfully caled steering vector). However, to
allow blind beamforming { purely data-dependent beamformg { the intermediate vector
should be calculated from statistics obtained on the audiagnal itself (since it then captures
the (possibly scaled) RTF it is called RTF vector occasioni [139], [140]). One alternative
is to identify the intermediate vector as the principal compnent of the speech spatial
covariance matrix obtained with Equation 3.49, Equation &0, or Equation 3.51, e.g.,
via

dk;f = Pf xx :k:f G- (357)

Another alternative is to extract the intermediate vectordys according to the GEV beam-
forming criterion just as in Equation 3.54 as was proposed Biraki et al. in the context
of online meeting recognition [141, Equation 5]. Table 5.48 the evaluation section com-
pares di erent intermediate vector estimation variants aud lists references with additional
details.

Alternative MVDR formulation (Souden-MVDR) To avoid an estimation of an inter-
mediate beamforming vector altogether, Souden et al. proged a reformulation which depends
directly on the second-order statistics and an arbitrarilychosen reference channel [142, Equa-
tion 14] and, therefore, avoids the rank-one assumption fory . :

1
nn ki XK Uk .

1 i)
trf nn:kif - xxkf g

Wit = Wi (Ug) = (3.58)

where uy is a one-hot vector indicating the (possibly class-depentg reference chan-
nel. This alternative MVDR formulation will be called Souden-MVDR in the follow-

ing.
To avoid the rather arbitrary choice of the reference chanhand to further improve perfor-

mance Erdogan et al. suggested to select the reference ctelrdepending on the average
expected output SNR [131, Page 3]:

Wier (UM ket Wier (U
uy = argmax P-' o { k)H ot Wt (80 (3.59)
Uk § Wi (Uk) nn :k;f Wit (uk)

Although in the absence of estimation errors, the MVDR resultrould already be distortionless
it is occasionally still bene cial to apply a BAN post Iter [143, Page 2].

3.3.2.4 Linearly constrained minimum variance beamformer

The linearly constrained minimum variance (LCMV) beamformedesign criterion was intro-
duced by Frost [144] as a means to enforce one or more consiiabn the beamforming Iter
coe cients. In that sense, it can be seen as a generalizatimf MVDR beamforming. It was
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originally derived in the time-domain assuming that the sowce location and array geometry
are known. The optimization criterion is again applied to mimize the output power or
output variance subject to a set of linear constraints compdly written as a vector-valued
constraint [144, Equation 16]:

— ; H H — .
Wis =argmin Wye ot Wie St Ciie Wier = Oyt s (3.60)

Wt

where the right hand side vectog, de nes if a source is suppressed or emphasized. Typical
linear constraints are either distortionless constraintor one or more speakers or spatial
zeros (or small epsilon values ig, ;) to suppress point source interferences. The number of
constraints is limited by the number of microphone channelS. It is worth mentioning that
there are scenarios in which a controlled attenuation of anterference speaker is desired, e.g.,
Aroudi et al. suggest to not suppress the interfering speakentirely to still allow auditory
attention switching for cognitive-driven hearing aids [14].

Again with the help of Lagrange multipliers the optimal Iter coe cients are obtained:
Wi = nnl;k;f Ck;f (CE;f nn k;f Ck;f ) 1gk;f . (361)

Although the LCMV is used rather rarely in combination with a DNN or DNN-based
mask estimator Chazan et al. successfully employ a neuraltwerk-based LCMV beam-
former [146].

3.3.2.5 Weighted multi-channel Wiener lter

The multi-channel Wiener Iter (MWF) is an optimal Itering app roach in the sense that it
minimizes the mean squared error between the estimated sigiand the desired signal at a
reference microphone [147, Equation 8], [140, Equation 4{5

2
_ - H
Wit =argmin E - Wiy f Xyeqs
Wk

2 2
— ; H H .
=argmin B WX o Xgegs +E Wil ; (3.62)
Wit

wheren ..y contains all but the target speaker.

Following [140, Equation 6] a distortion weight can be introduced to control the in uence

of both terms. Higher values result in better noise suppressi at the cost of more speech
distortion. The MWF is obtained for = 1. The optimization problem is now given as

follows [148]:

2 2
_ - H H .
Wit =argmin. E - WieX e X OB Wil : (3.63)
Wit

The resulting beamformer is then called speech distortiomeighted MWF or, more concisely,
weighted multi-channel Wiener Iter (WMWF). The optimal soluti on can be found by
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di erentiating the optimization criterion with respect to wy; and setting the result equal to
zero [140, Equation 7], [148]:

Wk;f = ( xX ;k;f + nn ;k;f ) ! xx ;k;f Uk, (364)
where againuy is a one-hot vector indicating an arbitrary reference chamh Similarly to
the Souden-MVDR mentioned above, the WMWF does not require an ghcit RTF vector

calculation. However, the optimal reference channel can leeir be xed or estimated based
on expected output SNR (compare Equation 3.59).

3.3.2.6 Magnitude and phase normalization of beamforming vectors

Instead of arbitrarily scaling the beamforming vectors, c&may resort to an analytically-
motivated normalization. Warsitz et al. proposed a BAN postlter to compensate the
distortion introduced by GEV beamforming which relies on tk already obtained second-order
statistics of the noise signal [134,qEquation 17]:

WE;f nnckt nn ket Wiee =D
Okt = : (3.65)
WE;f nn ;k;f Wk;f

Although this does not solve the issue of an arbitrary absolatphase ke, it reduces the
frequency-dependent distortions e ectively. One way to $ee this is to enforce a zero-
phase-sum constraint [81, Equation 2.13]. An alternative t® arbitrarily set the phase of
a reference channel to zero [149, Equation 21] or to minimi#ee group delay introduced
by the Iter [149, Equation 22]. For a comparison of phase coctions, please again refer to
[137].

3.3.3 Combination of beamforming and masking

What can be gained by additional post ltering if the [...] beamformer already
provides the optimum solution for a given sound eld7150]

First of all, the aforementioned beamformers are only optinhdor the narrowband they were
derived on. In a wideband signal such as speech, it is not gaateed that they provide the op-
timal linear spatial Iter, e.g., in an SNR sense [150]. More®r, beamforming is constrained to
linear Itering. To allow arbitrary changes to the signal whle still leveraging beamforming it
Is not far-fetched to use beamforming and masking togethe®ince masking is a single-channel
approach, masking can be used as a single-channel post I[feompare, e.g., [151, Equation 9]):

Rt = Gt WI Y ; (3.66)
where gty IS an arbitrary mask, potentially the posterior mask s or a toned-down

variant by introducing a minimum gain G, to retain the noise naturalness during speech
absence [152, Page 879]:

Ot = Max( ks s Gmin): (3.67)

The combination of beamforming and masking was successfidinployed in a system proposed
for front-end processing for the CHIME 5 challenge [116].



4 Integration of neural networks and
probabilistic graphical models

Integration of neural networks and probabilistic graphicmodels for BSS, as discussed in
this chapter, was rst proposed in [106]. Although, in genetaintegration is quite vaguely
de ned, we here want to focus on the integration of neural nebrk-based models to primarily
capture spectral cues and probabilistic models to primayilcapture spatial cues. We aim to
carefully distinguish cascade approaches from a tight irgeation and want to brie y mention
similarities to ensemble methods.

Integration approaches, in the sense of this work, constitl systems which either address
di erent sub-problems in a single formulation or combine dierse knowledge sources to obtain
a single estimate for a given problem. In the chapter at handarce separation systems are
addressed which (1) rely on two distinct sources of informan, namely spatial and spectral
cues and (2) combine a neural network-based algorithm with @robabilistic model-based
algorithm. To this e ect, the approaches at hand can be seersanstances of information
fusion as well as instances of ensemble methods. However,neeenble methods, systems
are typically run independently and the nal prediction is ddtained through, e.g., majority
voting [153], averaging [153], or more advanced domain-spe ensemble methods such as
ROVER [154], [155]. In contrast, the integration approachediscussed in Section 4.3 estimate
parameters relevant for both input modalities during the pediction step jointly. With this

in mind, the discussed integration cannot be seen as an enddnmethod realized as a
post-processing step.

Integrating di erent cues helps to improve overall system @rformance. Ideally, they degrade
due to di erent causes and therefore can lead to meaningfuésults even when one cue is
unreliable. In the work at hand, the aim is to integrate spatill and spectral cues. When
speakers are moving slightly or speakers are located closeetaich other, the spatial cues
might be less reliable but the observed spectral cues mightry well still lead to su cient
separation results. Vice versa, even in very noisy conditisrspatial cues can still be su cient
as demonstrated, for instance, on the CHIME 5 database.

The advantage of combining probabilistic models and neuraetworks stems from their
complementary properties. On the one hand, probabilistic adels do not su er from over tting
to a particular scene or set of speakers when all parameters astimated on the test utterance.
On the other hand, neural networks trained with supervisiorsignals can pro t from a vast
amount of training data and can model ne-grained dependeres that have otherwise been
hard for humans to encode in rules or exact probabilistic metk.

47
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The remainder of this chapter is organized as follows: Semti 4.1 is a short literature
review of existing integration variants. Section 4.2 intrduces a cascade approach to in-
tegrate spatial and spectral features. Section 4.3 discessintegration approaches with
jointly estimated parameters in a single EM framework durig the prediction step, whereas
Section 4.3.1 introduces a von-Mises-Fisher complex angut@ntral Gaussian mixture model
(VMFcACGMM) as a concrete example of the tight integration famework and Section 4.3.2
highlights model specics. Rounding o, Section 4.4 introdces quite a di erent inter-
pretation of how knowledge from multi-channel features cahe integrated into training
single-channel systems resulting in unsupervised traimrof neural network-based source
separation models.

4.1 Existing integration approaches

Due to the diversity of integration variants and the rather bose de nition of anintegration
systemwe here provide a brief literature review of approaches whi¢l) combine spatial
and spectral cues, and (2) do so by relying on pretrained nelimetworks while estimating
observation-dependent parameters on the test mixture. Téd 4.1 provides a selection of
integration approaches grouped into methods based on a lb&aussian model [86] and
models relying on a sparsity assumption and contain a mixtarof densities in the sense of the
models introduced in Section 3.2.1. The underlying assunipi of the former group is that the
class-conditional spatial covariance matrices of the spalk observations mix linearly (Compare
linearity of mixing in [156, Section 2].). The latter group relies on the spargitassumption
(see Section 3.2.1) and the observation distribution is a whted sum of class-conditional
distributions (see Equation 3.6).

One way to elicit an integrated solution to BSS is to design aatistically-motivated source
model and a statistically-motivated spatial model. The pameters of both models can then
either be partially pretrained on a training database, esthated successively, namely in a
cascade approach, or jointly during the prediction step wimea joint EM formulation can be
found.

According to [58, Page 74], multi-channel NMF, as brie y mentined in Section 3.2, is the
rst principled attempt to unify modeling of spatial and spectral cues: [57] relies on a NMF
source model and Duong's full-rank local Gaussian model [86 handle spatial cues. Ozerov
et al. generalize [57] into a generic framework with a wide alce of spectral models [156]
([156, Table 1] is an elaborated overview of integration mets based on a local Gaussian
model.). A TV-cGMM with a NMF source model and reduced computabnal demands is
proposed in [102] building upon [156]. The system presented[157] is the rst integration
of a local Gaussian model and a DNN: a pretrained DNN is applied @ach EM-iteration and
replaces the source model. Mogami et al. integrate IRLMA [bavith a pretrained DNN [158].
Kameoka et al. employ a variational auto-encoder (VAE) as a secce model while relying on
a local Gaussian model to characterize the spatial obseri@is [159].

The larger group of integration models in Table 4.1 rely on #sparseness assumption. Early
on, Nakatani et al. proposed the DOLPHIN framework which integites a HMM source model
with a Gaussian distribution on IPD features as a spatial olesvation model [160]. Subsequent
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Table 4.1: Overview of a selection of integration methods: all models tegrate spatial and spectral
models. Fields denoted with an asterisk () are ambiguous since more than one option is analyzed.

Spectral model Spatial model
8

5 2 5
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Local Gaussian models additive in spatial covariance space

Arberet et al. [57] 3 3 NMF 7 7 3 7 TV-cG 7
Ozerov et al. [156] 3 3 7 3 7 TV-cG 7
Thiemann et al. [102] 3 3 NMF 7 7 3 7 TV-cG 7
Nugraha et al. [157] 3 3 DNN 3 7 3 3 TV-cG 7
Mogami et al. [158] 3 3 DNN 3 7 3 3 TV-cG 3
Kameoka et al. [159] 3 3 VAE 3 7 3 7 TV-cG 7

Sparseness-based mixture densities additive in PDF space:

Nakatani et al. [160] 3 3 HMM 3 7 3 7 Gaussian 7
Nakatani et al. [161] 3 3 HMM 7 7 3 7 cG 7
Nakatani et al. [162] 7 3 GMM 3 7 3 7 cG 7
Souden et al. [151] 3 3 GMM 3 7 3 7 cG 7
Meutzner et al. [163] 7 3 DNN 3 7 3 7 cG 7
Tran Vu et al. [164] 3 3 HMM 3 7 3 7 cW 7
Nakatani et al. [165] 7 7 DNN 3 7 7 3 CACG 7
Drude et al. [106] 3 3 DNN 3 3 7 3 TV-cG 7
Drude et al. [166] 3 DNN 3 3 7 3 TV-cG 7
Drude et al. [167] 3 7 DNN 3 3 7 3 cACG 7
Drude et al. [51] 3 DNN 3 3 7 3 CACG 7
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approaches replaced the rather simplistic Gaussian modeithva complex Gaussian line
orientation model and allowed to train HMM parameters on theést utterance [161], [162].
Souden et al. formalized this approach further into an integted framework for BSS including
statistically optimal beamforming based on the clusteringesults [151]. The DOLPHIN
approach was integrated with a neural mask estimator laterotimprove speech enhancement
results in a single speaker setup [163]. Tran Vu et al. integged a c WMM with a pretrained
2D-HMM spectral model: both HMM directions allowed spectrogmporal smoothing of the
class a liation posteriors for a multi-source scenario [14].

In 2017 Nakatani et al. presented an integration of a neural rsk estimator with a cACGMM
as a spatial model: the neural mask estimator provides theitialization as well as the time-
and frequency-dependent mixture weight of the subsequemMA\CGMM for a single-speaker
scenario [165]. This model can be seen as the predecessdietascade approaches introduced
in Section 4.2.

Also in 2017 we introduced thdight integration approach [106]. In contrast to the afore-
mentioned DNN integrations, [106] does not use the DNN as a soarmodel. Much rather,
the pretrained DNN, e.g., a DC network transforms the observatn spectrogram into fea-
tures that can be grouped better with a rather simple clustémg algorithm. In comparison

to, for instance, [157] this allows us to run the DNN only oncena not in every EM-

iteration. The tight integration approach is formalized info a more general framework
in [51].

4.2 Cascade approach: Integration by initialization

One of the main weaknesses of probabilistic spatial clusitey with the help of EM algorithms
is the initialization. Although convergence guarantees fahe EM algorithm suggest that
the steps never decrease the likelihood, the initial stateshvily in uences the outcome of
the algorithm (see Section 5.5.2 for some examples). Typigathese issues have either
been addressed with preclustering [11, Page 427], e.g.,hakitmeans [88], k-means++ [168]
or similar approaches (compare, for example, k-mode clustegy developed for directional
data [89]), or with a heuristic selection of initial mean veiors/ mode directions, for instance,
with a de ation algorithm [85].

Given that the single-channel separation algorithms alrely provide a solid separation result, it
Is not far to seek that they may serve well as an initializatio for spatial clustering. Motivated
by the initialization of a spatial clustering model with a mak estimation network in [165],
we here analyze this cascade approaches for multi-speal@zrarios.

To initialize a spatial mixture model one can either set inial class a liation posteriors .t
or set initial values for the class-dependent parameters,ge mode vectors or covariance
matrices. Since DC, DANs, and PIT use soft masks as an intermatk representation before
calculating the separated speech signals, one can set thiiah class a liation posteriors
kef to the masks obtained with the single-channel separation ppach. Initializing with

11n [165] the mask from the DNN is used as an initialization as well as a time- andrequency-dependent
prior.
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Neural Spatial Masking/
network (init.) clustering beamforming
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Figure 4.1: Cascade approach to integrated BSS. A neural network-based appach is used to obtain
masks ... as an initialization to a subsequent spatial clustering. Posterior mask 9. resulting
from the spatial clustering can then be used for source extraction wi beamforming and/or masking.

DC masks can cause numerical instabilities since the embéaugk are clustered with k-means
and hard assignments may result in no observation belonging a particular class for a given
frequency. This can be alleviated by clipping the masks to aiited range, e.g., [ 1 ],
where is a very small value, e.g., 1¢. Depending on the nal output nonlinearity DANs
and PIT can lead to masks which do not sum up to one. Proper resrmalization or clipping
can again be used to adjust the initialization.

Additionally, since the single-channel results do not su efrom a frequency permutation

problem (compare Section 3.2.1.1) the frequency permutati problem of the subsequent
spatial clustering is eased albeit not solved entirely (A ecresponding evaluation can be found
in Table 5.24.).

It is worth noting that the cascade approach does not only a us to initialize the subsequent
model with the result of the rst model. To be precise, [165] ses the masks obtained from
the neural network to initialize the class a liation posterior of the spatial clustering model
as well as to set a xed time- and frequency-dependent priorl((;’;)f . Analogously, [166]
contrasts two cascade approaches and a full update model asscribed in Section 4.3:
one cascade approach rst runs a spatial clustering model ptiding an initialization as
well as a time- and frequency-dependent prior for a spectralustering model while the
complementary model does just the opposite (Compare [166gEre 1] for a visualization of
all three variants.).

Figure 4.1 shows the cascade processing pipeline. In genetia neural network-based
separation step can use single- or multi-channel feature$lowever, in most cases, it is
su cient to obtain the initialization on a single-channel and then use all channels for the
subsequent spatial clustering step. Finally, separated sigis can be obtained by masking
and/or beamforming.

4.3 Tight integration of spatial and spectral features

This section describesight integration as proposed in [51], [106], [166]. The overall processing
ow is illustrated in Figure 4.2, in which a neural network catulates deep features, namely
embedding vectorsy , from the observed spectrogram. In an integrated clusteignapproach,
these spectral features are together with spatial obserwans to nd a consensus for the
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Figure 4.2: Processing steps of a tight integration approach to BSS. A ptteained neural network-
based approach is used to obtain embedding vectors as a form of deep featar These embeddings
are then jointly clustered together with spatial features. In contrast to Figure 4.1 the embeddings
can be seen as deep features which do not just serve as initializatiorubcontribute to the estimation
result in each EM step.

clustering result. Consequently, the neural network weigh are obtained on separate training
data while the parameters of the probabilistic graphical moal are estimated on a given mixture
at test time. Intuitively, the deep features then incorporée knowledge of a potentially large
database while the estimation of the parameters of the prob#istic graphical model on the
given mixture at test time facilitates adaptation to unseerconditions.

To concisely capture spatial and spectral cues, one can farate a single probabilistic model
capturing both cues as separate observable random variahldoing so, the resulting model can
be seen as a clustering model with multiple independent olpgation models (sometimes called
observation headsconditional on the latent random class a liation:

P fa(yer )ifalYer)iiir = Epeyy P FalYer)ifalyer)iiiiiCer
X

X
P(Cetr =1) P fa(Yer) G =1 P falyer) Gor =1 1105 (4.1)
k

P(Ceer =1) P fa(yer )i fa(Yer )siit Gepr =1

in which f4;f,;::: are appropriate feature extraction methods or preprocesgj steps. To

name an example in line with Figure 4.2,(y; ) could extract spectral features by calculating
embedding vectorses with, e.g., DC while f,(y ) could capture spatial cues, e.g., by
removing the magnitude of the observation as in Equation 3.8

However, to be able to factorize the conditional distributia into conditional distributions
for each observation type, the transformed random variatdd 1(y ), f2(Yer ), - .. need to be
conditionally independent. Although this is possible, in tk case of the spatial and spectral
features at hand, the conditional independence only holdp@aroximately: intuitively, the
variance of the spatial cues is lower when the spectral cueslicate that a speaker is likely
to be present. Ignoring this in the following and relying ontlie conditional independence
assumption, the resulting posterior masks may be overly calent.

The advantage of tight integration over the approaches usjna single feature is obvious:
spectral features alone lack spatial information and viceevsa. When using only spatial
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Table 4.2: Di erent manifestations of the tight integration framework for B SS. Di erent deep features
require either a von-Mises-Fisher (vMF) distribution, a Gausdan distribution, or a Beta distribution
as a spectral model. In that sense, the abbreviations in the followig can be understood as, e.g.,
GTV-cGMM = (G + TV-cG)-MM, where G abbreviates the spectral and TV-cG the spatial model.

Spatial DNN for deep features/ corresponding spectral model
model DC/ vMF DAN/ Gaussian (G) PIT/ Beta (B)
TV-cG VMFTV-cGMM [106] GTV-cGMM [166]

CACG VMFCACGMM [51] GCcACGMM [51] BCACGMM [170]

cues, a system is likely to confuse speakers which are vermysel to each other or even stand
behind each other (compare Figure 5.10). When using only spedticues, it is likely to
confuse speakers with similar voices (compare Figure 5.124169] for an analysis of how
voice similarity in uences DC performance). In comparisorio the cascade approach in
Section 4.2, the tight integration updates all parametersojntly while the cascade approach
can potentially forget the spectral information after su ciently many EM steps. This is
conceptually di erent from ensemble learning [153] in theemse that all the class-dependent
parameters are updated independently given the current jui estimate of the posterior
aliation . . In that sense, each E-step in each iteration can be seen ag #nsemble
result of the prior, the spectral model from the previous Mitep and the spatial model from
the previous M-step:

In ke =10 p(Ceer =1)+ 1IN p F1(Yer) Geer =1 +Inp fao(yer) Gr =1+ +const:
(4.2)

In general, this tight integration framework allows for theuse of any spatial observation model.
A TV-cGMM was used in [106] and [166], while [51] used a cACGMNMIf all integration
variants. However, there is no conceptual issue with using yaof the spatial observation
models mentioned in Section 3.2.1 and beyond. While we heremgare DC and DANSs as
neural networks to obtain embedding vectors (or deep feats) in [1L06] and [166], respectively,
one may use any neural network which can improve separabjliof the spectral features over
using STFT features. To name an example, [170] directly interets the soft masks produced
by a PIT system as deep spectral features for a tight integrin approach. Table 4.2 provides
an overview of di erent variants of the tight integration framework.

4.3.1 vVMFCACGMM

Exemplary, this section introduces the vMFCACGMM { a concreg realization of the afore-
mentioned tight integration framework. In a vVMFCACGMM, the latent class a liations
Cett represent which time-frequency bin belongs to which speal@ noise. A multivariate
VMF distribution [171] models spectral features obtaineddm a DC model in the form of
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Figure 4.3: Graphical model of a vVMFCACGMM. The complex-valued distribution is visualized by
its real-valued counterpart. Please note that the spatial model is frguency-dependent while the
spectral model is not. Circles depict random variables, while doubl circled elements are observable
random variables. Boxes are model parameters which are estimated dung test time. Arrows
indicate statistical dependencies.

embedding vectorse; conditional on Cg.s :

1
cwr (k)

p(ert jCrr =1) =VMF( eyt ; ; «) = ek ke ; (4.3)
where c,ve ( «) iS an appropriate normalization term [171]. The DC model israined on
separate training data to translate a mixture spectrogramnito embedding vectors which are
more easily separable by a subsequent clustering algoriticompare Section 3.1.2.1). The
VvMF distribution is an adequate distribution to model DC emkedding vectors since they
are normalized to unit norm and therefore lie on a unit hypeghere. A complex angular
central Gaussian (CACG) distribution (compare Section 3.2.8) models the normalized spatial
observationsy¢ obtained according to Equation 3.8. Typically, due to a fregency-dependent
ATF as described in Section 3.2.1.8 parameters for the cACGsttibution need to be obtained
for each frequency bin independently. In contrast, the emdding vectors obtained with DC
are consistent across all time-frequency bins in a given rixe and can, therefore, be modeled
with a single vMF distribution per class (each speaker and is®). Figure 4.3 illustrates the
underlying probabilistic graphical model. Referring to te processing blocks in Figure 4.2,
the neural network, in this case, is the DC network and the imtgrated clustering model is
the vVMFCACGMM. Just as in Figure 4.2 a subsequent masking or bedomming step can
then be used to obtain speech signals for each source.

Following from Equation 4.1 the probabilistic graphical mdel is formulated as follows:
X
p(et ; Yo ) = P(Cktt =1) p(es jCars =1) P(Yef JCkrr =1)
X
= ki VMF(egr; k) CACG(¥r ;B ): (4.4)
k

With any of the methods listed in Section 2.5.3 we can now deevan EM algorithm for the
VMFCACGMM. In line with the generic formulation of the E-stepin Equation 4.2 the class
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a liation posterior s can be obtained as follows:
In wer =In ¢ +INVMF( ey ; ; k) +INCACG( ¥¢5 ; By ) + const: (4.5)

The M-step consists of the parameter updates, e.g., by maxzing the auxiliary function
with respect to the parameters independently. Since the sji@ and the spectral observation
are conditionally independent given the latent class a lidion, the spatial and the spectral
parameters can be estimated one-by-one. Following Equati@.4, Equation 2.5, and Equa-
tion 4.4 in [171] or adapted to an integration model Equatio® { Equation 9 in [106] the
parameters of the vVMF distribution can be updated as follow$

X
k= e krk with 1y = ktf €f 5 (4.6)
t;f
rE 3 X
k—zk with 1 = krik Kitf (4.7)
1 rg y "

k:

whereE is the embedding dimension. Just as in Equation 3.41 and Equah 3.42 the mixture
weight and the cACG parameter matrix are updated as follows:

Ner X
Kif = % with Nk;f = K:t:f ; (48)
t
D X Yo Ve
Bk;f - — k:t;f Ht’f—ff (49)
Nics t Y B kif Yt

4.3.2 Additional constraints

All parameters of the integration model can be estimated on éhtest mixture. In its generic
form, all parameters are unconstrained, e.g., when using a@ssian complex angular central
Gaussian mixture model (GCACGMM), a full covariance matrixfor the spectral observation
model is possible. However, in practice it turns out that adtional constrains such as
enforcing a scaled identity instead of a full covariance m@ax as in [51] is mandatory { a
full covariance model does not converge (compare the evaloa of di erent constraints in
Section 5.4.1).

In [106] the tight integration model is introduced with an eyponential weighting of the

spectral observation model and the spatial observation metd However, as argued later in
[51, Section V.C], an alternative, which is more conveniennd better justi ed, is to use a

xed concentration parameter for the vMF distribution in a vVMFCACGMM or a xed scale

parameter for the Gaussian distribution in a GCACGMM.

2 The update for the concentration parameter | is already an approximation. An implicit equation needs
to be solved for an exact solution [171, Equation 2.5]. In practice, the appraxnate solution is su ciently
precise.
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4.4 Unsupervised training using multi-channel features

An alternative way to make use of spatial information is to emipy it for the training of

a single-channel system. That way, one mitigates the needafpervision data in contrast
to supervised separation networks, e.g., for DC [43], [4DAN [46], [172], and PIT [44],
[45] with their originally proposed training schemes. To bprecise, in most cases, arti cial
mixtures are used to produce parallel clean and noisy datahereas one thrives to use more
realistic data to avoid a mismatch between training and testTo hame an example, Zhou
et al. argue that the di erence in the acoustic conditions b®veen training and test may be
severe enough that gains due to a neural network may be more thaompensated [173]:
depending on the circumstances, a spatial clustering app@h might perform better than a
neural network on the test data. Therefore, it is worthwhileo explore how multi-channel
data can be used to accommodate for the lack of supervisiontaaAlthough in a commercial
setup one might train on simulated data and then just ne-ture on real data, we here describe
entirely unsupervised approaches.

In [173] the authors propose a teacher-student training seme, in which a TV-cGMM as in
[174] is used to generate either binary masks or soft maskstasning targets for the student
DNN. The student DNN is then later employed as a mask estimator fameural mask-based
beamforming [173]. In [167] we present an unsupervised DGtgm, in which a cACGMM
serves as a spatial clustering model and acts as a teacherdatudent DC neural network.
It turned out that the student system can indeed outperform he teacher when the student
system is used to again initialize a cACGMM. In parallel Tziis et al. trained a student DC
system with a k-means clustering algorithm as the teacherq]: k-means is used to cluster
inter-channel phase di erences and corresponding postarimasks then act as supervision for
DC. In [176] the authors also analyze a teacher-student amach to unsupervised DC and
focus on a particular observation weighting scheme to impre training results. Comparing
[175], [176], and [167], the former two systems show that eva very weak teacher is able
to train a reasonable DC system. In contrast, the latter sysim is better tuned towards
performance relying on a state of the art spatial clusteringnodel and reporting competitive
WERSs. In [177] we presented a di erent take on unsupervised rslaestimation: the likelihood
under the assumption that the data follows a cCACGMM is used a& maximization criterion
to train a neural network which just provides the initialization to a single EM-step of the
cACGMM parameter estimation process. That way, the networks encouraged to provide
a mask as initialization which is close to an optimal initiakation, thus leading to a higher
likelihood.

Table 4.3 compares the aforementioned unsupervised appbas to mask estimation and
source separation. An evaluation of unsupervised DC as in f16s evaluated in Section 5.8.
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Table 4.3: Overview of di erent approaches to unsupervised trainingof neural network-based speech
enhancement and source separation. The training scheme indicatesspatial clustering is used as a
teacher or woven into a likelihood term or evidence lower bound (EBO).

Application Training scheme

Single-speaker Multi-speaker Teacher-student Likelihood/ ELBO

Zhou et al. [173] 3 3
Drude et al. [177] 3 3
Drude et al. [167] 3 3
Tzinis et al. [175] 3 3
Seetharaman et al. [176] 3 3
Bando et al. [178] 3 3




5 Evaluation

The evaluation chapter rst introduces performance metris in Section 5.1 and the databases
considered in this work in Section 5.2. Section 5.3 { Section6sexplain and justify the choice
of the system components and baseline systems and the partane therein. Section 5.7
analyzes proposed integration variants in detail and Seoti 5.8 brie y addresses unsupervised
training of neural network-based source separation. Semti 5.9 and Section 5.10 provide
an overview of all proposed methods and put these into perspiee by comparing with the
baseline approaches on two distinct databases. Key aspeate carved out by examining
slices of the corresponding datasets.

5.1 Performance metrics

The overall goal in mind here is to minimize WER obtained whenamparing the speech
recognition results with a ground truth transcription. The WER is obtained by rst accumu-
lating insertion, deletion, and substitution errors in eada utterance and then nally dividing
the result by the total number of words in the dataset.

Due to the fact that we here aim for modular approaches with a eaningful intermediate
signal, we are also able to evaluate the quality of the sourseparation result. To do so, |
selected three closely related signal to distortion raticSDR) measures and two speech quality
measures. SI-SDR, which is here only used in the single-chahinstantaneous mixing scenario
calculates the ratio of target signal power and estimationrer power with compensation
for scale mismatch [179, Equations 2 { 5]. It does not accoufor small Itering e ects
which would be necessary when evaluating one channel agaimsother. BSS-Eval SDR is a
projection-based de nition of SDR [180, Equation 13] and des not impose restrictions on the
enhancement system itself, e.g., it does not enforce linggiof the enhancement. Furthermore,
it allows short Iter e ects and therefore is applicable forconvolutive mixtures. Another
SDR metric which requires linear enhancement but, due to thatloes not require additional
estimation techniques is invasive SDR as de ned in, e.g.,g1, Equation 7]. See [181] for
an extended discussion of the advantages and disadvantagésdi erent SDR measures.
All SDR values are reported on a (principally unlimited) dedel scale. The perceptual
evaluation of speech quality (PESQ) metric is a speech quslimetric developed to assess
telephone transmission quality [182]. It is, therefore, dyremotely suitable to assess source
separation quality but is included here due to its widesprebuse. To be precise, we here
report narrowband PESQ results due to using kHz sampling rate. The values are reported in
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terms of mean opinion score (with MOS-LQO mapping) in the rage [15].! As an alternative
perceptual quality metric we here employ short-time objeste intelligibility (STOI) [183]
with values in the range [01].

5.2 Database design

The conclusions drawn from an evaluation often depend ladgeon the database used for the
evaluation although one preferably intends to investigatand understand properties of models
and algorithms and not databases. The single-channel nelretwork-based source separation
systems introduced in Section 3.1.2 were all developed onadher arti cial mixture corpus
(WSJ0-2mix) which was introduced alongside the DC publicatio[43]. Although performance
metrics on this particular database have always been incrgag and most very recent models
are still being evaluated on this database (see, e.g., [11@ple 1]), very little attention has
been paid to evaluation in more realistic noisy and reverbant environments. Only fairly
recently WHAM!, an arti cial mixture database with real noise recordings was released [184].
However, they still do not address reverberation nor do theydaquately account for the
mismatch between reverberation-free (dry) target speeclkceordings and the fairly reverberant
background noise. Much in contrast to the fairly large datadses used to train and evaluate
neural network-based source separation systems, probait spatial mixture models are far
too often evaluated on just a fraction of the amount of data,.g., 8 mixtures per reverberation
time in [73]. Besides this critical re ection, it is fair to mention that real recordings with
parallel oracle speech images are almost impossible to dogu

We here rst describe the details of the WSJ0-2mix database [#3Using this database
IS necessary to prove that our baseline models indeed yielshgparable results. Then, we
introduce the WSJ-BSS database which contains arti cially reerberated Wall Street Journal
(WSJ) utterances with white background noise and allows acatits model training. Finally,
we describe the WSJ-MC database which contains real mixturec@rdings. Although the
database is rather small, it can serve as an initial proof thdahe proposed methods indeed
generalize to realistic applications.

All evaluation results will be presented for a sampling ratefd kHz, a STFT window size of
512 64 m9, a shift of 128 (16 m9, a DFT size of 512 64 mg and a Hann window to control
spectral leakagé.

5.2.1 WSJO0-2mix

The WSJ0-2mix database was released alongside the DC publioat[43]. It contains six
datasets three of which contain two and three of which contaithree speakers. The train
and development source signals are taken from the WSJ datasetin _si284 downsampled

1 We here rely on a particular C implementation. In practice only values approximately in the range
[1:1; 4:6] appear. See http://www.pesq.org/ for additional details and a more receit successor metric.

2 Albeit all confusion this name refers to Julius van Hann, an Austrian meteorologist. It refers neither to
Hanning nor Hamming. See https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.signal.
hann.html for an implementation.
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Table 5.1: Speci cs of the WSJ0-2mix database.

(a) Co-occurrence of speakers. (b) Number of mixtures in relation to unique utterances.
Dataset Train Dev Test Dataset Mixtures Utterances
Train 101 101 0 Train 20000 8769
Dev 101 101 0 Dev 5000 3557
Test 0 0 18 Test 3000 1770

Table 5.2: Input metrics of the WSJ0-2mix database.

SDR / dB
Dataset PESQ STOI
SI BSS-Eval Invasive
Dev 0:.00 015 000 166 Q72
Test 0:00 015 000 168 074

to 8 kHz and the test signals are taken from the WSJ dataseest _eval92 5k [185], [186F
To generate mixtures one can select min con guration, in which the shortest utterance
determines the total length of the signal and anaxcon guration, in which the shorter
utterances are zero-padded to match the longest utterance the given mixture. All evalua-
tions in this work related to the WSJO0-2mix database were donendhe min con guration.
Correspondingly, only the shorter utterance can be used f&SR. All two or three source
signals are then simply added up with a mixing ratio of 225dB up to 2.5dB to result
in the mixture signal. Since, at that time, it was important to prove that a system does
work on unseen speakers (open condition) just as well as oreakers seen during training
(closed condition) the authors of that database decided thahe development set contains
only speakers seen during training while the test set conta only unseen speakers (see
Table 5.1a).

Furthermore, the database contains signi cantly less unige utterances (of which many are
truncated as mentioned previously) than mixtures and is thefore not ideal for acoustic
model training. Table 5.1b lists the total number of mixtures and the number of unique
utterances per dataset.

Table 5.2 summarizes the input metrics for this database. Hy serve as a reference
to, e.g., calculate gains and help understand what the lowdimits of each metric are.

5.2.2 WSJ-BSS

The WSJ-BSS database consists 80 000 500 and 1 500six-channel mixtures. Each mixture
Is obtained by reverberating each of the two source signalstkvan arti cially generated

3 The dataset names are taken from the corresponding Kaldi recipes.
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Table 5.3: Speci cs of the WSJ-BSS database.

(a) Co-occurrence of speakers. (b) Number of mixtures in relation to unique utterances.
Dataset Train Dev Test Dataset Mixtures Utterances
Train 283 0 0 Train 30000 30000
Dev 0 8 0 Dev 500 491
Test 0 0 10 Test 1500 333

room impulse response and adding white Gaussian noise witlSAIR of 20dB { 30dB. The
source signals are obtained from the three non-overlappiMySJ datasetssi284, dev93
and eval92 for training, development and test [185], [186]. The souragiterances were
selected in such a way that as many unique utterances as pbssiare covered while avoiding
punctuation pronunciation (e.g., spokerguestion mark to facilitate sequence-to-sequence
acoustic model training. Table 5.3a shows how many speakarg in each dataset and whether
they appear again in di erent datasets. Table 5.3b lists hownany unique utterances are
available for ASR. A variant of this database with simpli ed smulation conditions, padding
to the maximum utterance length, and some removed edge-case published as SMS-WSJ
with all RIRs, code, and an ASR baseline [18%].A detailed comparison can be found in
Appendix A.8.

The total length of the mixture is chosen in such a way that therst source utterance
always determines the length of the mixture. The second saar utterance is truncated or
padded accordingly. The motivation is again to provide satized conditions for acoustic
model training. Later, only the estimate of the rst source tterance is transcribed by the
speech recognition systerh.The room impulse responses were generated using the image
method [187]° The reverberation time was uniformly sampled in the range2p0 ms500 mj.
To cover a rather large variety of simulation geometries, #taroom length, width, and height are
uniformly sampled from [7:6 m; 8:4 m], [5:6 m; 6:4 m], and [2:6 m; 3:4 m], respectively. Similarly,
the source positions are rst sampled from a circle with a ufarmly sampled radius in the
range [L m; 2 m] centered at the array center and then moved by a random o setgain sampled
from the range [ 0:4 m; 0:4 m] in each coordinate axis. No minimum angular distance was
enforced, i.e., two speakers could theoretically stand bel each other [125, Figure 2]. The
sampling rate for the database is set t8 kHz to somewhat reduce computational load and
match the WSJ0-2mix conditions. The sensor array itself is sutated as a circular array with
radius 10 cmwith a random rotation. The geometry of the setup is summared in Figure 5.1.
Table 5.4 lists the input metrics, i.e., the metrics which aabe measured when a system simply
outputs the reference channel of the observation as a preiibo.

4 https://github.com/fgnt/sms  _wsj

5 This is an unnecessary asymmetry, which is avoided in the SMS-WSdatabase.

6 We here relied on Emanuel Habets' implementation (https://github.com /ehabets/RIR-Generator) with
a thin Python wrapper (https://github.com/boeddeker/rir-generator)
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Figure 5.1: Geometry of the WSJ-BSS database. The black dots represenhé microphones, the
colored dots indicate source positions. Each aspect of the geometry is ifiormly sampled from the
given range. No minimum angular distance is enforced. The axial center ofhie sources and the
sensor array is independently sampled, i.e., both are not coaxial (notteown in this visualization).

Table 5.4: Input metrics of the WSJ-BSS database.

SDR / dB
Dataset PESQ STOI
BSS-Eval Invasive

Dev 0:37 0:03 162 055
Test 0:38 0:04 148 065
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Figure 5.2: Geometry of the WSJ-MC database. Only Array 1 is used for evalation.

Table 5.5: Input metrics of the WSJ-MC database.

Dataset BSS-Eval SDR/dB PESQ STOI

Dev 2:29 158 056
Test 2:33 164 058

5.2.3 WSJ-MC

The WSJ-MC database contains 178 real mixtures from thelap _dev_5k dataset and 142 real
mixtures from the olap _evl 5k dataset of the multi-channel WSJ audio visual corpus [188]
which we here resample t&8 kHz. Four British English speakers take turns in reading two
sentences from the WSJ simultaneously. In other words, exctwo speakers appear in a
single mixture recording. The mixtures are recorded with tav 8-channel microphone arrays
of which we here only use the rst one. The database does notntain an additional train
dataset. Thus, all models have to be trained on an arti cial dtabase before they can be
evaluated on the WSJ-MC database. The database does not cont@lean speech recordings,
however, the fairly clean headset signal shall serve as aereihce signal here. Table 5.5 lists

the approximated input metrics when using the headset inséel of a clean source signal as a
reference. Figure 5.2 illustrates the geometry.

5.3 Acoustic model training

When source separation approaches are optimized with an ASRskain mind, it is important to
evaluate with a rather competitive acoustic model (AM). Thids necessary to demonstrate that
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Table 5.6: Oracle WERs for the WRN on the WSJ-BSS database.

Test WER / %

Image Noisy image

Image 1033 1033

Train L
Noisy image 1030 1030

the gains created by modi cations to the front-end (the sowe separation and enhancement)
do not get compensated by the back-end (the ASR system). To pide an example, a simple
enhancement method might still result in a WER reduction for &GMM-HMM system. A
mediocre front-end might lead to a small or no improvement the back-end is quite strong
by itself. We here opted for a rather sophisticated hybrid amustic model: a wide residual
network (WRN) estimates state posterior probabilities and a HN represents temporal
context. This decision is made since although sequencesieguence AMs are in principal
easier to handle, their performance on limited audio dataifitlacks behind (compare [189]
for a comparison of hybrid and all-neural ASR).

To train the AM, we rst train a GMM-HMM system on clean speech fdlowing the Kaldi
recipe for bootstrapping purposes by using increasinglyroplex GMM-HMMs.” The nal
model (ridb ) is then used to extract state alignments on the early-arrimg speech images of
the training and development data. The idea of this is, thathe early-arriving speech images
are rather similar to clean (and dry) speech while still havig the same initial delay due to
the simulated time of ight as the speech images of the simukd mixtures. Using these
forced alignments on early-arriving speech, a WRN can now bmined on the speech images
(containing the full reverberation tail). The WRN used here$ a simpli cation of the wide
bi-directional residual network (WBRN) [190] originally deeloped for the CHIME 4 challenge.
The simpli ed WRN is described in more detail in [137]. The AM hee only consists of
convolutions with skip connections and a linear layer to pauce state posterior logits before
entering the softmax nonlinearity. No dropout is used. The Melter bank feature extraction
and the pooling operations are adjusted to match the reduceshmpling rate. The reduced
sampling rate and the removal of the bidirectional long shtterm memory (BLSTM) layers
allow training with a batch size of 4 on a GTX 1070 GPU with conergence in abou24 h
Table 5.6 shows oracle WERs of the WRN on the WSJ-BSS database.

Although a neural network can potentially be warm-started fom a previous model, we here
avoid this to not overcomplicate the entire pipeline: each AMalso the ones with matched
training, i.e., training on the results of a source separan model, are trained from scratch.
We do not study the e ect of warm-starting here.

In general, we expect that matched training improves the regnition performance, since
artifacts produced by the front-end are seen during the traing of the back-end. It is worth
to keep in mind that, especially in a speech enhancement sptithe matched back-end
iIs exposed to less variability when the front-end already wks well on the training data.
While this might lead to worse performance in unseen conding (The hypothesis of the

7 Compare the initial part of https://github.com/kaldi-asr/kaldi/blob/master  /egs/wsj/s5/run.sh.
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in uence of reduced training variability is to some degreeupported by [191, Table 3].), we
expect this e ect to be rather small on a separation task. Mahed training is evaluated in
Section 5.9.2.

5.4 Deep-learning methods

This section explains how the di erent neural networks for lind source separation are trained
and how particular parameter choices can be justi ed. Firstwe identify a few properties of
the models on the WSJ0-2mix database. Then, we investigate wher they hold true on the
WSJ-BSS database.

Training neural networks involves a substantial number ofyperparameters. For example [192]
demonstrate an expensive Bayesian hyperparameter seardn $ource separation neural
networks on the WSJ0-2mix database. In general, to limit the sech space, it is useful to
start close to already established parameter choices onateld tasks [193]. Therefore, we rst
present a parameter overview table for each separation natnetwork and then describe the
models in detail.

5.4.1 Deep clustering

Table 5.7 contains a parameter overview of a selection of gidations involving di erent
recipes for training a deep clustering encoder. The tablerahdy includes the parameter
choice we nally use for further evaluations. The choices arfurther detailed in the next
paragraphs.

All DC models are pretrained with a batch size of 8 of random midre segments with 32000
samples 49 each to avoid extensive zero-padding. After the pretraingn has converged,
training is resumed with a batch size of 8 on entire utteranse Ten buckets based on sequence
lengths have been used to group utterances, somewhat honmuge each batch, and reduce
zero-padding. The motivation here is that the network is traned in conditions as close as
possible to the test stage.

The loss is minimized using the Adam optimization procedurel94] and a step size of
= 1 10 3. To somehow update gradients more conservatively, the rdgtizing parameter
=1 10 #instead of = 1 10 ®is used [194]. All gradients are limited to a maximum

length of one. If the length is above one, the gradient is reded to length one instead

of clipping the o ending values. Validation is started afte every epoch. For pretraining,
optimization is stopped once the validation loss has not dexased for 10 validation runs.

Then, the previous best parameters according to the validan loss on the development set

are used for evaluation. For ne-tuning a learning-rate dexy strategy with automatic back-o

Is used: if the validation loss does not decrease for 10 ep®the learning rate is halved

and the parameters are reset to the previous best parametexscording to the validation

loss. Once the learning rate is below 10 4, the training is stopped and the previous best
parameters are used for evaluation.
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Table 5.7: Comparison of training details for deep clustering. 4 300 BLSTM units stands for four
layers of 300 forward and 300 backward units. Empty cells indicate that theinformation is not
available. Two numbers with an arrow indicate that the parameter is changed after the initial
training has converged. The entry marked with an asterisk (*) is taken fom [48].

[43] [47] [48] [106] [51] This work
Batch size 4 8
DFT size 256 256 256 512 512 512
DFT window sgrt. Hann  sine sqrt. Hann  Blackman Hann Hann
Train samples 64001 25600 25600 entire entire 32000 entire
Features log mag. log mag. log mag. log mag. log mag. log mag.
Input norm global sequence sequence
BLSTM units 2 600 4 300 4 600 4 300 2 600 4 300
Dropout 0.5 0.3 0.5 0.5 0
Rec. dropout 0 0.2 0 0 0 0
Normalization sequence sequence sequence
Stream merge concat. concat. concat.
Embedding dim. 40 20 40
Output nonlin. tanh tanh
Loss mask 40dB th. 40dB th.* 40dB th. 98% quantile none
Optimizer M-SGD RMS-Prop Adam Adam Adam
Learning rate schedule schedule xed back-o
Gradient clip 200 1 1
Weight decay no no no
Weight noise yes no no no

The DC encoder uses log magnitude spectrogram features armhsists of 4 BLSTM lay-
ers [195], [196] with 300 units in each direction. The forwérand backward stream is merged
by concatenating the hidden states [196].All trained models contain a sequence normaliza-
tion [128, Section 3.1.3] just before each BLSTM layer suchdt, e.g., each frequency bin is
normalized to zero mean and unit variance. In contrast, [41jses a global mean-variance
normalization as a preprocessing step. The main argument feuch a normalization here is
that the system generalizes better to unknown microphoneamng and is somewhat invariant
to equalization e ects. This has been done in view of the WSJ-M@atabase, but not doing
so has not been evaluated further. Each long short-term menyo(LSTM) cell uses a forget
bias of one to discourage forgetting at the beginning of traing. A nal linear layer is used to
map each time-frequency bin to an embedding vector with = 40 dimensions. Neither the
input nor the output of the linear layer is normalized. Howewe a tanh nonlinearity is used
after the linear layer. Finally, the embedding vectors are mmalized to unit length. The way
to regularize the neural network is through the use of earlytapping.

8 Schuster et al. do not discuss concatenation. However, they mentionhiat they split the number of
neurons in half. From that follows that they most likely concatenated the outputs.
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If not otherwise noted, the networks for the WSJO-2mix databa&suse the DC loss [43,
Equation 1] with K°= K =2 classes while the DC networks for the WSJ-BSS database use
an additional noise classK °= K +1 =2+ 1. The loss is not masked, although, according
to, e.g., [47] masking leads to a slight performance improvent. The reason to not mask
the loss is that the additional noise class should su cienyl handle the issue the loss masking
was originally intended for.

In contrast to [47], we did not use recurrent dropout [197],1P8]. Although this showed
improvements in [199] for a phoneme recognition task with EBTMSs, recurrent dropout is
avoided to simplify the training recipe.

In derogation from [47], we here use a DFT size of 512 and an aclogly higher shift. This
reduces the number of LSTM steps by a factor of two, thus spaad up training signi cantly
while yielding a similar separation performance. Furtherore, we base this parameter choice
on the W-disjoint orthogonality analysis in [23, Figure 9.8]in which a DFT size of 512
resulted in a maximum of the W-disjoint orthogonality for three, four, and ve speakers
given a sampling rate oBkHz. A more detailed analysis forl6 kHz with di erent window
functions can be found in [22, Figure 4].

To limit the search space and to somewhat ease reproducityiliall further DC models now
share a common architecture, common features, and a commaaining recipe.

To ensure that the gains of an integration model do not simplgtem from a soft clustering of
the embedding vectors, it is worth it to rst investigate howdi erent latent models in uence
the performance of a DC system. It is worth keeping in mind thasimply switching to a soft
clustering model in uences the performance of a masking4ed extraction more than it would
iImpact a beamforming-based extraction. However, since ounal goal is to optimize overall
performance, we compare masking results on the WSJO-2mix dasse and beamforming
results on the WSJ-BSS database.

Table 5.8 compares k-means with other latent models and vang parameterizations. A
GMM with an unconstrained (full) covariance per class mostldid not converge for this
(E=40)-dimensional latent space. Constraining the covariaaanatrix to a diagonal matrix at
least resulted in stable processing but with rather poor sepation results. Constraining the
covariance matrix further to impose spherical equiprobality surfaces (scaled identity matrix)
improves the performance more. Enforcing a xed scale parater which itself is optimized
by selecting the best invasive SDR validation result for altlasses even allows for surpassing
the SDR gains of the k-means baseline slightly. A similar obissation can be made for a
von-Mises-Fisher mixture model (vMFMM) in which the concentation parameter seems
to have an anti-proportional in uence compared to 2 for a GMM. It is worth mentioning
that this slightly contradicts our previous ndings in [106 and [51]: we previously argued
that simply using a soft model instead of k-means does not cige separation performance.
Here, however, we tuned the parameters of the soft clusterimgodel more carefully, which,
to some degree, explains the more nuanced results. In cosabn, the k-means algorithm
on embedding vectors is already a fairly competitive baseé and can be used for a later
comparison with integration models.

Next, we analyze the in uence of the mixture weight. Table 5.%hows that the type of
mixture weight as discussed in Section 3.2.1.3 is of minor portance for the embedding
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Table 5.8: Comparison of masking results of a k-means clustering, di emgt variants of a GMM,

and di erent variants of a VMFMM on the WSJO0-2mix database. The tuning par ameter or 2 is
selected to maximize invasive SDR on the development set.
SDR / dB
e Weight ]
Initialization Latent model ty Parameter SI-SDR BSS-Eval Invasive
pe
Dev Test Dev Test Dev Test
k-means EKO 883 887 941 943 1228 1235
ii.d. GMM (diagonal) 1=K© free 369 363 449 440 681 673
ii.d. GMM (spherical) 1=K?© free 844 827 902 883 1231 1240
i.id.  GMM (spherical) 1=K?° 2-1=8 920 922 976 975 1237 1244
ii.d. VMFMM 1=K?° free 845 832 903 888 1231 1239
ii.d. vMFMM 1=K© =8 9:15 917 973 972 1248 1252

Table 5.9: Comparison of the in uence of the mixture weight type on the WSJO-2mix database. The
free parameter is selected based on best development set invasivBrs.

SDR / dB
e Weight ]
Initialization Latent model ty Parameter SI-SDR BSS-Eval Invasive
pe

Dev Test Dev Test Dev Test
k-means EKO 8:83 887 941 943 1228 1235
i.i.d.  GMM (spherical) 1=K© 2=1-8 920 922 976 975 1237 1244
i.i.d. GMM (spherical) K 2=1=8 9.23 923 980 979 1253 1257

clustering model. While this comparison seems to be too dd&d for the moment, it is worth

pointing out that the performance of models discussed lateigni cantly depends on the
choice of the mixture weight.

Table 5.10 compares a GMM and a vVMFMM with di erent initializations. First of all, we
observe that the GMM and the vMFMM perform almost equally and bth are slightly ahead
of the k-means-only result. We can further deduce from Tablg.10 that the embedding
mixture models do not prot from an additional k-means initialization, they bootstrap
themselves su ciently well.

Table 5.11 again compares the k-means clustering, the GMMpncithe vVMFMM but this
time on the WSJ-BSS database with beamforming. To be precisegwere use a GEV
decomposition as an RTF estimator, a rank-one matrix consiction, a Souden-MVDR
beamformer, and a BAN post Ilter. The underlying DC encoder isow trained with an
additional noise class, i.e.K°= K +1 =2+ 1. Again, we see slight di erences between the
soft clustering models with the vMFMM once more performing ghtly better in terms of
invasive SDR. Interestingly, the k-means clustering now prms best. This should su ce
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Table 5.10: Comparison of di erent embedding clustering models and he important proper
initialization is on the WSJO-2mix database. The tuning parameter or 2 is selected to maximize
invasive SDR on the development set.

SDR / dB
e Weight ]
Initialization Latent model ty Parameter SI-SDR BSS-Eval Invasive
pe

Dev Test Dev Test Dev Test
k-means EKO 8.83 887 941 943 1228 1235
i.i.d.  GMM (spherical) 1=K© 2=1-8 920 922 976 975 1237 1244
ii.d. vMFMM 1 =K?O =8 9:15 917 973 972 1248 1252
k-means GMM (spherical) 1=K© 2=1=8 921 922 976 975 1237 1244
k-means vMFEMM 1=K©° =8 9:16 917 973 972 1248 1252

Table 5.11: Comparison of latent models for DC on the WSJ-BSS database. Eachws represents
beamforming results with a GEV decomposition as an RTF estimator, a rankone matrix construction,

a Souden-MVDR beamformer and a BAN post Iter. The latent model parameter is selected based
on maximum invasive SDR on the development set.

SDR / dB

Initialization  Latent model Weight type Parameter BSS-Eval Invasive

Dev Test Dev Test

k-means EKO 9:93 1028 1431 1465
i.i.d. GMM (spherical) 1=K?° 2=1=100 974 1016 1411 1452
i.i.d. GMM (spherical) K 2=1=100 952 1006 1388 1441
i.i.d. vMFMM 1=K° =100 9:69 1022 1403 1458
i.i.d. VMFMM K =100 9:74 1019 1407 1455

to argue that using k-means for the DC model is a solid basedirfor later comparison.
Moreover, it becomes apparent that the variance? is much higher and the concentration
Is much lower than on the WSJO0-2mix database which results in a&bavior fairly similar to
k-means.
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To nalize this section, we can draw the following conclusits:

In a DC system applying k-means is already rather competites
The mixture weight has a marginal in uence on the embeddinglastering models.

The choice of the concrete soft clustering model for a speaitionly model is of
minor importance.

5.4.2 Deep attractor network

Similar to the previous section, we start the analysis of thdeep attractor network with a
short literature review. Table 5.12 summarizes the paramet choices in selected publications
and mentions the parameters used here in the last column. Tiparameters used here are
selected to match the DC parameters as closely as possiblethAlgh this may have led to
a slight degradation of the DAN baseline, it facilitates comarison between DC and DAN.

The original motivation for the DAN architecture was to be abé to train with a loss function
closer to the downstream task (e.g., masking). As detailed i8ection 3.1.2.2 the DAN
encoder rst produces embedding vectors. During traininga supervision mask is then used
to calculate weighted means per class (attractors). Thesétractors can then be used to
calculate an inner product with the original embeddings (deed DAN decoder in the following)
to create a time-frequency mask per class. Table 5.13 comgsitwo di erent loss functions
with the corresponding nonlinearity. The MSE loss as used the original work is intended
to improve masking performance. A possible hypothesis atithpoint is that CE loss with a
softmax nonlinearity may lead to a better initialization oflater models. However, at least in
our analysis, the CE loss with a softmax nonlinearity (Row 4already outperforms the MSE
loss with a sigmoid nonlinearity (Row 2), when using the DAN dmder also during test time,
l.e., when applying Equation 3.4 during inference.

Figure 5.3 shows how the DAN performance depends on the choi¢ehe® xed parameter

in terms of invasive SDR. First of all, we notice that a clear dpmum is hard to be found.
Only when using masking, xed variance parameters around? = 1 lead to an improvement
over the k-means result. This can be explained by the smoatigi e ect of higher variance
values. However, when using a beamformer, hard masks are notissue for performance
and k-means avoids any parameter selection at all. Thus, a DA&hcoder with k-means,
which is arguably easier to handle, and beamforming is aldyaa rather strong baseling?

Table 5.14 compares di erent latent model con gurations ad di erent initializations. Similar
to the observations with a DC encoder, we observe that an adidinal k-means initialization
is not helpful. The very di erent selection of the optimal ceariance parameter takes place
due to the ambiguous maxima as illustrated in Figure 5.3.

10 The k-means implementation at hand already uses a k-means++ initialization with random restarts.
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Table 5.12: Comparison of training details for DANs. 4 300 BLSTM units stands for four layers of
300 forward and 300 backward units. Empty cells indicate that the information was not available.

[46] [200] [166] [51] This work
Batch size 4 8
DFT size 256 512 512 512 512
DFT window sqrt. Hann Blackman Hann Hann
Train samples 64001 25600 entire entire entire 32000 entire
Features log mag. log mag. log mag. log mag. log mag.
Input norm sequence sequence sequence sequence
BLSTM units 4 600 2 600 2 600 4 300
Dropout 0.5 0.5 0
Rec. dropout 0 0 0
Normalization sequence sequence sequence sequence
Stream merge concaf add concat. concat. concat.
Embedding dim. 20 20 20 40
Output nonlin. tanh tanh
Loss mask 90% amp. th. 989% quantile none
Optimizer RMS-Prop Adam Adam Adam Adam
Learning rate schedule none xed back-o
Gradient clip 5 1 1
Weight decay no no no no
Weight noise no no no no

Table 5.13: Comparison of DAN with di erent loss functions and di erent DAN decoder output
nonlinearities. Further, the second column indicates whether a BN decoder was used during
inference, i.e., applying Equation 3.4 during inference.

DAN decoder SDR/dB

Output i .
) . at test time Loss SI-SDR BSS-Eval Invasive
nonlinearity ion 3

(Equation 3.4) Dev Test Dev Test Dev Test
sigmoid MSE 8.96 880 955 937 1252 1239
sigmoid MSE 9:41 928 991 977 1129 1118
softmax 7 CE 8:71 884 939 945 1248 1266
softmax 3 CE 9:58 971 1Q16 1027 1279 1296
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Figure 5.3: Dependency of DAN performance on xed covariance parameter olesved on the
WSJ-BSS database. The horizontal axis shows an inverse variance to be tber comparable with
concentration parameter plots. Dashed lines indicate results on the evelopment set.

Table 5.14: Comparison of di erent clustering models on DAN embeddings orthe WSJ-BSS database.
The tuning parameter 2=1= was chosen to maximize development set invasive SDR. Figure 5.3
provides insights into why the parameter 2 diers that much between rows.

SDR / dB
e Weight _
Initialization Latent model Parameter  Extractor BSS-Eval Invasive
e

Dev  Test Dev Test
k-means EKO Masking 703 688 1152 1120
ii.d. GMM (spherical) 1=K?© 2=1 Masking 7:54 730 1180 1142
ii.d. GMM (spherical) K 2=1=200 Masking 636 632 1093 1067
k-means EKO Beamforming 1024 1028 1461 1458
ii.d. GMM (spherical) 1=K?© 2=1 Beamforming 10:38 1Q37 1469 1461

ii.d. GMM (spherical) K 2 =1=500 Beamforming 975 974 1404 1391
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Table 5.15: Comparison of training details for PIT. 4 300 BLSTM units stands for four layers of
300 forward and 300 backward units. Empty cells indicate that the information was not available.

[45] This work
Batch size 8 8
DFT size 256 512
DFT window Hann
Train samples entire 32000 entire
Features mag. log mag.
Input norm sequence

BLSTM units 4 300

Dropout 0.5 0

Rec. dropout 0 0
Normalization sequence
Stream merge concat.
Optimizer Adam
Learning rate  decay back-o
Gradient clip 1

Weight decay no
Weight noise no

To nalize this section, we can draw the following conclusits:

Using k-means to cluster the DAN is a robust baseline and avoitlse need for
additional parameter tuning.

A CE loss works well and is less dependent on a DAN decoder dgyimference.

5.4.3 Permutation invariant training

To begin with, Table 5.15 shows a brief parameter comparisavith the original utterance-
wise PIT publication [45]. Again, we chose parameters to be rmistent with our DC
implementation.

One big advantage of PIT over, e.g., DC is its ability to be traned with a reconstruction loss.
It had already been shown in previous studies on masking suah [121, Table 4] that a recon-
struction loss signi cantly outperforms a mask approximabn loss.

However, it is worth noting that those comparisons focus on mdict reconstruction using
masking, whereas we here intend to either use the resultingask to initialize a spatial mixture
model or intend to steer a beamforming vector. Both operatis are much more indirect and
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Table 5.16: PIT results with masking on the WSJ0-2mix database withK °= K = 2 classes.

SDR / dB

Output
nonlinearity

Loss SI-SDR BSS-Eval Invasive

Dev Test Dev Test Dev Test

sigmoid NPSMSE Q04 901 962 958 1179 1176
softmax CE 9:59 950 1Q16 1007 1269 1263

Table 5.17: PIT results on the WSJ-BSS database. The beamforming rows ctain a GEV as an
RTF estimator, a rank-one matrix construction, a Souden-MVDR beamforme and a BAN post Iter.

SDR / dB
Output Extraction ]
Classes ) ) Loss BSS-Eval Invasive
nonlinearity method

Dev Test Dev Test
KO= K sigmoid NPSMSE Masking 660 648 951 933
K=K +1 sigmoid NPSMSE Masking 674 659 966 945
Ko%= K +1 softmax CE Masking 6:37 667 991 1Q03
K0= K sigmoid NPSMSE Beamforming 928 943 1326 1337
K=K +1 sigmoid NPSMSE Beamforming 915 928 1319 1325
K=K +1 softmax CE Beamforming  9:71 995 1403 1425

are conceptually motivated by posterior distributions as rasks instead of estimated ratio
masks.

Consequently, we here train PIT models with a mask approxintian loss as well as a reconstruc-
tion loss to then evaluate how this in uences end results ini@érent setups.

Table 5.16 shows results on the WSJO-2mix database using maski The particular signal
level loss is a mean squared error with a nonnegative phasestive mask (NPSMSE) on
the magnitude spectrograms [45, Equation 10]. Counterinitively, the CE loss yields better
masking results on the WSJO0-2mix dataset. However, it is faiotpoint out that the original

authors did not evaluate a CE loss and it also may depend sevgren the particular neural

network.

Table 5.17 shows results on the WSJ-BSS database. While the BE&| SDR results on
the development set and the test set seem to contradict, thevasive SDR gains are more
consistent. The rst row is closest to the con guration presnted in the original work [45,
Table 3 Row 1]. However, at least in terms of invasive SDR a sofax output nonlinearity
with CE loss yields better results. This is favorable since is expected that all integration
models pro t from masks resembling posterior distributioa more than from masks optimized
for a signal reconstruction loss. Also in the context of beamfming, the CE results with an
additional noise class work best.
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Table 5.18: Comparison of our implementation of DC, DAN, and PIT on the WSJ0-2mix database
with reference implementations in the literature. The results with an asterisk were originally
reported as gains and are here translated to absolute metrics using th@put metrics as in Table 5.2.

SDR / dB
Model Source SI-SDR BSS-Eval Invasive
Dev Test Dev Test Dev Test
DC [43, Table 1 Row 4] 59 6.0
DC [47, Table 7 Row 1] 103
DC [47, Table 7 Row 3] 108
DC [48, Table 1 Row 1] 96 95
DC here 883 887 941 943 1228 1235
DAN [46, Table 1 Row 6] 105
DAN [201, Table 1 Row 4] 103
DAN [179, Table 1 Row 2] 104 1095*

DAN here, sigmoid and speech loss 91 928 991 977 1129 1118
DAN  here, softmax and mask loss %8 971 1016 1027 1279 1296

PIT [45, Table 3 Row 1] 9.65* 9:65*
PIT [179, Table 1 Row 3] 1015*
PIT  here, sigmoid and speech loss 94 901 962 958 1179 1176
PIT here, softmax and mask loss %9 950 1016 1007 1269 1263

To nalize this section, the following conclusions can be dwn:

PIT is conceptually easier since there is no additional cltesing stage involved.
A CE loss yields mixed results for masking. No clear conclusican be drawn.

A CE loss works well with beamforming and, as a consequence]ikely to yield
a good initialization for an integration model.

5.4.4 Comparison with reference publications on WSJO0-2mix

Table 5.18 shows an overview of separation results on the WS2iix database. The trained

models here are slightly worse than the reference systemshelmain reasons are that all
systems here use the same potentially suboptimal hyperpamnaters to facilitate comparison.
Moreover, we here avoided particular tricks geared towardee WSJ0-2mix database such as
loss masking. Additionally, a subsequent mask re nement netwk (Row 2) and end-to-end

training (Row 3) were avoided in the baselines in this work asell.
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Figure 5.4: Performance of di erent spatial models on a limited numberof examples (here 10) and
di erent sound decay times.

5.5 Probabilistic spatial mixture models

To be able to draw reliable conclusions from experiments wWitintegration models it is
important to ensure that the baseline models, which also for the integration components, are
well optimized independently. Consequently, this chapterst compares di erent observation
models. Based on that, the CACGMM is selected for further expiments. Parameters, such
as the number of classes, di erent initializations, and penutation alignment solvers are
subsequently compared. For simplicity, all beamforming @eriments within this chapter use
Souden’'s MVDR variant without a rank-one approximation (corpare Section 3.3.2.3). The
distortion matrix used in the beamforming algorithm consis of noise-plus-interference spatial
correlations as in Equation 3.52. Experiments comparing drent beamforming variants
with a xed clustering algorithm can be found in Section 5.6.

5.5.1 Type of the spatial observation model

First of all, we compare di erent spatial observation modelgor spatial clustering-based BSS.
Similarly to the experiments in [111], we compare a c(WMM, a cBM, and a cACGMM
for di erent reverberation conditions. In this comparison all models use a time-dependent
mixture weight and an additional noise class. Figure 5.4a she invasive SDR results for
spatial clustering models for each of the three observationodels initialized with the oracle
ideal ratio mask (IRM). Each data point summarizes ten mixtues with a given sound decay
time. To simplify the experiment, ten examples from the WSJ-BS database were selected
and mixed with RIRs with varying reverberation.

Under these oracle conditions, the cCACGMM clearly performsest on all depicted reverbera-
tion times. The cWMM, which is a special case of the cBMM and, tis, has less class-speci c
parameters, results in better scores than the cBMM. Thesegelts seem to contradict the
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ndings reported by Ito et al. in [96] and [111]. However, theited references have to be
read with care: [96] only reports single-speaker results fwhich the cWMM baseline uses a
di use noise assumption (concentration parameter is zer@nd the cBMM again uses a di use
noise assumption (Bingham parameter matrix is the zero max). [111] reports performance
di erences between the cBMM and the cWMM in Figure 2. However, by obtained these
results with D =2 microphones for which, in theory, the complex Bingham digbution and
the complex Watson distribution coincide:

CB(Y; B) B Heémitian CB(y; Uu H)
U ugitary CB(UY; )
D=2

E CB(Uy;diag(( 1; 2)"))
Appen A2 cRUy;diag(( 1 20)))
U unitary CBy;( 1 2)uguf)
= CW(y;ui;( 1 2); (5.1)
whereu; is the rst column of U.

Nevertheless, the ndings in terms of the superiority of the ACGMM here agree with [111].
In [106, Section 4] we reported that the implementation of # TV-cGMM is slightly more
robust than the implementation of the cACGMM. Without further proof, these di erences
were traced back to small constants for stability improvens (informally called epsilons).
After carefully selecting robust algorithms for the intermdiate linear algebra operations
without these constants, the TV-cGMM implementation and thecACGMM implementation
are now both numerically stable and their results coincideThese ndings are in line with
the identity proof in the appendix of [111].

Figure 5.4b shows invasive SDR results with an i.i.d.-initl@ed clustering model. First of
all, it becomes evident that the cBMM relies much more on an imalization closer to ideal
masks. However, the results also indicate that gains over tleBMM diminish for higher
reverberation times. Moreover, by comparing Figure 5.4a arfeigure 5.4b, it is expected
that the performance of a cascade system, i.e., using a ndungtwork to initialize the
mixture model, is likely to fall in between the i.i.d. initialization and the IRM initialization
results.

Table 5.19 compares the aforementioned spatial clusterimgodels on the WSJ-BSS database.
The key ndings are that all models dramatically pro t from inline permutation alignment
(PA) and again, as already anticipated because of Figure 5.4 cCACGMM performs best.
Inline permutation alignment refers to applying a permutaion alignment solver after each
E-step so that disagreement between the model parameterg@ss frequencies is avoided
early on. This nuance is only prevalent when there is at leasbme coupling between
di erent frequency bins (here due to the time-dependent miare weights), otherwise one
nal permutation alignment step coincides with inline pernutation alignment. The oracle
IRM initialization results can be seen as an upper limit. Intrestingly, the c WMM results
and the cACGMM results only lack aboutl dB behind the oracle initialization in terms of
invasive SDR suggesting that, on the given database, the c8BMM system already serves as
a very strong baseline.
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Table 5.19: Comparison of di erent spatial models with and without inline permutation alignment
on the WSJ-BSS test set. The results are reported with an i.i.d. iftialization and with an oracle
IRM initialization.

Latent Inline BSS-Eval SDR / dB Invasive SDR / dB
model PA iid. init. Oracle IRM init. iid. init. Oracle IRM init.
cWMM 7 9:25 1124 1123 1325
cWMM 3 10:40 1126 1233 1327
cBMM 7 5:39 1032 730 1309
cBMM 3 7:25 1041 268 1319
cACGMM 7 11:23 1292 1418 1621
cACGMM 3 1217 1292 1528 1621

To nalize this section, we can draw the following conclusits:
The cACGMM is the most robust clustering model in all condins.
The cBMM is most dependent on a proper initialization.
All latent models pro t greatly from an inline PA.

In summary, the cACGMM yields on average the best performaacand, consequently,
will be analyzed in more detail and serve as a baseline for akperiments in the
following.

5.5.2 Parameter choice for the cACGMM

The credibility of an evaluation largely depends on the choe of the baseline system and how
much care was taken to tune it. Thus, we spend this section ostablishing a sophisticated
baseline by identifying how to best set up a CACGMM.

First of all, Table 5.20 shows source separation results wiind without an additional noise
class. While the gain from an additional noise class is limdefor a neural network-based
approach (compare, e.g., PIT results in Table 5.17), an addinal noise class is crucial for
spatial clustering models. The main reason is that the spaii clustering model needs to
assign each time-frequency bin to e ectively one class. Hvéhe low-power observations
with spurious phase information need to be assigned to onass$. If these are assigned to a
speaker class, the summary statistics of that class are lestiable and, consequently, the
overall performance drops. Thus, all future spatial clusteng models analyzed here make use
of an additional class to capture all non-speaker time-fregncy bins.
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Table 5.20: Comparison of a cACGMM with di erent numbers of classes. K®= K + 1 classes
indicates that there is an additional noise class for a two-speaker scerniat The cACGMM was
initialized by sampling each entry in the a liation mask i.i.d. from a uniform Dirichlet distribution.

SDR / dB

PESQ STOI
Classes BSS-Eval Invasive

Dev Test Dev Test Dev Test Dev Test

Ko=K 396 436 551 592 183 171 (057 068
KO= K +1 11:20 1125 1412 1419 223 205 (67 Q82

Table 5.21 lists source separation results for di erent itinlizations with and without inline
permutation alignment and di erent nal permutation align ments. Here,oracle refers to
oracle permutation alignment, while the tick mark refers taa permutation alignment solver
variant introduced by Tran Vu [81, Section 5.6]. The ag initalization divides the length of
the signal into segments o =K °length. Each segment is active for one of the classes. One
segment, which is likely to become the noise class, is split that half of it is placed at the
start and half of it is placed at the end of the mixture. All inagive areas are set to a tiny
oat value. The reasoning behind this is to use human-spe@&d prior knowledge to initialize
the mixture models. By initializing this way, an initial frequency permutation problem is
somewhat reduced. This can be observed by inspecting Row ITable 5.21: even without any
permutation alignment a reasonable source separation panhance is possible. In contrast,
an i.i.d. initialization as in Row 5 heavily relies on permution alignment. Although ag
initialization can lead to very high invasive SDR (e.g.14:85 dB) without inline permutation
alignments, all future experiments will use an i.i.d. init@lization. This decision results from
the observation that, at least when a time-dependent mixtw weight is chosen, the ag
initialization should not be able to converge. However, siecthe inactive parts are chosen to
be non-zero, the model recovers from this very tiny numericgalue in the order of1 10 1°
and we would like to avoid this numeric oddity in the followim.

Table 5.22 compares how di erent mixture weight types in uace the separation result. Here,
1=K %is a constant mixture weight, all others are varying for the igen index, e.g.,  is an only-
speaker-dependent mixture weight. First of all, we observédt a time-dependent mixture
weight . with inline permutation alignment leads to best separatiomesults, for example, in
terms of BSS-Eval SDR. A time-dependent mixture weight leaxdto better spectral continuity.
If inline permutation alignment is applied, disagreement étween the mixture weight and
the estimated parameters is resolved early on (Row 6). Resely, a SDR drop of more than
1 dB occurs, when inline permutation alignment is not used (Row)5A similar e ect, albeit
somewhat smaller, can be observed when comparing Row 2 witbvir3. Interestingly, a
constant mixture weight 1=K° performs better than a frequency- and speaker-dependent
mixture weight, at least on this particular database.

The convergence of the cACGMM mostly depends on the initiaiation. Figure 5.5 illustrates
the convergence behavior for two di erent initialization variants and showcases the e ect of
an additional inline permutation alignment. Table A.5 in theappendix lists more detailed
evaluation results for the convergence behavior. Based dmetSDRs for di erent numbers
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Table 5.21: Comparison initializations and permutation alignment methods br a cCACGMM.

SDR / dB
o Inline Final PESQ STOI

Initialization PA PA BSS-Eval Invasive
Dev Test Dev Test Dev Test Dev Test
ag 7 7 1014 1021 1297 1323 210 195 (064 (78
ag 7 3 1146 1171 1449 1485 219 205 (066 (81
ag 7 oracle 1240 1233 1578 1566 226 208 068 (83
ag 3 3 11:42 1176 1437 1489 218 204 (066 (81
ii.d. 7 7 024 012 179 162 157 144 051 061
ii.d. 7 3 11:20 1125 1412 1419 223 205 067 (082
ii.d. 7 oracle 1116 1130 1428 1439 223 205 (068 (82
ii.d. 3 3 1238 1222 1553 1535 226 208 (068 (82
oracle IRM 7 7 1323 1292 1655 1620 230 210 069 (83
oracle IRM 7 3 1324 1292 1656 1621 230 210 069 (83
oracle IRM 7 oracle 1304 1282 1650 1621 229 209 (069 083
oracle IRM 3 3 1325 1292 1656 1621 230 210 (069 (83

Table 5.22: Comparison of a cACGMM with di erent mixture weight types. The cACGMM with
K%= K +1 classes was initialized by sampling each entry in the a liation mask i.i.d. from a
uniform distribution with subsequent normalization to sum up to one.

SDR / dB
Inline PESQ STOI
Weight type PA BSS-Eval Invasive

Dev Test Dev Test Dev Test Dev Test

1=K?°

k

1120 1130 1414 1425 222 205 067 082
1127 1129 1420 1425 223 205 068 (82
11:60 1151 1442 1435 224 206 (068 (82
1677 1088 1345 1361 221 204 067 081
1120 1125 1412 1419 223 205 067 082
1238 1222 1553 1535 226 208 (068 (82
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Figure 5.5: Convergence behavior of the cACGMM for di erent initializ ation variants and depending
on usage of an inline permutation aligner. The iteration axis is logarithmicaly scaled.

of iterations, we may conclude that the system is already rhér saturated at 100 steps.
Consequentially, to limit computational costs, all furthe experiments will be limited to 100
iterations.

The ndings in this section can be summarized as follows:

Inline permutation alignment, albeit a simple change, is aimportant tuning
method which has not been published anywhere yet.

Approximately 100 EM-iterations are su cient for the analyzed spatial clustering
algorithms to approximately converge in terms of invasive[3R.

A time- and speaker-dependent mixture weight results in thbest performance.

5.6 Source extraction

This section evaluates di erent beamforming variants to exact each source from the mixture
signal. Since this section covers a wide range of beamformeti erent RTF or covariance
matrix approximations and other variants, we aim at highlignting key ndings concerning
source separation and eliminating variants early on. For ampleteness' sake, a comparison of
masking and beamforming can be found later in Table 5.29.

First of all, it is important to note that all beamformers wereevaluated with a pretrained
acoustic model on single-speaker noisy recordings (i.@aibed on noisy images). Therefore,
one expects that a normalization such as BAN helps to match theaining conditions.
Figure 5.6 shows WERSs over di erent SDR variants. All covariane matrices were obtained
with the mask normalization as in Equation 3.50.
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Figure 5.6: Scatter plot of dependency of WER on di erent performance mérics for a variety of
di erent beamformers. The masks to obtain covariance matrices are ehlier oracle masks or posterior
masks obtained with a cACGMM. Therefore, the main purpose of these guies is to demonstrate
the correlation of WER with di erent SDR variants.

In general, both metrics provide a good indication of the quity of the front-end for speech
recognition. However, for high SDR values, invasive SDR segno predict WER slightly

more accurately. Further, the gures do not show any evidemcwhether BAN should or
should not be used in general. Therefore, all future resulselect BAN or no BAN based on
the development set WERSs instead of simply reporting, e.g.nty BAN results. Although we

now observed that SDR is a good predictor for WER when using a &m@aformer, it is not

said that the correlation holds just as well for other systemm Finally, an evaluation with

pretrained AMs as well as with matched AMs is inevitable and, esequently, is presented in
Table 5.31 and Table 5.32.

Next, it is worth analyzing which distortion matrix de nitio n to choose. All beamforming
variants besides the principal component analysis (PCA) bedormer require some kind of
distortion matrix. In a multi-source scenario, this can eiher be the noise matrix or the
noise-plus-interference matrix as in Equation 3.52. Figurg7 shows SDR values as well as
WERs for di erent beamformers in their standard con guration, i.e., RTF estimates (used
as intermediate vectordy ) are obtained using a PCA when applicable. All masks used to
obtain the covariance matrices stem from a CACGMM clusterqn The PCA beamformer
results (two upmost bars) do not change (up to randomness imé¢ cACGMM initialization),
since the PCA beamformer does not depend on a distortion madr It turns out that
results are substantially better when using a noise-plusterference matrix instead of a
noise-only matrix. Based on these results, all further ing#igation will be conducted with a
noise-plus-interference matrix as a distortion matrix.

Finally, we can analyze di erent beamformers with di erent ways to either extract the
RTF estimate or to approximate the target covariance matrix The results are presented
in Table 5.23 and contrast either using oracle IRMs or poster masks provided by a
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Figure 5.7: Comparison of beamformers using the noise matrix and using theoise-plus-interference
matrix as distortion matrix. The MVDR and LCMV beamformer use a PCA to ext ract the RTF
estimate. BAN is enabled or disabled, the distortion weight of the WMWF is selected, as well as
the leakage parameter of the LCMV is selected based on minimal WER on the delopment data.
Masks are obtained with an i.i.d.-initialized cCACGMM.

CACGMM. The preprocessing column de nes how the RTF estimatis obtained from the
speech covariance matrix y ¢ for MVDR and LCMV beamforming. Moreover, it de nes if
and how the speech covariance matrix 4 ..t Wwas processed before using it in the beamforming
algorithm:

PCA: The RTF is obtained with a PCA decomposition as in [140, Egation 26].

GEV: The RTF is obtained with a GEV decomposition and appropwte rescaling using
the noise covariance matrix as in [140, Equation 27].

PCA ! Rank 1: The target covariance matrix . IS enforced to have rank one as
in [140, Equation 25] combined with the PCA decomposition ifil40, Equation 26].

GEV ! Rank 1: The target covariance matrix ¢ IS enforced to have rank one as
in [140, Equation 25] combined with the GEV decomposition ifil40, Equation 27].

In all cases, applying GEV rst and then creating a rank-one matrix by calculating the outer
product of the RTF with itself is the best preprocessing in tens of SDR as well as WER.
Whether BAN is to be used is again selected based on developmset WER (to be precise,
selected on IRM WER results). It turns out that a BAN post Iter i s bene cial in most cases.
The distortion weight for the WMWEF, as well as the leakage parameter, is chosen such
that WER is minimized on the development set. Overall, the Salen-MVDR, the GEV
as well as the WMWF each with a GEV! Rank 1 matrix approximation yield the best
performance. In the following, the Souden-MVDR is preferresince it does not need further
tuning of yet another hyperparameter such as the distortiomeight. Although the LCMV was
speci cally derived for the multi-speaker case, it turned at to be slightly less e ective than the
previously mentioned approaches although it is in this formalready heavily tuned: it contains
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Table 5.23: Comparison of di erent beamformers. Each metric is stated wih beamforming based on
an IRM oracle and with posterior masks from a cACGMM latent model. The usage of BAN, the

optimal weight  or the optimal leakage parameter is decided based on IRM WERs results on the
development set. Metrics shown are on the test set.

Preprocessing ~ Beamformer pay  PArameter BSS-Eval SDR / dB WER / %

RTF/ ok estimation or  Oracle CcACGMM Oracle CACGMM

PCA 7 1:.16 143 6691 6459

PCA MVDR 3 9:26 887 2248 2223

GEV MVDR 3 10:03 999 1763 2053

Souden-MVDR 7 12:26 1221 2054 2056

PCA! Rank1l Souden-MVDR 7 10:67 1071 2198 2173

GEV! Rank1l Souden-MVDR 3 11:72 1108 1646 1931

GEV 3 10:03 997 1763 2Q70

PCA! Rank1 GEV 3 10:17 1019 2167 2197

GEV ! Rank1 GEV 3 11:83 1100 1653 1963

WMWF 7 0:20 1228 1225 2055 2045

PCA! Rank1 WMWF 7 0:80 1169 1126 1997 2107

GEV! Rank1 WMWF 3 0:60 1172 1111 1649 1922

PCA LCMV 3 0:01 1Q05 979 2456 2427

GEV LCMV 3 0:00 1006 995 1760 2065
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the interference-plus-noise matrix as distortion matrixthe leakage parameter is carefully
selected'! and a scaled GEV is used to extract the RTF per speaker.

Each metric is stated with an IRM oracle and with a cACGMM latent model (alternating
columns). It can be observed that improvements based on thaaice of the beamformer
on IRMs translate to improvements with imperfect cCACGMM poseriors. The three top-
performing beamformers are similarly susceptible to maskiglity. One can observe that this
dependency is similar for all beamforming variants involug GEV decomposition in some
way.

Although the GEV and the GEV with an RTF extraction also using the GEV should

theoretically coincide up to the absolute phase, we obseraerather dramatic gain using

the latter. This indicates that it is well worth investigating further how the absolute phase
should be determined. Initial results on phase normalizain for GEV beamforming vectors
can be found in [149, Section V].

The ndings in this section can be summarized as follows:

Selecting the right beamforming algorithm is data-dependé and should, there-
fore, be formalized by selecting an algorithm on a separateklopment set.

All beamforming variants pro t from using a noise-plus-inteference covariance
matrix instead of a noise-only covariance matrix. Althoughhis might be an
obvious nding, it is rarely clearly stated.

Souden's MVDR variant with GEV ! Rank 1 preprocessing leads to competitive
WERSs while avoiding yet another tuning parameter.

5.7 Integration of neural networks and probabilistic
graphical models

In this section, we evaluate di erent integration variantsto better understand how to choose
model parameters, and how they interact with other system ogponents, such as permutation
alignment. In Section 5.7.1 we analyze weak integration ap@aches, in which a DNN
provides the initialization for subsequent spatial clustéeng. In Section 5.7.2 we focus on tight
integration approaches, namely approaches in which spdtend spectral information both
in uence the EM-algorithm throughout the iterations. Finally, in Section 5.7.3 we address
the valid critique that multi-channel features for, e.g., aDC network are also an integration
of both feature types.

11 Tuning the leakage parameter is an idea which | became aware of due to astiussion with Sharon
Gannot during his visit in Paderborn. Although changing the leakage parameer was detrimental or led
to marginal improvements in this case, others report more robust beandrming with > 0.
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Table 5.24: Di erent weak integration results depending on the usage of iine permutation alignment
and nal permutation alignment. Each row consists of a CACGMM as a spatial dustering model
which is either initialized randomly or with a spectral model.

SDR / dB
N Inline Final _
Encoder Initialization BSS-Eval Invasive
PA PA

Dev Test Dev Test

i.i.d. 7 3 9:95 1011 1311 1339

i.i.d. 3 3 11:13 1108 1472 1466

DC k-means 7 7 11:95 1176 1578 1556
DC k-means 7 3 12201 1179 1586 1562
DC k-means 3 3 1201 1178 1587 1561
DAN k-means 7 7 11:53 1145 1527 1518
DAN k-means 3 11:63 1141 1551 1524
DAN k-means 3 3 11:59 1134 1541 1509
PIT 7 7 11:96 1172 1575 1551
PIT 7 3 1202 1174 1583 1554
PIT 3 3 12202 1175 1583 1554

5.7.1 Weak integration: A cascade approach

Table 5.24 shows separation results with a cCACGMM as a spadtielustering model. For each
experiment, the speakers are extracted with a Souden-MVDR &maformer with a GEV !
Rank 1 preprocessing and subsequent BAN Iter in accordancdttvthe ndings reported in
Table 5.23. The rst two rows contain the baseline cACGMM wih an i.i.d. initialization. In
any case, the spatial model uses a time- and speaker-dependwixture weight. Particularly
Row 2 serves as a very competitive baseline with an additidnaline permutation alignment.
All other rows present results with a DNN providing an initialzation for subsequent spatial
clustering. In the case of DC and DANSs, the embedding vectorseaclustered using k-means
and the resulting posterior mask then serves as the initiaktion for the cACGMM. All DNNs
are trained with K°= K + 1 classes, i.e., including an additional noise class, to tch the
CcACGMM.

First of all, we observe that the initialization with any of the listed DNNs improves the
performance compared to Row 2. Interestingly, the inline peutation alignment, while it

improved the performance of the i.i.d. initialized cACGMM did not improve the performance
of weak integration systems. In some cases, e.g., comparigw 7 with Row 8, the inline
permutation alignment was even detrimental. However, the al permutation alignment
consistently improved the results in comparison to the sysins without permutation alignment.
Consequently, we may conclude that the initialization witha DNN almost completely avoids
the permutation problem. All further comparisons with weak mtegration approaches will,
therefore, contain a nal permutation alignment but omit a permutation alignment step
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in each EM-iteration. The best results with a weak integratin system are obtained either
with a DC encoder and subsequent k-means clustering on the leaading vectors, or with a
PIT network directly providing the initialization. While, at rst glance, this might seem to
contradict the ndings in Table 5.18, where the DC system pnaded the lowest BSS-Eval
SDR results, the DC embeddings are not directly used for ratstruction here. Much more
indirectly, they only serve as initialization to the spatid clustering system and possible
artifacts, which are detrimental when using the masks dirdg for source extraction, are
covered up by, e.g., the mask-based beamforming.

To nalize this section, we can draw the following conclusits:

Proper initialization of a spatial mixture model with a DNN, hee called weak
integration, renders an additional inline permutation aljnment obsolete.

Best results are obtained with a DC encoder or an initializaan based on a
PIT system. The advantage of the weak integration using a DCneoder is
that the number of speakers at inference time is independeot the number of
speakers during training. However, the weak integration wita PIT network is

conceptually easier to implement.

5.7.2 Strong integration

In this section, we evaluate di erent strong integration vaiants consisting of integrated
clustering models which are comprised of a spatial and a sprat observation model on
the WSJ-BSS database. To do so, we rst compare di erent lateninodels and di erent
embedding networks, then the emphasis is put on the choiceafxed concentration or scale
parameter.

The reported results in Table 5.25 are obtained with embeduj networks trained to form
K?= K + 1 = 3 distinct clusters during training on K = 2 speaker mixtures. Once
posterior masks are obtained from the integrated clustegnmodel, the individual speakers
are extracted using Souden's MVDR formulation (compare Sech 3.3.2.3) with a GEV!
Rank 1 preprocessing of the target speaker covariance mat{compare Section 5.6). The
optimal trade-o parameter 2= 1= in the case of a GCACGMM and in the case of a
VMFCACGMM is selected based on development set invasive SDRach group in Table 5.25
reports results of a unique combination of an encoder netvwoand a latent model. We rst
observe that a preclustering of the embedding vectors withkeans improves the performance
signi cantly. Consequently, although all information is aailable to the integrated clustering
model, careful preclustering is still inevitable. Furthemore, although all models iterated
100 EM-steps, better initialization leads to faster convgence and, thus, a smaller number
of iterations is necessary on average. Just as we observedvwieak integration models in
Table 5.24 the inline permutation alignment is now obsoletgiven a k-means preclustering.
However, it is worth noting that a nal permutation alignment is still performed and separate
experiments without a nal permutation alignment are not stown.
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Table 5.25: Di erent strong integration results depending on usage of inlhe permutation alignment
and whether the integration model is initialized randomly or from a k-means result of the predecessor
model. The tuning parameter or 2 is selected to maximize invasive SDR on the development set.

SDR / dB
o Inline ]
Encoder Initialization Latent model Parameter oA BSS-Eval Invasive

Dev Test Dev Test
DC i.i.d. GcACGMM 2=1=20 7 10:85 1093 1519 1532
DC k-means GCcACGMM 2=-1=8 7 1174 1152 1628 1598
DC k-means GcACGMM 2=-1=8 3 11:74 1152 1628 1598
DC i.i.d. vMFcACGMM =20 7 10:80 1076 1519 1506
DC k-means VMFCcACGMM = 7 11:80 1158 1630 1600
DC k-means VMFcCACGMM =5 3 11:82 1159 1634 1602
DAN i.i.d. GcACGMM 2=1 7 10:63 1068 1499 1497
DAN k-means GcACGMM 2=5= 7 11:46 1139 1587 1570
DAN k-means GCcACGMM 2=5= 3 11:45 1139 1587 1571

Figure 5.8 shows how the particular choice of the trade-o pameter 2=1= or inuences
the separation result under the same evaluation conditioras before. It becomes evident that
i.i.d. initialized models heavily depend on the particulachoice of the trade-o parameter
with no clear explanation for the particular shape of the cwes. In contrast, the variability
of the results over the trade-o parameter given k-means petustering is much smaller and
almost disappears at the current scaling. Nevertheless, &alst for the DC-based system, a
small peak around =5 is visible which is similarly located for the developmenset as well
as for the test set. We may, therefore, conclude that the pacular choice is rather stable
and obtaining the trade-o parameter on the development seis a reasonable strategy. Not
shown in this gure is the observation that the maximum sligkly moves towards lower values
for the trade-o parameter with more poorly trained embeddng models: more emphasis is
put on the spatial model when the spectral model is less redbie.

Figure 5.9 shows a closer look of the dependency of the sepamatperformance and the
trade-o parameter for a DC-based system with k-means pragdtering and inline permutation

alignment (in orange). The results are contrasted with thearresponding weak integration
model (in blue). We observe that the maximum invasive SDR naty coincides with the

minimum WER both on the development as well as on the test setnicontrast, the BSS-Eval

SDR does not show similar behavior and seems to be a less prtvde indicator for WER.

Arguably, the WER reduction with a tight integration approach over the weak integration
approach is limited given the added complexity of the modelna the need to properly select
the trade-o parameter. However, if an optimal separation pgormance is required the tight
integration approach is a valid choice.
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Figure 5.8: Dependency of the strong integration models on a xed conceration parameter or
xed covariance parameter. The horizontal axis shows precision = 1= ? instead of variance to
allow better comparison with the concentration . Dashed lines indicate development set results.

To nalize this section, we can draw the following conclusits:
Selecting an optimal trade-o parameter is an added compléy.
Preclustering of the embedding vectors leads to signi caninprovements.
An additional inline permutation alignment is obsolete give proper preclustering.

The di erences between the di erent spectral observation wdels are minor.

5.7.3 Comparison of integration models with single-/
multi-channel encoder

Similarly to the evaluation in [51, Table V] we here analyze o a multi-channel encoder, in

this case, a multi-channel DC (listed asSpatial-DC) network, improves the separation with

and without integration approaches. All results listed in Thle 5.26 are again reported on the
WSJ-BSS database with the same conditions as in the previousawections. In all previous

experiments, we extracted embedding vectors from the spemjram of a single reference
channel. To get a better understanding of how additional clmnels improve the embedding
vectors, we analyze di erent channel stack modes:

Reference: The DC embedding network operates on a single dkeeference channel or
the Spatial-DC network operates on two xed reference chaeis.

D channels: The embedding network extracts embedding vecsoindependently on
each channel. Before further processing, the embedding tegs are stacked so that the
k-means algorithm operates o E dimensional data.
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Figure 5.9: Dependency of a strong integration model on a xed concentrabn parameter in

comparison to a weak integration model. The horizontal axis shows precisn = 1= 2 instead of

variance to allow better comparison with the concentration . Dashed lines indicate development
set results. All results are obtained on the WSJ-BSS database.
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Table 5.26: Comparison of di erent channel stack modes for DC on the WSJ-BS test set. The
embedding vectors are stacked before entering the latent model @re k-means either directly or as
a preclustering step). Latent model parameters are selected baseaxh best invasive SDR result on
the development set. Results reported are on the test set.

SDR / dB
Encoder Latent model Channel mode Parameter
BSS-Eval Invasive
DC reference 128 1465
DC D channels 1045 1485
DC cACGMM reference 1178 1561
DC CACGMM D channels 1179 1562
DC VMFCACGMM reference =5 11:59 1602
DC VMFCcACGMM D channels =5 11:61 1604
Spatial-DC reference 1100 1545
Spatial-DC D 1 pairs 1119 1565
Spatial-DC cACGMM reference 1180 1564
Spatial-DC cACGMM D 1 pairs 1180 1564
Spatial-DC ~ vVMFCACGMM reference =5 11:62 1608
Spatial-DC  vVMFCACGMM D 1 pairs =5 11:64 1611

D 1 pairs: The Spatial-DC embedding network extracts embeddj vectors indepen-
dently on D 1 pairs before these embeddings get stacked. Just as in [49]al&ain
D 1 pairs by selecting a single reference channel and then cédte inter-channel
features of each other channel against this channel.

First of all, the results are in agreement with [49] in the selsthat the Spatial-DC model
outperforms a single-channel DC model. Moreover, the siegthannel DC model also leads
to better results when independently applied to each micréywne channel. This can be
explained with the cross-channel variability even in a rater compact microphone array
although the single-channel DC network does not have accdssdirectional information:
variability across channels is somewhat averaged out by stering the stacked embedding
vectors. The key nding, however, is that all integration vaiants prot at least to some
degree from a multi-channel embedding network. Neverthetgence any form of integration is
used, stacking embedding vectors almost does not change tksults at all: the cross-channel
variability is small enough for the additional informationto be useless in comparison to
the information available to the spatial observation model The best results in terms of
invasive SDR are obtained with a multi-channel encoder opating on allD 1 pairs and a
VMFCcACGMM tight integration model.
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Table 5.27: Results with and without supervision on the WSJ-BSS database

SDR / dB

WER =%
Encoder Unsupervised Latent model Channel mode BSS-Eval Invasive

Dev Test Dev Test Dev Test

3 cACGMM D channels 1110 1110 1467 1468 2555 1951
DC 7 reference O3 1028 1432 1465 2680 1979
DC 7 D channels 1017 1045 1462 1485 2562 1902
DC 7 CACGMM reference 1201 1179 1586 1562 2159 1721
DC 7 cACGMM D channels 1203 1179 1588 1562 2197 1719
DC 3 reference 1017 1042 1388 1412 2881 2146
DC 3 D channels 1031 1057 1408 1430 2767 2052
DC 3 CACGMM reference 1199 1174 1578 1554 2181 1745
DC 3 cACGMM D channels 1198 1174 1577 1553 2183 1738

To nalize this section, the following conclusions can be dwn:
Multi-channel DC indeed outperforms single-channel DC.

Weak integration, as well as the tight integration approachstill prot from a
multi-channel encoder although the spatial information iswvailable directly to the
spatial observation head of the integration model. Althoughhe independence
assumption between spatial and spectral features clearlpes not hold here the
results indicate that a possible over-con dence does not tioverall performance.

5.8 Unsupervised training of deep clustering

This section presents evaluation results comparing sup&gd and unsupervised training of
a DC network. To do so, we rst evaluate with the WSJ-BSS databasto provide results
comparable to the previous sections. Then, we analyze gealerability by reporting results on
WSJ-MC, a database with real recordings introduced in Sectidn?2.3.

Table 5.27 lists results on the WSJ-BSS database. All resultseareported with beamforming
as in the previous sections. In Row 1 results of a cCACGMM withiid. initialization serve
as a baseline relying solely on spatial features and, notgpbhot requiring a training phase.
Row 2 { Row 5 contain supervised DC results with and without altdbsequent cCACGMM. As
seen before, the weak integration outperforms the superegsDC and pro ts much less from
stacking the embedding vectors of th® channels. Row 6 { Row 9 contain unsupervised DC
results. The architecture of the unsupervised DC model isedtical to the supervised DC
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model. However, the model parameters are trained using supision from a CACGMM as a
teacher instead of ideal binary masks.

The resulting unsupervised DC model operating on only oneahnel in Row 6 lacks behind the
unsupervised teacher in Row 1. However, when initializing 6hcACGMM with the k-means
clustering results, obtained on the embedding vectors oféhunsupervised DC system, this
weak integration outperforms the teacher in Row 1. Althoughhis might appear astonishing
at rst, given that the weak integration uses the same data athe teacher alone, the e ect
can be explained as follows: During training of the DC systenthe teacher cACGMM often
produces only moderate separation results but due to the fabat the separation performance
Is good enough on average, the training process smoothes thaise variations. This is further
con rmed by the fact that the unsupervised DC training requies many more steps, possibly
due to con icting gradients resulting from the posterior maks produced by the cACGMM
teacher. Another plausible explanation is that the student des not have access to the spatial
information and, thus, cannot reliably reproduce the erra the teacher is doing. For example,
when the separation quality of the teacher is poor due to spieas being very close to each
the student would not know about this and and still produce maningful separation results.
Comparing all supervised systems with all unsupervised $gms, it becomes apparent that
the supervised systems still outperform the unsupervisegséem, albeit only by a small
margin. However, in a more practical application, one mightnetrain a DC system with
supervision on a limited training set and then ne-tune on ral recordings closer to the test
conditions.

The ndings reported here agree with our previously reportéresults in [167]. In tendency,
they demonstrate that the results are reproducible with frehly trained embedding networks
and acoustic models. Besides the results reported here,qJLBsts masking results. We did
not analyze unsupervised DC in combination with a tight intgration approach because that
would require us to obtain a tuned trade-o parameter, whichs hard to do when no metrics
can be obtained in an unsupervised setting.

Table 5.28 lists the results of the aforementioned experims on the WSJ-MC database.
However, since the WSJ-MC database does not provide a separatring set, the embedding
network (supervised and unsupervised) was trained on the WERES database. First of all,
we realize fairly high WERs which can be explained by the fachat the database contains
British English speech whereas the acoustic model was traoh on WSJ-BSS containing
only American English. Nevertheless, the WER may still serve @ objective performance
measure, even if they may only provide an idea of the relativ@rdering of the proposed
systems. The BSS-Eval metrics were obtained by comparingettseparation results with
headset microphone signals, which is, of course, an approation to the true source signal:
It may still contain a severe portion of cross talk. InvasivesSDR are not reported here
since they require access to the images (speech and noiseusgply how they appear at the
microphones) which are only available in a simulation emwonment.

Interestingly, this time the best BSS-Eval SDR results arelgained with a weak integration
including an unsupervised DC system. Sitill, this result deenot translate to WERs, for
which the gap between both approaches is much closer. Anyhagwen that these results are
reported on completely di erent data, we may conclude thathie weak integration approaches
generalize well to unseen data. When, in comparison, we inspRow 2 and Row 6, we realize
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Table 5.28: Results with and without supervision on the WSJ-MC database.Due to the nature of
the database invasive SDR metrics are not available.

SDR / dB
————— WER =%
Encoder  Unsupervised  Latent model Channel mode BSS-Eval

Dev Test Dev Test

3 cACGMM D channels 425 492 2928 4725
DC 7 reference 387 372 4593 6186
DC 7 D channels 450 424 3864 5877
DC 7 cACGMM reference 478 463 2607 4648
DC 7 cACGMM D channels 483 487 2669 4432
DC 3 reference 403 429 4244 5547
DC 3 D channels 419 465 3912 5021
DC 3 cACGMM reference 545 567 2711 4479
DC 3 cACGMM D channels 554 567 2635 4483

that the unsupervised DC system without any integration pdbrms signi cantly better than
its supervised counterpart.

To nalize this section, we can draw the following conclusits:

An unsupervised DC system can outperform its teacher when usen a weak
integration.

The integration approaches, in particular when comprisingn unsupervised DC
model generalize better to unseen data.

Unsupervised DC alone generalizes better to unseen data whemmpared to its
supervised counterpart.

5.9 Overview of all methods on WSJ-BSS

To summarize the ndings of the previous evaluation sectiaand put all variants into
perspective, this section compares weak integration, tigtegration, and nonintegration
variants. To gain further insights, we analyze splits of thelataset or operate on fewer
channels and provide speech recognition results with matsth training of the acoustic
model.

Table 5.29 lists masking results on the WSJ-BSS database. Alingh the beamforming
results are likely to be better, masking is closer to applitans for which DC, DANs, and
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Table 5.29: Summary of masking results for the WSJ-BSS test set. The acatic model was trained
on noisy source images, i.e., it did not see overlap or system artifactsuding training. The tuning
parameter or 2 is selected to minimize WER on the development set.

Output SDR / dB
Encoder Loss Latent model Parameter ) . WER / %
nonlinearity ~ BSS-Eval Invasive

cACGMM 9:22 1337 2492
DC 7:06 1118 4514
DC cACGMM 9:91 1422 2222
DC VMFCcACGMM =1=8 993 1428 2205
DAN CE 4:73 153 7372
DAN CE softmax 0:98 323 6462
DAN CE cACGMM 7:73 1187 3119
DAN CE GcACGMM 2=8 6:87 1132 3611
DAN MSE 6:88 1120 5629
DAN MSE sigmoid 7:35 999 4376
DAN MSE cACGMM 9:36 1362 2414
DAN MSE GcACGMM 2=8 8:94 1342 2675
PIT CE 6:67 1003 4059
PIT CE cACGMM 9 :88 1421 2259
PIT NPSMSE 6:59 945 5275
PIT NPSMSE cACGMM 9:76 1414 2270

PIT were originally designed and for which the DAN with a recostruction loss (MSE)

and the PIT system with a reconstruction loss (NPSMSE) were &ined in particular. We

show DAN results, in which the network was either trained witha mask loss (CE) or with

a reconstruction loss (MSE) because, at least for the expments we performed on the
WSJ0-2mix database, the CE system performed better, althoughe DAN was originally

proposed with a reconstruction loss [46, Equation 1].

One key observation is that the cACGMM, which is an unsupersed system and which is not
aware of which masks yield particularly good reconstructig leads to better results than DC,
DANSs, and PIT on this particular database. One reason surely ihat the spatial cues are a
very important knowledge source. Additionally, the databas consists of a xed geometry
without any head movement, which is helpful for the spatiallastering model but which the

single-channel neural networks cannot capitalize on.

Given the simplicity, weak integration already provides gjni cant gains. For example the
weak integration, in which DC extracts embeddings and k-mea an initialization for a
subsequent cACGMM, reduces the WER fron24:92 % and 45.14 % down to 2222 %from
the cACGMM alone or the DC system alone, respectively. Compag the di erent weak
integration variants the DC-based variant performs best akit the PIT-based weak integration
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is close behind and potentially slightly simpler to implenm.

Overall, the best performance in terms of BSS-Eval SDR, inswe SDR and WER was
achieved with the tight integration approach consisting of DC embedding network, k-means
preclustering, and a vVMFCACGMM integration model. Oddly, tke tight integration variants
based on DANs are less e ective than their weak integration caterparts. This indicates
that either, the DC training is signi cantly better on the given database (further supported
by the 7:06 dB BSS-Eval SDR), or that the DC embeddings are more easily ctesed due to
the DC loss itself.

As a small remark, it is worth highlighting that we here also rgort results for which the

DAN is evaluated with the corresponding output nonlinearityafter k-means clustering of the
embeddings and calculating the inner product of each embedd vector with each attractor.

In previously reported results, we did not add this additioal nonlinearity during inference,
although it was part of the training process. In both cases (@®v 6 and Row 10) the additional

nonlinearity improved results signi cantly and, therefoe, can be seen as a better-justi ed
baseline now.

Table 5.30 lists beamforming results for the same systemsiasTable 5.29. Most importantly,
for an acoustic model that was not trained in matched condibins, i.e., not trained on the
separation results of a given separation system, all WERs d@ver with beamforming. In
part, this can be attributed to the fact that beamforming aveages out artifacts such as hard
switches in masks, which otherwise result in musical tonesdcan confuse acoustic models.
This goes so far that negative BSS-Eval SDR values for the DANeacompensated and now
provide values up to 644 dB.

Again, we realize that the tight integration based on DC and aMFcCACGMM performs best,
directly followed by a weak integration based on a PIT-basaditialization.

5.9.1 Analysis of splits of the WSJ-BSS database

Figure 5.10a and Figure 5.10b show bar charts of invasive SDRsuéts for di erent sepa-

ration models grouped by absolute angular distance betwe#re speakers for masking and
beamforming, respectively. Both variants are shown to degple the e ect of an increasing

angular distance on the clustering model from the gains due beamforming. Please note
that the examples are split into groups of uneven size.

The important point to note here is that the integration approaches degenerate more gracefully
when fewer channels are available than, e.g., the cACGMM ale. Since the cACGMM
depends solely on spatial information, its results are wdrarhen the speakers are located
very close to each other. This e ect is even more pronounced@n using beamforming to
extract individual speakers. Overall, the best results aoss all groups are obtained with
the tight integration approach, even when speakers are c@wysthan 15 apart from each
other. All in all the tight integration approach nicely trades o between spectral and spatial
information.

Why the single-channel DC results with masking show slight iprovements with an increasing
angular distance is not explainable within the scope of thithesis. Although it is possible
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Table 5.30: Summary of beamforming results for the WSJ-BSS database. The aastic model was
trained on noisy source images, i.e., it did not see overlap or system afacts during training. The
tuning parameter or 2 is selected to minimize WER on the development set.

Output SDR / dB
Encoder Loss Latent model Parameter ) . WER / %
nonlinearity ~ BSS-Eval Invasive

cACGMM 11:08 1466 1953
DC 10:28 1465 1976
DC cACGMM 11:79 1562 1721
DC VMFCcACGMM =5 11:59 1602 1672
DAN CE 3:75 687 5601
DAN CE softmax 6:44 919 4781
DAN CE cACGMM 9:71 1319 2460
DAN CE GcACGMM 2=8 8:86 1236 2867
DAN MSE 10:29 1458 2074
DAN MSE sigmoid 10:58 1464 1960
DAN MSE cACGMM 11:40 1523 17.85
DAN MSE GcACGMM 2=8 11:45 1549 1767
PIT CE 9:95 1425 2004
PIT CE cACGMM 11 :74 1554 1741
PIT NPSMSE 9:28 1325 2478

PIT NPSMSE cACGMM 11:61 1543 1761
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Figure 5.10: Split of separation results based on absolute angular distance. bars represent slices
of the WSJ-BSS test set. Please note that the last group contains about halbf the test examples.

that more easily distinguishable RIRs also improve singlghannel separability, we will not
develop this point further.

Figure 5.11 shows masking results organized in the form of assm plot, i.e., a categorical
scatter plot with horizontal jitter added in such a way that points do not overlag?. The
WSJ-BSS data is again split into groups of absolute angular d#nce to get an insight into
how system performance degrades when speakers are locatesecto each other. Although it
in principal shows similar results as Figure 5.10a, it puts mne emphasis on the outliers and
the actual distribution of invasive SDR values. Please notagain that the examples are split
into groups of uneven size.

We, rst of all, emphasize that the highest variability in sgaration performance occurs with
the two baseline systems cACGMM and DC. Both the cCACGMM as weas the DC system
expose a very high variance with some results even in the néga SDR region. The number
of outliers decreases when the speakers are further apartnfr@ach other. Most notably,
both integration variants do not only show improved mean imasive SDR, they also result in
much fewer outliers with a fairly compact distribution for hgh absolute angular distances.
Arguably, although the tight integration approach performsslightly better, the di erences to
the cascade approach are hardly visible in this visualizain.

Figure 5.12a shows average results on the WSJ-BSS database waitplit based on the gender
composition of a mixture. In accordance with ndings on the W30-2mix database analyzed,
for example, in [169] the neural network-based approachesgilade quite a bit when separating
speakers of the same gender, in particular two female speakeHowever, please note that

12 The idea of a swarm plot originates from the corresponding R package: httgivww.cbs.dtu.dk/  eklund/
beeswarm/
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Figure 5.11: Swarm plot of separation results with masking based on absolute gular distance. All
groups represent slices of the WSJ-BSS test set. Please note thateHast group contains about half
of the test examples.

the WSJ-BSS database consists of considerably fewer femaleaers. Thus, it is not clear
whether female speakers are harder to separate in generattoe network simply needs more
speech from female speakers for training. Likewise, sindetexamples are arti cially mixed,
e ects such as the Lombard e ect, which occurs in real mixtus, might lead to better
separability in a real setup. As expected, the best separatigesults are obtained on the
mixed speaker data, i.e. examples in which a male and a femafeeaker are mixed. Overall,
the tight integration approach performs best in all genderits.

Figure 5.12b shows a split of the WSJ-BSS test set based on theagheration time in each
example. As expected, the highest invasive SDR values are abed for low reverberation
times. This is reasonable since the W-disjoint orthogonajitis highest in an anechoic
environment. Further, the temporal smearing e ect of long RRs invalidates the assumption
that a RIR ts into a STFT analysis window further. The separation performance of
the cACGMM decreases the most with an increasing reverbeiaih time. The integration

variants compensate for the e ect to some degree due to theditional spectral information.

Particularly, the weak integration results highlight that the cACGMM is, in principle,

able to separate well if it is initialized close enough to theptimal solution. Even in

the highest simulated reverberation conditions, the tighintegration approach performs
best.
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Figure 5.12: Split of separation results based on gender decomposition and salidecay time (T60)

range. All bars represent slices of the WSJ-BSS test set.

The tight integration approach performs best in all gendergits, reverberation
time splits, and absolute angular distance splits.

The weak integration approach already provides solid ressl
Both variants make use of both data sources.

The DC system is most susceptible with respect to the gendeoraposition
while the cACGMM performance depends most on absolute anguldistance and
reverberation time.

5.9.2 Analysis with matched training of the acoustic model

This section addresses the often-discussed issue of madctraining of the acoustic model.
The core idea is that the front-end may produce artifacts oreparation results a separately
trained AM is not aware of. To understand additional gains du@o matched training we
report WERSs for di erent acoustic models in this section:

Image: The acoustic model is trained on noisy images. It hagwer seen overlap or
artifacts produced by a separation module or speech enhament module before.

Matched: The acoustic model is trained on the separation na¢s of a given algorithm

on

the entire train dataset of the WSJ-BSS database. Therefqoré is aware of all
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Table 5.31: Comparison of di erent latent models with a retrained AM on the test set of the
WSJ-BSS database. Themage column corresponds to an acoustic model that was trained on oracle
images with background noise. TheMatched acoustic model was trained on the separation results
of the training dataset. The parameter is set to 5 for the vVMFCACGMM.

SDR / dB WER / %
Encoder Latent model Extraction method
BSS-Eval Invasive Image Matched

cACGMM GEV'! Rank 1! Souden-MVDR 1106 1464 1952 1368

DC GEV! Rank 1! Souden-MVDR 1028 1465 1980 1558
DC cACGMM  GEV! Rank 1! Souden-MVDR 1179 1562 1721 1303
DC VMFCACGMM GEV ! Rank 1! Souden-MVDR 1159 1602 1672 1260
Oracle images 10:33

scaling issues, artifacts, and residual interfering spdethe corresponding separation
model it is later evaluated on is likely to produce.

Performing matched training of the acoustic model is quiteastly since it requires the separa-
tion of the entire training dataset and an acoustic model triaing from scratch. Therefore, to
experiment with front-end algorithms, all other results otside of this section do not contain
matched acoustic model WERs.

Table 5.31 lists separation results for di erent separtioomethods, varying latent models, and
a xed extraction method. All results can be compared with theoracle images provided
directly to the acoustic model as denoted in the last row. The&able allows the following
observations: Matched training in general greatly improvgeperformance. That goes so far
that the di erence between matched and nonmatched (Image)dining is larger than the
di erences between the di erent separation approaches mwented. Further, the biggest WER
drop is observed for the cACGMM alone. The WER for a tight intetation system with
matched training is as low asl26 %, which is only 2:27 % points less e ective than speech
recognition on the oracle speech images.

Table 5.32 showcases matched training results for di eresiource extraction methods. Given
that the single-channel DC system was designed with maskimg mind, the performance
gains using any kind of beamforming is large. A particularlyig performance gain, when
performing matched training, can be observed when a GEV be&wmmmer is applied to extract
the sources. One may conjecture that this is due to the incasgent scaling for di erent
frequency bins which the acoustic model was not aware of. Ugian additional BAN lter
greatly improves the acoustic model trained on noisy imageghile the gain with matched
training is much smaller. In accordance with the beamformgevaluation in Section 5.6 the
Souden-MVDR with preprocessing of the covariance matrix ohé target speaker performs
best here.

It is worth pointing out that results with pretraining of the acoustic model on noisy
speech images and then just ne-tuning a few epochs on the soel separation results
are not reported here. Such warm-start strategies are detely worth investigating as they
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Table 5.32: Comparison of di erent extraction methods with a retrained AM on the test set of the
WSJ-BSS database. Themage column corresponds to an acoustic model that was trained on oracle
images with background noise. TheMatched acoustic model was trained on the separation results
of the training dataset. The parameter is set to 5 for the vVMFCACGMM.

SDR / dB WER / %
Encoder Latent model Extraction method
BSS-Eval Invasive Image Matched
DC VMFCACGMM Masking 9:64 1439 2597 1833
DC VMFCACGMM GEV 8 :04 1347 3068 1383
DC VMFCACGMM GEV | BAN 10:10 1620 1757 1331
DC VMFCACGMM GEV ! Rank 1! Souden-MVDR 1159 1602 1672 1260
Oracle images 10:33

promise faster model design iterations as most of the AM traimg time can most likely be
saved.

The ndings in this section can be summarized as follows:

Although costly, matched training of the acoustic model is crcial for optimal
performance to adjust to speci cs of a source separation frisend.

Beamforming is the source extraction method of choice foradic geometries.
More recent beamforming algorithms developed primarily fepeech enhancement
apply well to source separation.

5.10 Overview of all methods on WSJ-MC

In contrast to Section 5.9 we here evaluate a selection of se@ion models on the WSJ-MC
database which was brie y introduced in Section 5.2.3. Therare two important reasons why
we report results on a separate database. First of all, we imté to demonstrate or at least
examine the generalizability of the proposed algorithms. Atitionally, but potentially even
more important, it is necessary to check if trends that appead on one database still hold on
an independent second database. Although all previous modelections and choices were
based on the development set, testing again on an indepentidatabase renders an analysis
more trustworthy.

Most importantly, due to the fact that the database containsrealistic recordings of simultane-
ously spoken utterances, clean speech or speech images atavailable. Consequently, the
BSS-Eval results are to be read with care, given that they wercalculated against a headset
microphone as a reference signal. All DNNs in Table 5.33 and Tel®.34 were not retrained.
They have been trained once on the WSJ-BSS database and we haneefy evaluate, how
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Table 5.33: Summary of masking results for the WSJ-MC database. The spel models as well
as the acoustic model are trained on the WSJ-BSS database, i.e., in misatched conditions. The
tuning parameter or 2 is selected to minimize WER on the development set.

Output SDR / dB
Encoder Loss Latent model Parameter . ) WER
nonlinearity BSS-Eval
cACGMM 2:96 6013
DC 1:.87 7864
DC cACGMM 2:81 6470
DC VMFcCACGMM =1 3:08 6394
DAN MSE 2:14 8242
DAN MSE sigmoid 1:91 7496
DAN MSE cCACGMM 375 5763
DAN MSE GcACGMM 2=8 3:84 5542
PIT NPSMSE 2:49 7924
PIT NPSMSE CcACGMM 3:87 5831

they perform in mismatched conditions. The same holds truerf the acoustic model, which
was trained on the WSJ-BSS speech images with American Englishaveas the recordings
at hand are British English.

First and foremost we observe that the WERS, in general, are mudigher than on WSJ-BSS.
This is particularly the case for the single-channel systesmpurely based on DNNs with
WERSs up to 8242 %for masking. This increase is also visible in the beamforngresults in

Table 5.34 indicating that the mismatch did not just cause miar artifacts which could have
been smoothed out by the beamforming operation.

However, the purely unsupervised and model-based cACGMM pams the best of all
nonintegration variants. Therefore, we may deduce that themain gains in integration systems
are to be expected from spatial observations.

The overall best WER is obtained with a tight integration appioach consisting of a DAN, a
k-means preclustering and a GCACGMM integration model witla subsequent beamforming
step. This system improved upon the cACGMM byt:11 % points WER, but { given the high
baseline WER { this is not an astonishing step forward. This ders from the results on the
WSJ-BSS database in Section 5.9 in the sense that there the bpstforming system was a
tight integration approach with a DC embedding network.

Overall, we may conclude that the integration methods not jst allow for a combination of
spatial and spectral cues but, to some degree, also help gatieze better to unseen recordings.
This nding is consistent with the hypothesis of better genelizability mentioned in the
introduction of [165] on integration for speech enhancemen
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Table 5.34: Summary of beamforming results for the WSJ-MC database. The sxtral models as
well as the acoustic model are trained on the WSJ-BSS database, i.e., imismatched conditions.
The tuning parameter or 2 is selected to minimize WER on the development set.

Output SDR / dB
Encoder Loss Latent model Parameter . ) WER
nonlinearity BSS-Eval
cACGMM 5:09 4606
DC 372 6199
DC cACGMM 4:63 4496
DC VMFcCACGMM =5=2 512 4271
DAN MSE 477 56874
DAN MSE sigmoid 4:58 5525
DAN MSE cCACGMM 5.:64 4284
DAN MSE GcACGMM 2=8 5:70 4195
PIT NPSMSE 3:85 6758
PIT NPSMSE CcACGMM 5.64 4386

5.11 Reproducibility and statistical signi cance

This section lists some remarks on reproducibility and stagtical signi cance. The main
goal is to emphasize sources of variability when experimérg with neural and probabilistic

system components. The applicability of statistical signtance is brie y discussed and a
limited number of experiments are performed to showcase \ability in di erent stages of

the experiment.

First of all, it is worth to identify the main important sources of variability. Table 5.35
shows the simpli ed processing ow for the multi-channel ggaration and recognition systems
described in this work. Below, it provides a high-level oveiew of the sources of variability,
each of which we are going to discuss in the following briey.

In each part of the processing pipeline implementation dets, implicit assumptions, and
hyperparameters that may not have been communicated are tloause of a great deal of
variability when applying the same method to the same data. Ahough researchers thrive for
reproducible results in the sense that, by reading a paper ®is able to reproduce results up to
equal performance metrics it is often practical to resort toeproducibility in the sense of exper-
iments that lead to similar conclusions [202, Section 2]. Tacilitate reproducibility publishers
start to ask for executable code alongside the main publicah [203].

While the variability due to implementation details is hard to quantify, another important
aspect is the training dataset. In principle, the unspokenssumption is that the training
set is su ciently large to resemble the totality of situations on which the system is to be
applied'®. This is of course in almost all cases impossible and the tnag set has to be seen

13 One may thrive for an in nite training set but even that is not su ci ent when the training examples are
statistically dependent and do not represent the totality of possibke test mixtures su ciently well.
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Table 5.35: Main sources of randomness in evaluating integration approaches tblind source
separation. Tick symbols @) indicate where a given type of randomness applies. Items in
parenthesis can be a source of variability but are not employed here.

. Embedding N Mixture N Beamforming/ N ASR .
network model masking
3 s s s
S 7 7 ;
e ©) 7 7 g
init\i/;/ﬁ;%?iton 3 ! ! 3
Train data order 3 7 7 3
e s ; 3 ;
el s 7 7

as one sample from the distribution of the totality of examms. Consequently, researchers
often agree on a xed database consisting of a xed trainingjevelopment, and test split
well knowing that results may or may not hold on a di erent datbase. In the scope of
this thesis the WSJ0-2mix database can at this point in time beegn as such a community
standard albeit its shortcomings discussed in Section 512.Besides containing simulated
multi-channel data the presented WSJ-BSS database addressksse shortcomings with
a larger training set size and substantially more unique spkers in the training set (see
Section 5.2.2 for details). In the following, we treat the tining set as given. An analysis
of the transferability of the trained systems to mismatchedeal recordings can be found in
Section 5.10.

During the training of, e.g., a neural network two importantsources of randomness are (1)
the random weight initialization and (2) the random order inwhich examples are presented
to the system. Dodge et al. explicitly di erentiate betweernthese two factors of variability
and report high variability of the test results while the varability due to the random seed for
weight initialization and the random seed for the data orders similar [204]. While Dodge
et al. are able to draw these conclusions by repeating the saraxperiment more than a
thousand times, we here have to constrain ourselves to a Ited number of repetitions and do
not di erentiate between randomness in weight initializaton and data order. The approach
to demonstrate the in uence of a random seed for weight indiization and data order is here
demonstrated by repeating the training (pretraining and re-tuning) 10 times. Figure 5.13
visualizes di erent training results as a parallel coordiates plot when repeating the training
of the DC system on the WSJ-BSS database as used in the previoastp of the evaluation
chapter. First of all, the gure allows us to draw the conclusin that the mean loss values
and mean MIR-Eval SDR values indeed di er quite a bit betweemepeated runs. However,
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Figure 5.13: Parallel coordinates plot of multiple metrics of pretraining and ne-tuning a DC
embedding network. Each column represents a di erent metric or taining stage (with possibly
di erent scaling). The connecting lines help understand how consstent the rank (in the sense of
ordering) is over di erent metrics or training stages. The MIR-Eval SDR values are obtained using
mask multiplication instead of beamforming.

we also realize that the variability is much smaller on the t& set (1500 examples) than
on the development set (500 examples). Further, we may deduthat albeit all variability
ne-tuning of the DC system by training on entire utterancesis helpful. At rst sight, we
also realize that models that were better after pretrainingend to be better after ne-tuning.
However, this observation will be put into perspective whenisicussing the corresponding
table with rank correlations in the following.

It is worth pointing out that a sophisticated learning rate £heduling combined with patience-
based early stopping can increase the variability furtherAnalyzing the number of training
steps (one step corresponds to presenting one mini-batchtte network) reveals that the
total number of steps in pretraining as well as in ne-tuningcan di er by more than a factor
of 2 as indicated in Table 5.36.

To illustrate the variability of the test results for di ere nt methods, we here rely on con dence
intervals of mean values to characterize the quality of the ean estimate. Thed5 %con dence
intervals here are based on bootstrapping with 10000 boataps for each estimate. In [205,
Section 9.1] Chernick argues that rather small sample sizegen below 10 samples (here 10
independently trained DC systems) can be used to calculat@btstrap estimates. However,
as a rule of thumb, he recommends that con dence intervals suld be trusted when the
sample size is at least 30. Since the repetition of neural metrk training is prohibitively
expensive in this context, we need to make the best of our 10ngales and emphasize that
the con dence intervals themselves may be unreliable.

Figure 5.14 shows aggregated invasive SDR values for 10 tednDC models. The bars
represent mean values over the 10 runs while the black lineistlae tip of each bar represent
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Table 5.36: Comparison of training duration in steps for repeated training ofthe same DC system
for pretraining and ne-tuning.

Pretraining Fine-tuning

980001 135001
680000 277501
780000 198750
790000 180000
610000 168801
780001 146301
1380001 153750
760000 172501
540000 150001
1150001 135001

the con dence intervals obtained with bootstrapping*. First of all, one can observe that all
con dence intervals are quite small. However, given that opl10 repeated trainings were
performed the con dence interval obtained trough bootstraping tend to underestimate the
uncertainty when compared to in nitely many repeated expaments [207, Page 25]. Please
note that the horizontal bar is scaled such that the con dene intervals are best visible.
Consequently, the disagreement between models trained Wwia di erent seed and data order
is almost negligible. The con dence intervals become smadlwhen using an integration model.
This can be explained by the fact that outliers within one runare already less likely because
one model component can compensate failures of the other tore degree. This hypothesis
Is further supported when inspecting, e.g., Figure 5.11. laetestingly, the cACGMM ( rst
row) shows some variability between runs, too. This cannotebexplained with a varying
model initialization seed or a varying training data order isice this experiment does not
contain any trained system component. This variability on} stems from the random seed
when initializing the mixture model before the EM algorithmstarts.

Figure 5.15 shows the dependency of a strong integration mbda the tuning parameter

similar to Figure 5.9. Here, Figure 5.15 shows the con dence evals obtained with 10
trained DC models as shaded areas. It becomes apparent thaetgain from the strong
integration approach which uses the vYMFCACGMM is much largethan the width of each of
the con dence intervals. We can, therefore, conclude that is highly unlikely, that the gains
are only caused by randomness.

To further quantify the reliability of the evaluation results the following paragraphs make use
of statistical hypothesis tests. We here limit the number dests to three and highlight that only
the three con dence tests were performed to avoid cherrygking p-values.

¥ We here rely on the Seaborn implementation [206] of the percentile bootsap approach by using
seaborn.algorithms.bootstrap() and seaborn.utils.ci()
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Figure 5.14: Con dence intervals of mean invasive SDR values as black lisefor 10 trained DC
models. All results are obtained on the WSJ-BSS test set. The horizdal axis is stretched as much
as possible to improve the visibility of con dence intervals.
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Figure 5.15: Con dence intervals of mean invasive SDR values as shaded arefag 10 trained DC
models. Dashed lines indicate development set results. All redis are obtained on the WSJ-BSS
database and use beamforming. The con dence intervals for the test set aronly slightly wider
than the line width and therefore barely visible.
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Hypothesis: weak integration better than the DC approach For hypothesis testing,
we follow the signi cance testing p-value approach) as outlined in [208, Page 344] because
the p-value approach avoids setting a xed signi cance level in advance. In this approach
the p-value in a sense measures the credibility ofyHIt is the probability of the measurements
being at least as extreme as observed given thag ks true [209]. In other words, a low
p-value provides evidence againstd{209]. However, one should be well aware of the possible
ways to misinterpret p-values as extensively discussed in [209].

To conduct a hypothesis test we rst de ne the null hypothess Hy and the alternative
hypothesis H:

Ho: There is no di erence between both approaches or the weaktegration is worse.
Hi: Weak integration performs better than the DC approach.
The possible outcomes of this test procedure are:
Reject Ho.
Fail to reject Ho.

However, it is worth noting that the test is posed such that a ngative test outcome does not
necessarily imply that H, is true.

Next, we de ne a valid test statistic: Since the variance of th invasive SDR values (actually
mean values for one run with one model over one dataset) is unrdwn, we need to reside to
tests in which the variance is estimated. With an estimated vance, the test statistic is
Student-t-distributed and given as follows [208, Page 340]:

t= XS—:pITO; (5.2)

where x is the mean estimate of test outcomes; (x; being one mean SDR value on the
entire dataset under consideration), ¢ is the assumed mean under the ¢hypothesis ands

is the estimate of the standard deviation of test outcomes. Since each group of samples is
derived from the same set of = 10 trained DC models the assumption that both groups are
independent does not hold. Therefore, we need to perform ainga test such that herex; is

a di erence of a weak integration result and a DC result.

Next, we compute the test statistict and the correspondingp-value:

t =60:08, p=2:47e 13 (5.3)

Finally, we can interpret the result. Thep-value is extremely small, which means that the
probability that a value of t 6008 appeared under the bl hypothesis is extremely low.
Therefore, we can treat this as evidence to rejectgHand conclude (since it is the only
alternative in a one-sided test) that the weak integration pproach is better than the DC

approach alone with a very high signi cance level.
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Hypothesis: weak integration better than cACGMM In a similar vein, we can now
compare the weak integration approach with the unsupervidecACGMM baseline. The two
hypotheses are formulated as follows:

Ho: There is no di erence between both approaches or the weaktegration is worse.
Hi: Weak integration performs better than the cCACGMM.

In contrast to the last hypothesis test, the 10 repetitions fothe weak integration approach
(with 10 independently trained DC models) can be consideredddependent from the 10
repetitions of the cCACGMM and therefore a paired test is not @cessary. However, just
as before, the conducted Studerittest is one-sided. The resulting test statisti¢ and the
correspondingp-value are given as follows:

t=86:72 p=2:34e 25 (5.4)

We observe an extremely loyp-value indicating that the observed data is almost irreconiable
with Hg. This is again good evidence againstgHd Since H is complementary to H in this
case, one may conclude that the weak integration performstter with a high signi cance
level.

Hypothesis: strong integration better than the weak integratio n Finally, we com-
pare the strong integration approach with the weak integrabn approach in a paired one-sided
Student-+ test with the following hypotheses:

Ho: There is no di erence between both approaches or the stromgtegration is worse.
Hi: Strong integration performs better than weak integration

The test statistic t and the p-value compute to:
t = 267:9; p=3:57e 19 (5.5)

We again observe a very lowp-value which indicates that the observed invasive SDR valse
are very unlikely produced under the null hypothesis. Sindd; is again chosen to be comple-
mentary, we can use is as evidence that;Hs the better hypothesis.

The ndings in this section can be summarized as follows:

Given the ten repeated training results the con dence intesals for mean estimates
are small in comparison to the di erences between di erent gthods.

Complementarily, using statistical hypothesis tests, theli erences between mean
estimates of di erent experiments have been proven to be sistically signi cant.




6 Conclusion

In conclusion of this thesis the three main contributiongascade integration unsupervised
training, and tight integration are highlighted in the following. Subsequently, remaining
challenges and possible indications for future researchct®ons are discussed quite briey to
round up this contribution.

Main contributions

Cascade integration: The rst main contribution is clearlythe cascade integration approach,
which has been introduced and theoretically justi ed in Sdon 4.2, carefully evaluated in
Section 5.7.1, and put into perspective in Section 5.9 and @Gen 5.10. ldentifying and
acknowledging that the main limitation of probabilistic s@tial clustering approaches stems
from their initialization and not necessarily their modelng capacity led to the conclusion
that neural network-based initialization can yield a signcant performance boost. The
self-dependent nature of the parameter estimation procediof spatial clustering naturally
led to optimization ending in local optima. A neural network even when trained on data
mediocrely tting to the test conditions, can provide the neessary hint tipping the estimation
process towards an optimum closer to the global one. This iagicularly in terms of better
initialization per frequency bin but also due to the resultig improved consistency across
frequency bins alleviating the permutation problem to a céain degree.

Unsupervised training: While source separation neural netnks almost always require
arti cially generated mixtures for training, we here demostrated a principled way for
unsupervised training, i.e., to train a source separation ogel when only multi-channel
mixtures are observable. The key concept introduced in Se 4.4 and evaluated in
Section 5.8 is to apply a spatial clustering model rst, whige serves as an unsupervised
teacher and is, on average, inclined to provide a good sep#ra result. It turned out
that this teacher-student training scheme can lead to sitdens, in which the student in the
aforementioned cascade integration is able to outperforrhe teacher both in terms of objective
separation performance metrics and speech recognition mes.

Tight integration: The third contribution, arguably the core contribution of this thesis,
Is the tight integration approach, in which a neural networkextracts embedding vectors
from an observed mixture which then gets jointly modeled wiit spatial features in a single
probabilistic graphical model. The concept is detailed inettion 4.3, evaluated in Section 5.7.2
and compared with other approaches on two di erent databasen Section 5.9 and Section 5.10.
By estimating all spatial and spectral model parameters joily at test time, a mismatch
between both cues is minimized, a possible permutation prenh confusing speakers across
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frequency bins is alleviated, and overall better generadibility across database boundaries is
achieved.

Future work

It is worth pointing out that the current development of speeh separation neural networks
points towards time-domain separation approaches. While ihmight sound like separation
takes place in time-domain it much rather encapsulates theoncept that the neural network
extracts high-level features itself and then performs sefaion in a more abstract but
potentially more suitable domain. A task that remains is to letter understand how these
systems scale to more adverse conditions such as backgroannte and reverberation and,
more in the spirit of this thesis, how spatial features can ectively be used to boost separation
performance further.

Continuous meeting recognition implies the idea of droppghmany arti cial assumptions made
in meeting recognition challenges and literature such astexnally provided time-annotations,
speaker identities, or diarization results. Although the geeral idea to transcribe meetings
automatically has been prevalent for quite some time, justecently researchers are beginning
to focus more on actually processing a continuous meetinginding speaker counting, tracing,
separation and recognition in all its facets.

As a nal, more general remark: Within this work DNNs have been uskto perform a
subordinate task, such as extracting embedding vectors, igh are eventually clustered with

a statistic model. Just in the same spirit, it is important to point out that neural networks
particularly excel, when hand-crafted rules hardly captwe the whole picture but, when
required, probabilistic graphical models allow to encodeuman knowledge or even human-
de ned policy. In times in which one asks for interpretable i cial intelligence, probabilistic
models making business decisions on top of neural networksked subordinate processes, such
as computer vision or speech recognition can be an answer.



A Appendix

A.1 Properties of the complex Bingham distribution

A.1.1 Eigenvalue shift in the normalization term

Using the analytic expression of the complex Bingham normatition term (Equation 3.18), it
can be shown that an eigenvalue shift can be factored out oftlexpression:

DX . Y 1
(B + Ip)=2 e (at ) (ot )
VY
=e 2° e? (4
d % d
=e cg(B): (A.1)

A.1.2 Eigenvalue shift in the distribution

The complex Bingham distribution is invariant to an eigenviue shift. To be able to reference
this invariance, it is demonstrated in the following:

CBy;B+ Ip) = (B + Ip) er'(B+ Ip)y

Appendix A.1.1 H H
PP = e CBl(B) ey By ey Ipy

YH§=1 CBl(B) eyHBy
= CH(y:B): (A.2)

A.2 Non-negativity of the Kullback-Leibler divergence

The Kullback-Leibler divergence is always larger or equabtzero. This is a direct consequence
of the Jensen's inequality [210, Equation 5 or Equation 5':

E '(x) ' Efxg for a convex function': (A.3)

! According to [97] this can beeasily checked characteristically this expression appears six times in [97].
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When we apply this in the following for the PDFsp = p(Z) and q= q(Z), we apply it to the

convex function' (x) = Inx since Inx is concave:
Z
Y p P
KL (gkp) = In=dZz= E In- =E In =
(akp) aln ¢ q q
z z z
Jensen's p p
InE a = In q adZ = In pdzZ =0: (A.4)
z z

Alternatively, we can make use oln x < x 1 and obtain the result for the PDFsp = p(Z) and
g = g(Z) without resorting to Jensen's inequality [17, Equation 3.4

Z Y4 Y4 Z

KL(gkp)=  gln gdz q g 1 dZ= pdZ+ qdZ=0: (A5)

4 Z 4 Z

A.3 Mixture weights without Lagrange's method

When maximizing the log-likelihood of a mixture model with rgpect to the mixture weights,
one usually introduces the sum-1 constraint into the optinzation fugction with a Lagrange
multiplier. Alternatively, this can be done by replacing ¢ with w ko and performing
an unconstrained optimization?

X X }
J = In P——p(yn; Kook)
n k ko KO
X 1 X
= In P— KP(Yni ki k)
ko kO K
X X X
= In kP(Yn; «; k) Nin Ko: (A.6)
n k kO
We can now di erentiate with respect to :
X . ,
@k k0 kPl ko k) ko kO
X

p kP & k) NP K - expand rgbfraction
w kP(Y; ko ko) Ko ko with 1 o o

n

X

p K W K yp Kk _g
R R A
kin k

s K = — k;n: (A7)

2 This idea originates from a discussion with Christoph Boeddeker dting classes.
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A.4 Remarks on complex derivatives

Complex-valued functionsg : C 7! C are complex di erentiable at a given point if and only if
the limit of the di erence quotient exists, i.e., convergeso a single value independent of the
path of h [211, Section 1.2.2]:

dg _ ., 9z+h) 9@

dz hlo h

(A.8)

It can be shown that the limit exists, when the Cauchy-Riemam di erential equations
hold [211, Equation 1.3], wherg, and g; are the real and imaginary part ofg and z, and z
are the real and imaginary part ofz:

@g_ @g @g_ @g

@z @7 @ @7 (A9)
If a function is complex di erentiable everywhere, such a fuwction is called analytic or
holomorph. However, many functions do not ful ll these propeies, e.g.,9(z) = Ref zg,
g(z) = Imfzg, or g(z) = z . Most relevant for this work, when the goal is to optimize
parameters of a system involving complex numbers, the foling problem occurs: The cost
function is real-valued, after all it has to be a single valuerhich we optimize for, while one or
more intermediate variables or parameters are complex-uad. But, any real-valued function
f : C 7! R only ful lls the Cauchy-Riemann di erential equations in Equation A.9 when it is
a constant, i.e.f (z) const.

Consequently, we need to rely on an alternative de nition odli erentiability. One natural

de nition is to only require the di erentiability of the rea | and imaginary part of the complex-
valued function with respect to the real and imaginary part bthe input independently.
This property is calledreal di erentiability and holds for the aforementioned examples [211,
De nition 2].

To motivate partial derivatives for real di erentiable functions we may start with relating the
real and imaginary part of the input variablez with zandz [212, Page 65]:

z+z z z
Z = > ; z = 2 : (A.10)
Based on this, we can state the corresponding partial derivzes:
1 1 i 1 i 1
@Z: —: @Z: - @Z: — @Z: —. (All)
@z 2 @z 2 @z 2j @z 2j

From the chain rule for real-valued intermediate variableshe two partial derivatives with
respect toz and z directly follow [212, Page 65]:

@q @@z, @Wz_1 @y @g.
@z @z@z @z@z 2 @z @z '
@g_ @@z @u@z_1 @9 . Q@9 .

2 lez -

@z @z@z @z@z 2 @z (A12)
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This set of rules and the notion that we can calculate partiadierivatives of functions with re-
specttoz andz independently is calledVirtinger calculus [213], [214F

Alternatively, we may motivate compIeTx derivatives by replaing the complex numbers with
their vector representationz = z, z . Given that in this sensef : C 7! R is treated as a
function which maps fromR? to R, we can decompose the derivative:
!
ar

@_ ef _ @ _ ef  ef

ez @z) g ez 'er

(A.13)

The last step makes use of the composition of complex numbeagain. Apparently, this
de nition is in contrast to Equation A.12. Further, it has the charming e ect that the
derivative using this de nition for real-valued functionswith complex argument coincides
with the derivative of the same function with real-valued agument:

i2 . i2
Q2" Equaign A1 5 incides with 2

@ @x

Further, most of the matrix derivatives derived for real-véued matrices, e.g., as listed in
the Matrix Cookbook [217] can be used right away by replacinganspose symbols with
conjugate transpose symbols.

=2X: (A.14)

We here arbitrarily choose the de nition as popularized in egineering by [214] and do not
thrive to resolve apparent con icts between Equation A.12 ash Equation A.13. It is worth
pointing out that in the context of this thesis the additiond factor 1=2 does not change the
optimization results, i.e., it cancels out when setting dératives to zero. However, when
performing complex-valued backpropagation as, e.g., inoawn prior work [136], [177], [218],
[219], the additional factor E2 indeed impacts the weight updates and may lead to di erent
results.

A5 GEV/MaxSNR beamformer

The GEV/MaxSNR beamformer maximizes the generalized Rayldigcoe cient given the
speech image covariance matrix and noise covariance matrix

wH o ow
J= —— A.15
W W ( )

Maximizing the generalized Rayleigh coe cient can either b formulated as a constrained
optimization problem or a regular optimization problem. Whie the former is a bit shorter,
the latter has the advantage that we do not have to introduce aeemingly arbitrary con-
straint.

3 The same de nition, i.e., including % is also used by, besides others, Adali, Haykin, and Schreier [211],
[215], [2186].
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A.5.1 Solution with constraint optimization

One way is to constrain the denominator to a xed scalar, e.gw" ,,,w = 1. Any other
choice, such asvi'w =1, is just as valid. It will lead to the same maximum forJ, but the
actual lter coe cients are (in almost all cases) di erent. Adding this additional constraint
with a Lagrange multiplier results in the Lagrangian functon:

o= wH w+ @ wt ow): (A.16)

Di erentiating this with respect to w in the sense of Section A.4 and setting the result to
zero leads to the following generalized eigenvalue problem

@3 _
@v
According to this result, any eigenvalue leads to an extremunHowever, to argue why the

maximum eigenvalue leads to the maximum Rayleigh coe cientwe can multiply the previous
statement with wH from the left:

w W nnw=! o , wW = nn W (A.17)

WH

oW = wh w: (A.18)
We realize that the left hand side term coincides witll. Given that the quadratic form on
the right hand side is xed due to our constraint,J is maximized by choosing the maximum

value for , i.e., the maximum eigenvalue.

A.5.2 Solution without constraint optimization

Alternatively, we calculate the derivative with respect tow in the sense of Section A.4 without
any constraint and set it equal to zero. This can be done by ajfing the quotient rule for
real-valued scalars:

@:J xx W WH nn W WH xx W nmW
= = 5 =0
@v (wH  hw)
oW owtw on W H
] - W nnW
wH pow o wHaw wH w
| —{Z2—
wH nnw>0
) x W = nn W (A.19)

Finally, we identify that is again exactly the ratio we intended to maximize. The solign to
Equation A.19 which maximizes the original cost function istten the eigenvector corresponding
to the biggest eigenvalue.
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A.6 MVDR beamformer

The MVDR formalism asks for a beamforming vector which mininzes the expected output
variance while respecting a distortionless constraint asa i
X
w =argmin  jw"xj? st wHd=1: (A.20)
w
t

The linear constraint can be incorporated in the cost funatin by using a Lagrange multiplier
resulting in a modi ed optimization criterion given by

X
J%=  jwHhx?+ @ whd) (A.21)
t
=w"  xxfw+ (1 wtd) (A.22)
t
=wh w+ (1 whd): (A.23)

The complex derivative following Section A.4 leads to the fiolwing solution:

@3_

Qv oW d=0 oW= d w = oo (A.24)

Finally, we can plug the result of Equation A.24 into the lineaconstraint and obtain
d" Jd=1 S A.25
xx =T ! - dH Xxld ! ( . )

which when again inserted in Equation A.24 results in the weknown MVDR solution as in
Equation 3.56.

A.7 Permutation formalism

When discussing permutations , it can become quite confusing the permutation at hand cor-
rects the ordering or if it is what led to the wrong ordering irthe rst place.

Let us formalize it using an example. A systen$ receives correctly sorted items, e.g.,
a=(ag;a;;a)=(A;B;C). It applies a randomsystem permutation

=(2 ;0;1):
The resulting order is

Sf(A;B;C)g=  (A;B;C)
=(aq ;aw ;2@ )
=(C;A;B):
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Table A.1. Comparison of most important features of the WSJ-BSS database useth this work and
the successor SMS-WSJ [181].

WSJ-BSS

SMS-WSJ

Approximately each unique
utterance equally often

30000, 500, 1500 mixtures
Exclude verbalized punctuation

Reverberation time (T60):
200 ms to 500 ms

Time of ight compensation jointly
over all channels

20dB to 30dB additive
white Gaussian noise

Only split in speech and noise component
Fixed 2 speaker

First speaker's utterance determines length

Each unique utterance exactly
equally often

33561, 982, 1332 mixtures
Exclude verbalized punctuation

Reverberation time (T60):
200 ms to 500 ms

Time of ight compensation jointly
over all channels

20dB to 30dB additive
white Gaussian noise

Additionally, early-late split

Randomization approach can be generalized
to more speakers

Maximum utterance length determines to-
tal length: ASR on both possible

To correct the random permutation, we may use thaverse permutatiorf:

! = argsort
=(1;20):

' (A/B;C)=

We obtain the initial ordering, by applying the inverse permtation:

! (C;A;B)

=(a 1)@ 1@ a @) )
=(A;B;C):

A.8 Comparison of WSJ-BSS and SMS-WSJ

Table A.1 shows a comparison of the WSJ-BSS database used in thisrk and the successor
SMS-WSJ [181].

A.9 More detailed evaluation results

Table A.2 displays di erent training parameters for a xed néwork topology and a xed
number of epochs. After 1000 epochs training with a mini-baicsize of 64 and mixtures

4 argsort: https://docs.scipy.org/doc/numpy/reference/generated/num py.argsort.html
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Table A.2: Comparison for di erent DFT sizes while limiting the train ing to 1000 epochs. All models
contain four layers of 300 BLSTM cells. The networks which are trained on he entire mixture are
initialized with the parameters obtained from the networks trained on 6400 sample segments. No
dropout is used.

SDR / dB
DFT Embedding Train ,
) ) ] SI-SDR BSS-Eval Invasive
size dimensions samples
Dev Test Dev Test Dev Test
256 20 6400 4 602 666 664 964 969
256 40 6400 B3 582 646 644 947 952
512 20 6400 87 816 878 875 1170 1172
512 40 6400 88 846 908 903 1199 1201
256 20 entire 698 703 755 759 1047 1057
256 40 entire 707 717 764 773 1056 1070
512 20 entire 933 939 989 994 1274 1282
512 40 entire 954 950 1010 1Q05 1295 1296

randomly cut to segments of 6400 samples ( rst four rows) bietrr results are obtained for a
DFT size of 512. It can be observed that the embedding dimensibas an in uence on the
SDR gains withE = 40 dimensions performing slightly better for a DFT size of 51 samples.
This is more pronounced for ne-tuned models (last 4 rows) otne entire utterance. As a
consequence, all following recipes use a DFT size of 512 saws@ndE = 40 embedding
dimensions.

Figure A.3 and Figure A.4 compare di erent SDR results for DC and BNs, respectively.
Both tables present results for a varying number of units peiayer, a varying number of
layers, di erent dropout probabilities and whether the sygems were trained only on truncated
segments, e.g., 6400 samples or the entire mixture. First df & becomes apparent, that
the best con guration is not necessarily equal for both appaches: a DC system appears
to be best without dropout while the DAN appears to be slightlybetter when applying
dropout with a dropout probability of 0:2. However, both approaches tend to perform
slightly better when using more layers but less LSTM cells péayer. This ndings coincide
with the observations reported in [47, Table 4]. Further, taining on the entire mixture
(after pretraining on segments) improved performance in laariants. It is worth keeping in
mind that this is on the WSJO0-2mix database which consists of Hiy overlapped speech.
Without reporting further evidence, it is important to note that the e ect of training on
the entire mixture is more pronounced when training and evahting on mixtures with less
overlap.

Table A.5 lists separation results for a cACGMM with di erent initializations. In a sense, it
can be seen as an extension to Figure 5.5 in which only invas®BR is displayed over EM-
iteration. It can be observed that independent of the initiization method the biggest gains
are achieved in the rst 100 iterations. Further, the i.i.d. initialization leads to somewhat
meaningful results already after 10 iterations. The ag iteation is most promising when no
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Table A.3: Comparison of di erent DC architectures and dropout on the WSJO-2mix database.

SDR / dB
Recurrent units  Dropout Train SI-SDR BSS-Eval Invasive
samples

Dev Test Dev Test Dev Test
2 600 0.0 6400 P5 816 857 875 1148 1172
2 600 0.2 6400 775 791 837 850 1133 1149
2 600 0.0 entire 892 905 949 961 1236 1250
2 600 0.2 entire 899 908 956 964 1243 1254
4 300 0.0 6400 P6 791 858 852 1149 1149
4 300 0.2 6400 05 700 770 764 1069 1069
4 300 0.0 entire 945 945 1001 1000 1286 1289
4 300 0.2 entire 884 886 942 942 1232 1235

Table A.4: Comparison of di erent DAN architectures and dropout on the WSJO-2mix database.

SDR / dB
Recurrent units  Dropout Train SI-SDR BSS-Eval Invasive
samples

Dev Test Dev Test Dev Test
2 600 0.0 6400 20 911 972 962 1105 1101
2 600 0.2 6400 6 922 978 973 1123 1120
2 600 0.0 entire 1019 1007 1066 1052 1173 1162
2 600 0.2 entire 1031 1016 1078 1063 1207 1194
4 300 0.0 6400 B8 922 991 974 1136 1123
4 300 0.2 6400 ®6 882 952 937 1123 1111
4 300 0.0 entire 1025 1009 1072 1056 1200 1185
4 300 0.2 entire 1013 1006 1061 1053 1210 1202
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Table A.5: Comparison of a cCACGMM with di erent number of iterations. Th e cCACGMM was
initialized either by sampling each entry in the aliation mask i.i. d. from a uniform Dirichlet
distribution or with the ag initialization tuned towards this particular dataset and consists of
KO9= K +1 classes.

SDR / dB
L Inline , . PESQ STOI
Initialization PA Iterations BSS-Eval Invasive

Dev Test Dev Test Dev Test Dev Test

ag 7 10 596 576 810 782 184 169 058 Q71
ag 7 100 1146 1171 1449 1485 219 205 (066 081
ag 7 500 1152 1179 1459 1491 220 205 (066 081
ag 3 10 596 576 810 782 184 169 058 (71
ag 3 100 1142 1176 1437 1489 218 204 (066 081
ag 3 500 1154 1192 1453 1504 219 205 (066 081
i.i.d. 7 10 973 991 1267 1282 216 200 (066 (@80
i.i.d. 7 100 1120 1125 1412 1419 223 205 067 082
i.i.d. 7 500 1118 1128 1410 1423 222 205 067 082
i.i.d. 3 10 992 1016 1291 1321 215 200 066 Q80
i.i.d. 3 100 1238 1222 1553 1535 226 208 (068 082
i.i.d. 3 500 1229 1229 1542 1542 225 208 (068 082

inline permutation alignment is used (Row 3) when comparintp i.i.d. initialization (Row 9).
However, ag results are much worse when limiting to 10 iter&ins only. Overall, an i.i.d.
initialization which is easier to implement and assumes lesibout the structure of the mixture
leads to best results when an inline permutation alignmensiapplied. Consequently, when
not otherwise denoted, all presented recipes use this setup



Glossary

Spectrum A real-valued one-dimensional representation of the amplde or power of a signal
over frequency bins.

Spectrogram A real-valued two-dimensional representation of the amplide or power of a
signal over time frames and frequency bins.

Stationary process A stochastic process is called stationary if all its statigtal properties
do not change over time.

Wide-sense stationary process A stochastic process of which at least the mean and variance
do not change over time. It is a relaxation of a strictly statbnary process.

Complex symmetry A complex random variablez is considered to be circularly symmetric
whenp,(z) = p.(e! 2).

Underdetermined, determined, overdetermined While in general these terms are used to
discuss the solvability of a system of equations, it is oftespplied to speech mixtures as
follows: Underdeterminedrefers to scenarios with more sources than sensatstermined
refers to scenarios in which the number of sources and sessoatch, andoverdetermined
refers to scenarios in which more sensors than sources aralable.

Database A collection of examples, e.g., audio les with transcriptins. Ideally, it consists
of prede ned dataset splits.

Dataset A dataset is a split of a database into drain set used to determine, e.g., network
weights, adevelopment setsed for early stopping or architecture decisions, andtast
set to report nal results. Although the origin of this terminology is unknown, we here
refer to [11, Page 33].
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