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ABSTRACT

In many speech communication devices, such as smartphones, smartspeakers, and
hearing devices, the microphones capture not only the target speaker but also un-
desired ambient noise, degrading speech quality and speech intelligibility. Speech
enhancement algorithms aim at extracting the target speech from the recorded mi-
crophone signals by suppressing noise while not distorting the target speech. Over
the past decade, there has been a shift from model-based statistical signal process-
ing approaches to learning-based data-driven approaches. Although model-based
approaches offer interpretability and theoretical guarantees, they often struggle in
complex, real-world acoustic scenarios where their assumptions are violated. In con-
trast, learning-based approaches generally achieve higher performance in such sce-
narios due to their strong representation capacity but may lack interpretability,
theoretical guarantees, and robustness when the data observed during inference
does not match the training data.

Motivated by the potential to combine the interpretability of model-based ap-
proaches with the strong representation capacity of learning-based approaches, the
primary objective of this thesis is to develop and evaluate hybrid speech enhance-
ment algorithms that employ a learning-based stage to estimate quantities required
by a model-based enhancement stage. The main focus is on investigating whether
imposing structure on the estimated quantities—such as correlation matrix struc-
ture, correlation vector structure, or spatial structure—improves speech enhance-
ment performance, interpretability, and computational complexity. Another focus
is on developing geometry-robust hybrid speech enhancement algorithms that can
operate with arbitrary microphone array configurations. While the developed al-
gorithms can be used for various speech enhancement applications, our focus is on
hearing devices, where low latency is crucial. To this end, we mainly consider causal
multi-frame filters in the short-time Fourier transform domain as the model-based
enhancement stage, leveraging their inherent low-latency capabilities.

As a first contribution, we propose a hybrid single-microphone speech enhancement
approach by embedding the multi-frame minimum variance distortionless response
(MFMVDR) filter within a deep learning framework, imposing structure on the
required temporal covariance matrices. Simulation results using the deep noise sup-
pression (DNS) 1 challenge dataset demonstrate that the resulting deep MEMVDR
filter improves speech enhancement performance compared to a purely learning-
based algorithm that does not impose the MEMVDR structure on the filter coeffi-
cients. Additionally, imposing structure on the temporal covariance matrices reduces
computational complexity while maintaining speech enhancement performance.



Second, we extend the hybrid single-microphone approach to multi-microphone
speech enhancement for binaural hearing devices by embedding the binaural spatio-
temporal Wiener filter within a deep learning framework, imposing structure on the
required spatio-temporal correlation vectors. Simulation results using the DNS 1,
DNS 2, CEC 1, and CEC 3 datasets demonstrate that the Kronecker factorization
of the speech spatio-temporal correlation vectors into a spatial factor (the relative
transfer function (RTF) vector) and a temporal factor reduces computational com-
plexity while maintaining speech enhancement performance and preserving binaural
cues, outperforming two causal state-of-the-art binaural speech enhancement algo-
rithms.

Third, we investigate the acoustic interpretability of the estimated RTF vector in
the Kronecker factorization of the speech spatio-temporal correlation vector. Since
the estimated RTF vector does not reflect the spatial characteristics of the acoustic
scenario, we propose a spatial regularization procedure to improve interpretability
by imposing spatial structure. Simulation results using the CHiME-3 microphone ar-
ray demonstrate that the proposed spatial regularization procedure yields accurate
estimates of the RTF vector even in reverberant environments without sacrificing
speech enhancement performance or increasing computational complexity.

Finally, we propose three procedures to improve the robustness of the mask-
based beamformer with attention-based spatial covariance matrix aggregator (ASA)
against varying microphone array configurations. These procedures include incor-
porating random microphone array configurations during training, employing the
transform-average-concatenate (TAC) method, and using geometry-robust input fea-
tures. Simulation results for a moving source using the CHiME-3 and DEMAND mi-
crophone arrays demonstrate that the combination of these procedures enables the
application to unseen microphone array configurations, consistently outperforming
both a baseline mask-based beamformer with recursive smoothing and the original
mask-based beamformer with ASA.

vi



ZUSAMMENFASSUNG

In vielen Sprachkommunikationsgerdten wie Smartphones, Smartspeakern und
Horgerdten erfassen die Mikrofone nicht nur den Zielsprecher, sondern auch uner-
wiinschte Umgebungsgerausche, was die Sprachqualitdt und Sprachversténdlichkeit
beeintrachtigt. Sprachverbesserungsalgorithmen zielen darauf ab, die Zielsprache
aus den aufgenommenen Mikrofonsignalen zu extrahieren, indem sie Storgeréusche
unterdriicken, ohne die Zielsprache zu verzerren.

Innerhalb des letzten Jahrzehnts hat sich der Fokus von modellbasierten, statistis-
chen Signalverarbeitungsansétzen hin zu lernbasierten, datengetriebenen Ansétzen
verlagert. Wahrend modellbasierte Ansétze Interpretierbarkeit und theoretische
Garantien bieten, stofien sie oft in komplexen, realen akustischen Szenarien an ihre
Grenzen, in denen ihre zugrundeliegenden Annahmen nicht erfiillt sind. Im Gegen-
satz dazu erreichen lernbasierte Ansétze in solchen Szenarien aufgrund ihrer starken
Représentationsfahigkeit iiblicherweise eine hohere Leistungsfahigkeit, weisen je-
doch potenzielle Nachteile hinsichtlich Interpretierbarkeit, theoretischer Fundierung
und Robustheit auf, insbesondere wenn die Daten wéihrend der Inferenz nicht mit
den Trainingsdaten iibereinstimmen.

Motiviert durch das Potenzial, die Interpretierbarkeit modellbasierter Ansétze mit
der starken Repréasentationsfahigkeit lernbasierter Ansétze zu kombinieren, besteht
das Hauptziel dieser Dissertation darin, hybride Sprachverbesserungsalgorithmen
zu entwickeln und zu evaluieren, die eine lernbasierte Stufe zur Schétzung von
Grofen nutzen, die fiir eine modellbasierte Signalverarbeitungsstufe erforderlich
sind. Der Schwerpunkt liegt darauf, zu untersuchen, ob das Erzwingen von Struk-
tur fiir die geschétzten Grofen — beispielsweise Korrelationsmatrixstruktur, Korre-
lationsvektorstruktur oder rdumliche Struktur — die Sprachverbesserungsleistung,
Interpretierbarkeit und rechnerische Effizienz verbessert. Ein weiterer Fokus liegt
auf der Entwicklung geometrie-robuster hybrider Sprachverbesserungsalgorithmen,
die mit beliebigen Mikrofonanordnungen arbeiten kénnen. Wéhrend die entwickel-
ten Algorithmen fiir verschiedene Sprachverbesserungsanwendungen einsetzbar sind,
liegt der Fokus auf Horgeréten, bei denen geringe Latenz essenziell ist. Daher betra-
chten wir vorrangig kausale Multi-Frame-Filter im Short-Time-Fourier-Transform-
Bereich als die modellbasierte Signalverarbeitungsstufe, da diese inh&rent niedrige
algorithmische Latenzen erméglichen.

Als erster Beitrag dieser Arbeit wird ein hybrider Einzelmikrofon-
Sprachverbesserungsansatz vorgeschlagen, bei dem das MFMVDR-Filter in ein
Deep-Learning-Framework eingebettet wird und eine Struktur fiir die benétigten
zeitlichen Kovarianzmatrizen erzwungen wird. Simulationsergebnisse basierend auf
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dem DNS 1-Datensatz zeigen, dass das resultierende tiefe MFMVDR-Filter die
Sprachverbesserungsleistung im Vergleich zu einem rein lernbasierten Algorithmus,
der keine MFMVDR-Struktur fiir die Filterkoeflizienten erzwingt, verbessert.
Zusétzlich reduziert das Erzwingen von Struktur fiir die zeitlichen Kovarianz-
matrizen die rechnerische Komplexitéit, ohne die Sprachverbesserungsleistung zu
beeintrachtigen.

Als zweiter Beitrag wird der hybride Einzelmikrofon-Ansatz auf mehrkanalige
Sprachverbesserung fiir binaurale Horgerédte erweitert, indem das binaurale
raumlich-zeitliche Wiener Filter in ein Deep-Learning-Framework eingebettet
und eine Struktur fiir die ben6tigten rdumlich-zeitlichen Sprachkovarianzvektoren
erzwungen wird. Simulationsergebnisse basierend auf den DNS 1-, DNS 2-, CEC
1- und CEC 3-Datensétzen zeigen, dass die Kronecker-Faktorisierung der rdaumlich-
zeitlichen Sprachkovarianzvektoren in einen réumlichen Faktor — den Vektor der
relativen Ubertragungsfunktionen (RTF-Vektor) — und einen zeitlichen Faktor die
rechnerische Komplexitét reduziert, wihrend die Sprachverbesserungsleistung erhal-
ten bleibt und binaurale Cues bewahrt werden. Dabei wird eine bessere Leistung
erzielt als mit zwei kausalen, dem aktuellen Stand der Technik entsprechenden bin-
auralen Sprachverbesserungsalgorithmen.

Als dritter Beitrag wird die akustische Interpretierbarkeit des geschétzten RTF-
Vektors in der Kronecker-Faktorisierung der rdumlich-zeitlichen Sprachkovari-
anzvektoren untersucht. Da der geschitzte RTF-Vektor nicht die rdumlichen
Eigenschaften des akustischen Szenarios widerspiegelt, wird ein rédumliches Reg-
ularisierungsverfahren vorgeschlagen, um die Interpretierbarkeit durch das Aufer-
legen raumlicher Struktur zu verbessern. Simulationsergebnisse mit der CHiME-3-
Mikrofonanordnung zeigen, dass das vorgeschlagene rdumliche Regularisierungsver-
fahren auch in halligen Umgebungen eine prézise Schiatzung des RTF-Vektors er-
moglicht, ohne die Sprachverbesserungsleistung zu beeintréchtigen oder die rechner-
ische Komplexitdt zu erhdhen.

Abschliefsend werden drei Verfahren vorgeschlagen, um die Robustheit des masken-
basierten Beamformers mit aufmerksamkeitsbasierter Kovarianzmatrixaggrega-
tion gegeniiber variierenden Mikrofonarray-Konfigurationen zu verbessern. Diese
Verfahren umfassen die Einbeziehung zufélliger Mikrofonarray-Konfigurationen
wihrend des Trainings, die Anwendung der transform-average-concatenate (TAC)-
Methode und die Nutzung geometrie-robuster Eingangsfeatures. Simulationsergeb-
nisse flir einen beweglichen Zielsprecher mit den CHIME-3- und DEMAND-
Mikrofonanordnungen zeigen, dass die Kombination dieser Verfahren eine Anwen-
dung auf zuvor ungesehene Mikrofonanordnungen erméglicht und dabei sowohl
einen maskenbasierten Beamformer mit rekursiver Glattung als auch den ur-
spriinglichen maskenbasierten Beamformer mit aufmerksamkeitsbasierter Kovari-
anzmatrixaggregation durchgingig tibertrifft.
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GLOSSARY

Acronyms and Abbreviations

ASA attention-based spatial covariance matrix aggregator
ATF acoustic transfer function

BCCTN binaural complex convolutional transformer network
BN bottleneck
BRIR binaural room impulse response

CD Cholesky decomposition

CEC Clarity Enhancement Challenge

CNN convolutional neural network

COSPA complex-valued spatial autoencoder
CRNN convolutional recurrent neural network
CW covariance whitening

DCCRN-MC deep complex convolutional recurrent network
DCUNET-MC deep complex U-Net

DDA decision-directed approach

DF deep filter

DNN deep neural network

DNS deep noise suppression

DNSMOS Deep Noise Suppression Mean Opinion Score
DOA direction of arrival

DPRNN dual-path recurrent neural network

FLOPS floating point operations per second
FSB-LSTM full- and subband long short-term memory
FT-JNF frequency-time joint nonlinear filter

GRU gated recurrent unit

HASPIT hearing aid speech perception index
HASQI hearing aid speech quality and speech intelligibility index

ILD interaural level difference
IPD interaural phase difference
ISCM instantaneous SCM
ITD interaural time difference



LCMYV linearly constrained minimum variance
LSTM long short-term memory

MACS multiply-accumulate operations per second

MF matched filter

MFMYVDR multi-frame minimum variance distortionless response
MHA multi-head attention

MMSE minimum mean square error

MSE mean square error

MVDR minimum variance distortionless response

OLA overlap-add

PDT positive-definite Toeplitz

PESQ perceptual evaluation of speech quality

POLQA perceptual objective listening quality assessment
PReLU parametric rectified linear unit

PSD power spectral density

PYIN probabilistic YIN (from Chinese yin and yang philosophy)

R1 rank-1

RF real-time factor

RIR room impulse response
RNN recurrent neural network
RS recursive smoothing

RTF relative transfer function

SCM spatial covariance matrix

SDI speech distortion index

SDR signal-to-distortion ratio

SHA single-head attention

SI-SDR scale-invariant signal-to-distortion ratio
SIR signal-to-interference ratio

SNR signal-to-noise ratio

SPP speech presence probability

STCM spatio-temporal covariance matrix
STCYV spatio-temporal correlation vector
STFT short-time Fourier transform
STOI short-time objective intelligibility
STWF spatio-temporal Wiener filter

TAC transform-average-concatenate
TCM temporal covariance matrix
TCN temporal convolutional network
TCYV temporal correlation vector

WSJ0 Wall Street Journal 0



Mathematical Notation and Operators

»

trace(-)
E(-)

|

1=l
[1XIlp

)
PReLU(+)
sigmoid(-)

softmax(-)

Fixed Symbols

scalar ©
vector x

matrix X

transpose operator

complex conjugate operator

complex conjugate transpose operator
flooring operator

convolution operator

Kronecker product

estimate of -

trace operator

expectation operator

magnitude of -

p-norm of vector x

Frobenius norm of matrix X

real part of - € C

imaginary part of - € C

wrapped phase of -

inverse of matrix X

vectorized matrix X

rectified linear unit activation function
parametric rectified linear unit activation function
sigmoid activation function

softmax activation function

set of real numbers
set of complex numbers

imaginary unit (j% = —1)

microphone index
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My, number of microphones in left hearing device

Mp number of microphones in right hearing device

M total number of microphones

L reference microphone at the left hearing device

R reference microphone at the right hearing device

f frequency bin index

F total number of frequency bins

t time frame index

T total number of time frames

ty sample index in the time domain

Ty total number of samples in the time domain

Ny frame length

Yf.t,m noisy microphone signal

Trtm target speech component

Netm noise component

xlf’t’m uncorrelated speech component

iftm interference component

P pt speech PSD

O pot noise PSD

bi interference PSD

m]?t,m real-valued time-frequency mask

m?t,m complex-valued time-frequency mask

Ayt r speech attention weight relating time frame ¢ to 7

Up b7 noise attention weight relating time frame ¢ to 7
;,t,m RTF relating the speech component at the m-th microphone

to the reference microphone r

Vi noisy multi-microphone multi-frame vector

Xg 4 speech multi-microphone multi-frame vector

Ny, noise multi-microphone multi-frame vector

X3c7t uncorrelated speech multi-microphone multi-frame vector
ify interference multi-microphone multi-frame vector

Vit noisy multi-microphone vector

Xy speech multi-microphone vector

n;, noise multi-microphone vector

Yitm noisy multi-frame vector

Xftm speech multi-frame vector
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noise multi-frame vector

uncorrelated speech multi-frame vector

interference multi-frame vector

global RTF vector

ipsilateral RTF vector of the left hearing device

ipsilateral RTF vector of the right hearing device

ATF vector between the speech source and each microphone

speech spatio-temporal correlation vector between the N most
recent speech STFT coefficients at each microphone and the
current speech STFT coefficient at the m-th microphone.

speech spatio-temporal correlation vector between the N most
recent speech STFT coefficients at the m-th microphone and
the current speech STEF'T coefficient at the left hearing device’s
reference microphone.

speech spatio-temporal correlation vector between the N most
recent speech STFT coefficients at the m-th microphone and
the current speech STFT coefficient at the right hearing de-
vice’s reference microphone.

spatio-temporal filter vector for reference microphone r
spatial filter vector for reference microphone r
temporal filter vector for reference microphone r

spatio-temporal selection vector with a 1 at the position corre-
sponding to the current frame of the m-th microphone and 0
elsewhere

spatial selection vector with a 1 at the position corresponding
to the m-th microphone and 0 elsewhere

temporal selection vector with a 1 at the first position (corre-
sponding to the current frame) and 0 elsewhere

feature vector at the m-th microphone

speech attention weights relating time frame ¢ to all time
frames

noise attention weights relating time frame ¢ to all time frames

noisy spatio-temporal covariance matrix
speech spatio-temporal covariance matrix
noise spatio-temporal covariance matrix

uncorrelated speech spatio-temporal covariance matrix for the
left hearing device

uncorrelated speech spatio-temporal covariance matrix for the
right hearing device

xiii



Xiv

o/,
o,
@,
@7,

= LR
y.fit

o

y,fit
z,f,t
n,ft

@, ft

e e 1Bk

o~

A5

o~

S

n, f,t
q)y,ﬁt
®, 1
D, 4

T/
z,ft

ol
i, ft

interference spatio-temporal covariance matrix for the left hear-
ing device

interference spatio-temporal covariance matrix for the right
hearing device

submatrix of ®, ¢, containing only correlations between the
microphones of the left hearing device

submatrix of ®, ¢, containing only correlations between the
microphones of the right hearing device

submatrix of @, ;, containing only correlations between con-
tralateral microphones

noisy spatial covariance matrix

speech spatial covariance matrix

noise spatial covariance matrix

instantaneous speech spatial covariance matrix estimate
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INTRODUCTION

Speech is the primary means of human communication, enabling both informa-
tion exchange and emotional expression. Technical advances in recent decades have
enabled the widespread integration of speech communication technology into vari-
ous devices, including smartphones, smartwatches, smartspeakers, headphones, and
hearing devices. These devices rely on one or more microphones to capture the
target speech signal but inevitably also pick up undesired ambient noise and re-
verberation, degrading speech quality and speech intelligibility. While all users are
affected, this poses a particular challenge for listeners with hearing impairment, who
struggle to understand speech even at signal-to-noise ratios where normal-hearing
listeners maintain good intelligibility [1]. Moreover, humans rely on binaural cues—
differences in time of arrival, level, and spectral content between the ears—to localize
sound sources and improve the separation of target speech from noise in adverse
acoustic scenarios. However, listeners with hearing impairment frequently have re-
duced sensitivity to these binaural cues, further impairing their ability to understand
the target speaker. As a result, hearing impairment can negatively impact speech
communication, social engagement, and cognitive health, which increases the risk
of depression and cognitive decline, particularly in older adults [2]. Hence, among
the various applications of speech enhancement algorithms, hearing devices repre-
sent one of the most impactful applications, since effective noise suppression can
greatly improve the auditory experience for users with hearing impairment. How-
ever, also normal-hearing listeners can benefit from speech enhancement in adverse
acoustic scenarios, highlighting the need for robust speech enhancement algorithms
that enhance the target speech signal across a wide range of devices and scenarios.

Many speech enhancement approaches have been proposed, which can be broadly
categorized into model-based and learning-based approaches [3]-[9]. Model-based
approaches rely on explicit assumptions about speech, noise, and the acoustic sce-
nario, often incorporating models of spectro-temporal signal characteristics and
of sound propagation. Although their theoretical foundation often provides inter-
pretability and theoretical guarantees, model-based approaches are inherently lim-
ited by their assumptions; when these assumptions are violated, speech enhancement
performance degrades. Moreover, model-based approaches often require quantities
that cannot be reliably estimated from the noisy microphone signals, particularly
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in adverse acoustic scenarios. In contrast, learning-based approaches avoid explicit
assumptions and instead learn complex relationships between the noisy microphone
signals and the target speech signal directly from data, thereby relying on implicit
assumptions instead. Learning-based approaches have achieved impressive perfor-
mance across nearly all engineering and scientific applications [10], including speech
enhancement even in adverse acoustic scenarios [8], [9]. However, the “black-box” na-
ture of many learning-based approaches makes their behavior difficult to interpret.
Additionally, learning-based approaches typically exhibit a strong dependence on
their training data, including the speech and noise material as well as the acoustic
environment, which may limit their generalizability and make their performance
difficult to predict in conditions not represented in the training data. For instance,
in multi-microphone speech enhancement, many learning-based algorithms overfit
to a specific array geometry, rendering them unsuitable for applications involving
ad-hoc microphone arrays or the possibility of microphone failures.

Motivated by the potential to combine the interpretability of model-based ap-
proaches with the strong representation capacity of learning-based approaches, the
primary objective of this thesis is to develop and evaluate hybrid single- and
multi-microphone speech enhancement algorithms that employ deep neu-
ral networks to estimate the quantities required by a model-based en-
hancement stage. The main focus is on investigating whether imposing structure
on estimated quantities—such as correlation matrix structure, correlation vector
structure, or spatial structure—improves speech enhancement performance, inter-
pretability, and computational complexity. Another focus is on developing geometry-
robust hybrid speech enhancement algorithms that can operate with arbitrary mi-
crophone array configurations. While the proposed algorithms can be used for var-
ious speech enhancement applications, the main focus is on hearing devices, where
low latency is crucial. To this end, we mainly consider causal multi-frame filters
in the short-time Fourier transform (STFT) domain as the model-based enhance-
ment stage, leveraging their inherent low-latency capabilities and applicability to
dynamic acoustic scenarios.

The remainder of this chapter is organized as follows. In Section 1.1, we describe
the general acoustic scenario considered in this thesis. In Section 1.2, we provide an
overview of model-based and learning-based speech enhancement approaches and
discuss their respective advantages and limitations. In Section 1.2.3, we provide an
overview of hybrid speech enhancement approaches, which combine model-based
and learning-based approaches. Finally, in Section 1.3, we present an outline of the
remaining chapters of this thesis and summarize the main contributions.

1.1 Acoustic Scenario

Real-world acoustic scenarios involve complex mixtures of sounds reaching a lis-
tener’s ears. The target speaker often competes with multiple noise sources, de-
grading speech quality and speech intelligibility. In this thesis, we consider multiple
speech enhancement configurations that allow for different levels of spatial process-



1.1 ACOUSTIC SCENARIO

target speaker

localized noise source ‘ localized noise source
. ~

diffuse noise listener

Figure 1.1: Acoustic scenario with a listener wearing binaural hearing devices, a target
speaker, two localized (non-speech) noise sources, and diffuse noise, enclosed
within a reverberant room.

ing: single-microphone monaural speech enhancement, where no spatial information
is available; multi-microphone monaural speech enhancement, which benefits from
spatial information within a single hearing device; and multi-microphone binau-
ral speech enhancement, which can additionally exploit binaural cues for improved
source separation and spatial awareness. Figure 1.1 illustrates the most general con-
figuration considered in this thesis, where a listener wearing binaural hearing devices
is exposed to a target speaker, two localized (non-speech) noise sources, and diffuse
noise, all enclosed within a reverberant room. Each device is equipped with multiple
microphones that record the resulting mixture. The speech enhancement problem
investigated in this thesis consists of extracting the target speech component from
the recorded microphone signals while suppressing the noise component, ensuring
that the target speech component remains undistorted.

In this section, we describe the acoustic scenario investigated in this thesis, including
the target speech source, noise sources, acoustic environment, and binaural cues,
before summarizing the acoustic cues that can be exploited for speech enhancement.

1.1.1  Target Speech Source

To motivate the use of multi-frame filters, which leverage the temporal correlation
of speech, we first describe the target speech source and introduce properties that
are particularly relevant to this thesis.

In terms of spatial properties, the target speech source is assumed to be a directional
source, producing coherent wavefronts that result in characteristic spatial coherence
patterns between signals recorded at the microphones. These patterns depend on
frequency as well as the relative positioning of the microphones and the target
speech source.

3
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Figure 1.2: Female speech signal, visualized as a waveform with voiced speech segments
shaded in blue (determined using the probabilistic YIN (PYIN) algorithm [11]),
a spectrogram with a frame length of 8 ms and a frame shift of 2ms, as well
as a spectrogram with a frame length of 32 ms and a frame shift of 8 ms, both
using a v Hann window.

To introduce spectro-temporal properties, we start by briefly summarizing the hu-
man speech production mechanism. This mechanism involves airflow from the lungs
that is modulated by the vocal cords and filtered by the vocal tract resonances, gen-
erating two primary types of speech sounds. Voiced speech occurs when the vocal
cords vibrate periodically, whereas unvoiced speech results from turbulent airflow
through constrictions in the vocal tract. Time-frequency transforms such as the
STFT [12] can reveal distinct spectro-temporal patterns for these different speech
sound types.

Voiced speech is characterized by a harmonic structure that includes a fundamental
frequency (typically 85Hz to 180Hz for male speakers and 165Hz to 255Hz for
female speakers) and overtones, where most acoustic energy is distributed below
5kHz. The resonances of the vocal tract determine the spectral envelope of speech
and encode information required for speech intelligibility. To reveal this structure,
the STFT settings should be chosen to result in sufficient spectral resolution. As
illustrated in Fig. 1.2, the bottom spectrogram, computed with a frame length
of 32 ms, provides sufficient spectral resolution, allowing the periodic structure of
voiced speech to be clearly resolved. In contrast, the top spectrogram, computed
with a shorter frame length of 8 ms, lacks the spectral resolution necessary to resolve
the periodic structure.
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Figure 1.3: Scatter plots of STFT magnitudes (frame length 8 ms, frame shift 2 ms, vHann
window) with a lag of 1 or 9 frames at 500 Hz and 6000 Hz, including the
corresponding Pearson correlation coefficient r, computed from four female
and four male speech signals.

Compared to voiced speech, unvoiced speech lacks a harmonic structure and instead
appears as noise-like signals with energy distributed across a broad frequency range,
typically extending from 4kHz to 12kHz (see, e.g., the unvoiced speech segment
around 1.6 in Fig. 1.2).

Overall, speech exhibits considerable spectro-temporal sparsity, with energy con-
centrated in specific time-frequency regions corresponding to harmonics and for-
mants [13]. Sparsity can be observed both within individual time frames, where en-
ergy is localized at certain frequencies, and within individual frequency bins, where
speech alternates between voiced segments, unvoiced segments, and speech pauses,
resulting in characteristic temporal patterns. These patterns vary across different
timescales. Over short durations of 10 ms to 30 ms, speech can be considered quasi-
stationary, particularly at low frequencies, meaning its statistical properties remain
relatively constant [14]. Over longer durations exceeding 100 ms, speech is highly
non-stationary, including switches between different phonemes. Figure 1.3 illustrates
the strong temporal correlation of speech in the STFT domain by showing scatter
plots of consecutive STFT magnitudes with a frame lag of A =1 or A = 9 at
500 Hz and 6000 Hz (using an STFT with a frame length of 8 ms, a frame shift of
2ms, and a vHann window). As expected, the highest temporal correlation occurs
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Figure 1.4: Absolute value of Pearson correlation coefficients between consecutive STFT
coefficients of speech signals for an STEF'T with 32 ms frame length and 16 ms
frame shift (top), an STFT with 32ms frame length and 2 ms frame shift (cen-
ter), and an STFT with 8 ms frame length and 2ms frame shift (bottom), all
using a v Hann window, computed from four female and four male speech sig-
nals. Left: as a function of frequency for different frame lags A (1, 4, and 9
frames corresponding to 2ms, 8 ms, and 18 ms). Right: as a function of frame
lag A for different frequencies (500 Hz, 1000 Hz, and 2000 Hz).
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at a frame lag of A = 1 and 500Hz (reflected by a Pearson correlation coeffi-
cient of r = 0.91), while the lowest temporal correlation occurs at a frame lag of
A =9 and 6000Hz (reflected by a Pearson correlation coefficient of r = 0.57). Al-
though these magnitude-based scatter plots provide an intuitive impression of how
consecutive speech frames are correlated in terms of energy, they do not capture
any phase relationships. Since many multi-frame speech enhancement algorithms
rely on complex-valued STFT correlations (which incorporate both magnitude and
phase), it is instructive to analyze the correlation of consecutive complex-valued
speech STFT coefficients rather than just their magnitudes. Accordingly, Fig. 1.4
depicts the absolute value of the Pearson correlation coefficient between consecu-
tive complex-valued speech STFT coefficients as a function of frequency for different
frame lags A (left) and as a function of frame lag A for different frequencies (right).
The results are shown for three different STEF'T configurations, ordered to highlight
the trade-offs in spectral resolution, temporal correlation, and computational com-
plexity:

e common STFT configuration for speech enhancement (32ms frame length,
16 ms shift, top): This configuration provides good spectral resolution due to
the long frame length but exhibits relatively low temporal correlation due
to small frame overlap. Additionally, this configuration maintains a relatively
low computational complexity because, despite the large number of frequency
bins, the number of frames per second is small.

e common frame length with a small frame shift (32ms frame length, 2ms
shift, center): This configuration preserves the good spectral resolution of the
previous configuration while significantly increasing temporal correlation due
to the greater frame overlap. However, the increased number of frames per
second substantially increases computational complexity, as a larger number
of STFT frames must be processed per second.

e short frame length with a small frame shift (8 ms frame length, 2ms shift,
bottom): This configuration achieves high temporal correlation due to the
small frame shift while maintaining a relatively low computational complexity,
as the number of frames per second is high but the number of frequency bins
per frame is low. However, the shorter frame length results in reduced spectral
resolution, which could be a disadvantage for speech enhancement algorithms.

As can be observed, temporal correlation decreases with increasing frame lag A
for all configurations but is largely independent of frequency. The configurations
with a small frame shift (center and bottom) clearly exhibit a stronger temporal
correlation than the configuration with a large frame shift (top), as smaller shifts
increase the proportion of shared signal content between consecutive frames. Com-
paring the configurations with a small frame shift, the long frame length (32 ms)
results in higher spectral resolution and stronger temporal correlation than the short
frame length (8 ms), but at the cost of significantly higher computational complexity.
This analysis highlights fundamental trade-offs in selecting an appropriate STFT
configuration: First, a longer frame length improves spectral resolution and—when
combined with a small frame shift—enhances temporal correlation. However, it also
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Figure 1.5: Continuous PC fan noise, visualized as a waveform and a spectrogram.

increases computational complexity due to the larger number of frequency bins and
introduces greater algorithmic latency.1 Conversely, a shorter frame length reduces
computational complexity and latency but at the expense of spectral resolution.
Second, a smaller frame shift increases temporal correlation but also computational
complexity due to the increased number of frames per second. In this thesis, we
seek a balance between high temporal correlation, low computational complexity,
and small algorithmic latency. Fortunately, multi-frame speech enhancement algo-
rithms can compensate for lower spectral resolution by processing multiple over-
lapping frames simultaneously, effectively increasing the analysis window without
introducing additional latency. Hence, we primarily employ an STFT with a short
frame length of 8 ms and a small frame shift of 2ms unless stated otherwise.

1.1.2 Noise Sources

The noise sources present in real-world acoustic scenarios exhibit diverse spatial and
spectro-temporal characteristics that often differ from target speech. Spatially, noise
signals typically originate from either localized sources or spatially (quasi-)diffuse
sound fields. Similarly to the target speech source, localized noise sources, such as
moving vehicles or machinery, produce coherent wavefronts from specific directions,
resulting in characteristic spatial coherence patterns between signals recorded at
different positions. In contrast, spatially diffuse sound fields can originate from mul-
tiple distributed sources around the microphones, such as restaurant babble, leading
to low coherence between signals captured at different microphones, particularly at

Approaches such as asymmetric analysis and synthesis windows or predicted future STFT frames
can help mitigate the increased algorithmic latency [15], [16].
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Figure 1.7: Impulsive keyboard typing noise, visualized as a waveform and a spectrogram.



10 INTRODUCTION

Frequency Dependence Frame Lag Dependence
1.0 1.0
w500 Hz

. 0.8 - 0.8 - = 1000 Hz
g = 2000 Hz
S 06 - 0.6 -
)
[
S
8 04r- 0.4 -
o
o
<
2002~ 0.2 -
E === distance = 1 frame

0.0 - == distance = 2 frames s 0.0 -

= distance = 9 frames
—0.2 1 1 1 1 —0.2 1 1 1 1 1
0 2000 4000 6000 8000 2 4 6 8 10
frequency / Hz frame lag A
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high frequencies. This diffuseness results from the superposition of many sound
waves arriving from different directions with random phase relationships.

The spectro-temporal characteristics of noise sources depend on their physical gen-
eration mechanisms, which can be broadly categorized into three main classes. First,
continuous noise sources, such as PC fans and factory machinery, generate periodic
signals with harmonic structures. Compared to speech signals, continuous noise
sources typically exhibit more pronounced temporal stationarity (Fig. 1.5), which is
also reflected in the temporal correlation (Fig. 1.6), where continuous noise sources
exhibit high temporal correlation over a larger time lag A at specific frequencies. Sec-
ond, intermittent noise sources, such as keyboard typing or footsteps, produce brief
broadband acoustic events with rapid onset and decay times (Fig. 1.7). Compared
to speech signals, intermittent noise sources exhibit a faster decrease in temporal
correlation with increasing frame lag A (Fig. 1.8). Third, time-varying noise sources,
such as music, exhibit more complex temporal patterns. The differences in tempo-
ral structure between the target speech and noise signals provide valuable cues that
speech enhancement algorithms—particularly multi-frame algorithms—can exploit.

In scenarios with multiple speakers, determining which speaker should be considered
as the target speaker and which speakers should be considered as undesired speakers
presents an additional problem. This problem can be addressed using heuristics,
such as selecting the loudest speaker, or by tracking the auditory attention of the
listener [17]-[19]. Since this thesis does not address speaker selection, we will only
consider acoustic scenarios with a single clearly defined target speaker,
(non-speech) localized noise sources, and spatially (quasi-)diffuse noise.
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Figure 1.9: Example of a RIR from the REVERB challenge [20] with Ty ~ 0.73s.

The diffuse noise may include both non-speech noise as well as babble noise, which
originates from multiple overlapping speakers at different positions. While diffuse
babble noise shares some spectro-temporal characteristics with target speech, it
lacks the clear harmonic structure and temporal correlation patterns of an individual
speaker. Additionally, it does not exhibit a distinct direction of arrival, further
differentiating it from target speech.

1.1.3 Acoustic Environment

The acoustic environment significantly influences signal propagation from the
sources to the microphones through acoustic reflections (i.e., reverberation) and
acoustic shadowing effects caused by walls and objects. When modeled as a linear
and time-invariant system, these effects can be interpreted as multiple copies of the
source signal arriving at the microphones with different delays and attenuations,
characterized by room impulse responses (RIRs). Reverberation presents a partic-
ular challenge for speech enhancement because it may decrease the validity of key
assumptions made in model-based approaches, such as the independence of consec-
utive STFT coefficients of speech and noise signals, often leading to performance
degradation in reverberant environments.

As shown in Fig. 1.9, a RIR comprises three main components: the direct path,
which represents the shortest route from the source to the microphone and includes
its propagation delay; early reflections, which arrive within approximately 50 ms to
80 ms after the direct sound and can improve speech intelligibility [21], [22]; and late
reverberation, which consists of exponentially decaying, densely overlapping reflec-
tions [23]. Reverberation characteristics strongly depend on properties of the acous-
tic scenario such as room size and surface materials as well as source-microphone
geometry. A key metric for quantifying reverberation is the reverberation time Ty,
defined as the time required for sound energy to decay by 60dB after the source
stops. Although the reverberation time varies with frequency, it is usually expressed
as a single (broadband) value. The reverberation time typically ranges from 0.3 s for
residential rooms to 1.2s for class rooms up to over 2s for larger spaces. The effects
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of reverberation are demonstrated in Fig. 1.10, which compares the spectrogram of
an anechoic speech signal to a simulated reverberant version with Tgq ~ 0.73s. It
can be clearly observed that reverberation reduces spectro-temporal sparsity and
prolongs energy decay, resulting in temporal smearing. The impact of temporal
smearing on the temporal correlation of speech is depicted in Fig. 1.11, which
shows Pearson correlation coefficients between consecutive complex-valued STFT
coefficients of reverberant speech. Compared to anechoic speech (Fig. 1.4, bottom),
reverberation increases temporal correlation, although correlation still decreases
with frame lag. Additionally, reverberation decreases spatial coherence, particularly
at higher frequencies.

While the RIR characterizes the acoustic environment in the time domain, the
acoustic transfer function (ATF) characterizes the acoustic environment in the fre-
quency domain. By applying the multiplicative transfer function approximation in
the STFT domain for a specific coherent source, the ATF enables the computation
of the STF'T coefficients of this source at a given microphone as the product of the
source STFT coefficient and the corresponding ATF. Alternatively, relative transfer
functions (RTFs) can be used, which relate the ATFs of different microphones to a
chosen reference microphone [24].

In summary, reverberation makes it more challenging to separate target speech from
noise sources. In this thesis, we consider a range of reverberation times from
0.2s to 1.2s to investigate the impact of commonly encountered reverberation
conditions on speech enhancement performance.

1.1.4 Binaural Cues

Although hearing devices often incorporate multiple microphones, it should be real-
ized that the inter-microphone distances on each device are restricted to just a few
centimeters. In particular, at frequencies below approximately 2 kHz, wavelengths of
sounds may exceed the array dimensions, limiting the spatial resolution and hence
the performance of many (purely) spatial filtering algorithms. However, binaural
processing can be leveraged by linking left and right hearing devices, with the head
between the devices acting as a natural spatial filter. The head shadow effect cre-
ates substantial interaural level differences (ILDs) (reaching up to 20dB at high
frequencies) and interaural time differences (ITDs) (reaching up to 0.7ms) [25],
commonly referred to as binaural cues. These binaural cues depend on the source
direction and can hence be exploited for localization. For broadband sources, ITDs
have been shown to be dominant in human source localization [26]. The ability to
localize sound sources enables spatial release from masking, improving the effec-
tive signal-to-noise ratio (SNR) for human listeners if the sources are sufficiently
spatially separated [27].
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1.1.5 Summary

In summary, the distinct properties of target speech and noise sources as well as
the acoustic environment provide multiple complementary cues that can be ex-
ploited by speech enhancement algorithms to distinguish the target speech source
from the noise sources. The speech production mechanism introduces characteris-
tic spectro-temporal patterns, including spectro-temporal sparsity, which simplifies
the separation of multiple simultaneously active sources in the STFT domain [28].
Additionally, speech exhibits harmonic structures, formant transitions, and ampli-
tude modulations, resulting in characteristic temporal correlation patterns. These
spectro-temporal cues can be exploited even in single-microphone configurations.
If multiple microphones are available, additional spatial cues can be exploited. In
particular, binaural cues such as ILDs and ITDs can aid in spatially separating
sources.

Since the reliability of different cues varies across different acoustic scenarios, speech
enhancement algorithms typically exploit multiple cues simultaneously. While some
properties can be modeled explicitly (such as the temporal stationarity of certain
noise sources [29]) and some cues have well-defined mathematical relationships (such
as the link between binaural cues and specific directions of arrival), other separation
cues are challenging to represent analytically. This limitation makes learning-based
approaches attractive, since they can learn separation cues that are difficult to
model explicitly.

1.2 Overview of Speech Enhancement Approaches

The primary objective of single- and multi-microphone speech enhancement algo-
rithms is to extract the target speech from the recorded noisy and reverberant
microphone signals, i.e., suppressing noise while not distorting target speech. In
binaural hearing device applications, a further objective is to preserve the spatial
impression of the acoustic scenario, e.g., by preserving the binaural cues.

This section provides an overview of model-based, learning-based, and hybrid speech
enhancement approaches that are particularly relevant to this thesis. For more
comprehensive reviews, we refer to [3]-[6], [14], [24], [30], [31] for model-based ap-
proaches, to [7]-[9] for learning-based approaches, and to [32] for hybrid approaches.

Speech enhancement algorithms typically consist of two stages (Fig. 1.12), namely
an estimation stage, where quantities required for enhancement are estimated,
and an enhancement stage, where the estimated quantities are used to process
the noisy microphone signals [32]. The key distinction between model-based and
learning-based approaches lies in the estimation stage. In model-based approaches
(Fig. 1.12a), the required quantities 8,; (such as covariance matrices, power spec-
tral densities (PSDs), or a-priori SNRs) are estimated from the single- or multi-
microphone noisy reverberant microphone signals y during inference, relying on
explicit assumptions about signal characteristics and the acoustic environment. In
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Figure 1.12: Definition of model-based, learning-based, and hybrid speech enhancement
approaches. y denotes the single- or multi-microphone noisy microphone sig-
nals, x and X denote the target and estimated speech component, 0y and 0y,
denote the ground truth and estimated model quantities, 8; and 0; denote
the optimal and estimated trainable weights. Adapted from [32].

learning-based approaches (Fig. 1.12b), the required quantities 0, i.e., the train-
able weights, are estimated by optimizing over (large) speech and noise datasets
during training. During the enhancement stage, in both model-based and learning-
based approaches, the estimated quantities 8, or 8, are used to process the noisy
microphone signals, resulting in an estimate X of the speech signal. In this thesis,
we define hybrid approaches (Fig. 1.12c) as approaches where a model-
based component is combined with a learning-based component, i.e., a
deep neural network (DNN), and the required quantities are estimated
both during training and inference. The quantities 8, required by the learning-
based component are estimated during training, while the quantities 8,; required
by the model-based component are estimated during inference, aided by the DNN.
Crucially, in our definition of hybrid approaches, the enhancement stage always fol-
lows a model-based framework, ensuring that the enhancement operation is derived
based on an optimization problem, which differs from the definition in [32] that also
includes approaches with a final enhancement stage that follows a learning-based
framework.

Speech enhancement approaches typically operate in either the time domain or a
transform domain, including learned transforms and the STFT (with some excep-
tions that incorporate both time- and transform-domain processing, e.g., [33]). This
thesis primarily focuses on speech enhancement approaches in the STFT domain,
a time-frequency transform that is widely used in both model-based and learning-
based approaches. Regarding learning-based approaches, this thesis focuses on super-
vised learning, where DNNs are trained using paired noisy and clean speech data [7].
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While alternative approaches based on semi-supervised [34], self-supervised [35], [36],
and unsupervised learning [37] have shown promise, their inclusion would extend
beyond the scope of this thesis.

In Section 1.2.1, we discuss model-based approaches, which rely on assumptions
about the signal characteristics and the acoustic environment. In Section 1.2.2, we
discuss learning-based approaches, which utilize DNNs to learn complex relation-
ships between the noisy microphone signals and the target speech signal from large
datasets. Finally, in Section 1.2.3, we discuss hybrid approaches, which combine
aspects of both model-based and learning-based approaches.

1.2.1 Model-Based Approaches

Model-based speech enhancement approaches rely on simplifying assumptions about
the speech and noise characteristics and the acoustic environment. For instance,
these assumptions often include statistical independence of speech and noise, distri-
butions of the speech and noise STFT coefficients, temporal stationarity of speech
and noise components, and spatial coherence of speech and noise components. Ad-
ditionally, model-based approaches frequently assume that speech and noise STFT
coefficients are uncorrelated across both frequency bins and time frames. By lever-
aging these assumptions, mathematically tractable algorithms can be derived.

In single-microphone configurations, model-based approaches often aim at mini-
mizing the mean square error (MSE) between the target and estimated speech
STFT coefficients [38] or their (logarithmic) spectral amplitudes [39], [40]. These
approaches commonly assume that speech STFT coefficients are uncorrelated and
follow a complex-valued Gaussian distribution. Alternatively, other statistical pri-
ors, such as the generalized Gamma distribution, have been proposed for modeling
speech STFT coefficients. This distribution provides a more accurate fit to the em-
pirical distribution of speech STFT coefficients than the Gaussian assumption and
has been shown to yield a better speech enhancement performance [41], [42].

The assumption that consecutive speech STFT coefficients are uncorrelated holds
roughly when using sufficiently long time frames and large frame shift [4], [30]. Under
this assumption, independent (real-valued) masks can be applied to each STFT co-
efficient to suppress the noise component, however, thereby also introducing speech
distortion [43]. To address this issue, multi-frame algorithms have been proposed,
which leverage the fact that speech and noise STFT coefficients indeed do exhibit
temporal correlation, especially if using a small frame shift (Fig. 1.4). By jointly
processing multiple consecutive STFT frames, these algorithms can achieve noise
reduction while preventing speech distortion [44]—[46]. This makes them particularly
useful in single-microphone configurations, where spatial filtering and the potential
use of distortionless constraints (such as those used in the minimum variance distor-
tionless response (MVDR) beamformer) are otherwise not available, but they can
also be applied in multi-microphone configurations (3|, [47]. Similar to the MVDR
beamformer for multi-microphone configurations, a frequently used structure for
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single-microphone configurations is the multi-frame minimum variance distortion-
less response (MFMVDR) filter [3], [44], [45], which estimates the target speech
STFT coefficients by minimizing the output interference power while preserving
the speech temporal correlations.

Model-based algorithms typically rely on estimates of quantities, such as the noise
PSD [29], [48], [49], the a-priori SNR [39], [50], or the speech presence probabil-
ity [51], [52]. For multi-frame algorithms such as the MFMVDR filter, estimates of
the highly time-varying speech temporal correlation vector (TCV) and the interfer-
ence temporal covariance matrix (TCM) are required, for which several model-based
estimators have been proposed. For example, the speech TCV has been estimated
using a maximum likelihood procedure that assumes a Gaussian interference compo-
nent [53], or using a low-rank model of the speech TCM. Although it has been shown
that the MEMVDR filter yields a good noise reduction with little speech distortion
provided that accurate estimates of these quantities are available, its performance
is rather sensitive to estimation errors, especially in the speech TCV [54]|. However,
none of the currently available model-based approaches is able to yield sufficiently
accurate estimates mainly due to the highly time-varying nature of these quanti-
ties, and hence the potential of multi-frame algorithms has not been fully exploited.
This challenge motivates one goal of this thesis, which is to leverage learning-
based approaches to drastically improve the estimation of quantities for
multi-frame algorithms.

In multi-microphone configurations, model-based approaches can further ex-
ploit spatial cues (Section 1.1.4), typically outperforming single-microphone ap-
proaches [5], [24], [55]-[60]. Popular algorithms include the aforementioned MVDR
beamformer, which minimizes the output noise PSD while preserving target speech,
and the multi-microphone Wiener filter, which minimizes the MSE between the tar-
get speech STFT coefficients and the output STEFT coefficients. These algorithms
require estimates of the noisy, speech, and/or noise spatial covariance matrices, as
well as estimates of the ATFs or RTFs.

Provided that accurate estimates are available, model-based algorithms exhibit
highly desirable properties. Their performance can be theoretically shown to be
optimal and analyzed for predefined model mismatches using metrics such as input
and output SNRs, offering a degree of interpretability. Additionally, since these al-
gorithms do not rely on training data, they are inherently robust to train—inference
mismatch. However, performance can degrade rapidly if their underlying assump-
tions are violated, such as if in the presence of non-stationary or non-Gaussian noise,
if STFT coeflicients are not uncorrelated, or if spatial coherence assumptions do not
hold.

1.2.2  Learning-Based Approaches

Learning-based approaches, particularly those leveraging deep learning, have
emerged as powerful alternatives to model-based approaches, generally yielding a
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much better speech enhancement performance [§]. Instead of relying on simplify-
ing assumptions about speech and noise characteristics and the acoustic environ-
ment, these approaches learn complex nonlinear relationships between the noisy
microphone signals and the target speech signal directly from data, typically using
DNNs, which are often described as “universal function approximators” [61]. Al-
though DNNs can also be viewed as models, this thesis primarily uses the term
“model” to refer to model-based approaches.

The design of an effective learning-based speech enhancement algorithm involves
selecting and configuring several key components, including training data, input
features, DNN architectures, DNN outputs, and loss functions. Unlike model-based
approaches, where theoretical optimality often guides algorithm design, learning-
based approaches heavily rely on empirical evaluation. As a result, much of the
progress in this field originates from combining and optimizing different components,
making a clear understanding of available design choices essential. In this section,
we provide an overview of these key components and their relevance to speech
enhancement.

1.2.2.1  Training Data

In model-based algorithms, speech enhancement performance is affected by the mis-
match between the assumptions and the signals observed during inference. In con-
trast, in learning-based algorithms, performance is largely affected by the mismatch
between the training data and the signals observed during inference [62], [63]. There-
fore, to obtain robust learning-based speech enhancement algorithms, it is crucial to
use training datasets that cover a wide range of acoustic scenarios, including diverse
languages, speakers, noise types, acoustic environments, and recording setups. The
choice of speech material is particularly important, as it has been shown to have
a greater impact on robustness than noise material or recording setups, especially
in single-microphone configurations [64], [65]. Extensive efforts in data collection,
along with initiatives such as the deep noise suppression (DNS) challenge series [66]—
[68], the Clarity Enhancement Challenge (CEC) series [69], and the CHIME chal-
lenge series [70] have provided the research community with large-scale speech, noise,
and (binaural) RIR datasets for training and evaluation. Additional training data
can be simulated by assuming that microphones operate linearly, such that speech
and noise signals can be additively mixed. The effects of the acoustic environment
(Section 1.1.3) and binaural cues (Section 1.1.4) can be simulated using datasets of
measured RIR such as the ones in [71]-[73] or using open-source tools such as the
RIR-Generator?, pyroomacoustics [74], and gpuRIR [75] (which are mainly based
on the image source model), as well as more sophisticated tools that incorporate
human perception [76] or DNNs [77]. Although simulated signals do not capture
all real-world variabilities, they allow to include a large amount of variation during
training [78].

2 Available at https://github.com/ehabets/RIR-Generator.
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The use of diverse training datasets such as those included in recent challenges [66]—
[69], [79] allows DNNSs to learn far more complex relationships between the noisy mi-
crophone signals and the target speech signal than would be feasible to design man-
ually in model-based approaches, often leading to substantial performance improve-
ments over model-based algorithms [8]. Moreover, the use of standardized datasets
facilitates reproducibility and comparability of results.

1.2.2.2 Input Features

The selection of input features determines a trade-off between information content
and computational complexity. While the time-domain waveforms obviously contain
all information about the microphone signals, they represent this information in a
highly redundant and inefficient way. Good features for speech enhancement should
retain relevant speech and noise characteristics, be compact, and result in a robust
speech enhancement performance.

Commonly used features include STFT-domain magnitude spectra [80], log-
magnitude and log-power spectra [81], and compressed magnitude spectra [82],
which provide a more structured representation compared to the time-domain wave-
form. Since phase information is important for speech enhancement [31], magnitude-
based features can be complemented with phase-based features [83], though phase
wrapping should be taken into account. Alternatively, the real and imaginary parts
of the STFT coefficients can be used directly as feature [84].

Motivated by the human auditory system, also auditory-motivated features have
been proposed. For example, features such as amplitude modulation spectrograms,
relative spectral transform perceptual linear prediction coefficients, Gammatone and
Mel-frequency cepstral coefficients, as well as fundamental frequency-based features
have been proposed, which aim to capture speech characteristics relevant to human
perception [85]. However, since these features often involve a high computational
complexity, computationally efficient features have been proposed to mimic audi-
tory processing. For example, the reduced sensitivity of human hearing at higher
frequencies motivates the use of logarithmic frequency spacing, which decreases
input feature dimensionality compared to linear spacing [86], [87].

Particularly over the last years, an increasing fraction of speech enhancement al-
gorithms rely on learned features, often using a trainable one-dimensional convolu-
tional layer to replace the STFT analysis operation, typically without coupling the
analysis and synthesis operations [9], [88], [89]. Interestingly, [89] found that the
learned analysis transformation, which can be interpreted as a set of finite impulse
response filters, is primarily sensitive to low frequencies, similar to human auditory
perception. While such learned features can achieve high speech enhancement per-
formance even for short frame lengths such as 1ms, they tend to lack robustness
in reverberant environments [90], [91]. To improve robustness, various approaches
have been proposed, such as imposing an analytic constraint based on the Hilbert
transform to couple the analysis and synthesis transformations.
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In multi-microphone configurations, single-microphone features from different micro-
phones are either simply concatenated or spatial features such as inter-microphone
phase or level differences are considered. These features enable DNNs to exploit
spatial cues (Section 1.1.5), although the extent to which spatial cues—rather than
spectro-temporal cues—are actually used depends heavily on the DNN architec-
ture [92], [93]. Constructing spatial features by concatenating single-microphone fea-
tures from multiple microphones or using inter-microphone phase/level differences
inherently creates a dependence on specific microphone array geometries. Conse-
quently, any change in the microphone array configuration necessitates modifying
the algorithm, e.g., by retraining the DNN. To overcome this issue, the DNN archi-
tecture needs to be adapted (see also the discussion in Section 1.2.2.3).

Summarizing, a wide range of features has been investigated for single- and multi-
microphone speech enhancement. State-of-the-art algorithms typically use simple
features, such as the real and imaginary parts of STFT coefficients, their magnitude
and phase, or learned features from a trainable convolutional layer [9]. This thesis
favors compressed magnitude and phase representations of STFT coeflicients.

1.2.2.3 DNN Architectures

Commonly used DNN architectures for speech enhancement employ network com-
ponents consisting of fully connected networks, recurrent neural networks (RNNs),
convolutional neural networks (CNNs), attention-based networks, and combinations
thereof. Early architectures often relied on fully connected network components, re-
quiring the concatenation of multiple time frames to provide temporal context [81],
which is crucial given the strong temporal correlations observed in speech and noise
signals (Section 1.1). Alternatively, RNN-based architectures, such as long short-
term memory (LSTM) networks [15] and gated recurrent units (GRUs) [94], have
been employed for modeling temporal context. RNN-based architectures have been
particularly popular in real-time applications, due to their ability to capture tempo-
ral context while maintaining relatively low computational complexity [15], [16], [86],
[94]-[97]. CNNs have been particularly attractive due to their ability to efficiently
extract multi-microphone features. To incorporate sufficient temporal context at
a reasonable computational complexity, so-called temporal convolutional networks
(TCNs) employ dilated convolutions [98] (discussed in detail in Section 3.2.2.3). How-
ever, fully convolutional architectures are typically associated with higher memory
consumption and larger computational complexity than RNNs. Convolutional re-
current neural network (CRNN) can leverage both the feature extraction capability
of CNNs and the temporal representation capacity of RNNs and were found to
result in a good and scalable trade-off between speech enhancement performance
and computational complexity [33], [80], [84], [99]-[101]. More recently, attention-
based architectures have demonstrated remarkable performance, usually at the cost
of a high number of parameters and significant computational complexity, which
grows quadratically with the sequence length [102], [103]. Although efforts have been
made to reduce this computational complexity through appropriate hyperparame-
ter choices [104] or by utilizing attention mechanisms that are less computationally
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complex than full self-attention [105], the associated computational complexity still
makes the implementation of attention-based architectures difficult, especially in
applications with low-latency constraints.

Beyond these specific network components, many DNN architectures employ an
encoder-decoder structure. In this structure, the encoder transforms the input fea-
tures into a latent representation, which corresponds to a compressed representation
of the input often termed “bottleneck”. The decoder then reconstructs the enhanced
speech signal from this latent representation. A widely used example is the U-Net
structure, which incorporates skip connections between the encoder and decoder
to preserve fine-grained details that might otherwise be lost during the encoding
process [106]-[109]. The U-Net structure can utilize different network components,
such as CNNs [107], RNNs [106], or attention mechanisms [108].

In addition to general advancements in DNN architectures (which often originate
from the computer vision field), there have also been speech enhancement-specific
architectural advancements. Note that these advancements—although inspired by
model-based methods—are still considered purely learning-based and do not count
as hybrid approaches in the context of this thesis, as they do not involve the esti-
mation of quantities during both training and inference (Fig. 1.12c). For instance,
architectures motivated by beamforming algorithms have gained popularity. These
architectures perform independent subband processing of multiple microphones in
the STFT domain, which is motivated by the fact that spatial cues, such as inter-
microphone phase differences, are relatively temporally stable for stationary sources
while varying over frequency (due to the linear phase property of the STFT) [103],
[110], [111]. To still allow for fullband spectral context, these architectures typ-
ically separate processing into subband processing blocks and fullband process-
ing blocks. Moreover, algorithms that explicitly process separate physical axes—
frequency, time, and space—have recently been particularly successful [112].

Additionally, complex-valued DNN architectures have been investigated for speech
enhancement [99], [109], [113], [114]. In real-valued architectures, complex-valued
STFT coeflicients are typically separated into their real and imaginary (or mag-
nitude and phase) components, which are then processed independently. In con-
trast, complex-valued DNN architectures perform complex-valued operations, such
as complex-valued additions and multiplications, hence maintaining the coupling of
magnitude and phase. These architectures require the choice of appropriate complex-
valued activation functions, which do not directly follow from their real-valued
counterparts, thus often requiring additional design choices. However, despite their
increased computational complexity, no consistent significant performance improve-
ments over real-valued architectures have been found [113], [114].

A key task in designing learning-based multi-microphone speech enhancement ap-
proaches is how to use spatial features. As mentioned before, if features from mul-
tiple microphones are simply concatenated at the input, the resulting DNN usually
becomes dependent on a specific microphone array geometry, requiring retraining
if the geometry changes. This lack of generalization is particularly problematic in
applications involving ad-hoc microphone arrays or possible microphone failures.
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To address this issue, various approaches have been proposed to achieve micro-
phone permutation and number invariance [112], [115], [116]. For instance, the
transform-average-concatenate (TAC) method [115] takes as input a set of feature
streams (one stream per microphone), shares information across the streams in
a non-linearly transformed space, and outputs a set of modified feature streams.
The modified output feature streams contain stream-specific information as well
as shared information influenced by all streams in a permutation-invariant fashion.
This is achieved through a combination of weight sharing across the transforma-
tions for each stream and the application of the averaging operation, which is inher-
ently permutation-invariant. To replace the fixed averaging operation used in the
TAC method, channel attention-based methods have been proposed (which are also
permutation-invariant) [112], [116]. Using the TAC method or channel attention-
based methods enables the training with different microphone arrays as well as the
use of arrays during inference that were not seen during training, while maintaining
performance in conditions with matched microphone array geometry [116].

Summarizing, many DNN architectures have been investigated for speech enhance-
ment, each offering distinct trade-offs between speech enhancement performance
and computational complexity. For real-time applications that require low compu-
tational complexity, CNNs, RNNs, and combinations thereof currently tend to result
in the best trade-off [100] and will be favored in this thesis, whereas attention-based
architectures result in the best speech enhancement performance if computational
complexity is unconstrained. In addition, separating the processing along distinct
physical axes seems to be a good choice when designing DNN architectures. If the
specific application involves multiple microphones, the use of microphone geometry-
agnostic DNN architectures may be considered. However, drawing definitive conclu-
sions about DNN architecture choices is challenging, if not impossible, due to the
complex interaction between DNN architecture, hyperparameters, dataset, enhance-
ment approach, and other factors.

1.2.2.4 DNN Outputs

Learning-based approaches can be categorized based on the DNN output into two
main classes, namely those that output an estimate of the target speech component
and those that output filter coeflicients. In the first class, the DNN directly out-
puts the enhanced waveform or spectrum, without explicitly processing the noisy
microphone signal or its representation [15], [84], [117]-[123]. Consequently, these
approaches lack a direct signal path between the input and output signals. For
example, the denoising WaveNet algorithm [117] performs denoising in the time do-
main, estimating multiple samples simultaneously, while complex spectral mapping
algorithms predict target speech STFT coeflicients [15], [84], [118]-[121], [123].

In the second class, the DNN outputs mask or filter coefficients, which are used to
modify the noisy microphone signal or its representation, thereby creating a direct
signal path between the input and output signals that bypasses the DNN for the ac-
tual signal modification [92], [93], [101], [115], [124]-[132]. In single-microphone con-
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figurations, this includes algorithms that apply binary masks [124], ratio masks [125],
phase-sensitive masks [126], complex ratio masks [92], [127], [132], and extends to
spectro-temporal filters [129]. The popular Conv-TasNet algorithm [89] also falls
into this category, as it employs an encoder to transform the input signal into a la-
tent representation, applies a real-valued mask estimated by a separator network to
this representation, and constructs the estimated speech signal using a decoder. In
multi-microphone configurations, algorithms have been proposed that apply filters
to the noisy signals in the time-domain [128], [133], in a latent domain [130], or in
the STFT domain [92], [101], [131], [132], [134]-[136].

We want to emphasize the clear distinction between the internal representation
of spectral, temporal, and/or spatial context within the DNN (such as temporal
context in RNN, Section 1.2.2.3) and the use of such context in the filtering op-
eration. For instance, spatial information can be represented at the feature level
without necessarily being exploited in the filtering operation. Whereas spatial fil-
tering approaches can exploit spatial information both within the DNN and in
the filtering operation, masking approaches are limited to internally representing
spatial information [92]. Comparing the frequency-time joint nonlinear filter (FT-
JNF) (single-microphone masking) algorithm with the complex-valued spatial au-
toencoder (COSPA) (spatial filtering) algorithm (both using multi-microphone in-
put featurs), [93] showed that while both algorithms can represent spatial infor-
mation internally, whether the FT-JNF algorithm does so depends on the specific
training target signal and the acoustic scenario. For example, when trained with
the reverberant speech component at a reference microphone as the target signal,
spatial filtering is not explicitly required—in simple (noise-free) scenarios, the task
of the DNN reduces to merely passing the signal of the reference microphone. In
contrast, when trained with the output of an oracle time-varying beamformer that is
adaptively steered towards the currently active source as the target signal, the DNN
is implicitly trained to perform spatial filtering by emulating this beamformer. The
COSPA algorithm consistently represented spatial information internally, irrespec-
tive of the specific training target signal and the acoustic scenario. This distinction
highlights that not all learning-based algorithms inherently utilize the separation
cues they are provided with, depending on the specific DNN architecture, filtering
operation, training target signal, and acoustic scenario.

Comparing the two classes of learning-based approaches defined above, in the first
class, the DNN can be seen as itself acting as the filter, giving it full control over
the output signal, thereby circumventing any upper bounds on speech enhancement
performance that may limit the second class of approaches. In particular, com-
plex spectral mapping approaches often achieve higher performance than masking
approaches [120]. However, this typically comes at the cost of requiring more pow-
erful DNN architectures and increasing the risk of robustness issues. These chal-
lenges have made the combination of (learning-based) complex spectral mapping
into model-based approaches particularly attractive, resulting in hybrid approaches
(Section 1.2.3.1).
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1.2.2.5 Loss Functions

Loss functions quantify the discrepancy between the outputs of the DNN and the
target outputs during training, and they provide the gradients necessary for up-
dating the trainable weights of the DNN through backpropagation. An effective
loss function should be differentiable to ensure compatibility with backpropagation,
aligned with the objective of robust speech enhancement, stable to mitigate the
risk of exploding or vanishing gradients, and computationally efficient to prevent
excessive resource consumption. In purely learning-based speech enhancement, loss
functions can generally be categorized into filter approximation loss functions and
signal approximation loss functions.”

Filter approximation loss functions are defined directly on the estimated filter, re-
quiring the definition of target filters. These target filters depend on design choices
that can significantly impact speech enhancement performance [137]. Common ex-
amples include the binary cross-entropy loss for ideal binary masks and the MSE
loss for ideal ratio masks [137] or delay-and-sum beamformer coefficients [134].

Signal approximation loss functions are defined on the estimated speech signal, cir-
cumventing the definition of target filters. Variants of MSE are widely used, includ-
ing spectral magnitude MSE, phase-sensitive spectral magnitude MSE [138], and
complex spectral MSE [139] in the STFT domain, as well as time-domain MSE [138].
Variants of the signal-to-distortion ratio (SDR) are also commonly employed, both
in the STFT domain [140] and the time domain [138], including the popular scale-
invariant signal-to-distortion ratio (SI-SDR) [141]. Unlike the MSE, SDR-based
loss functions operate on an energy ratio, weighting errors relative to the energy
of the target signal. In particular, distortions in lower-energy regions are weighted
more strongly than those in higher-energy regions, aligning more closely with hu-
man perception. The SI-SDR, in particular, has been widely adopted, especially for
single-microphone speech enhancement configurations in anechoic environments and
where sensitivity to signal scaling is not a critical concern (see also the discussion
on SI-SDR in Section 2.2.1). The SI-SDR is closely related to the time-domain MSE
but incorporates a scaling operation on the estimated speech component along with
logarithmic compression, in addition to operating on an energy ratio, which aligns
it with human loudness perception to some extent [90]. However, as a waveform-
matching loss function, SI-SDR is highly sensitive to time shifts as small as a single
sample, whereas human auditory perception is robust to such minor shifts [138],
[140]. For algorithms capable of modifying signal phase, this strong emphasis on
precise phase alignment during training may artificially limit the achievable speech
enhancement performance.

Variations of the ¢; loss have also been investigated in both the STFT domain [120]
and combined time and STFT domains [92], [108]. One motivation for favoring the

Masks are viewed as a special case of filters with a single coefficient.
The SDR is often denoted as SNR in the literature, where “noise” refers to distortion rather than
ambient noise.
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£, loss over the more common MSE in regression tasks comes from a maximum-
likelihood perspective: if we model the real and imaginary parts of speech STFT
coeflicients with a certain probability distribution, the negative log-likelihood of that
distribution emerges as a natural choice for the loss function to be minimized [142].
In many model-based approaches, the real and imaginary parts of speech STFT
coeflicients are assumed to follow heavy-tailed distributions, such as the Laplacian
distribution [143], whose negative log-likelihood corresponds to the absolute differ-
ence used in the ¢; loss. In contrast, a Gaussian assumption corresponds to the
squared difference used in the MSE loss. Beyond this probabilistic argument, the
£ loss also promotes spectro-temporal sparsity in the output signal, aligning with
the well-known spectro-temporal sparsity property of speech signals in the STFT
domain (Section 1.1.1). Empirical results support these theoretical benefits, demon-
strating that ¢;-based loss functions can outperform MSE-based losses in speech
enhancement [144].

While the previously discussed loss functions prioritize simplicity and computational
complexity, more sophisticated approaches incorporate perceptually motivated met-
rics, such as short-time objective intelligibility (STOI) and perceptual evaluation of
speech quality (PESQ). To enable differentiability for gradient-based optimization,
these metrics have been approximated using differentiable operations [145], inte-
grated into generative adversarial network-based frameworks [146], or replaced with
surrogate DNNs trained to mimic the behavior of the metric [147]. Alternatively,
reinforcement learning has been employed to optimize these perceptual metrics di-
rectly, bypassing the need for gradient-based optimization [148]. In addition, it has
been proposed to predict mean opinion scores directly using a DNN [149]-[151],
such that the resulting DNN—with its trainable weights frozen—can be used as a
loss function. Despite their perceptually motivated design, these loss functions often
provide only marginal improvements in speech enhancement performance compared
to simpler loss functions [145]-[148]. Moreover, if substantial improvements do oc-
cur, they are typically limited to the specific metric used during training, limiting
generalizability [151], [152]. For instance, [152] demonstrated that training with a
PESQ-based loss function resulted in high PESQ scores but low scores on other
metrics, introducing distortions on the output signal that PESQ fails to capture.
Similarly, [151] found that training with a Deep Noise Suppression Mean Opin-
ion Score (DNSMOS)-based loss function improved DNSMOS scores but degraded
performance on other metrics under evaluation conditions not represented in the
training data of DNSMOS. These findings highlight robustness issues associated
with many sophisticated perceptually inspired loss functions [144]. Taking these
findings into account, in this thesis, we focus on simpler, potentially more robust
loss functions, such as the SI-SDR (for anechoic environments) or the ¢; loss in the
STFT domain (for reverberant environments).

A recent development in loss function design leverages pre-trained speech founda-
tion models, such as wav2vec [153] and WavLM [154], to derive perceptually moti-
vated loss functions. Speech foundation models are trained on large-scale unlabeled
datasets using self-supervised, task-agnostic objectives (often referred to as “pretext
tasks”) designed to extract generalizable speech representations. Distances between
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these representations for the reference signal and the degraded signal have been
shown to correlate strongly with objective metrics (e.g., PESQ and STOI) as well
as human intelligibility, and have lead to their use in both single-microphone [155],
[156] and binaural hearing device [157] applications. However, similarly as for the
perceptually motivated loss functions, the use of speech foundation models for loss
functions has so far not resulted in significantly improved speech enhancement per-
formance compared with simpler alternatives, such as the SI-SDR loss [155]-[157].

To ensure that signal approximation loss functions accurately reflect the quality of
the final estimated speech signal, they should be computed on the reconstructed
waveform rather than directly on the estimated STFT coefficients. For STFT-based
algorithms, defining the loss function directly on the estimated STFT coefficients
may seem computationally efficient, as it avoids explicit time-domain synthesis and
subsequent re-analysis. However, this approach neglects the impact of overlap-add
(OLA) processing, which combines overlapping frames and significantly affects the
final output signal. Synthesizing the time-domain signal before re-analyzing it for
loss computation not only accounts for OLA processing but also allows for the choice
of different STFT configurations for enhancement and loss function evaluation. This
even enables the combination of STFTs with different settings, e.g., combining high
temporal and spectral resolution [158].

Overall, signal approximation loss functions have been shown to outperform filter
approximation loss functions [159] and are generally preferred in current state-of-the-
art speech enhancement algorithms [144], potentially due to their direct alignment
with the primary objective of speech enhancement: obtaining an accurate estimate
of the speech signal (and not a filter estimate). Notably, in certain cases, signal
and filter approximation loss functions have a direct correspondence. For instance,
[160] demonstrated that an MSE loss applied to the estimated speech signal in the
STFT domain is equivalent to an MSE loss on the estimated (real-valued) mask,
weighted by the squared magnitude of the noisy microphone signal, thereby giving
more weight to STFT coefficients with high energy.

It is important to note that the classification of DNN outputs into speech estimates
and filter estimates in the previous section does not directly correspond to the clas-
sification of loss functions into signal approximation and filter approximation. For
instance, a DNN that outputs filter coefficients can still employ a signal approxima-
tion loss function by synthesizing the enhanced signal and computing the loss based
on the estimated speech [129).

1.2.3  Hybrid Approaches

Model-based speech enhancement approaches offer interpretability and—given ac-
curate estimates of the required quantities—theoretical guarantees. However, their
reliance on simplifying assumptions can limit performance in real-world acoustic
scenarios. Learning-based speech enhancement approaches, particularly those us-
ing DNNSs, can learn complex relationships from data and achieve high speech en-
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hancement performance, but they typically suffer from train-inference mismatch
and lack the interpretability and theoretical guarantees of model-based approaches.
This thesis focuses on hybrid approaches, which aim to combine the strengths of
both model-based and learning-based approaches. As mentioned before, we define
hybrid approaches as those that use a model-based enhancement stage, and where
the estimation of quantities is performed both during training (for the DNN) and
during inference (for the model-based enhancement stage) (Fig. 1.12c). This defini-
tion excludes approaches where the DNN architecture is motivated by model-based
approaches [103], [110]-[112] (Section 1.2.2.3), since—from our perspective—such
combinations do not fully leverage the interpretability offered by incorporating a
model-based enhancement stage.

Hybrid speech enhancement approaches, as defined above, can be categorized based
on the interaction between the DNN and the model-based enhancement stage dur-
ing training. A fundamental distinction is made between decoupled and coupled
approaches, as illustrated in Fig. 1.13. In decoupled approaches, the DNN operates
independently of the model-based enhancement stage during training. There is no
gradient flow from the final estimated speech signal back into the DNN (denoted in
blue in Fig. 1.13). Consequently, the DNN is trained without considering its impact
on the final speech estimate. However, decoupled approaches offer a high degree of
modularity, allowing estimated quantities such as the noise PSD or a-priori SNR
to be used with a variety of model-based algorithms, including minimum mean
square error (MMSE) estimators [39], [40], [42] and MFMVDR filters [161], with-
out requiring retraining. In contrast, coupled approaches integrate the model-based
enhancement stage as a differentiable operation within the DNN’s computational
graph. This integration ensures that all operations, including those of the model-
based enhancement stage, are accounted for during training. The categorization
presented in this section reflects an increasing influence of the DNN on the final
estimated speech signal, moving from decoupled approaches with a greater reliance
on the model-based enhancement stage to coupled approaches where the DNN plays
a more dominant role.

1.2.3.1 Class I: Decoupled Approaches

Decoupled approaches are further divided into two subcategories, based on what the
DNN is trained to estimate: component-directed approaches and quantity-directed
approaches (see Fig. 1.13).

CLASS I-A: DECOUPLED, COMPONENT-DIRECTED APPROACHES In
component-directed approaches, the DNN is trained to estimate preliminary speech
or noise components (" and 1", respectively). These components are either es-
timated indirectly via time-frequency masks [162]-[164] or directly [78], [103], [120],
[165]. These preliminary component estimates are then used to compute the quan-

tities required by the model-based enhancement stage (5 M)
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Figure 1.13: Categorization of hybrid speech enhancement approaches. y,, denotes the
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m-th noisy microphone signal, X and N denote preliminary estimates

of the speech and noise components, x and n denote the target speech and
noise components (obtained directly or by applying a mask/filter), 8,, and
0 u denote the ground truth and estimated quantities required by the model-
based enhancement stage, X denotes the final estimated speech signal, and
Bﬁel denotes a preliminary estimate of the required quantities. From top to
bottom, the impact of the DNN on the final estimated speech signal tends to

increase.
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A prominent group of algorithms that estimate preliminary components indirectly
via time-frequency masks is given by mask-based beamformers introduced in [162].
Specifically, [162] trained a bidirectional LSTM network to estimate ideal binary
masks, which were then used to compute the covariance matrices required by a
generalized eigenvalue beamformer. Mask-based beamformers have since then seen
many improvements. For example, [163] investigated different strategies for using
masks to derive the quantities required by an MVDR beamformer, including using
an independent mask per channel, a single mask for all channels, and addition-
ally applying a mask as a post-filter. In [164], a CNN-based mask estimator was
combined with a convolutional beamformer, aiming at simultaneous denoising, dere-
verberation, and source separation.

Algorithms that estimate preliminary components directly have has also been ex-
plored. The Beam-TasNet algorithm [165] applies variations of Conv-TasNet [89] to
estimate the target speech component at each microphone. These estimates are then
used to compute an MVDR beamformer. Another successful group of algorithms,
known as “sequential beamformers,” comprises several model-based and learning-
based enhancement stages that each estimate the speech component at a reference
microphone [78], [103], [120]. Typically, the first stage is a DNN that estimates the
speech component. Based on this estimate, the second stage estimates the quantities
required by a model-based filter that is applied to the noisy microphone signals, with
the goal of resulting in an estimate of the speech signal with lower speech distortion
compared to the estimate of the first stage. In the third stage, the noisy microphone
signals and the estimated speech signals by the first stage and the second stage are
then used by another DNN to output a further improved estimated speech signal.
This procedure can be iterated, potentially further improving speech enhancement
performance. For example, [120] used a multi-microphone complex spectral map-
ping algorithm in the first stage, where a temporal convolutional network (TCN)
with a Dense U-Net structure estimates the speech component at a reference mi-
crophone. The second stage was a time-varying MVDR beamformer, and the third
stage was another TCN with a Dense U-Net structure. A similar approach was
proposed in [103], but the (time-varying) MVDR beamformer was replaced with
a time-invariant spatio-temporal Wiener filter, and the TCN architecture was re-
placed with the TF-GridNet architecture. Despite being trained separately, these
algorithms [78], [103], [120], [165] achieved impressive speech enhancement perfor-
mance. However, the contribution of the model-based stage is not always clear.
In [103], the model-based stage provided only modest improvements, and in [120],
a direct comparison with a purely learning-based multi-microphone baseline algo-
rithm was missing.

CLASS I-B: DECOUPLED, QUANTITY-DIRECTED APPROACHES In con-
trast to component-directed approaches, quantity-directed approaches bypass the
intermediate step of estimating separated components or masks. Instead, the DNN
is trained to directly estimate the quantities required by the subsequent model-
based enhancement stage (6,,). The key motivation is to avoid potential estimation
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errors introduced by the heuristic computation of these quantities from preliminary
component estimates.

For example, DNNs were employed to estimate the noise PSD, outperforming
model-based estimators due to the ability of DNNs to adapt to quick noise level
changes [166]. Similarly, DNNs were used to estimate quantities such as the a-priori
SNR [167]-[169] and speech presence probability (SPP) [161], [170], [171]. For in-
stance, [167] used a residual LSTM network to estimate the a-priori SNR, which
was then used by the (model-based) MMSE short-time spectral amplitude estimator
derived under a Gaussian assumption [39] on the real and imaginary parts of the
STFT coefficients. The DeepMMSE algorithm [166] uses a TCN to estimate the
noise PSD, which is then used by the (model-based) MMSE estimator derived un-
der a Gamma assumption [42]. In another example [161], a bidirectional LSTM was
used to estimate the SPP, which was then used by the (model-based) MFMVDR
filter. These algorithms outperformed not only model-based estimators [161], [166],
[167], but also purely learning-based speech enhancement algorithms [166], [167].

1.2.3.2  Class II: Coupled Approaches

In contrast to decoupled approaches, coupled approaches integrate the model-based
enhancement stage as a differentiable operation within the computational graph.
This enables end-to-end training, meaning the DNN is trained with direct awareness
of how its estimates influence the final enhanced speech signal. Coupled approaches
are further categorized into structured estimation and unstructured estimation ap-
proaches.

CLASS II-A: COUPLED, STRUCTURED ESTIMATION APPROACHES Struc-
tured estimation approaches explicitly impose structure derived from the underlying
model on the preliminary estimated quantities (0?}61), such as enforcing that esti-
mated covariance matrices are Hermitian positive-definite through specific linear
algebra operations. This ensures that the final estimated quantities (8,;) are math-
ematically compliant within the model-based enhancement stage. As an illustrative
example of how structure can be imposed on estimated quantities is given by an
extension of mask-based beamformers. In conventional mask-based beamformers—
categorized as decoupled approaches (class I-A)—time-frequency masks are esti-
mated, which are then used to derive spatial covariance matrices (SCMs) by tem-
porally aggregating instantaneous SCM estimates, often using heuristic procedures
like recursive smoothing. These procedures implicitly impose structure on the result-
ing estimated quantities. Instead of relying on heuristic procedures, [172| proposed
an attention mechanism to learn the temporal aggregation of instantaneous SCMs,
outperforming conventional mask-based beamformers that rely on heuristic tem-
poral aggregation especially in acoustic scenarios involving moving sources. This
attention mechanism linearly aggregates instantaneous SCM estimates (which ex-
hibit a rank-1 structure) to compute time-varying speech and noise SCMs that are
generally Hermitian positive-definite and full-rank (assuming a sufficient number of
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time frames are considered during aggregation). However, integrating the attention
mechanism proposed in [172] created a dependence on the specific microphone array
configuration used during training, losing the flexibility to operate with arbitrary
microphone array configurations, which is one of the key benefits of conventional
mask-based beamformers. Hence, another goal of this thesis is to develop an al-
gorithm that combines the benefits of learned temporal aggregation for
tracking moving sources with the robustness against varying microphone
array configurations of conventional mask-based beamformers.

CLASS II-B: COUPLED, UNSTRUCTURED ESTIMATION APPROACHES Un-
structured estimation approaches do not explicitly impose structure derived from
the underlying model on the estimated quantities (6,,). Instead, the DNN is free
to estimate these quantities without restrictions like positive-definiteness. For ex-
ample, [173] extended the algorithm in [172] by exploring unstructured, non-linear
instantaneous SCM aggregation. Results showed similar performance between linear
(structured) and non-linear (unstructured) SCM aggregation for stationary sources,
but a slight advantage for the structured approach in dynamic scenarios. Another
example is the ADL-MVDR algorithm [174], which replaces explicit matrix inver-
sion and eigenvector computation with a learned nonlinear transformation. The
estimated SCMs are not constrained to be positive-definite, which is inconsistent
with the theoretical derivations underlying the MVDR beamformer. Follow-up stud-
ies to the ADL-MVDR algorithm, such as [135] in the STFT domain and [133] in
the time domain, replaced the MVDR beamformer itself with a learnable layer. This
represents a shift towards purely learning-based approaches (Section 1.2.2), where
DNNs directly estimate filter coefficients rather than quantities for a model-based
enhancement stage.

1.2.3.3 Loss Functions

The choice of loss function in hybrid speech enhancement algorithms depends on
whether the algorithm follows a decoupled or a coupled approach. In decoupled
approaches, the loss function is defined on intermediate quantities that precede the
model-based enhancement stage, rather than on the final estimated speech signal. In
contrast, coupled approaches allow for the use of signal approximation loss functions
defined on the final estimated speech signal, enabling end-to-end training [135],
[172]-[175]. This allows the DNN to be trained without explicitly defining target
values for the intermediate quantities. While signal approximation loss functions can
improve overall speech enhancement performance compared to loss functions defined
on intermediate quantities, they do not necessarily ensure that the DNN outputs
estimates that accurately reflect the true underlying quantities, even if mathematical
structure is imposed. For instance, in the ADL-MVDR algorithm, one might expect
the DNN to output accurate estimates of the inverse noise SCMs and the RTF
vector due to the incorporation of the MVDR structure. An argument against this
expectation is the fact that the optimization objectives of the MVDR, beamformer
and the DNN—as defined by the loss function—are typically not aligned. Addressing
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this research question, another goal of this thesis is to investigate and improve
the acoustic interpretability of estimated quantities in a specific coupled,
structured estimation algorithm.

1.2.3.4  Summary

In summary, decoupled approaches (class I) leverage the strengths of model-based
and learning-based approaches while maintaining a clear separation between their
respective roles. A key advantage of decoupled approaches is their modularity, al-
lowing estimated quantities to be used with a variety of model-based algorithms
without retraining. However, this modularity comes at the cost of potentially re-
duced speech enhancement performance due to the lack of coupling between the
DNN and the model-based enhancement stage during training. In contrast, coupled
approaches integrate the model-based enhancement stage as a differentiable opera-
tion within the computational graph, enabling end-to-end optimization and hence
potentially resulting in a higher speech enhancement performance, but lacking the
modularity of decoupled approaches. When not imposing structure on estimated
quantities, the DNN in a coupled approach has more degrees of freedom, poten-
tially resulting in a higher performance ceiling (particularly on the training dataset).
However, this freedom comes at the cost of interpretability and potential robustness
issues. In this thesis, we argue that imposing structure on estimated quantities, mo-
tivated by model-based approaches, is crucial for designing interpretable and robust
hybrid speech enhancement algorithms. Incorporating mathematical and physical
knowledge into the algorithm may improve robustness by regularizing the end-to-
end training [32]. Therefore, one goal of this thesis is to investigate different
procedures to impose structure on estimated quantities in hybrid speech
enhancement approaches.

1.3 Thesis Outline and Main Contributions

Motivated by the potential to combine the interpretability of model-based ap-
proaches with the strong representation capacity of learning-based approaches, the
primary objective of this thesis is to develop and evaluate hybrid single- and multi-
microphone speech enhancement algorithms that employ deep neural networks to
estimate the quantities required by a model-based enhancement stage. The main
focus is on investigating whether imposing structure on estimated quantities—such
as correlation matrix structure, correlation vector structure, or spatial structure—
improves speech enhancement performance, interpretability, and computational
complexity. Another focus is on developing geometry-robust hybrid speech enhance-
ment algorithms that can operate with arbitrary microphone array configurations.
While the proposed algorithms can be used for various speech enhancement ap-
plications, the main focus is on hearing devices, where low latency is crucial. To
this end, we mainly consider causal multi-frame filters in the STFT domain as the
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model-based enhancement stage, leveraging their inherent low-latency capabilities
and applicability to dynamic acoustic scenarios.

The main contributions of this thesis are as follows. As a first contribution, we pro-
pose a hybrid speech enhancement approach by embedding the single-
microphone MFMVDR filter within a deep learning framework, explic-
itly imposing structure on the estimated temporal covariance matrices.
By coupling the MFMVDR-based enhancement stage with a DNN-based quantity
estimation stage, substantial performance improvements are achieved over both a
decoupled MFMVDR filter and a purely learning-based algorithm that does not
impose structure on the filter coefficients. Furthermore, we demonstrate that im-
posing structure on the estimated temporal covariance matrices reduces computa-
tional complexity while preserving speech enhancement performance. As a second
contribution, we extend the hybrid single-microphone approach to multi-
microphone speech enhancement for binaural hearing devices by embed-
ding the binaural spatio-temporal Wiener filter within a deep learning
framework, explicitly imposing structure on the estimated speech spatio-
temporal correlation vectors. Unlike the single-microphone MFMVDR filter,
which exploits only temporal correlations, the binaural spatio-temporal Wiener fil-
ter explicitly exploits both temporal and spatial correlations of the speech and
noise components. By decomposing the speech spatio-temporal correlation vectors
into a spatial factor (corresponding to the RTF vector) and a temporal factor, we
show that imposing correlation vector structure reduces computational complexity
while maintaining speech enhancement performance and preserving binaural cues,
outperforming two purely learning-based causal state-of-the-art binaural speech en-
hancement algorithms. Since the estimated RTF vectors however do not reflect
the spatial characteristics of the acoustic scenario, as a third contribution we pro-
pose a spatial regularization procedure to improve the interpretability of
the estimated RTF vector, implicitly imposing spatial structure. The pro-
posed spatial regularization procedure yields accurate estimates of the RTF vector
even in reverberant environments without sacrificing speech enhancement perfor-
mance or increasing computational complexity. The aforementioned algorithms are
designed for a fixed microphone array configuration and cannot generalize to un-
seen configurations. Addressing this limitation for the mask-based beamformer with
attention-based spatial covariance matrix aggregator (ASA), as a fourth contribu-
tion we propose three procedures to improve the robustness against vary-
ing microphone array configurations: incorporating random microphone array
configurations during training, employing the TAC method to enable permutation-
invariant processing, and using robust input features. The combination of these
procedures enables the application to unseen microphone array configurations and
consistently outperforms both a baseline mask-based beamformer with recursive
smoothing and the original mask-based beamformer with ASA.

In the remainder of this section, we provide a chapter-by-chapter overview of this
thesis, highlighting the content and main contributions of each chapter. An overview
of the thesis structure is illustrated in Fig. 1.14.
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In Chapter 2, we introduce the notation and STFT-domain signal models used
throughout this thesis. Specifically, we present single-frame and multi-frame signal
models in both single-microphone and multi-microphone configurations, as well as
an extension for binaural hearing devices (Section 2.1). Additionally, we describe
the objective performance measures used to evaluate the speech enhancement algo-
rithms (Section 2.2).

In Chapter 3, we review the model-based, learning-based, and hybrid speech en-
hancement algorithms used throughout this thesis. First, we discuss two model-
based optimal filters, namely the spatio-temporal minimum variance distortionless
response filter and the spatio-temporal Wiener filter, which serve as the foundation
for the proposed algorithms in this thesis. As special cases of the spatio-temporal
MVDR filter with either a single time frame or a single microphone, we introduce
the MFMVDR filter and the MVDR beamformer; and as a special case of the spatio-
temporal Wiener filter with a single time frame, we introduce the binaural spatial
Wiener filter. Furthermore, we review two learning-based speech enhancement al-
gorithms, namely the deep filter algorithm and the Conv-TasNet algorithm, which
serve as baseline speech enhancement algorithms in this thesis. Finally, we review a
hybrid speech enhancement algorithm, namely the mask-based MVDR, beamformer
with attention-based spatial covariance matrix aggregator (ASA).

In Chapter 4, we propose a coupled, structured estimation hybrid speech enhance-
ment approach by embedding the single-microphone MFMVDR filter within an
end-to-end deep learning framework. Specifically, we train TCNs to estimate the
noisy and interference TCMs as well as the a-priori SNR from the noisy speech
STFT coefficients, minimizing the signal approximation SI-SDR loss function at
the output of the MEMVDR filter. Since this estimation procedure yields strong
speech enhancement performance, it is also adopted in subsequent chapters. For the
interference TCM, we investigate imposing different matrix structures: Hermitian
positive-definite, Hermitian positive-definite Toeplitz, and rank-1. For the Hermitian
positive-definite structure, we consider estimation procedures based on both recur-
sive smoothing and the Cholesky decomposition. The main differences between the
investigated procedures lie in the number of parameters that need to be estimated
by the TCNs and the required linear algebra operations, resulting in varying com-
putational complexity. We show that with a rank-1 structure, the MFMVDR filter
can be reformulated as a linear combination of the TCN outputs, avoiding computa-
tionally complex matrix inversions and thereby significantly reducing computational
complexity. Using the DNS 1 challenge dataset, simulation results demonstrate that
the TCM estimation procedure using the Hermitian positive-definite structure based
on the Cholesky decomposition yields the best performance, while the rank-1 struc-
ture achieves almost the same performance at a lower computational complexity.
Importantly, using the coupled hybrid approach leads to a substantial improvement
in speech enhancement performance compared to a decoupled SPP-driven hybrid
approach, as well as a slight but consistent improvement compared to a purely
learning-based approach that does not impose structure on the multi-frame filter
coefficients. The content in this chapter is related to the publications [176], [177].
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In Chapter 5, we extend the coupled, structured estimation hybrid approach
from Chapter 4 to binaural speech enhancement by embedding the binaural spatio-
temporal Wiener filter (STWF) within an end-to-end deep learning framework. Aim-
ing at reducing computational complexity while preserving speech enhancement
performance and binaural cues, we impose various procedures to impose spatio-
temporal correlation structures on the required interference spatio-temporal covari-
ance matrices (STCMs) and speech spatio-temporal correlation vectors (STCVs)
at both hearing devices, which mainly differ in the assumed relationship between
microphones (particularly between the left and right device) and the number of
parameters that need to be estimated. First, assuming that the spatial correlation
of the speech component is stationary over the length of the multi-frame filter, we
decompose the speech STCVs as the Kronecker product of an RTF vector and a
TCYV, separating the estimation process into a spatial factor and a temporal factor.
We either consider a single “global” reference microphone, requiring the speech TCV
to be estimated only for this microphone, or a reference microphone for each hearing
device, requiring speech TCVs to be estimated for both (left and right) reference
microphones. Second, we propose to replace the left and right interference STCMs
with a common interference STCM, as the difference between both STCMs can be
assumed to be negligible. Additionally, we consider a bilateral STWF by assuming
no spatio-temporal correlation between both hearing devices, both for the speech
STCVs and for the interference STCM. Using the DNS 1, DNS 2, CEC 1, and CEC 3
datasets, simulation results demonstrate that the binaural STWF using a combina-
tion of the speech STCV structure using two reference microphones and a common
interference STCM significantly reduces computational complexity while achieving
similar speech enhancement and binaural cue preservation performance compared to
not imposing any spatio-temporal correlation structure. Furthermore, this (causal)
deep binaural STWF outperforms the deep bilateral STWF, the binaural deep filter
(DF) algorithm, and the binaural Conv-TasNet algorithm, approaching the perfor-
mance of the non-causal binaural complex convolutional transformer network (BC-
CTN) algorithm. The content in this chapter is related to the publications [178],
[179].

In Chapter 6, we investigate the acoustic interpretability of the estimated RTF
vector in the deep spatio-temporal MVDR algorithm. Similarly as for the binaural
STWEF in Chapter 5, we decompose the speech STCV into the Kronecker product
of an RTF vector and a TCV. While end-to-end training with a signal approxima-
tion loss function is effective for speech enhancement, it does not ensure that the
DNN outputs RTF vector estimates that reflect the spatial characteristics of the
acoustic scenario, compromising interpretability. To address this issue, we propose
a spatial regularization procedure that incorporates an additional loss term penal-
izing discrepancies between the estimated and ground truth RTF vectors. This loss
term incentivizes the DNN to output estimates that are not only effective for speech
enhancement but also reflect the spatial characteristics of the acoustic scenario. To
automatically balance the individual loss terms, we employ an adaptive weighting
method based on homoscedastic uncertainty. Using the DNS 1 and DNS 2 challenge
datasets and simulated RIRs, simulation results demonstrate that the proposed spa-
tial regularization procedure yields accurate estimates of the RTF vector, even in
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reverberant environments, without sacrificing speech enhancement performance or
increasing computational complexity. We hypothesize that this regularization pro-
cedure can be extended to other coupled hybrid speech enhancement approaches to
improve the acoustic interpretability of estimated quantities.

In Chapter 7, we propose three procedures to improve the robustness of the mask-
based beamformer with attention-based spatial covariance matrix aggregator (ASA)
against varying microphone array configurations. First, we incorporate random chan-
nel configurations during training to prevent the DNN from overfitting to specific
channel permutations and channel numbers. Second, we employ the TAC method
to process multi-microphone features, allowing the algorithm to adapt to different
channel numbers and enabling permutation invariance. Third, we utilize input fea-
tures that are relatively insensitive to variations in channel configuration. Using
the CHIME-3 and DEMAND datasets with simulated moving speakers, simulation
results demonstrate that combining all three procedures improves generalization
to unseen microphone arrays while maintaining speech enhancement performance
under matched conditions. Furthermore, the mask-based beamformer combining all
three procedures consistently outperforms both a baseline mask-based beamformer
with recursive smoothing and the mask-based beamformer with the original ASA.
The content in this chapter is related to the publication [180].

In Chapter 8, we summarize the main findings of this thesis and point out possible
directions for further research.
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SIGNAL MODEL AND PERFORMANCE
METRICS

In this chapter, we introduce the signal models and notation that form the founda-
tion for the speech enhancement algorithms presented in this thesis (Section 2.1).
Additionally, we define the objective performance measures used to evaluate these
algorithms (Section 2.2).

2.1 Signal Model

We consider an acoustic scenario where a single speech source and ambient noise
are recorded in a reverberant environment. The noise may originate from both
localized sources, such as keyboard typing and car engines, as well as diffuse sound
fields, common in crowded spaces like restaurants. The acoustic scenario is captured
using either a single device equipped with M microphones (single-device processing)
or a binaural configuration consisting of two hearing devices with M; and Mp
microphones on the left and right devices, respectively, totaling M = M; + Mp
microphones.

2.1.1 Time Domain

In the time domain, a single microphone captures a superposition of the reverberant
speech and noise components. The noisy microphone signal g,  ,, € R at discrete
time index t; and microphone index m is expressed as

ytd,m = i‘td,m + ﬁtd,ma (21)

where &£, ., € R denotes the reverberant speech component and 7, ,, € R denotes
the noise component. The vector containing the noisy microphone signal of the
complete utterance with T,; samples at the m-th microphone can be written as

/.

. , , T T, . ’
Ym = |U1m  Jom - y:rd,m} ER =%, + 11, (2.2)
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with %,, and n,, denoting the speech and noise vectors, respectively. For binau-
ral configurations, the microphone indices are partitioned between devices, with
indices m € {1,..., M} } corresponding to the left device and m € {M+1,..., M}
corresponding to the right device.

2.1.2 STFT-Domain Representation

To leverage the distinct spectro-temporal characteristics of speech and noise (Sec-
tion 1.1.5), we transform the time-domain signals to a time-frequency representation
using the STFT. The STFT segments the time-domain signal g, , ., into overlapping
frames of length N; samples and applies a tapered analysis window 1, ,, such as the

vHann window, to reduce spectral leakage. The discrete Fourier transform of each
windowed frame yields complex-valued time-frequency coeflicients as

Ny—1

Uit = O Uerottgmtls, exp (—j27ftq/Ny) € C, (2.3)
ty=0

where f denotes the frequency bin index, ¢ denotes the time frame index, and
T, denotes the frame shift in samples. Due to the conjugate symmetry of the
Fourier transform of real-valued signals, we only need to process frequency bins
f€{0,...,|N;/2]}, corresponding to positive frequencies up to the Nyquist fre-
quency. The frame shift T determines the overlap between adjacent frames, with
smaller values providing higher temporal correlation (Fig. 1.4) and temporal resolu-
tion at the cost of increased computational requirements. In the STFT domain, (2.1)
can be written as

yf,t,m = ‘rf,t,m+nf,t,7rz7 me {L‘”?M}? (24)

where 2, ., and ns ,,, denote the speech and noise STFT coefficients, respectively.
Since each frequency bin is processed independently, we omit the frequency index
f in the remainder of this thesis for brevity, except when explicitly required.

2.1.3  Multi-Microphone Signal Model

To leverage both spatial information available from multiple microphones, we define
the noisy multi-microphone vector y, as

T < - M
Vo=lps o won] =% R eCY (2.5)

where ' denotes the transpose operator, and X, and n, denote the multi-microphone
speech and noise vectors, respectively.

TARGET SPEECH COMPONENT The relationship between the source signal—
as uttered by the target speaker—and the speech components at all microphones
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can be modeled using multiplicative ATFs. We can express the multi-microphone
speech vector X, as

b
Xp=| 1 | s = b,s,, (2.6)

by v

where s, denotes the source signal and b, denotes the (frequency- and time-
dependent) ATF vector between the speech source and each microphone. The model
in (2.6) assumes fully correlated speech components across microphones, which is a
valid assumption if the STFT frame length is long enough to capture all propaga-
tion effects, such as delays, attenuation, reflections, and diffraction. To account for
modeling errors that arise if the STFT frame length is not long enough to capture
all propagation effects, (2.6) can be extended to include both a spatially correlated
speech component and a spatially uncorrelated speech component as

~/
+ X, , (2.7)
correlated  uncorrelated

where X%, denotes the spatially uncorrelated speech vector. Since many multi-
microphone speech enhancement algorithms employ rather long STFT frames that
indeed capture a sufficient fraction of propagation effects, the spatially uncorrelated
speech vector is often neglected, leading back to the model in (2.6). However, if the
STFT frame length is too short to capture a sufficient fraction of propagation ef-
fects, model errors may increase, and a convolutive ATF model may be preferred
instead [5], [24].

To avoid the inclusion of the source signal s; in the model in (2.6), RTFs can be
used. RTFs model the relationship between the speech components at a reference
microphone and all other microphones. The RTF between the reference microphone
with index 7 € {1,..., M} and the m-th microphone is defined as

* T -
T E (xt7mxt,r) _ em@az,ter

%m:EO%ﬁ)_ P (2.8)

where E(-) denotes the expectation operator, €, € {0, l}M denotes a spatial selec-
tion vector with a 1 at the position corresponding to the m-th microphone and 0
elsewhere, h; . = 1 by definition, and ¢, , = E(|mt7,4|2) denotes the speech PSD at
the reference microphone. Using RTFs, we can express the multi-microphone speech
vector as

I
hy
~ . e
X, = : ry, =hixy,, (2.9)
i
t,M

where h] € CM denotes the RTF vector for reference microphone 7. Substitut-
ing (2.9) in (2.5), we obtain the multi-microphone signal model

v, =hiz,, +n, (2.10)
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SPATIAL COVARIANCE MATRICES To capture spatial correlations (across mi-
crophones), we define the noisy SCM &, , as

$,,= E (yty?) e CMxM (2.11)

where §, is the multi-microphone vector defined in (2.5) and -"' denotes the Hermi-
tian transpose operator. Assuming statistical independence between the speech and
noise components, ®, , can be decomposed as

(I’ ézﬂf + i’n,h (212)

yt =
where &, ; = E(x,%") and @, = E(i,n') denote the speech and noise SCMs,
respectively. Using the RTF model for the multi-microphone speech vector in (2.9),
the speech SCM can alternatively be written as a rank-1 matrix, i.e.,

®,, = ¢;,tBZB:7H- (2.13)

Correspondingly, the RTF can be written using the speech SCM as

§ ® e
= (Z,:te”. (2.14)
x,t

Furthermore, the speech PSD ¢;7t at the r-th microphone can be written using the
speech SCM as

¢; R T'i,x €. (215)
12

Finally, using (2.13), the noisy SCM in (2.12) can be written as

¢p byt + @, (2.16)

yt—

2.1.4  Multi-Frame Signal Model

To leverage the temporal correlations inherent in speech signals, we extend our
signal model to incorporate multiple consecutive time frames. For each microphone
m, we construct an N-dimensional noisy multi-frame vector containing the current
time frame and N — 1 previous time frames, i.e.,

_ T - — N
Ytm = \Ytm - yt7N+1,m:| = Xgm + 0y, € € (2.17)

where %, ,,, and n, ,, denote the multi-frame speech and noise vectors, respectively.

TARGET SPEECH COMPONENT It was proposed in [3], [45] to decompose the
multi-frame speech vector into a temporally correlated component and a temporally
uncorrelated component w.r.t. the current speech STFT coefficient x, ,. at the r-th
microphone, i.e.,
Xt,m = ﬁ:,mxt,r + X{‘:’m ’ (218)
—— ~~

correlated  uncorrelated
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where )‘cgm denotes the temporally uncorrelated speech vector, and where the speech
temporal correlation vector 7y ,,, € C" describes the correlation between the N most

recent speech STFT coefficients at the m-th microphone and the current speech
STFT coefficient at the r-th microphone z, ,, i.e.,

_r _ E (Xt,mm:m) c CN. (2.19)

¢
" ¢;7t

Due to this normalization, the first element of 'ﬁfm is equal to 1, i.e.,
ey, =1, (2.20)

where e = [10 ... O}T e RY is a temporal selection vector with a 1 at the first
position (corresponding to the current frame) and 0 elsewhere. Hence, the first
element of the uncorrelated component )‘c;"fn is equal to 0, i.e.,

&'z =0. (2.21)

It is important to note that the correlated speech component '_7'{,mxt7,« in (2.18)
contains both the target speech STFT coefficient z; , at the reference microphone
as well as components that are correlated with x,,.. The speech components that
are uncorrelated with x, ., i.e., the elements of )’(Zm, are considered undesired.

The decomposition in (2.18) is mathematically similar to the decomposition in (2.7).
However, a key distinction is how the uncorrelated component is handled in multi-
microphone and multi-frame approaches. In multi-microphone approaches, the spa-
tially uncorrelated speech vector X;,, in (2.7) is typically neglected, as the STFT
frame length is long enough to capture a sufficient fraction of propagation effects. In
contrast, in multi-frame approaches, a short STFT frame length is typically chosen
to effectively exploit temporal speech correlation (Section 1.1.1), and the uncorre-
lated speech vector X; , in (2.18) is retained.

Substituting (2.18) in (2.17), we obtain the multi-frame signal model

yt = ﬁ:,mxt,r + ig:m + ﬁt7 (222)
N——

_ar
_'lt,m

where the multi-frame interference vector ﬂ;m contains both the uncorrelated speech
component and the noise component.

TEMPORAL COVARIANCE MATRICES To capture temporal correlations
(across time frames), we define the noisy TCM @, ,,, at the m-th microphone
as

éy,t,m = E (yt,mygm) € CNXN? (223)
where y; ,, is the multi-frame vector defined in (2.17). Assuming statistical inde-
pendence between speech and noise, (i>y,t,m can be decomposed as

(I)y,tﬂn = éI,tﬂn + (in,t,ma (224)
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where <i>x7t,m = E()‘(tym)‘(:!m) and ‘i’n,t,m = E(ﬁt’mﬁgm) denote the speech and noise
TCMs at the m-th microphone, respectively. Using the multi-frame speech vector
decomposition in (2.18), the speech TCM can be written as

x m _r _r H T
q’z,t,m = d)a:,t’)lt,m(’Yt,m) + (I’:cl,t,mﬂ (225)

where ®, , = E()‘(?mifn':) denotes the TCM of the uncorrelated speech compo-

nent.

,m

Similarly as in (2.15), the speech PSD at the m-th microphone d);’ft can be written
using the speech TCM as -
(bz,bt = éT@fc,Lmé' (226)

Because the first element of the uncorrelated speech vector in (2.21) is equal to
0, the first column and the first row of ®!,, = E()’cgm)’c/r’H) are also equal to 0.

t,m

Consequently, the speech TCV can be written using the speech TCM as

D, ..€
i = — (2.27)
(bm,t

Finally, using (2.25), the noisy TCM in (2.24) can be written as

m —m —m \H m x
(}y,t,m = (z):r,t'yt,m(’)lt,m) + q)z' t.m + q’n,t,ma (228)
—_————

sbs

&
cEi,t,m

with the interference TCM ®; , ,, = E(I:miz,'jl)

2.1.5  Multi-Microphone, Multi-Frame Signal Model

To leverage both the spatial information available from multiple microphones and
the temporal correlations inherent in speech signals, we define the multi-microphone
multi-frame vector y, € CMY as

.
Yi=|yi1 - yI’M] =x, +1n,, (2.29)

where x,; and n, denote the multi-microphone multi-frame speech and noise vectors,
respectively. Hence, the vector y, concatenates the multi-frame vectors from all M
microphones.

Using the RTF vector from (2.9), the multi-frame speech vector at the m-th micro-
phone can be written using the speech component at the reference microphone ;.
as
T
xt,m ht,mxt,r
xtfl,m hzfl,mztfl,r

Xim = ] = ) . (2.30)

T
Lt—N+1,m ht—N-i-l,mxt—N-i-l,r
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Assuming  that the RTFs are constant over N  frames (i.e.,
R s hi—1ms > hi—N11.m are equal), the multi-frame speech vector in (2.30) can
be written as [3], [47]

)_(t,m, = h;‘,mit,r' (231)

Without loss of generality, we select the first microphone as the reference microphone
(r = 1). The multi-microphone multi-frame speech vector can then be modeled as

X1 X1
— 1 —
Xt,2 hi 2%y 1 1
Xt - '/ - ’ . ’ - ht ® Xt,17 (2.32)
_ R
X¢, M t,MXt,1

where ® denotes the Kronecker product.

SPEECH COMPONENT DECOMPOSITION Similarly to the multi-frame decom-
position in (2.18), the multi-microphone multi-frame speech vector x; can be de-
composed into a spatio-temporally correlated component and a spatio-temporally
uncorrelated component with respect to the current speech STFT coefficient at the
r-th microphone, i.e.,
Xy = 7;'7;7&,7“ + X;T ) (233)

——

correlated  uncorrelated
where x;” denotes the spatio-temporally uncorrelated speech vector and the speech
STCV «; describes the correlation between the N most recent speech STFT co-
efficients at each microphone and the current speech STFT coefficient at the r-th
microphone. The speech STCV is defined as

r_ E(thr,r) . E(th’z,r) CcMN

Y = - € , 2.34
CUE(e, ) .

and it depends on both the temporal correlation, which is highly time-varying, and
the spatial correlation, which is typically less time-varying. To separate the spatial
dependence from the temporal dependence, we can substitute the Kronecker product
factorization of x; in (2.32) into the definition of the STCV in (2.34), i.e.,

(G (2.35)
Yt = T :
‘ ¢3:,t
. E(%, 2
:hf?@(’zfx”). (2.36)
x,t

Using the definition of the speech TCV in (2.19), (2.35) can hence be written as

v =h; @7, (2.37)
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i.e., the speech STCV can be decomposed into the Kronecker product of the RTF
vector and the speech TCV.

Due to the normalization with the speech PSD in (2.34), the element of the speech
STCV corresponding to the current frame at the r-th microphone is equal to 1, i.e.,

elyi =1, (2.38)

where e, € {0, I}MN is a spatio-temporal selection vector with a 1 at the position
corresponding to the current frame of the r-th microphone and 0 elsewhere. Hence,
the corresponding element of x;” in (2.33) is equal to 0, i.e.,

elx" = 0. (2.39)

Similarly as for the temporal signal model, the spatio-temporally correlated speech
component y;z;,. in (2.33) contains both the target speech STFT coefficient x, ,.
at the reference microphone as well as components that are correlated with x, ,.
The speech components that are uncorrelated with z, ,, i.e., the elements of x;",
are again considered undesired. Substituting (2.33) into (2.29), we obtain the multi-
microphone multi-frame signal model

Vi =YiTp, + x; +n, (2.40)
——

o
1t

where the multi-microphone multi-frame interference vector i; contains both the
spatio-temporally uncorrelated speech component and the noise component.

SPATIO-TEMPORAL COVARIANCE MATRICES To capture both spatial and
temporal correlations, we define the noisy STCM @, , as

®,,=F (yty?) e CMNxMN. (2.41)

where y, is the multi-microphone multi-frame vector defined in (2.29). Again, as-
suming statistical independence between speech and noise, ®,, ;, can be decomposed
as

P P, +®P, (2.42)

Yt =

where ®, , = E(x,x}) and ®,, = E(n,n}'") denote the speech and noise STCMs,
respectively. Using the decomposition in (2.33), the speech STCM can be written
as
T rH
Q.= viYe TR, (2.43)

where @/, = E(xfxff’H) denotes the STCM of the spatio-temporally uncorrelated
speech component. Similarly as in (2.15) and (2.26), the speech PSD at the r-th
microphone ¢;, , can be written using the speech STCM as

¢;,t = eI(I)w,ter' (244)
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Because the first element of the spatio-temporally uncorrelated speech vector
in (2.39) is equal to 0, the column and row of @;/’t,m = E(xfmxﬁs) corresponding
to the current frame at the r-th microphone are also equal to 0. Consequently, the

speech STCV can be written using the speech STCM as

Qa:,ter

T
vy = ——. 2.45
f= (2.45)
Finally, using (2.43), the noisy STCM can be written as
®, ;= ¢;,t’71’7’:’H + ‘I);’,t + P, (2.46)
—_——
=3q>:,t

with the interference STCM @7, = E(iri; ™).

Overall, the multi-microphone signal model and the multi-frame signal model can be
seen as special cases of the multi-microphone multi-frame signal model with either
N =1 or M =1, respectively.

FILTERING AND SUMMING Many multi-microphone speech enhancement algo-
rithms estimate the target speech component at a reference microphone by filtering
and summing all available microphone signals. For the (monaural) multi-microphone
case, the estimated speech component at a single reference microphone r is obtained
as

i‘\t r = W:’Hyta (247)

)

where the spatial filter w; € CM is defined similarly to the multi-microphone vector

n (2.5). While the theoretical performance of such algorithms is often independent
of reference microphone selection, estimation errors can significantly impact speech
enhancement performance in practice [181], especially in scenarios where the micro-
phones are spatially separated.

For the multi-frame case, the estimated speech component at the r-th microphone
is obtained as

~ _rH_

xt,r = w: yt,ra (248)
where the temporal filter w; € C" is defined similarly to the multi-frame vector
in (2.17).

Finally, for the multi-microphone multi-frame case, the estimated speech component
at the r-th microphone is obtained as

~ H
Ty, =W Vi, (2.49)

)

where the spatio-temporal filter w; € CMN is defined similarly to the multi-
microphone multi-frame vector in (2.29).

For consistency, we will use the terms “spatial filter”, “temporal filter”, and “spatio-
temporal filter” in the remainder of this thesis to distinguish between filters based on
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Yt,Mr+1 Yt,M
target speech
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Wi Yt >

LH
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Tt,L

noise

Yt Yt, My,

Figure 2.1: Binaural processing scheme, estimating the target speech component at the
left and the right hearing device by filtering all available microphone signals.

the multi-microphone signal model in (2.47), the multi-frame signal model in (2.48),
and the multi-microphone multi-frame signal model in (2.49), respectively, and we
reserve the term “beamformer” for steerable spatial filters such as the MVDR beam-
former.

2.1.6 Binaural Extension

In contrast to monaural speech enhancement algorithms, binaural speech enhance-
ment algorithms estimate the target speech components at both hearing devices
(Fig. 2.1). More in particular, in the case of spatio-temporal filters, the target speech
components are estimated using wy € CYV (for the left device) and wit e cMN
(for the right device), i.e.,

~ LH ~ _ o RH
Ty =W Yo Ty R=Wi Y (2.50)

where, without loss of generality, the left device reference microphone has been
chosen as L = 1, the right device reference microphone has been chosen as R =
M; +1, and the filters WtL,m and wf’m are defined similarly as in (2.29). In principle,
using hearing devices on both ears can generate an important advantage, both from
a signal processing perspective, since all microphone signals from both devices can
be used, as well as from a perceptual perspective, since interaural cues can be
exploited by the auditory system [5], [25]. An important distinction exists between
bilateral systems, where both devices operate independently, and binaural systems,
where microphone signals from both devices are processed and combined in each
device.

The decomposition in (2.33) can be carried out for both reference microphones
(m =L and m = R), i.e.,

L /L
Xy =Yt Ty, + Xy (2.51)

R 'R
=% Te,R T X¢

where 'ytL and 'yf‘ are the left and right speech STCVs, respectively, and x;L and
xiR are the corresponding uncorrelated speech components.
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Using (2.51), the noisy multi-microphone multi-frame vector can be written with
respect to either the left or right reference microphone, i.e.,

yi = ’Y:ls/l’t,u + X;V +n,, ve{L R} (2.52)
——

_ v
=:i;

where i; denotes the interference vector for the left (v = L) or right (v = R) device.
The noisy STCM @, ; can then be decomposed w.r.t. either reference microphone,
ie.,

®,, =0, v+ @ +®,, ve{L R} (2.53)
N————

v
:q’i,t

It is important to note that, in general, the speech PSDs (¢, ;), the speech STCVs
(7¢), the uncorrelated speech STCMs (@, ), and the interference STCMs (®;;)
are different for the left and right hearing devices.

Figure 2.2 illustrates the structure of the speech STCM @, , for three different
frequencies (500 Hz, 1000 Hz, and 2000 Hz) in a binaural setup with one microphone
on each hearing device (M = Mg = 1) and three time frames (N = 3), computed
using the oracle speech component and an STFT configuration with 8 ms frame
length, 2 ms frame shift, and a vHann window. The matrix ®, , can be partitioned
into the submatrices @f% and @f? , containing only spatio-temporal correlations
of the speech component at the left and right hearing device, respectively, and the
submatrix @f? containing spatio-temporal correlations between the contralateral
microphones. As the speaker in the depicted scenario is positioned on the right
side of the listener, the submatrix @ﬁf is characterized by larger (co-)variance
values than the other submatrices. Furthermore, the high temporal correlation of
the speech component already discussed in Section 1.1.1 is evident in each of the
submatrices.

2.2 Objective Performance Metrics

While subjective listening tests remain the gold standard for evaluating the per-
formance of speech enhancement algorithms, they are time-consuming, costly, and
require careful control of experimental conditions. Consequently, objective perfor-
mance metrics that can reliably predict the outcome of subjective listening tests
are highly desirable. These metrics can be broadly categorized into those that as-
sess speech quality, speech intelligibility, or—particularly in the context of binaural
speech enhancement—binaural cue preservation. Speech quality refers to the over-
all pleasantness and naturalness of the speech signal, whereas speech intelligibility
refers to the accuracy with which the linguistic content of the speech can be under-
stood. As highlighted in [14], these two aspects, while often correlated, are distinct
and may be affected differently by different types of signal degradations or algo-
rithms, especially in the context of highly nonlinear processing often associated
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Figure 2.2: Magnitude of speech STCM @, , with hearing device-partitioning for three
frequencies (500 Hz, 1000 Hz, and 2000 Hz), averaged across an utterance in a
binaural setup with one microphone on each hearing device (M = Mg = 1)
and three time frames (N = 3), with the target source positioned on the
right side of the listener (at an angle of —85°), computed using an STFT
configuration with 8 ms frame length, 2 ms frame shift, and a v Hann window.

with learning-based approaches. In this section, we present the set of objective met-
rics used in this thesis to evaluate the performance of both monaural and binaural
speech enhancement algorithms, encompassing metrics for

e speech quality: scale-invariant signal-to-distortion ratio (SI-SDR), perceptual
evaluation of speech quality (PESQ), hearing aid speech quality and speech
intelligibility index (HASQI), Deep Noise Suppression Mean Opinion Score
(DNSMOS)

e speech intelligibility: short-time objective intelligibility (STOI), hearing aid
speech perception index (HASPI)

e binaural cue preservation: interaural level difference (ILD), interaural phase
difference (IPD)

e computational complexity: real-time factor (RF), multiply-accumulate opera-
tions per second (MACS), number of trainable parameters

2.2.1 Speech Quality

SI-sDR  The scale-invariant signal-to-distortion ratio is a widely used intrusive
metric for evaluating the performance of speech enhancement and source separa-
tion algorithms [141]. “Intrusive” metrics require both a clean reference signal and
the corresponding degraded (e.g., noisy) or processed signal (termed “estimated sig-
nal” in the following). Due to its good trade-off between simplicity and resulting
speech enhancement performance, it has also been popular as a loss function for
training algorithms. Unlike the signal-to-distortion ratio implemented in the pop-
ular BSS_eval toolbox [182], SI-SDR addresses issues related to the handling of
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scaling and filtering. Specifically, SI-SDR considers the orthogonal projection of the
estimated signal onto the reference signal in the time-domain, ensuring that the
metric is invariant to the scaling of the estimated signal relative to the reference
signal. This is achieved by scaling the target such that the distance to the estimate
is minimized, i.e.,

112 o1
SLSDR = 1010g,, | X | 4 = XX (2.54)

~12 ’ 27
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where % and % denote the reference signal and the estimated signal after inverse
STFT processing in the time domain, defined similarly as in (2.2). SI-SDR’s ro-
bustness to scaling discrepancies makes it particularly valuable in scenarios where
output levels may vary and these variations do not impact performance. However,
in scenarios where scaling discrepancies do matter (such as in hearing device ap-
plication), SI-SDR may not be appropriate. Furthermore, as SI-SDR is considered
a “waveform-matching” metric, even small phase differences between the reference
and estimated signals may yield extremely low values, which does not match human
perception. Hence, the SI-SDR, should be used with caution for algorithms that can
modify the phase, especially in reverberant scenarios [138], [140].

PESQ PESQ is an intrusive metric designed to predict the perceived quality of
speech as perceived by human listeners [183]. It was developed to address a wide
range of network conditions, including those with variable delay, packet loss, dif-
ferent codec types, and background noise. The PESQ algorithm normalizes the ref-
erence and estimated signals, models a standard telephone handset using an input
filter, time-aligns the signals, and processes them through an auditory transform.
The metric accounts for effects such as filtering, additive noise, and time warping.
It does so by calculating a disturbance parameter, which represents the audible
error between the reference and estimated signals. The disturbance parameter is
then mapped to a Mean Opinion Score (MOS) through a cognitive model, provid-
ing a prediction of perceived speech quality and speech intelligibility. PESQ was
adopted as the ITU-T recommendation P.862 (and its wideband extension P.862.1)
and is particularly valuable for evaluating speech quality and speech intelligibility in
telecommunication systems, but is less suitable for evaluating distortions resulting
from speech enhancement algorithms. Although officially replaced by perceptual ob-
jective listening quality assessment (POLQA) [184] as the ITU-T recommendation
P.863, PESQ is still widely used, in part due to the ease of accessibility. For exam-
ple, the pesq Python pabckabge1 includes two narrowband variants and the wideband
variant, but the specific variant that was used is often not reported in the literature,
creating some confusion about the exact scores.

1 Available at https://pypi.org/project/pesq/.
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HASQI The hearing aid speech quality and speech intelligibility index (HASQI)
is an intrusive metric designed to predict the perceived quality of speech processed
by hearing devices, applicable to both normal-hearing and hearing-impaired listen-
ers [185]. The index is based on a model of the auditory periphery that simulates the
changes caused by hearing impairment, including factors such as reduced audibility,
broadened auditory filters, and reduced dynamic range compression. HASQI version
2 combines measures of changes in the signal envelope, temporal fine structure, and
long-term spectrum. The model computes a nonlinear term, which is sensitive to
noise and nonlinear distortion, and a linear term, which is sensitive to long-term
spectral changes. This approach allows HASQI to account for a wide variety of signal
degradations, including those commonly encountered in hearing device processing,
such as frequency compression, noise reduction, and feedback cancellation.

DNSMOS DNSMOS is a non-intrusive metric designed to evaluate the perceptual
quality of speech, particularly for speech processed by speech enhancement algo-
rithms [149]. Unlike most metrics, which are typically intrusive, DNSMOS does not
need a reference signal, making it suitable for evaluating real-world recordings where
clean reference signals are typically unavailable. DNSMOS was initially trained us-
ing subjective quality ratings obtained through the ITU-T Rec. P.808 methodology,
which specifies a standardized procedure for conducting online subjective listening
tests to assess speech quality and speech intelligibility. The metric employs a DNN,
with the log power spectrogram of the evaluated signal as the input feature. The
original DNSMOS metric [149] provided an overall quality score. In [150], DNSMOS
was extended to predict the quality of speech (SIG), background noise (BAK), and
overall quality (OVRL) separately, following the ITU-T Rec. P.835 subjective eval-
uation framework. The resulting DNSMOS P.835 has shown high correlation with
human ratings, achieving a Pearson’s correlation coefficient of » = 0.94 for SIG and
r = 0.98 for BAK and OVRL.

2.2.2  Speech Intelligibility

sTo1 STOI is an intrusive metric designed to predict the intelligibility of noisy
speech, including speech processed by algorithms that apply time-frequency weight-
ing [186]. The metric evaluates intelligibility in short-time segments (approximately
400 ms) and then averages these segment-based scores to obtain an overall intelligi-
bility score. It utilizes an STFT for time-frequency analysis, groups frequency bins
into one-third octave bands, and calculates an intermediate intelligibility metric for
each time-frequency bin. The intermediate intelligibility metric is derived from the
linear correlation coefficient between the reference and estimated time-frequency
bins. The model has shown high correlation (r = 0.95) with subjective intelligibility
scores for both noisy and time-frequency weighted noisy speech.

HASPI The hearing aid speech perception index (HASPI) is an intrusive metric
designed to predict the intelligibility of speech processed by hearing devices, ap-



2.2 OBJECTIVE PERFORMANCE METRICS

plicable to both normal-hearing and hearing-impaired listeners [187]. Similarly as
HASQI, HASPI is based on a model of the auditory periphery that simulates the
changes caused by hearing impairment, including factors such as reduced audibility,
broadened auditory filters, and reduced dynamic range compression. HASPI com-
pares the time-frequency envelope and temporal fine structure of an estimated signal
to a reference signal. The original HASPI version 1 uses a combination of low-pass
filtered envelope and temporal fine structure data, along with a parametric model,
to estimate intelligibility. HASPI version 2 introduces two key modifications: First,
it replaces the low-pass envelope filter and temporal fine structure analysis with an
envelope modulation filterbank to better capture a wider range of modulation rates
relevant to speech intelligibility. Second, it uses an ensemble of DNNs instead of
a parametric model to combine envelope and temporal fine structure information
before mapping it to intelligibility scores. The revised HASPI version 2 has shown
improved accuracy compared to version 1 for various degradations including noise,
nonlinear distortion, frequency compression, noise reduction, vocoded speech, and
reverberation.

2.2.3 Binaural Cue Preservation

ILD AND IPD Interaural level differences (ILDs) and interaural phase differences
(IPDs) provide cues about sound sources, aiding the human auditory system in
source localization, improving speech intelligibility in noisy environments, and pro-
viding spatial awareness. Preserving these cues in the output signals is hence crucial
for binaural speech enhancement algorithms. To evaluate binaural cue preservation,
we consider the ILD and IPD errors between the output signals and the target
speech components of the input signals. We use the ILD and IPD errors defined
in [188], where both errors are computed only in STFT bins with active speech.
The ILD error is defined as

F T
1 .
AILD = — > Y My ILDGY — ILDY, |, (2.55)
f=1t=1

where M, denotes an ideal binary mask indicating STFT bins with active speech
computed from the target speech components (see [188] for more details), and A =
ij ST M 7+ denotes the number of STFT bins with active speech. The ILDs
between the output signals and the ILDs between the target speech components of
the input signals are defined as

~ 2 2
ILD}Y = 7‘?‘ L ILDY, = el “'2. (2.56)
Tyt.Rl |11, R]
Similarly, the IPD error is defined as
1 F T )
AIPD = - 3 > " M [IPDF — IPDY, |, (2.57)

f=1t=1
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where the IPDs between the output signals and the IPDs between the target speech
components of the input signals are defined as

z : x
IPDYY = / <Af”) , IPDY}, =2 (“L> : (2.58)
TfiR TreR

Note that these ILD and IPD errors deviate from traditional definitions, which
typically consider the shadow-filtered speech components (WLy’tfo,t and W?’;Hxﬁt)
instead of the estimated speech components [56]. The definitions in (2.55) and (2.57)
allow the evaluation even for algorithms that perform non-linear processing of the
input signals such as the binaural Conv-TasNet algorithm [189] (which serves as a
baseline algorithm in this thesis).

Furthermore, it should be noted that these metrics may provide an indication of
the cue preservation performance of an algorithm but conclusions drawn from these
metrics should be interpreted cautiously, since these metrics do not include a model
of the human auditory system. Hence, the relationship between differences in these
metrics and the resulting perceptual impact may not be straightforward [190].

2.2.4  Computational Complexity

Computational complexity metrics are essential for assessing the feasibility of imple-
menting speech enhancement algorithms on real-time, resource-constrained devices,
such as hearing devices. These devices often have limited processing power, memory,
and battery life, making computational complexity a critical consideration. An al-
gorithm that provides excellent enhancement performance but has excessive compu-
tational demands may be unsuitable for real-time, on-device processing. Similarly
to the binaural cue preservation metrics, the following considered computational
complexity metrics may indicate differences between algorithms, but the practical
suitability of an algorithm in a specific setting is ultimately determined by the
algorithm’s exact on-device implementation.

RF The real-time factor (RF) measures the time taken by an algorithm to pro-
cess a signal relative to the duration of that signal. For real-time applications, the
RF must be less than or equal to 1 to ensure that the output can be generated
continuously without introducing delays. An RF greater than 1 indicates that the
implementation cannot keep up with the incoming audio stream in real-time, lead-
ing to either output discontinuities or a constantly growing backlog of unprocessed
data. However, the observed RF strongly depends on the hardware it is measured
on, so it is crucial to measure it on target hardware.

FLOPS In contrast to the RF, floating point operations per second (FLOPS) is a
measure of the number of arithmetic operations required to process a signal of length
1s (including additions, subtractions, multiplications, and divisions), which makes
it less dependent on the used hardware. However, a certain dependence persists
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due to the availability of different implementations for different devices (such as
CPU-optimized vs. GPU-optimized implementations).

NUMBER OF TRAINABLE WEIGHTS An important reason for the impressive
representation capacity of DNNs originates from the large number of trainable
Weight52 they can have, especially compared to purely model-based algorithms.
However, a model with more trainable weights will require more memory for stor-
age and inference, which can be a limiting factor for small devices like hearing
devices. Furthermore, the number of weights often correlates with the number of
FLOPS. Therefore, a model with fewer trainable weights is generally preferred for
resource-constrained applications, as it will likely have lower memory and processing
requirements. It should be noted that the relation between the number of trainable
weights and the number of computations strongly depends on the employed DNN
architecture. For instance, CNNs typically re-use their weights often, leading to
more computations per trainable weight than fully connected networks, which use
each weight only once.

2 We include both trainable weights and biases under the term “trainable weights” to avoid confusion
with the term “parameter” used in the context of model-based approaches.
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SPEECH ENHANCEMENT ALGORITHMS

In this chapter, we review the speech enhancement algorithms used throughout this
thesis, categorized into model-based, learning-based, and hybrid speech enhance-
ment algorithms. Section 3.1.1 introduces two model-based optimal filters, namely
the spatio-temporal MVDR filter and the spatio-temporal Wiener filter, which are
designed to exploit both spatial and temporal correlations of the speech and noise
components. As special cases of the spatio-temporal MVDR filter with either a single
time frame or a single microphone, Section 3.1.2 introduces the temporal MVDR
filter and the MVDR beamformer; and as a special case of the spatio-temporal
Wiener filter with a single time frame, Section 3.1.3 introduces the binaural spa-
tial Wiener filter. Section 3.2 reviews two learning-based speech enhancement al-
gorithms, namely the deep filter algorithm and the Conv-TasNet algorithm, which
serve as baseline speech enhancement algorithms in this thesis. Section 3.3 reviews a
hybrid speech enhancement algorithm, namely the mask-based MVDR, beamformer
with attention-based spatial covariance matrix aggregator (ASA), which can adapt
to dynamic acoustic scenarios.

3.1 Model-Based Speech Enhancement Algorithms
3.1.1 Spatio-Temporal Filters

By combining the benefits of spatial filtering (which exploits the spatial characteris-
tics of the acoustic scenario, Section 1.1.3) and temporal filtering (which exploits the
temporal correlation of the speech and noise components, Sections 1.1.1 and 1.1.2),
spatio-temporal filters can achieve better speech enhancement performance com-
pared to purely spatial or purely temporal filters. In this section, we introduce the
spatio-temporal MVDR filter and the STWF, both of which operate on the multi-
microphone multi-frame signal vector y, defined in (2.29) to estimate the speech
component at the reference microphone.
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3.1.1.1  Spatio-Temporal MVDR Filter

The spatio-temporal MVDR, filter minimizes the output interference PSD while
preserving the spatio-temporally correlated speech component at the reference mi-
crophone with index r [3], [47]. The constrained optimization problem for the spatio-
temporal filter vector wy in (2.49) is given by

MVDR, . He |2 . H
wiVPRT — aremin E (|W: it | ) subject to ;" X; = x4 .. (3.1)

With the noisy STCM in (2.46), the spatio-temporal MVDR filter [5], [24], [191] is
given by

ry—1 _r
Wi\/IVDR,r: (i,t) Tt 3 2)
—_— - .
ot (®F)

Hence, to implement the spatio-temporal MVDR filter in (3.2), estimates of the
inverse interference STCM ( ;,t)*1 and the speech STCV ~; are required.

3.1.1.2  Spatio-Temporal Wiener Filter

The spatio-temporal Wiener filter (STWF) minimizes the MSE between the output
signal and the target speech component at the reference microphone with index r [3].
The optimization problem for the spatio-temporal filter vector wy ' in (2.49) is

given by
2
3.3
) (33

r,H
Ty — W ¥y

WF,r .
W, = argminE
i
Wi

yielding

w, T =B, 1®, e, (3.4)

Hence, to implement the STWF, estimates of the inverse noisy STCM &, 1 and the
speech STCM @, , are required.

Using (2.46) and the matrix inversion lemma, it can be easily shown that the STWF
in (3.4) can be decomposed as a spatio-temporal MVDR filter and a real-valued
scalar postfilter [5], [192], i.e.,

r\—1 r
wWEr _ (®5:) Dt (35)
t - r,H P -1 r r r,H & -1 '
Yz ( i,t) Vi Papt Ve ( zt) Yt
spatio-temporal MVDR postfilter

where the spatio-temporal MVDR filter minimizes the output interference PSD
while preserving the spatio-temporal correlation of the speech component, while the
postfilter provides additional noise reduction at the cost of allowing for some speech
distortion (see Section 3.1.1.3). This alternative formulation relies on estimates of
the inverse interference STCM (@f,t)fl, the speech STCV -y, as well as the speech
PSD ¢, ;.
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3.1.1.3  Comparison of Spatio-Temporal MVDR and Wiener Filters

One major advantage of model-based speech enhancement approaches over learning-
based approaches is that their performance can be analytically compared. In this
section, we compare the spatio-temporal MVDR filter in Section 3.1.1.1 and the
STWF in Section 3.1.1.2, in terms of their signal-to-interference ratio (SIR) im-
provement and speech distortion index [3].

SIR IMPROVEMENT The subband input SIR at the reference microphone with
index r is defined as

Du ot
Gifi

iSIR}, = (3.6)

where ¢; ;, = E(|it7f7r|2) denotes the interference PSD at the r-th microphone.
Similarly, the fullband input SIR is defined as

F r
, —1 Pz
iSIR} = 721;—1 vl
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The subband output SIR at the reference microphone with index r is defined as the

ratio of the PSDs of the filtered speech and interference components (with some
filter w},), i.e.,

(3.7)
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and, similarly, the fullband output SIR is defined as
F r r,Hyr |2
r r F Z =1 ¢$;f7t|w ’,t f;tl
oSIR; ({Wf’t}le) = fF H ! —. (3.10)
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For the spatio-temporal MVDR filter, the subband output SIR is given by
r MVDR,r r r,H r\—1 _r
OSIRf,t(Wf,t ) = d)m,f,tp)/f’t (i’i,t) Yt (311)

which increases with the number of microphones and time frames and which can be
shown to always be equal to or exceed the subband input SIR in (3.6) [3]. Further-
more, the output SIR of the spatio-temporal MVDR filter can be shown to be equal
to the maximum output SIR that is achievable by a spatio-temporal filter V’V}ﬂf that
does not introduce speech distortion.
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Similarly, the fullband output SIR of the spatio-temporal MVDR filter is equal to

F
oSIR} (W§AVDR7T) _ Zf:l Pa 1t (3.12)
,t N . -1 -1’ :
>t Gugt (7?,1& (®i51) Vf,t)

which can be shown to always be equal to or exceed the fullband input SIR in (3.7).
For the STWF, the subband output SIR is given by

T T r T, r -1 r
oSIR} (W?/tF ) = ¢z,f,t7f,|: (®ire)  Yre (3.13)
— oSIR, (W}, (3.14)

i.e., the subband output SIRs of the spatio-temporal MVDR filter and the STWF
are equal. The fullband output SIR of the STWF is equal to

F o r (V;ﬁ(‘ﬂﬁf,t)fl"f;l':
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which can be shown to always be equal to or exceed the fullband output SIR of the
spatio-temporal MVDR filter in (3.12).

SPEECH DISTORTION INDEX The subband speech distortion index (SDI) at
the reference microphone with index r is defined as the ratio of the power of the
difference between the filtered speech component and the target speech component
as well as the speech PSD, i.e.,

~ rH 2
E (\Wf,txf,t Tt

) (3.16)

SDI;,t(VVV;,t) = T
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with lower values denoting less speech distortion.
Similarly, the fullband SDI is defined as
ZF, E (|VVV7‘,H5< — |2)
F f=1 fit fot fitr
SDIy ({W},},_,) = — : (3.18)
/=t Zf:l ¢w,f,t
Plugging (3.2) in (3.16) yields the subband SDI of the spatio-temporal MVDR filter
SDI} ,(why P =0, (3.19)

meaning that the spatio-temporal MVDR filter does not distort the target speech
signal (due to the distortionless response constraint w}’?xﬁt = T, in (3.1)).
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Consequently, also the fullband SDI of the spatio-temporal MVDR filter is equal to
0.

Plugging (3.4) in (3.16) yields the subband SDI of the STWF

1
SDI} ,(wy ") = 5 >0, (3.20)
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i.e., the STWF introduces speech distortion, which however decreases with an in-
creasing number of microphones and time frames. The fullband output SDI of the
STWF is equal to

F r r,H r -1 r —2
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In summary, both the spatio-temporal MVDR filter and the STWF yield the same
subband SIR improvement, with more microphones and time frames generally yield-
ing a better performance. Comparing the STWF and the spatio-temporal MVDR
filter, the STWF provides additional fullband SIRs improvement at the cost of
introducing speech distortion.

3.1.2 MVDR Beamformer and Temporal MVDR Filter

The MVDR beamformer and the temporal MVDR filter can be derived as special
cases of the spatio-temporal MVDR filter in Section 3.1.1.1, addressing either the
spatial estimation problem in (2.47) (i.e., setting N = 1) or the temporal estimation
problem in (2.48) (i.e., setting M = 1).

3.1.2.1 MVDR Beamformer

As mentioned before, spatial filters often neglect the spatially uncorrelated speech
vector in (2.7), opting instead to use the simplified speech vector in (2.6), such
that the interference component consists of only the noise component. The MVDR
beamformer minimizes the output noise PSD while preserving the target speech
component at the reference microphone with index r [5], [24], [191]. The constrained
optimization problem for the spatial filter vector w; in (2.47) is given by
wyVPRT — aremin E (|v”vtr’Hf1t|2) subject to W, "'x, = . (3.22)

t

With the noisy SCM in (2.16), the MVDR beamformer [5], [24], [191] is given by

& 'n;
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Hence, to implement the MVDR beamformer, estimates of the inverse noise SCM
@;’i and the RTF vector hy of the target speech component are required.

Assuming that the speech covariance matrix is of rank 1 as in (2.13), the MVDR
beamformer can be written as [3], [193]

b 1d, e,
W}f\/IVDRm _ n,tv 11,th ) (324)
trace (tIJ;,t <I>I7t)

This alternative formulation, often used ip mask-based MVDR beamformers [163],

replaces the need to estimate the RTF h; with the need to estimate the speech

SCM <I>w + (which can be seen as an estimation problem of similar difficulty, since
®, , depends on both h} and qbac ., with the scaling introduced by ¢., + canceling out
(3 24)).

3.1.2.2  Temporal MVDR Filter

As mentioned in Section 1.1.1, speech and noise signals exhibits distinct spectro-
temporal patterns that can be exploited by multi-frame approaches, resulting in
the potential to reduce noise without introducing any speech distortion. The tem-
poral MVDR filter minimizes the output interference PSD while preserving the
target speech component at the reference microphone with index r [3], [45]. The
constrained optimization problem for the temporal filter vector w, in (2.48) is given
by

w VPR — argmin E (\v’v?ibf) subject to v’v?im =Ty, (3.25)

Wy

With the noisy TCM in (2.28), the temporal MVDR filter is given by

T —1_7r
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Hence, to implement the temporal MVDR filter in (3.26), estimates of the inverse
interference TCM (®; , 7n)_1 and the speech TCV 4y . are required.

Since the interference TCM includes both the noise TCM and the (highly time-
varying) uncorrelated speech TCM, its accurate estimation is quite challenging. To
address this issue, the interference TCM has often been replaced either by the noisy
TCM, leading to the multi-frame minimum power distortionless response filter [45],
[53], [194], [195] (which is very sensitive to estimation errors in the speech TCV [54]),
or by the noise TCM, thereby however neglecting the uncorrelated speech vector.
In this simplified case, the constrained optimization problem for the temporal filter
vector w, in (2.48) given by

wy VPR argmin E (|v‘v?ﬁt,r\2> subject to v‘v?iw =T, (3.27)

Wi
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such that the simplified temporal MVDR filter is given by

x —1_r
FMVDR,r _ (‘I’n,t) Yt,r 3 28)
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3.1.2.3  Comparison of Spatial and Temporal MVDR Filters

While the MVDR beamformer in (3.23) and the temporal MVDR filter in (3.26)
share a mathematical resemblance, their corresponding quantities differ significantly.
The temporal MVDR filter can be understood as treating time frames as virtual
microphones. However, this analogy does not recognize the fundamental difference
between the quantities that need to be estimated.

First, the MVDR beamformer relies on estimating the RTF vector, h], which de-
pends on spatial characteristics of the acoustic scenario, including the source po-
sitions, the microphone array geometry, and propagation effects. Importantly, the
RTF is often relatively stationary over short time intervals, particularly in spatially
stationary acoustic scenarios. In contrast, the temporal MVDR filter requires the
estimation of the speech TCV #; ., which depends on the correlation of the speech
component across consecutive time frames. Unlike the RTF vector, the speech TCV
is highly time-varying, which makes accurate estimation of the speech TCV consid-
erably more challenging.

Second, the correlation between the speech STFT coefficients at different micro-
phones is typically strong for coherent sources such as speech, while the correlation
between the speech STFT coefficients in consecutive time frames can vary drasti-
cally and even be relatively weak for some speech sounds such as unvoiced speech.
This difference affects the impact of the spatially uncorrelated speech component
in (2.7) and the temporally uncorrelated speech component in (2.18) on speech
enhancement performance. In the MVDR beamformer, the spatially uncorrelated
speech component (representing, for instance, late reverberation) is often neglected.
While this simplification can introduce some error, it is frequently a reasonable
approximation, especially when the direct path and early reflections are dominant
compared to late reflections [5], [24], and because late reflections do not substan-
tially contribute to speech intelligibility [22]. In contrast, in the temporal MVDR
filter, the temporally uncorrelated speech component is highly non-stationary and
can be considerably large compared to the temporally correlated speech component
(strongly depending on the STFT frame shift).

These differences result in varying sensitivities to estimation errors between the
spatial and temporal MVDR filters. While RTF estimation errors do degrade speech
enhancement performance of the MVDR beamformer, the relative stationarity of
the RTF vector allows for an effective application of mitigation procedures such
as temporal averaging or recursive smoothing. In contrast, the temporal MVDR
filter is much more susceptible to estimation errors due to the high time-variance
of the speech TCV and the interference TCM-despite its potential to achieve large
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noise reduction performance with little speech distortion. Such estimation errors
can manifest themselves as reduced speech enhancement performance and increased
speech distortion (particularly time-varying distortion called musical noise, which
is often even perceived as more disturbing than the original noise) [54].

3.1.3 Binaural Spatial Wiener Filter

In [56], [59] the binaural spatial Wiener filter was proposed, which minimizes the
MSE between the binaural output signals and the target speech components at the
left and right hearing device reference microphones with indices L and R. The opti-
mization problem for the binaural spatial filter vectors VVXVF’L and WXVF’R in (2.50)
is given by

z, ; — whhy ’
J(wi Wity =£q e TS (3.29)
Te,R — Wi Vi|lq
yielding o
w, " =®, 1, e, ve{L R} (3.30)

Hence, to implement the binaural spatial Wiener filter, estimates of the inverse noisy
SCM @;% and the speech SCM ‘i)a:,t are required. Using (2.16) and the matrix
inversion lemma, it can be easily shown that the binaural spatial Wiener filter
in (3.30) can be decomposed as an MVDR beamformer and a real-valued scalar
postfilter [5], [192], i.e.,

r—1yv v
- WF v (I)n,tht d)a;,t
Wi = Bu,Hé—lflu v BV7H§715V7 <3'31)
t n,t+t ¢x,t + t n,tt
MVDR beamformer postfilter

where the MVDR beamformer minimizes the output noise PSD while preserving the
spatial correlation of the speech component, while the postfilter provides additional
noise reduction at the cost of allowing for some speech distortion. This alternative
formulation relies on estimates of the inverse noise SCM @;ﬁ, the RTF vectors fltL

and flf , as well as the speech PSDs gbﬁ,t and ¢£t. This formulation is common
in spatial Wiener filters [5], [192], because it allows the separate estimation of the
MVDR beamformer in (3.23) (which depends on the often more slowly varying noise
SCM and the RTF vector) and the spectro-temporal postfilter (which depends on
the typically more rapidly varying speech PSD).

Assuming accurate estimates of the required quantities, it can be shown that the
binaural spatial Wiener filter preserves the binaural cues of the target speech com-
ponent but changes the binaural cues of the noise component to the cues of the
target speech component [196].
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Figure 3.1: Overview of the deep filter (DF) algorithm [129] and the Conv-TasNet algo-
rithm [89].

3.2 Learning-Based Speech Enhancement Algorithms

In the previous section, we have introduced purely model-based optimal filters for
spatio-temporal filtering and the special cases of spatial filtering and temporal fil-
tering, requiring the estimation of quantities related to speech and interference cor-
relation. As mentioned in Section 1.2.2, purely learning-based approaches avoid the
estimation of such quantities. Instead, they employ DNNs to estimate the filters or
even the target speech signal directly. In this section, we review the DF algorithm
and the Conv-TasNet algorithm as examples of purely learning-based algorithms
(Fig. 3.1).

3.2.1 Deep Filter

In [129], the DF algorithm was proposed, which is a purely learning-based approach
that employs a DNN to estimate complex-valued STFT-domain filters for speech
enhancement (Fig. 3.1, top). Unlike learning-based speech enhancement algorithms
that apply real-valued or complex-valued masks to individual noisy STFT coefhi-
cients, the DF algorithm estimates a set of complex-valued filter coefficients that
are applied in a filter-and-sum procedure to a local region in the STFT domain,
i.e., to multiple frequency bins and multiple time frames. To avoid having to define
target filter coefficients, the DF algorithm is trained using a signal approximation
loss function defined at the output of the filter. This approach allows the DF algo-
rithm to address destructive interference, which is a usually overlooked issue that
can occur if the speech and noise component cancel each other, which—in the case
of complete destructive interference—would render masking-based approaches inef-
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fective. Results in [129] showed a benefit of including multiple time frames in the
filter but no considerable benefit of including multiple frequency bins.

In the context of this dissertation, we adopt the general idea of the DF algorithm
as our default purely learning-based baseline. The flexibility of this approach allows
it to be readily adapted from its original single-microphone configuration to the
various scenarios investigated in this thesis. By simply changing the input signal
vector and the output of the filter estimator, we can replace the spectro-temporal
filter proposed in [129] with the spatial filter in (2.47), the temporal filter in (2.48),
the (monaural) spatio-temporal filter in (2.49), or the binaural spatio-temporal
filters in (2.50). This adaptability enables fair comparisons between purely learning-
based approaches and the hybrid approaches investigated throughout this thesis,
as we can maintain consistent training data, input features, DNN architectures,
loss functions, and training procedures across all algorithms. By controlling for
these factors as well as computational complexity considerations (such as number of
parameters and operations), we can draw conclusions about the differences between
purely learning-based versus hybrid approaches to speech enhancement.

3.2.2 Conv-TasNet

While the motivation for including the DF algorithm introduced in the previous
section was to include a purely learning-based algorithm that allows deriving con-
clusions about the model-based component in hybrid approaches investigated in this
thesis, the motivation for including the Conv-TasNet algorithm proposed in [89] is to
provide a broader perspective on state-of-the-art purely learning-based approaches,
as well as to introduce the DNN architecture that is used for most of the learning-
based modules throughout this thesis. In contrast to many model-based speech
enhancement algorithms, Conv-TasNet learns its transformation directly from data
rather than relying on a predefined transformation such as the STFT. Among purely
learning-based approaches, Conv-TasNet has emerged as one of the most popular
(though already slightly outdated) algorithms due to its strong single-microphone
speech enhancement performance and public availability, and it has been studied
extensively [15], [65], [90], [105], [128], [131], [174], [188], [197]-[199] as well as be-
ing the basis of further improvements [78], [115], [133], [165], [172], [173], [189],
[200]-[202]. The use of a learned transformation circumvents the phase estimation
problem—which has plagued early STFT-domain learning-based algorithms—while
also enabling low-latency processing. Given its strong performance and widespread
use, Conv-TasNet serves as a key baseline algorithm in this work, representing the
class of purely learning-based approaches that do not rely on predefined signal rep-
resentations.

3.2.2.1 Owverview

Conv-TasNet is a fully convolutional, end-to-end single-microphone speech enhance-
ment algorithm that operates in the time domain. It comprises three main processing
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stages, i.e., an encoder, a separator, and a decoder (Fig. 3.1, bottom). Note that
notation throughout this section may slightly differ from the notation in the rest of
this thesis. First, the encoder transforms the time-domain noisy microphone signal
into a high-dimensional representation with feature index f € {1,...,F} using a
1-dimensional convolutional layer. This learned transformation serves as a replace-
ment for the STFT and is optimized jointly with the rest of the network. Second,
the separator estimates multiplicative masks wy; that are applied element-wise to
the representation of the noisy microphone signal in order to estimate the target
speech component. Third, the decoder transforms the masked representations back
to the time domain via a 1-dimensional transposed convolutional layer.

3.2.2.2 Encoder and Decoder

A key distinguishing feature of Conv-TasNet compared to many model-based speech
enhancement algorithms, which apply a fixed STEFT to represent the time-domain
noisy microphone signals, is its learned transformation. More in particular, the
encoder first segments the time-domain signal g, , into T' overlapping frames y, €

RN of length N, samples, with frame index ¢, and applies a rectangular analysis
window. Each frame y; is then transformed into an F-dimensional representation
using a 1-dimensional convolutional layer parameterized by a learned matrix U €
]RFXN"', where F' denotes the number of learned basis functions, i.e.,

Yt = A(Uyt)a (3~32)

where y; € R denotes the encoded coefficients for frame ¢, and A(-) is an optional
nonlinear activation function. In contrast to the STFT, where the transformation is
predefined using sinusoidal basis functions, the basis functions in U are optimized
jointly with the rest of the network. Typically, this learned representation is designed
to be overcomplete by choosing a large value for F', meaning that the number of basis
functions F' exceeds the frame length N,;. Empirical analysis of the learned basis
functions has shown that these functions tend to result in a higher resolution at lower
frequencies [89], [90], where a lot of energy of the speech signal resides (Section 1.1.1),
versus the uniform frequency resolution of the STFT. It should be emphasized
that Conv-TasNet inherently preserves phase because its learned representation is
derived directly from the time-domain waveform, without decomposing the signal
into separate magnitude and phase components as the STFT does.

The masked encoded representation X, in (3.46) is mapped back to the time domain
using a 1-dimensional transposed convolutional layer parameterized by a learned
matrix V € RNdXF, i.e.,1

%, = V%, (3.33)

Note that, for simplicity, we omitted stride and padding as the mechanism to combine multiple
frames.
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where gt denotes the t-th estimated frame of the speech component in the time
domain. Finally, the estimated speech signal is reconstructed using OLA processing.

Unlike the STFT, where the fixed analysis and synthesis transformations are con-
strained to enable perfect reconstruction, the analysis and synthesis transformations
in Conv-TasNet can be independently learned. In the anechoic environment evalu-
ated in [89], independent analysis and synthesis transformations resulted in a better
speech enhancement performance than choosing the synthesis transformation as the
pseudoinverse of the analysis transformation. However, [90] highlighted robustness
issues in reverberant environments. To address this issue, [202] imposed an analytic
constraint that couples the analysis and synthesis transformations based on the
Hilbert transform, outperforming the unconstrained variant and even the STFT in
moderately reverberant conditions.

The frame length Ny £ 1ms used in Conv-TasNet is typically much shorter than
in typical STFT configurations, enabling straightforward low-latency processing—
although, as mentioned before, approaches to achieve low latency with STFT-
domain algorithms such as the use of temporal filters, asymmetric analysis and
synthesis windows, or the use of predicted future STFT time frames [15], [16], also
exist.

For Conv-TasNet, both a causal and a non-causal version exist, which differ in
how the temporal convolution is applied. In this thesis, we only consider the causal
version, as it is suitable for real-time applications and enables a fairer comparison
to the (also causal) algorithms proposed in this thesis.

3.2.2.3  Temporal Convolutional Network (TCN)-Based Separator

OVERVIEW  The separator takes the encoded representation of the noisy micro-
phone signal y, € R as input and estimates the multiplicative mask W € RF*T. A
detailed overview of the separator is provided in Fig. 3.2. Conv-TasNet [89] employs
the TCN architecture for the separator, allowing for more efficient parallel process-
ing, improved gradient flow, and reduced computational complexity compared with
the original, LSTM-based TasNet [88]. More in particular, the TCN in Conv-TasNet
comprises stacked 1-dimensional dilated temporal convolutional (1D-Conv) blocks,
designed to capture long-range temporal context [98]. Each 1D-Conv block employs
depthwise separable convolutions, which reduce the number of trainable weights
while retaining most of the representation capacity.

INPUT NORMALIZATION AND BOTTLENECK Each input frame y, € RY is
first normalized using conventional layer normalization, i.e.,

Y = Myt

)
/ 2
0y7t+e

Yt & (3.34)
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Figure 3.2: Detailed overview of the Conv-TasNet algorithm. Adapted from [89].

where € is a small constant to avoid division by zero and p, , € R as well as O';t eR
denote the mean and variance computed along the feature dimension as

F
1
My =7 D Ure (3.35)
f=1
1 F
UZ,t =F Z(yf,t - Ny,t)2~ (3.36)
f=1

A pointwise convolution is then applied to reduce the number of features from F' to
FPYN (resulting in a so-called bottleneck (BN)), i.e.,

BN

vy =Wy, eRT (3.37)

BN
where WEN € R % is a learned weight matrix and F BN < . Afterwards, yf’ N
is passed through S stacks of L 1D-Conv blocks with increasing dilation factor,
resulting in an exponentially increasing temporal receptive field within each stack.

DILATED TEMPORAL CONVOLUTIONAL (1D-CONV) BLOCKS In each 1D-
Conv block, the input z?N is first transformed using a pointwise convolution to
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increase the number of features from F=~ to FE°™ before being passed through a
parametric rectified linear unit (PReLU) activation function, ie.’

~ Conv
h'*! — PReLU (sz?N) eRY XTI (3.38)

1x1 FOom  pBN . . .
where W eR is a learned weight matrix, followed by a cumulative

layer normalization layer, which transforms each time frame ¢ cumulatively based
on the mean and variance of current and past time frames (thereby enabling causal
processing), i.e.,
Rixt _
h ' = " oy 4+, (3.39)
0',2“ + €

where © denotes the Hadamard (elementwise) product, the mean g, , and variance
o’it are computed as

t
1 .
png =7y b (3.40)
T=1
2 1 : fix1 2
Uh,t - 2 Z T - u’h,t ) (341)
T=1

Conv Conv
and v € R” and 3 € RY are learned parameters.

Afterwards, Conv-TasNet employs depthwise separable convolutions, which decom-
poses the conventional convolution operation into two separate steps, i.e., a depth-
wise convolution (which applies independent kernels to each feature dimension),
followed by a pointwise convolution (which actually corresponds to a simple lin-
ear combination of features). More in particular, h; ! is first transformed for each
frequency as

h??onv _ ( ;_'Xl ® kJI?Conv>t (342)
where hi*' € R and k?conv € R” denote the f-th input feature and its corre-
sponding depthwise convolutional kernel of size P, respectively. The operator ®
denotes causal convolution, defined as

P-1
W, = S, 2Pl ()
p=0

where the summation only considers past and current values (hs;_,) to enable
causal processing, and zero-padding is applied for the cases t —p < 0 (i.e., accessing
past values before the signal starts).

2 In the first 1D-Conv block, the input corresponds to y?N from (3.37).
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Conv

After the depthwise convolution, the intermediate feature h°%™ € RF ™ is passed
through another cumulative layer normalization as in (3.39) and a PReLU activation
function. Finally, it is linearly transformed using another pointwise convolution to
result in the skip connection and residual connection outputs, i.e.,

skip

Z;9P = WoPRY e ¢ RF (3.44)
7™ = Wh " e RF | (3.45)
skip XFCOIW res ><F‘Conv

where WP ¢ R and W™ ¢ RF are the pointwise convolu-
tional weight matrices producing the output for the skip and residual connections,
respectively, aggregating information across input features. The decomposition of
standard convolution into depthwise and pointwise convolutions reduces the number
of trainable weights by a factor of F“™P/r®  p which is approximately equal to
Pif F™ > P [89).

The residual output Zikip is used as the input to the next 1D-Conv block. The
skip connection outputs from all 1D-Conv blocks are summed, passed through
a PReLU activation function, transformed using a final pointwise convolution to
increase the number of features from F™N to F, and passed through a sigmoid
activation function, yielding the final mask estimate w;; € [0,1]. The skip connec-
tion improves gradient flow particularly for deep TCN configurations, since—during
backpropagation—there is a direct path from the estimated mask to each 1D-Conv
block. Finally, wy , is applied to the encoded representation of the noisy microphone
signal y;, as

Efvt = wﬁtyf,t. (346)

DILATED CONVOLUTIONS To effectively model long-term speech dependencies,
the TCN employs dilated depthwise separable convolutions in (3.42), each with a
kernel size of P that is applied to each feature dimension independently. The dilation
factor d increases exponentially across layers indexed by [ as

d=2" 1e{0,1,...,L—1}. (3.47)

Dilated convolutions introduce gaps (or “dilations”) between the input frames, ef-
fectively skipping d input frames between each kernel element. This allows the
convolution to capture a larger temporal context without increasing the number of
trainable weights. Given a kernel size P and a layer depth L, the receptive field of
the TCN is roughly equal to P(2" — 1) [98].

3.3 Hybrid Speech Enhancement Algorithm

Hybrid approaches aim at combining the interpretability of model-based approaches
with the strong representation capacity of learning-based approaches. As mentioned
before, we define hybrid approaches as those that use a model-based enhancement
stage, and where the estimation of quantities is performed both during training (for
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Figure 3.3: Overview of mask-based MVDR beamformer with attention-based spatial co-
variance matrix aggregator (ASA). The mask estimators are applied per mi-
crophone and share trainable weights, which are frozen during the training of
the ASA.

the DNN) and during inference (for the model-based enhancement stage). In this
section, we review the mask-based MVDR beamformer with attention-based spatial
covariance matrix aggregator (ASA) [172] as an example of a coupled, structured
estimation hybrid approach.

3.3.1 Mask-Based Beamformer with ASA

The mask-based beamformer with ASA considers the MVDR beamformer in (3.24),
which relies on estimates of the speech and inverse noise SCMs i’m and ‘i';}f. As
depicted in Fig. 3.3, to obtain these estimates, the algorithm employs a DNN to
estimate time-frequency speech and noise masks for each microphone, which are
then averaged across microphones and used to compute instantaneous estimates of
the speech and noise SCMs. Instead of using a heuristic approach to temporally
aggregate these instantaneous estimates, such as temporal averaging or recursive
smoothing, the algorithm employs a attention-based spatial covariance matrix ag-
gregator (ASA).

3.3.1.1 FEstimation of Spatial Covariance Matrices

Mask-based beamformers rely on estimates of speech and noise masks, which are
typically obtained using a spatial clustering-based approach [203] or a DNN [116],
[162], [163], [172]-[175], [177], [204]-[206]. Assuming that the acoustic scenario is
static and that estimates of the speech and noise masks are available, the speech
and noise SCMs can be estimated using temporal averaging [163], [203], [204], i.e.,

< 1 o
Q= 5 E mDiTyTyE, (3.48)
———

where v € {z,n} indicates the speech or noise component, mﬂit € [0, 1] denotes the

real-valued speech or noise mask, and lil,m denotes the instantaneous SCM (ISCM)
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estimate. The speech and noise masks are typically obtained by applying a DNN-
based mask estimator independently for each channel, followed by averaging across
microphones, i.e., mﬂit = 4 Zf\,{:l mﬂit’m. Since @, in (3.48) is time-independent,
the MVDR beamformer coefficients in (3.24) will also be time-independent, hence
limiting speech enhancement performance in acoustic scenarios with moving sources.

To deal with this issue, heuristic approaches can be applied to result in time-varying
SCM estimates. A popular approach is to apply recursive smoothing [175], [203], i.e.,

T
éu,t = Z )‘It/_T‘ilu,Tv Ve {x,n}, (349)
T=1

where A\, € [0,1] denotes the (time- and frequency-invariant) smoothing factor for
the speech or noise SCM. Recursive smoothing applies exponentially decreasing
weight to past estimates, allowing the SCM to adapt to changes in the acoustic
scenario. However, the choice of the smoothing factor A\, can significantly affect the
performance of the algorithm.

The temporal averaging and recursive smoothing approaches in (3.48) and (3.49)
can be generalized as

o~ T o~
é1/,15 = Z au,t,r‘i’yn-v (350)
T=1

where the (frequency-independent) attention weights a, ; , control how the ISCM
estimates at time frames 7 € {1,..., T} are temporally aggregated to yield estimates
of the speech and noise SCMs at time frame t. In other words, the attention weights
a, ., determine the influence of frame 7 on the estimate of the speech or noise SCM
at time frame t. For each time frame ¢, the attention weights can be collected as

T T
a,;=la,4,=1 ... Q.- ER". (3.51)

Using (3.50), temporal averaging in (3.48) can be expressed by setting the attention

weights as
1

S m,
=1 ml/,T/

and recursive smoothing in (3.49) can be expressed by setting the attention weights
as

v e {x,n}, (3.52)

al/,t,‘r =

NoT e <t
Ui =19 nr=h , ve{x,n} (3.53)
0 otherwise

In the mask-based beamformer with ASA [172], instead of manually designing the
attention weights as in temporal averaging in (3.52) or recursive smoothing in (3.53),
the attention weights are estimated using a self-attention mechanism as explained
in the following section, which allows for a more flexible temporal aggregation of
the ISCM estimates.
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As noted in [172], the generalized temporal aggregation formulation in (3.50) has a
similar structure as the self-attention module in transformers [102]. Given a sequence

KQ
of T query vectors Q = {qy,...,qr} € RT*F , a sequence of key vectors K =

KQ
{ky,....kp} € RT"”F 7 and a sequence of value vectors V. = {vy,...,vy} €
\4
RTF , the output of the self-attention module is computed as
KT
A = softmax | —— | Ve R"*7 (3.54)
VFRQ
v
Z=AV e R™*" (3.55)
where A = {ay,...,ar} denotes the sequence of attention weights in (3.51),
TxFY

softmax(-) denotes the softmax activation function applied per row, and Z € R
denotes the output of the self-attention module. Hence, the output of the self-
attention module in (3.55) at frame ¢ can be written as

T
Z; = Z a’t,TVT7 (356)
=1

which is equivalent to (3.50) by choosing the temporally aggregated SCM estimate
as the output (z, = 'i’y,t) and the ISCM estimate as the value (v, = \il,m).

3.3.1.2  Estimation of Attention Weights

To obtain the speech and noise attention weights in (3.50), separate self-attention-
based DNNs (more specifically, transformer encoders [102]) were employed, i.e.,

A, = f, ({Xu,t}thl 501/) ) (3-57)

where f,, denotes the DNN to estimate the speech or noise attention weights, x,, ;
denotes the input feature, and 8, denotes the trainable weights of the DNN. The
vectorized estimated ISCMs defined in (3.48), concatenated along the frequency
dimension, were used as the speech and noise input features, i.e.,

< <> 2

Xuv,ft = [3? (vec(\Il%f,T)T) S (VGC(‘I’V7J£7T)T>:| T cRM (3.58)
2

Xv,t = [X—]V-,f:Lt e XI,f:F,t:| i € RQFM 3 (359)

where R () and S (-) denote the real and imaginary part, respectively, and vec(:)
denotes the vectorization operator that concatenates the columns of a matrix into
a single column vector.

To avoid having to define target attention weights, the DNNs were trained using a
signal approximation loss function, defined on the estimated speech signal at the
output of the MVDR beamformer (Fig. 3.3). Nonetheless, simulation results in [172]
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showed that the estimated attention weights indeed correspond to some extent to
expected behavior. For example, to estimate the noise SCM, the corresponding at-
tention weights tended to be high during speech inactivity, where noise statistics
can be estimated more reliably. To estimate the speech SCM, corresponding atten-
tion weights tended to be high around the current time frame index, giving little
weight to temporally distant frames. Furthermore, an analysis of the beampatterns
resulting from the MVDR beamformer coefficients demonstrated that the ASA en-
ables to accurately track the moving target speaker. However, the utilized estimated
ISCM input features highly depend on the microphone array configuration, making
the algorithm specific for the configuration used during training. Consequently, in-
tegrating the ASA into the mask-based MVDR beamformer enables adaptation to
dynamic scenarios but sacrifices the microphone array configuration independence
of most mask-based beamformers.

3.4 Summary

In this chapter, we reviewed several state-of-the-art speech enhancement algorithms
that are used throughout this thesis, categorized into model-based, learning-based,
and hybrid approaches. As examples of model-based speech enhancement algo-
rithms, we reviewed the spatio-temporal MVDR filter, which minimizes the output
interference PSD while preserving the speech component, and the STWF, which
minimizes the MSE between the output signal and the target speech component—
optimal filters that form the basis of many model-based speech enhancement ap-
proaches. For both filters, performance generally improves for more microphones
and time frames, with the STWF yielding a better noise reduction performance
than the spatio-temporal MVDR filter at the cost of introducing speech distortion.
We also discussed spatial and temporal MVDR filters as special cases of the spatio-
temporal MVDR filter and highlighted the challenges of estimating the required
quantities for the temporal MVDR filter due to the highly time-varying nature of
speech. Further, we discussed the binaural spatial Wiener filter, which minimizes
the MSE between the binaural output signals and the target speech components
at the left and right hearing device reference microphones, and mentioned that it
preserves the binaural cues of the target speech component but changes the binaural
cues of the noise component to the cues of the target speech component. As examples
of learning-based speech enhancement algorithms, we reviewed the DF algorithm
and the Conv-TasNet algorithm. First, avoiding explicit quantity estimation, the
DF algorithm employs a DNN to directly estimate complex-valued filters and is
easily adaptable to various microphone configurations, including binaural configu-
rations, making it a flexible baseline for comparisons with the hybrid approaches
investigated in this thesis. Second, the Conv-TasNet algorithm utilizes a learned
transformation instead of a fixed STFT and estimates real-valued masks that are
applied in this learned transform-domain. We detailed the architecture of the Conv-
TasNet, including its encoder, TCN-based separator, and decoder, and described
important aspects of this architecture, such as depthwise-separable convolutions,
dilated convolutions, and cumulative layer normalization. Although arguably a bit
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outdated, the strong performance and widespread use of Conv-TasNet, as well as its
use of the TCN architecture (which will also be utilized in most of our proposed al-
gorithms) make it a valuable baseline algorithm, representing purely learning-based
approaches that do not rely on predefined signal transforms. Finally, as an exam-
ple of hybrid speech enhancement algorithms, we reviewed the mask-based MVDR
beamformer with ASA, combining the interpretability of model-based beamforming
with the representation capacity of learning-based quantity estimation. This algo-
rithm employs a DNN to estimate time-frequency masks and uses a self-attention
mechanism to temporally aggregate instantaneous SCM estimates, enabling adapta-
tion to dynamic acoustic scenarios. While this algorithm demonstrates the potential
of combining model-based and learning-based approaches, it also highlights a chal-
lenge of designing hybrid algorithms, i.e., losing microphone-array configuration
independence due to the design of the learning-based quantity estimation stage.

The algorithms reviewed in this chapter form the foundation for the algorithms
proposed in the remainder of this thesis. In Chapter 4, we propose a coupled, struc-
tured estimation hybrid speech enhancement approach by embedding the temporal
MVDR filter within a deep learning framework utilizing the TCN architecture and
show that the coupled estimation procedure substantially outperforms an uncoupled
estimation procedure as well as purely learning-based algorithms. In Chapter 5, we
extend the hybrid approach to binaural speech enhancement by embedding the bin-
aural spatio-temporal Wiener filter within a deep learning framework and show that
the resulting algorithm outperforms two purely learning-based algorithms. In Chap-
ter 6, we propose a spatial regularization procedure for the estimated RTF vector
required by the spatio-temporal MVDR filter and show that this procedure im-
proves interpretability of the RTF vector while maintaining speech enhancement
performance and not introducing any additional computational complexity. Finally,
in Chapter 7, we propose three procedures to improve robustness against varying mi-
crophone array configurations for the mask-based beamformer with ASA and show
that the resulting algorithm can be applied to microphone array configurations not
seen during training.



DEEP MULTI-FRAME FILTER FOR
SINGLE-MICROPHONE SPEECH
ENHANCEMENT

As discussed in Chapter 3, the temporal MVDR filter yields very good noise reduc-
tion with little speech distortion when accurate estimates of the required quantities
are available. However, its performance is rather sensitive to estimation errors, espe-
cially in the speech temporal correlation vector [54]. None of the currently available
model-based approaches is able to yield sufficiently accurate estimates mainly due
to the highly time-varying nature of the required quantities, and hence the potential
of multi-frame algorithms has not been fully exploited.

Aiming at better exploiting the potential of multi-frame algorithms, in this chapter
we propose a coupled, structured estimation hybrid speech enhancement approach,
where all required quantities of the temporal MVDR filter are estimated by embed-
ding the fully differentiable temporal MVDR filter within a deep learning framework
using TCNs. Instead of using a loss defined on the quantities, the TCNs are trained
by minimizing the signal approximation SI-SDR loss function at the output of the
temporal MVDR filter. We investigate different matrix structures for the TCMs,
namely Hermitian positive-definite, Hermitian positive-definite Toeplitz, and rank-
1. For the Hermitian positive-definite matrix structure, we consider an estimation
procedure based on recursive smoothing, where only the smoothing factors are es-
timated using TCNs, as well as an estimation procedure based on the Cholesky
decomposition. The main differences between the considered TCM estimation pro-
cedures lie in the number of parameters that need to be estimated by the TCNs

This chapter is partly based on:

[175] M. Tammen and S. Doclo, "Deep Multi-Frame MVDR Filtering for Single-Microphone
Speech Enhancement," in Proc. IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP), Toronto, Canada, Jun. 2021, pp. 8443-8447.

[176] M. Tammen and S. Doclo, “Parameter Estimation Procedures for Deep Multi-Frame MVDR
Filtering for Single-Microphone Speech Enhancement,” IEEE/ACM Transactions on Audio,
Speech, and Language Processing, vol. 31, pp. 3237-3248, Aug. 2023.
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as well as the required linear algebra operations, yielding a different computational
complexity. In the case of rank-1 TCMs, we show that the temporal MVDR filter
can be written as a linear combination of the TCN outputs, significantly reducing
the computational complexity. Experimental results on the DNS 1 challenge dataset
demonstrate that the proposed coupled hybrid approach of estimating the TCMs
yields a substantial improvement in speech enhancement performance compared
with a decoupled SPP-driven hybrid approach as well as consistent improvements
compared with a purely learning-based approach that directly estimates the tempo-
ral filter coefficients. Furthermore, the TCM estimation procedure using the Hermi-
tian positive-definite matrix structure based on the Cholesky decomposition yields
the best performance. Interestingly, the estimation procedure using the rank-1 ma-
trix structure yields only a slightly lower performance, with the advantage of being
computationally less demanding.

The remainder of this chapter is organized as follows. In Section 4.2, the conventional
quantity approximation-based SPP-driven supervised learning approach to estimate
the quantities of the temporal MVDR filter is reviewed. In Section 4.3, we propose
a signal approximation-based approach to estimate the quantities of the temporal
MVDR filter, including multiple procedures to estimate the required TCMs. The
simulation setup is discussed in Section 4.4 and the corresponding simulation results
are presented in Section 4.5.

4.1 Temporal Covariance Matrix Structures

In this chapter, we consider different matrix structures for the N x IN-dimensional
noisy and interference TCMs, which differ in the number of parameters required
to determine these matrices. As we consider a single-microphone configuration, we
omit out the reference microphone index r. First, by definition, TCMs are Her-
mitian. We assume that the considered TCMs are full-rank (rank-N), such that
they are positive-definite, i.e., all eigenvalues are real-valued and larger than zero.
Hence, the noisy and interference TCMs can be decomposed using the Cholesky
decomposition [207] as

P, = LV,tLllj,ta ve{y, i}, (4.1)

where the Cholesky factor L, , is an N x N-dimensional complex-valued lower-

triangular matrix with real and positive diagonal elements determined by N 2 real-
valued parameters and v indicates the noisy or interference component.

Assuming the signals to be stationary over N frames, the TCMs also exhibit a
Toeplitz structure, i.e., the elements on all diagonals are equal. It has been shown
in [208] that Hermitian positive-definite Toeplitz (PDT) matrices can be decom-
posed using their so-called balanced Vandermonde factorization as

i’v,t = Vu,tDu,tVllj,h Ve {ya Z}v (42)
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Figure 4.1: Block diagrams of the baseline SPP-driven temporal MVDR filter [161] and
the proposed deep temporal MVDR filter. For the baseline SPP-driven tempo-
ral MVDR filter, the SPP estimator is trained decoupled from the temporal
MVDR filter, and the a-priori SNR is estimated using the decision-directed
approach (DDA), which utilizes the speech estimate Z;_; from the previous
frame. For the proposed signal approximation-based deep temporal MVDR fil-
ter, the TCM estimators and the a-priori SNR estimator are jointly trained
taking into account the temporal MVDR filter using the SI-SDR loss function.

o

with D, ;, an N x N-dimensional diagonal matrix with real and positive elements
and V,,;, an N x N-dimensional balanced Vandermonde matrix, defined as

1 2 N—-1
1 Cu,t,O Cl/,t,O T Cv,t,()
1 2 N-1
1 Cut 1 Cl/ t,1 T v,t,1 .
Vz/,t = 1. . . . . , VE {yvz}a (43)
1 2 -
1 Cz/,t,Nfl Cu,t,Nfl T CV,t,N—l

with ¢, ¢, a complex number on the unit circle, i.e., {,,, = exp(jf,;,) Vu €
{0, ..., N—1}. Hence, since a balanced Vandermonde matrix can be fully described
by the angles 6, , ,, the matrices V, ; and D, , are described by N real-valued
parameters each. It should be noted that this assumption presumably holds better
for the noise component than for the speech and interference components, which
tend to be quite non-stationary.

4.2 SPP-Based Deep MFMVDR Filter

In this section, we review the SPP-driven approach presented in [161] to estimate the
required quantities of the temporal MVDR filter in (3.26), depicted in Fig. 4.1 (top).
We employ this quantity approximation-based approach for a baseline algorithm in
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order to investigate the impact of embedding the temporal MVDR filter in a deep
learning framework, hence employing a signal approximation approach. Neglecting
the uncorrelated speech component (such that the interference TCM @i,t reduces to
the noise TCM ®,, ; and resulting in the simplified temporal MVDR filter in (3.27)),
estimates of the inverse noise TCM @;}t and the speech TCV ;. are required.
Substituting (2.20) in (2.28), it can be shown that

éy,té = ¢r,t’7t + (i)n,té? (44)

such that the speech TCV can be written as

®, e @, .6
_ y,t n,t
N = ——— — ——. 4.5
! (rbw,t ¢x,t ( )
By defining the a-priori SNR as
¢x t
£ =2, 4.6
e (4.6)
with ¢,, , = éT@mté the noise PSD, and using
¢y,t = éT(i’y,té = ¢x,t + ¢n,ta (47)

the speech TCV in (4.5) can be written in terms of the noisy TCM @, ;, the noise
TCM @, ;, and the a-priori SNR ¢, as

14 e 1 @,
Y, = et L (4.8)
& e ®, e Sre P, .

Hence, an estimate of the speech TCV can be obtained based on an estimate of the
a-priori SNR.

To estimate the a-priori SNR, the noise TCM ‘i’n,t is first estimated using recur-

sive smoothing with time- and frequency-dependent smoothing factors )\,Sftp. These
smoothing factors are computed based on an estimate of the SPP [48], allowing the
noise estimate to adapt to speech activity, i.e,

‘I)SPP )\SPP(I’E (1 )\SPP)_f}_,L-I’ (4.9)
AP = PP 4 (1 - ajFP)SPP,, (4.10)
where aEPP serves as a lower bound for )\n t , ensuring a minimum level of smooth-

ing, and SPPt denotes the estimated SPP. When speech is likely present, )\SEP is

high, and the current estimate is strongly influenced by the past noise estimate. In
- SPp . .

contrast, when speech is likely absent, A, ;~ is low, and the current estimate updates

rapidly. The noisy TCM @, , is also estimated using recursive smoothing but with

a fixed smoothing factor )\SPP, since it captures both speech and noise, i.e.,

BSIP — \SPPPSIP 4 (1 - ASPPyg, g, (4.11)
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The SPP in each frequency bin is estimated using a TCN f SPP

SPP . 0
6 i

)

with trainable weights

SPP, = £ ({xs ), ;BSPP)L, (4.12)

with [-]; denoting the output for the f-th frequency bin, and with the sequence
of logarithmic magnitudes of the noisy STF'T coefficients, concatenated along the
frequency dimension, chosen as the input features, i.e.,

T F
Xt = [logw |yf:1,t| log |yf:2,t| <+ logyg |yf:F,t|} €eR". (4.13)

The training target of the TCN was the SPP defined in [49], which assumes inde-
pendent complex Gaussian-distributed speech and noise STFT coefficients.

To ensure invertibility of the estimated noise TCM before using it in (3.28), diagonal
loading is applied, i.e.,

~ ~

SPP SPP SPP
D, 5 Popet Pn gl (4.14)

where Iy denotes the N x N-dimensional identity matrix, and pil}i denotes the
regularization factor defined as [53], [209]

p,sll,)fl?t = %trace (%:ﬂi) , (4.15)

with p a small constant. The a-priori SNR £y, is estimated using the decision-
directed approach (DDA) [39], i.e.,

ZSPP DDA |Lf,t—1 DDA |y ,t|
SR ’%fpiphu(ux )maX<A§PP —1,o>, (4.16)
n,f,t—1 n, ft

where APP? denotes a smoothing factor, qull))fl?t = éT‘i,Sffié is an estimate of the
noise PSD based on the estimated noise TCM in (4.9), and Z's,_; is the estimated
speech component in the previous time frame. In [161], employing the estimated
quantities obtained using this SPP-driven estimation approach in a temporal MVDR
filter resulted in a higher speech enhancement performance compared with employ-
ing them in a (single-frame) Wiener filter. However, especially if the SNR is low
or if the noise statistics are changing rapidly, estimation errors can lead to reduced
speech enhancement performance.

4.3 Signal Approximation-Based Deep MFMVDR Filter

Contrary to the SPP-driven approach described in the previous section, in this
section we propose the deep temporal MVDR filter, which relies on a signal
approximation-based approach to estimate all quantities using DNNs that are jointly

0 For the remainder of this chapter, we reintroduce the frequency bin f for precise notation.
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trained with a loss function at the output of the temporal MVDR filter, depicted
in Fig. 4.1 (bottom). In other words, the training of the DNNs is guided by the
speech estimate obtained at the output of the deep temporal MVDR filter and
hence no ground-truth quantities are required. As already mentioned, the quanti-
ties required to compute the speech TCV 4, in (4.8) and the temporal MVDR
filter vector in (3.26) are the noisy TCM &, ; ,, the inverse interference TCM i’;},tv
and the a-priori SNR £ ;. A separate TCN is used per quantity, with different input
features for the TCNs estimating the TCMs (Section 4.3.1) and the a-priori SNR
(Section 4.3.2).

4.3.1 Covariance Matrices

In this section we propose different estimation procedures for the noisy and interfer-
ence TCMs <i>y7f,t_ and (i'i,f,t' All estimation procedures have in common that the
TCN estimating @, ;, and the TCN estimating ®; ;, are jointly trained using a
signal approximation loss function (Fig. 4.1), i.e., without the need for defining tar-
get TCMs. In the following, we will consider Hermitian positive-definite, Hermitian
PDT, and rank-1 matrix structures, where the main difference lies in the number
of parameters that need to be estimated as well as in the required linear algebra
operations. It should be noted that similarly to (4.14), diagonal loading is applied to
the estimated interference TCM before using it in (3.26). Since the TCMs capture
phase relationships, we use a concatenation of the logarithmic magnitude as well as
the cosine and sine of the phase of the noisy STFT coeflicients at all frequency bins
as input features x; for both DNNsl, ie.,

Xt = [10g10(|yf,t| +¢€) cos(ZLys;) sin (Lyf,t)} TeRr? (4.17)
T 3F
X = [X}:Lt Xj-2i x}:m] eR™, (4.18)

where € denotes a small positive constant to avoid numerical issues and /- denotes
the phase. Both the cosine and sine of the phase are used to obtain an unambiguous
and smooth phase representation [83].

4.3.1.1 Hermitian Positive-Definite

We propose two different estimation procedures that result in the assumed Hermi-
tian positive-definite structure for TCMs. The first procedure is based on recursive
smoothing and only requires one parameter to be estimated for each time-frequency
bin and by each DNN; while the second procedure is based on the Cholesky decom-
position and requires N 2 parameters to be estimated for each time-frequency bin
and by each DNN.

In preliminary experiments, this feature choice outperformed the use of the real and imaginary
parts of the STFT coefficients as input features.
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RECURSIVE SMOOTHING (RS) Similarly to (4.9), the noisy and interference
TCMs are estimated as

BRS, — RS B — AR H : 4
v, f,t — uft v, fit—1 +( u,f,t)Yf,tyf,h ve {y,Z}7 ( 19)

where the recursive smoothing factors are obtained using DNNs ff‘ S with trainable
weights 0587 ie.,

ARS = {f}?s ({Xﬁt;e,{‘s}ilﬂ . ve{yi), (4.20)

f

where a sigmoid activation function is used to ensure that the recursive smoothing
factors are bounded to [0,1]. The proposed recursive smoothing procedure differs
from the conventional recursive smoothing procedure in Section 4.2 by allowing a
time-varying smoothing factor for both TCMs and by jointly training the DNNs
with a signal approximation loss function instead of a quantity approximation SPP-
driven loss function.

CHOLESKY DECOMPOSITION (CD) As already mentioned in Section 4.1, the
N x N-dimensional lower-triangular Cholesky factors L, ; and L; s, of the noisy
and interference TCMs are fully determined by N? real valued parameters each,
which can be stacked in the vectors 05,]?,“ o; f : € RY. We propose to estimate
these vectors using separate TCNs ff D and fzC with trainable weights 05 D and

CD .
6,7, ie.,

o7 = [ (adi 65" . (4.21)

6P = [£ (1}l 6)] (4.22)

The estimated Cholesky factors fy 7 and f% s+ are assembled from 657]?,,5 and

ng?t as described in Algorithm 1, where separate subsets of the real-valued vector
elements are used for the real strictly lower triangular part, the imaginary strictly
lower triangular part, and the real positive diagonal part. Positivity of the diagonal
part is ensured by usmg a softplus activation functlon Fmally7 estimates of the

TCMs are obtained as @, f ;= Ly 7, tLy ¢, and 'Iy = LZ ) th Fite

4.3.1.2  Hermitian Positive-Definite Toeplitz (PDT)

When assuming stationarity of the noisy and interference components over N
frames, the respective TCMs <I>y 7t and ®, 7.+ exhibit a Hermitian PDT struc-
ture. As mentioned in Section 4.1, PDT matrices can be decomposed as ®, ;, =

V,,yfﬁtD,,’f’tVl'if’t, where the balanced Vandermonde matrix V,, ¢, in (4.3) is fully
determined by N angles 0, ;, ,, and the (positive-definite) diagonal matrix D,, s,
is fully determined by N real-valued parameters. These angles and parameters can
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Algorithm 1 Construct a Hermitian positive-definite matrix ® from a vector of
real-valued parameters o using its Cholesky decomposition. stril(-) assembles a
strictly lower triangular matrix.

—~ 2
1. procedure CHOLESKY(h € R™Y)
2: construct strictly lower triangular matrices:

3 OF —strll([ o|,. 1(V? N))

4: 0° = stril ([O]%(N27N)+1:N27N)

5: construct real-valued positive diagonal matrix:
6: B = diag (softplus ([6]N27N+1:N2))
7 construct Cholesky factor:

& L=0"4+;0°+B, j’=-1
9: return ® = LL"
10: end procedure

Algorithm 2 Construct a Hermitian PDT matrix ® from a vector of real-valued
parameters a using its Vandermonde factorization.

1. procedure VANDERMONDE(a € R*Y)

2 (= [61 ZN} T = exp(jn tanh ([a],. )
3: using a assemble V as in (4.3)

4: D = diag (softplus ([a] v 1.0n))

5: return i’ vDV"
6: end procedure

be stacked in the vectors 0533, 05?72: e R*. We propose to estimate these vectors

using separate TCNs fyP DT and fiP DT ith trainable weights 05 DT and BZ-P DT, i.e
oyt = 6" (badi ,OPDT)L (4.23)
orpt = [ (e ,OPDT)L. (4.24)

The estlmated Hermitian PDT matrices <I>y It T and <I>1 7 f are assembled from 05 ??

and o, oZ’ f,t as described in Algorithm 2. The angles are computed from the first N

elements of 65]?3, bounded to [—7, 7] using a scaled hyperbolic tangent activation
function, i.e. Ql, f,t,u = Ttanh ([ f??] ) The diagonal matrix ]A)l,%t is computed
from the next N elements of 0, ff, where positivity of the diagonal elements is
ensured by using a softplus a actlvatlon functlon Fmall}y, estimates of the TCMs are

~PDT GH
obtained as ‘I>y7f7t = Vy fny 7 tVy fit and <I>7 ff = Vz,f,tD,,f,tVz,f,t
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4.3.1.3 Rank-1 (R1)

Although the noisy and interference TCMs are full-rank, here we assume that these
matrices can be approximated using a rank-1 s‘cructureg2 ie.,

R1 R1,C { RI1,C\ H
&y = on 5 (onie) "™ (4.25)
&1}, = ol f (ol 7)™, (4.26)

where o f((t: and OZR}’E: denote N-dimensional complex-valued vectors fully deter-

mined by 2N real-valued parameters each, which can be stacked in the vectors

oyR’ic,t, f{} ¢ R*N. We propose to estimate these vectors using separate TCNs f;” !

and fz ! with trainable weights 05 ! and BZR 'ie

oy = [0 (i 0)) | (4.27)

oft, = [f}“ <{xt}t X ,eRl)L. (4.28)

~R1. ~R1 .
The vectors oyR f'(t: and o?f’ic are then obtained as

~R1,C _ [~R1 . (~R1
0,¢;=I[0urilnt+J [O%fﬂf}N-&-l:QN' (4.29)
Since the rank-1 matrix @5 ]1% Af{}(tc (AZR} ;C) " is not invertible and hence cannot

be directly used in (3.26), diagonal loading is applied, i.e.,
« oRLC (GRLC
(I’z f t <0 } t (Oi’}f’t ) + pz s tIN7 (430)
where the regularization factor p,{{]lc,t is defined as in (4.15), i.e.,

~R1,C

o el s (4.31)

R1 P
Pifit = Ntrace (<I>z ft) =N ‘

with p a small constant and |||, denoting the ¢*-norm. Using the (regularized)

rank-1 TCMs in (4.25) and (4.30), it can be shown that the temporal MVDR filter

in (3. 26) can be directly computed as a linear combination of the TCN outputs OR;S

and O o t € without requiring computationally complex matrix inversions. First, us-
ing (4. 25) and (4.30) in (4.8), the speech TCV can be written as a linear combination
of the TCN outputs, i.e.,

_R1 _R1,C ~R1,C
Vi = Qq 0y Fy T Q505 Yt Qe i€, (4.32)

Although we realize that this approximation lacks a theoretical motivation, especially for the
noisy TCM, it will result in a lower-complexity estimation procedure with a very good speech
enhancement performance (Section 4.5).
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with
1+&, 1
Qyft = —= ! TRIC, (4.33)
Ert [0 Oy.1, t]
~R1,Cqy*
1 [0, 1+ 1o
Qift = 7T  ARLC R1 (4.34)
£rello th] |? + pige
pz t
Qe ft = Q4 7, tﬁ (4.35)
[Oz It }

By using the matrix inversion lemma, it can be easily shown that the inverse of the
interference TCM in (4.30) is equal to

= -1 1 R
(@5},t) = R (IN 01005 fs (05},’?) H) : (4.36)
Pif,t
with 1
Mgt = e ceR. (4.37)
pz f ¢+ ) o, ft H
By substituting (4.36) in (3.26), the temporal MVDR filter vector can be written
as
(I _ SRLC (x\Rl c) H)
R1 _ N T~ Nft05 51 \ Qi gt _RI1
Wit = R\ H RIC (ARLC) HY oR1 ¢ (4.38)
(’Yt ) (IN Nft04 rl¢ (Oi,ﬁt) )'Yt
1 1,C (AR1,C\ H) oR1
:a(l nftozft (Ozft) )’Yf ) (439)
with
~] C ~
rpe = A H —npe| (B75F) 7?1’ €R. (4.40)

Finally, by substituting (4.32) in (4.39), the temporal MVDR filter vector can be
written as a linear combination of the TCN outputs, i.e.,

1
R1 ~R1,C ~R1,C\ H~R1\ ~R1,C
= [%,f,toy,f,t + (ai,f,t e ( zft) Ve ) Oifi T e8| (441)

4.3.2 A-Priori SNR

To estimate the a-priori SNR &5 4, a similar approach is used as for estimating the
TCMs. Instead of training a DNN to map input features to an a-priori SNR target,
a DNN is trained by minimizing a signal approximation loss function at the output
of the temporal MVDR filter (Fig. 4.1, bottom), where it should be noted that the

DNN f¢ with trainable weights 6° estimating the a-priori SNR is trained jointly
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with the DNNs estimating the TCMs (Section 4.3.1). Since the a-priori SNR is a
quantity relating signal powers, magnitude information is assumed to be sufficient
for its estimation. Hence, similarly as for the SPP in (4.12), we use the input features
X defined in (4.13), i.e.,

€}, = softplus ([ﬁ ({xt}le ;ef)} f) : (4.42)

where positivity of E #.+ is ensured by using a softplus activation function.

4.4 Simulation Setup

In this section, we present our simulation setup, more in particular the used datasets
(Section 4.4.1), the baseline speech enhancement algorithms (Section 4.4.2), and the
settings of the considered algorithms (Section 4.4.3).

4.4.1 Datasets

To train, validate, and evaluate all algorithms, we constructed datasets using diverse
speech and noise source material from the DNS 1 challenge [66].

4.4.1.1 Training & Validation

The training and validation datasets were generated using the official dataset genera-
tor of the DNS 1 challenge [66], i.e., 500 h of English speech from 2150 speakers from
the LibriSpeech dataset [210], 60 000 noise clips from the Audioset dataset [211], and
10000 noise clips from the Freesound and DEMAND datasets [212], [213]. Noisy ut-
terances were generated by randomly choosing speech and noise source signals and
mixing them at fullband SNRs ranging from 0dB to 19 dB, with each utterance of
length 4s.

4.4.1.2 Testing

To evaluate the considered speech enhancement algorithms, we used the official DNS
1 challenge evaluation dataset, comprising English speech from the Graz University
dataset [214] and noise from the Audioset and Freesound datasets, totaling 150
utterances at SNRs ranging from 0dB to 19dB. All evaluation utterances had a
duration of 10s, and the training, validation, and test datasets were disjoint.
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4.4.2 Baseline Algorithms

In addition to comparing the different proposed estimation procedures for the signal
approximation-based deep temporal MVDR filter (Section 4.3), we compare the sig-
nal approximation-based deep temporal MVDR filter to several baseline algorithms:

1. SPP-driven temporal MVDR filter (Section 4.2), aiming at investigating the
difference between using the SPP as a training target and using a signal ap-
proximation loss function defined at the output of the temporal MVDR filter.

2. Masking: Aiming at investigating the benefit of temporal filtering (N > 1),
we also consider (single-frame) masking algorithms, either using a real-valued
mask (ie., Ty, = m?tyfyt) or a complex-valued mask (i.e., Ty, = m(?’tyfyt).
The real-valued mask is estimated using a TCN and input features in (4.17)
as

mﬂﬁt = sigmoid ([fR ({Xt}zzl ;ORH f) . (4.43)

where a sigmoid activation function is used to ensure that the mask is bounded
o [0, 1]. Similarly, the complex-valued mask is estimated using a TCN as

R mZt :tanh<[fc ({xt}f_l;ec)}f) (4.44)

o~
) mf’t

where a hyperbolic tangent activation function is used to ensure that both
parts are bounded to [—1,1].

3. Deep filter (DF) algorithm: Aiming at investigating the benefit of imposing the
temporal MVDR filter structure in (3.26), we also consider directly estimating
the complex-valued elements of the N-dimensional temporal filter in (2.48)
using a TCN, similarly to the deep filter (DF) algorithm [129] described in
more detail in Section 3.2.1. The real and imaginary parts of the temporal
filter w?tF are estimated as

R (wre A
5 W]]?,f = tanh ([f ({Xt}t:1 ;0 ﬂf) . (4.45)

where a hyperbolic tangent activation function is used to ensure that the real
and imaginary parts of all filter coefficients are bounded to [—1,1] as in [129].

4.4.3 Algorithmic Settings

For all considered algorithms, the same STFT framework was used. To increase
speech correlation across consecutive STET frames, a high temporal resolution was
utilized, i.e., a frame length of 8 ms and a frame overlap of 75 % (see Section 1.1.1),
similarly as in [45]. A vHann window was used both as analysis and synthesis
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window. All algorithms using temporal filters, i.e., all deep temporal MVDR filters
and the DF algorithm, used a filter length of N = 5, enabling the algorithms to
exploit temporal correlations within 16 ms (motivated by the drop of correlation
at a frame lag of A = 4 in Fig. 1.4). Similarly as in [161], for the SPP-driven
temporal MVDR filter we used a smoothing factor aiPP = 0.9694 (corresponding
to about 50ms) for the noise TCM in (4.10), a smoothing factor )\SPP = 0.8464
(corresponding to about 12 ms) for the noisy TCM in (4.11), and a smoothing factor
Appa = 0.9408 (corresponding to about 33ms) for the DDA in (4.16). The target
SPP was defined as [49]

Yel® € -
SPP;, = [ 14+ (14+&; )exp [ =Lt = 4.46
f ( (1+6n,) ( T (1.16)
(En,f,t = )‘}S”,l?fp(gn,f,t—l + (1 - )\?}:;P)|nf7t‘2, (447)
with )\JScEP defined in (4.10). For the deep temporal MVDR  filter, diagonal loading

with a fixed regularization constant p = 107° was applied to all estimated interfer-
ence or noise TCMs. In (4.17), we used € = 1 x 10™° to avoid numerical issues. No
recursive smoothing was applied in the case of the Cholesky decomposition (CD),
PDT, or rank-1 (R1) deep temporal MVDR filters.

To limit speech distortion, a smooth minimum gain was applied to the output 2, of

all considered algorithms, i.e., the final speech estimate Zv\ffh; used in the evaluation

was obtained as
~fin

Tpy = BpaZpy + (1= Bri)Gmin¥y,es (4.48)
where the factor 3, interpolates between the estimated speech component s, and
a hard minimum gain g,,;, applied to the noisy STFT coefficients. We propose to
use a smooth (time-varying) interpolation factor
-1

Bre = (1+exp(=25(1Ff| — |gmimyy,e]))) (4.49)

where s controls how accurately the hard minimum gain g,,;, is approximated. The
advantage of using the minimum gain approximation in (4.48) over a hard minimum
gain (corresponding to s = o) is the fact that the former is smoothly differentiable,
allowing for it to be used during backpropagation. For all algorithms, we used
Imin = —17dB and s = 10.

The TCNs were trained using the AdamW optimizer [215] with an initial learning
rate of 3 x 10~*. The learning rate was halved after the validation loss did not de-
crease for 3 consecutive epochs, and training was stopped if either 50 epochs were
completed or the validation loss did not decrease for 10 consecutive epochs. The gra-
dient #*-norms were clipped to 5, and a batch size of 4 was used. As loss function
for the SPP-driven temporal MVDR filter we used the mean square error between
the estimated SPP in (4.12) and the target SPP defined in (4.46). For all other
algorithms, we used the signal approximation-based SI-SDR defined in (2.54) as
loss function. All algorithms were implemented in PyTorch 1.10.1 [216], and train-

ing and evaluation were executed on NVIDIA GeForce® RTX 2080 Ti graphics
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cards. As the DNN architecture for all estimators, we used temporal convolutional
networks (TCNs), which exhibit strong temporal and spectral representation ca-
pacity [98] and have been shown to be quite effective in the context of speech
enhancement [89] (see Section 3.2.2.3 for a more detailed description). We used
the official Conv-TasNet TCN implernentaution,3 excluding the encoder and decoder
modules, since the proposed algorithms operate in the STFT domain. We fixed the
hyperparameters of all TCN modules to 2 stacks of 4 layers each, with a kernel
size of 3, resulting in a temporal receptive field size of 61 frames (corresponding
to 128 ms). Aiming at a fair comparison, the number of channels in the 1D-Conv
blocks and the number of channels in the bottleneck were varied to obtain a similar
total number of trainable weights for all considered algorithms (Table 4.2). The
ratio between these numbers was kept fixed at 4 as proposed in [89]. The moti-
vation behind varying these numbers as opposed to the number of stacks/layers
or the kernel size is to keep the temporal receptive field size fixed, which might
otherwise result in an unfair comparison. Frequency bins were treated as channels
in the context of the TCN architecture, resulting in the following input-to-output
mapping: REXSFXT _, RBX(Mparam F)XT, with B the batch size, F' the number of
frequency bins, T' the number of time frames, and 75,5 the number of parameters
per frequency bin required by the specific TCM estimation procedure.

4.5 Simulation Results

In this section, we evaluate the speech enhancement performance and the com-
putational complexity of the signal approximation-based deep temporal MVDR
filters using the different proposed TCM estimation procedures proposed in Sec-
tion 4.3. In Section 4.5.1, the SPP-driven temporal MVDR filter and the signal
approximation-based deep temporal MVDR filters using the different proposed
TCM estimation procedures are compared. in Section 4.5.2, the best-performing
deep temporal MVDR filters are compared with several baseline algorithms.

4.5.1 Comparison of Deep MFMVDR Filters

Table 4.1 shows the speech enhancement performance on the DNS 1 evaluation
dataset for the SPP-driven temporal MVDR filter and the signal approximation-
based deep temporal MVDR filters using the different TCM estimation procedures
(RS, CD, PDT, R1). In this section, we focus on all considered deep temporal MVDR
filters. The speech enhancement performance is presented in terms of SI-SDR [141],
the narrowband and wideband PESQ metrics [183], the STOI metric [218], as well
as the DNSMOS metric [149], using the speech signal as the reference signal. As
can be observed, all considered signal approximation-based temporal MVDR filters

3 https://github.com/naplab/Conv-TasNet
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Table 4.1: Speech enhancement performance on the DNS 1 evaluation dataset, presented
in terms of SI-SDR, narrowband PESQ (PESQ-NB), wideband PESQ (PESQ-
WB), STOI, and DNSMOS for deep temporal MVDR filters using different
TCM estimation procedures based on speech presence probability (SPP), recur-
sive smoothing (RS), Cholesky decomposition (CD), positive-definite Toeplitz
(PDT), and rank-1 (R1), the real- and complex-valued masking algorithms, the
deep filter (DF) algorithm, as well as the DCCRN-MC and DCUNET-MC al-

gorithms.

Algorithm SI-SDR / dB PESQ-NB PESQ-WB STOI DNSMOS
Noisy 9.23 2.45 1.58 0915 3.15
Deep MFMVDR (SPP) 10.87 2.57 1.71  0.907 3.24
Deep MFMVDR (RS) 15.03 2.97 2.24  0.942 3.45
Deep MFMVDR (CD) 17.60 3.28 2.71 0.961 3.75
Deep MFMVDR (PDT) 15.20 2.98 2.29  0.945 3.37
Deep MFMVDR (R1) 17.31 3.25 2.67  0.959 3.74
Masking (real) (4.43) 16.24 3.11 244  0.949 3.57
Masking (complex) (4.44) 17.25 3.20 2.59  0.956 3.74
DF (4.45) 17.37 3.20 2.61  0.955 3.73
DCCRN-MC [217] 16.50 3.21 0.951

DCUNET-MC [217] 17.46 3.30 — 0.961 —

yield a significant improvement in terms of all performance metrics. Comparing
the SPP-driven temporal MVDR filter and the signal approximation-based deep
temporal MVDR filter using the recursive smoothing (RS) TCM estimation proce-
dure, which both utilize a variant of recursive smoothing, a clear benefit of defining
the loss function on the signal level can be observed. A possible explanation is the
fact that the SPP-driven temporal MVDR filter requires a number of smoothing
parameters to be chosen by hand, i.e., a5F" for the noise TCM in (4.10) (also af-
fecting the target used in the loss function), )\ZS/PP for the noisy TCM in (4.11),
and Appa for the DDA in (4.16). The combination of these smoothing parameters
critically affects the resulting speech enhancement performance, and different pa-
rameter choices may be more suitable for different acoustic scenarios. In contrast, in
the signal approximation-based deep temporal MVDR filter approach the required
smoothing parameters, i.e., )\,i ? for the noisy TCM and )\BZS for the interference
TCM in (4.19) are determined by the TCNs. Relating these results to the classi-
fication of hybrid speech enhancement approaches in Section 1.2.3, these results
demonstrate a performance benefit of employing a coupled hybrid approach instead
of a decoupled hybrid approach.

Comparing the signal approximation-based deep temporal MVDR filters, it can be
observed that the CD TCM estimation procedure consistently yields the highest
improvement in terms of all performance metrics, closely followed by the R1 TCM
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Table 4.2: Network size, presented in terms of trainable weights, bottleneck dimension size,
and computational complexity, presented in terms of the relative transfer func-
tion (RTF), the contribution of the temporal MVDR linear algebra operations
to the RF, the number of FLOPS, and the number of estimated parameters per
time frame.

Algorithm Trainable  Bottleneck RTF RTF FLOPS  Estimated
Weights Dimen- MFMVDR /M Param-

/M sion / % eters

Deep MFMVDR (SPP) 5.3 231 0.176 54.9 22.9 65
Deep MFMVDR (RS) 4.9 128 0.167 47.9 26.9 130
Deep MFMVDR (CD) 5.3 128 0.139 39.0 46.2 3250
Deep MFMVDR (PDT) 5.1 128 0.170 43.4 65.4 1300
Deep MFMVDR (R1) 5.1 128 0.100 7.5 32.5 1300
Masking (real) 5.0 226 0.075 0.0 16.3 65
Masking (complex) 5.0 226 0.077 0.0 16.4 130
DF 5.2 226 0.079 0.0 17.1 650
DCCRN-MC [217] 20.0 — — — — —
DCUNET-MC [217] 3.5 — — — — —

estimation procedure. The RS and PDT TCM estimation procedures yield the lowest
improvements.

As discussed in Section 4.1, the CD TCM estimation procedure merely imposes a
Hermitian positive-definite structure on the estimated TCMs, i.e., it actually does
not restrict the estimated TCMs more than mathematically required. While the RS,
PDT, and R1 TCM estimation procedures also yield Hermitian positive-definite
TCMs, they impose further structure. More specifically, from (4.19) it can be seen
that the RS TCM estimation procedure imposes rank-1 updates using the noisy
vector. By imposing a Toeplitz structure, the PDT TCM estimation procedure im-
poses stationarity over IV frames on the noisy and interference components, leading
to a significant reduction in speech enhancement performance compared with the
CD TCM estimation procedure. Hence, a Toeplitz structure does not seem to be a
viable choice for modeling the noisy and interference TCMs. Interestingly, the R1
TCM estimation procedure, which imposes a dominant principal subspace on the
noisy and interference TCMs, yields quite a high speech enhancement performance.

For the deep temporal MVDR filters, Table 4.2 shows the network size in terms of
trainable weights, bottleneck dimension size, and the computational complexity in
terms of the RF, defined as the ratio between processing duration and signal dura-
tion, as well as the contribution of the temporal MVDR linear algebra operations to
the RF, the number of FLOPS, and the number of estimated parameters. Any op-
eration between obtaining the TCN outputs and applying the temporal filter to the
noisy vector is counted as a linear algebra operation. All metrics were computed
using the PyTorch profiler for the DNS 1 evaluation dataset, i.e., 100 signals of
length 10, using a single core of an AMD EPYC 7443P CPU clocked at 3.8 GHz.
First, it can be observed that all deep temporal MVDR filters exhibit an RF that is
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significantly smaller than 1. Second, the signal approximation-based deep temporal
MVDR filter using the R1 estimation procedure exhibits a significantly smaller RF
than the other deep temporal MVDR filters. This can be explained by the fact that
the SPP-driven, RS, CD and PDT estimation procedures require relatively com-
putationally complex operations to construct the TCM estimates from the TCN
outputs (see, e.g., Algorithms 1 and 2) and require a matrix inversion to compute
the temporal MVDR filter in (3.26). Hence, as can be observed in Table 4.2, the
RF is primarily determined by the temporal MVDR linear algebra operations and
not by the number of parameters that need to be estimated by the TCNs.

Relating the speech enhancement performance in Table 4.1 and the computational
complexity in Table 4.2, a benefit of the proposed R1 TCM estimation procedure
can be identified, since it yields a speech enhancement performance that is only
slightly lower than the CD TCM estimation procedure, while reducing the RF and
the number of FLOPS by approximately 30 %.

4.5.2  Comparison with Baseline Algorithms

In this section, we focus on the best-performing deep temporal MVDR filters, i.e.,
the signal approximation-based deep temporal MVDR filter using the CD and R1
TCM estimation procedures, and compare their speech enhancement performance
(Table 4.1) and computational complexity (Table 4.2) with several baseline algo-
rithms. As the first set of baseline algorithms, we consider the real- and complex-
valued masking as well as the DF algorithms discussed in Section 4.4.2, which are
based on the same TCN architecture and trained using the same procedure as the
proposed deep temporal MVDR filters, thus allowing to investigate the effect of im-
posing the deep temporal MVDR structure. As additional state-of-the-art baseline
algorithms, we consider the deep complex convolutional recurrent network (DCCRN-
MC) and the deep complex U-Net (DCUNET-MC) algorithms proposed in [217].
These algorithms integrate a complex convolutional recurrent-based or a complex
U-Net-based encoder-decoder structure with complex convolutional block attention
modules to estimate single-frame complex-valued masks, which are applied to the
noisy STFT coefficients. The DCCRN-MC and DCUNET-MC were trained using a
mixed loss function, comprising an SI-SDR term as well as a term consisting of the
squared complex-valued mask error. Note that the DCCRN-MC and DCUNET-MC
algorithms were not retrained in the context of these simulations, and instead the
official published results on the DNS 1 challenge evaluation dataset are presented,
which is the reason for missing values in Table 4.1 and Table 4.2.

First, comparing the speech enhancement performance of the real- and complex-
valued masking algorithms, it can be confirmed that adding the potential of phase
enhancement yields an increased performance in terms of all considered metrics.
Second, comparing the complex-valued masking and DF algorithms, it can be ob-
served that the speech enhancement performance is hardly improved by increasing
the number of filter coefficients from N = 1 to N = 5 (with only minor improve-
ments in terms of SI-SDR and wideband PESQ). Third, comparing the complex-
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valued masking algorithms that employ either the TCN architecture, the DCCRN
architecture, or the DCUNET architecture, it can be observed that the TCN-based
complex-valued masking algorithm performs slightly better than the DCCRN-MC
algorithm, while both algorithms are consistently outperformed by the DCUNET-
MC algorithm. Fourth, we compare the best-performing proposed deep temporal
MVDR filters, i.e., using the R1 and the CD estimation procedure, with the best-
performing baseline algorithms, i.e., the DF algorithm and the DCUNET-MC algo-
rithm. The proposed R1 deep temporal MVDR filter outperforms the DF algorithm
(except in terms of SI-SDR) while being outperformed by the DCUNET-MC algo-
rithm. In contrast, the proposed CD deep temporal MVDR filter consistently out-
performs the DF algorithm and outperforms the DCUNET-MC algorithm in terms
of SI-SDR while yielding a similar performance in terms of narrowband PESQ and
STOI. Exemplary audio examples are available online.*

In terms of computational complexity, it can be observed in Table 4.2 that the
RF of the real- and complex-valued masking algorithms as well as the DF algo-
rithm is lower than the RF of the R1 and CD deep temporal MVDR filters, due
to the absence of temporal MVDR linear algebra operations. Hence, for the consid-
ered algorithms employing a TCN architecture, a trade-off exists between speech
enhancement performance and computational complexity.

4.6 Summary

In this chapter, we proposed to embed the temporal MVDR filter for single-
microphone speech enhancement within a deep learning framework. We proposed
to estimate the required quantities of the temporal MVDR filter, i.e., the noisy and
interference TCMs as well as the a-priori SNR, using a signal approximation loss
function defined at the output of the temporal MVDR filter. For the TCMs, we
investigated different matrix structures, namely Hermitian positive-definite, Hermi-
tian positive-definite Toeplitz (assuming stationarity of the noisy and interference
components over N frames) and rank-1 (assuming a dominant principal subspace).
For the Hermitian positive-definite matrix structure, we proposed an estimation pro-
cedure based on recursive smoothing, requiring one real-valued parameter for each
TCM, and an estimation procedure based on the Cholesky decomposition, requir-
ing N? real-valued parameters for each TCM. For the Hermitian positive-definite
Toeplitz matrix structure, we proposed an estimation procedure that involves bal-
anced Vandermonde matrices, requiring 2N real-valued parameters for each TCM.
For the rank-1 matrix structure, we showed that the temporal MVDR filter can be
written as a linear combination of the DNN outputs, circumventing computation-
ally complex matrix inversions, and proposed an estimation procedure requiring 2N
real-valued parameters for each TCM.

https://uol.de/en/sigproc/research/audio-demos/multi- frame- speech-enhancement/
deep-mfmvdr-journal
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4.6 SUMMARY

Experimental results on the DNS 1 challenge dataset demonstrate that the cou-
pled hybrid approach of estimating the TCMs using a signal approximation loss
function defined at the output of the temporal MVDR filter yields a substantial
improvement in speech enhancement performance compared with the decoupled
hybrid approach of estimating the TCMs using an SPP-driven loss function. Com-
paring the signal approximation-based estimation procedures, the TCM estimation
procedure based on the Cholesky decomposition yields the best speech enhancement
performance, closely followed by the computationally less complex rank-1 TCM es-
timation procedure. The TCM estimation procedures based on recursive smoothing
and the positive-definite Toeplitz matrix structure yield the lowest speech enhance-
ment performance, hinting that updating the TCMs based on recursive smoothing
or assuming stationarity is not as appropriate. In addition, the simulation results
show that the best-performing signal approximation-based deep temporal MVDR,
filter outperforms real- and complex-valued masking as well as directly estimating
the temporal filter coefficients, demonstrating the benefit of imposing structure on
the temporal filters in a hybrid approach as opposed to a purely learning-based
approach. Finally, a competitive performance compared with state-of-the-art algo-
rithms is demonstrated.
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DEEP MULTI-FRAME FILTER FOR BINAURAL
SPEECH ENHANCEMENT

In Chapter 4, we proposed a coupled, structured estimation hybrid approach for
single-microphone speech enhancement, imposing structure on the interference tem-
poral covariance matrix. In this chapter, we extend this approach to binaural speech
enhancement by embedding the binaural spatio-temporal Wiener filter (STWF)
within an end-to-end deep learning framework, imposing structure not only on the
interference spatio-temporal covariance matrices (STCMs), but also on the speech
spatio-temporal correlation vectors (STCVs). Specifically, we consider the decom-
position of the binaural STWF into a binaural spatio-temporal MVDR filter and a
spectral postfilter, hence requiring estimates of the speech STCVs, the speech PSDs,
and the inverse interference STCMs. Please note that in principle these quantities
need to be estimated both for the filter estimating the target speech component at
the left device as well as for the filter estimating the target speech component at the
right device. In addition to imposing a Hermitian positive-definite structure on the
inverse interference STCMs, the main focus of this chapter is to investigate the po-
tential of imposing spatio-temporal correlation structure on the speech STCVs and
the inverse interference STCMs. We propose several procedures which mainly differ
in terms of the relation between the microphones, particularly between the left and
the right hearing device, and the number of parameters that need to be estimated.
First, assuming that the spatial correlation of the speech component is stationary
over the length of the temporal filter, the speech STCVs can be decomposed as
the Kronecker product of a relative transfer function vector and a temporal corre-
lation vector. We either consider a single “global” reference microphone, requiring

This chapter is partly based on:

[177] M. Tammen and S. Doclo, “Deep Multi-Frame MVDR Filtering for Binaural Noise Re-
duction,” in Proc. International Workshop on Acoustic Signal Enhancement (IWAENC),
Bamberg, Germany, Sep. 2022, pp. 1-5.

[178] M. Tammen and S. Doclo, “Imposing Correlation Structures for Deep Binaural Spatio-

Temporal Wiener Filtering,” IEEE Transactions on Audio, Speech, and Language Process-
ing, vol. 31, pp. 1278-1292, Mar. 2025.
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the speech temporal correlation vector to be estimated only for this microphone,
or a reference microphone for each hearing device, requiring (left and right) speech
temporal correlation vectors to be estimated for both reference microphones. The
STCV structure considering two reference microphones involves more parameters
than the STCV structure considering a single reference microphone, but it allows
for more degrees of freedom. Second, we propose to replace the left and right inter-
ference STCMs by a common interference STCM, as the difference between both
STCMs can be assumed to be negligible. In addition, we consider a bilateral STWF
by assuming no spatio-temporal correlation between both hearing devices, both for
the speech STCVs and for the interference STCM. To train and evaluate the deep
bilateral STWF and the deep binaural STWF using the proposed spatio-temporal
correlation structures, we constructed matched datasets using diverse speech and
noise sources from the DNS 1 and DNS 2 challenges [66], [68] as well as simulated
binaural room impulse responses from the CEC 1 [69]. In addition, to evaluate
the generalization capabilities of the considered algorithms, we considered a mis-
matched evaluation dataset from CEC 3 that comprises noise backgrounds and
RIRs recorded in complex environments as well as simulated head rotation. Sim-
ulation results show that the binaural STWF using a combination of the speech
STCV structure considering two reference microphones and a common interference
STCM significantly reduces the computational complexity while yielding a similar
speech enhancement and binaural cue preservation performance compared to not
imposing any spatio-temporal correlation structure. Furthermore, simulation results
demonstrate that this deep binaural STWF outperforms the deep bilateral STWF
as well as two state-of-the-art binaural speech enhancement algorithms, namely the
deep filter algorithm [129] (which directly estimates the binaural temporal filter
coefficients using a purely learning-based approach) and the binaural Conv-TasNet
algorithm [189], while approaching the performance of the non-causal BCCTN al-
gorithm [188].

The remainder of this chapter is organized as follows. In Section 5.2, we propose
several spatio-temporal correlation structures for the speech STCVs and the inverse
interference STCMs. In Section 5.3, we describe the signal approximation-based
approach to estimate the required quantities, taking into account these correlation
structures. The simulation setup, the approach to validate the proposed correlation
structures, and the simulation results for the proposed deep binaural and bilateral
STWFs as well as for several baseline algorithms are presented and discussed in
Sections Section 5.4, Section 5.5, and Section 5.6.

5.1 Binaural Spatio-Temporal Wiener Filter

In this chapter, we consider an acoustic scenario with a single speech source and
background noise in a reverberant room, captured using binaural hearing devices
with M; and Mp microphones on the left and right devices, respectively, totaling
M = My, + Mg microphones (Fig. 2.1). We assume that all microphone signals are
synchronized and transmitted (e.g., via a wireless link) between the hearing devices
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without transmission delay and quantization errors. The target speech components
7,1 and Z; p at both hearing devices are defined (without loss of generality) at
reference microphones L =1 and R = M, + 1.

In [56], [59] the binaural spatial Wiener filter was proposed, which aims at mini-
mizing the mean square error between the binaural output signals and the target
speech components at both reference microphones, only considering spatial corre-
lations (described in more detail in Section 3.1.3). In this section, we introduce a
multi-frame extension of the binaural spatial Wiener filter, termed binaural spatio-
temporal Wiener filter (STWF'), which considers both spatial as well as temporal
correlations. The binaural STWF can also be considered as a binaural extension of
the (monaural) STWF proposed in [3], which is reviewed in Section 3.1.1.2. The
binaural spatio-temporal filters WtL and Wf in (2.50) are computed by minimizing

the cost function )

L,H
J(wi wi) =g [Ter e Y8 (5.1)
Te,R — Wi Vi|lq
yielding
w =&, ®, e, ve{LR} (5.2)

where v indicates the left or right reference microphone. Similarly as for the monau-
ral STWF in (3.5), using (2.53) and the fact that @;:ytey = 0, it can be easily
shown that both STWF vectors in (5.2) can be decomposed as a spatio-temporal
MVDR filter [219] and a real-valued scalar postfilter, i.e.,

(®) Pt

v i, T,

Wy = v,H ry—1 v v v,H ry\—1 v (53)
Yt ( i,t) Yi Pt t+ Vi ( i,t) Yt
spatio-temporal MVDR postfilter

with v € {L, R}. The spatio-temporal MVDR filter minimizes the output interfer-
ence PSD while preserving the spatio-temporal correlation of the speech component,
with the postfilter providing additional noise reduction at the cost of allowing for
some speech distortion. The performance of the binaural STWF strongly depends on
how well the required quantities, i.e., the left and right inverse interference STCMs
(¢£t)_1 and (@ft)_l, the left and right speech STCVs 'ytL and 'yf, as well as the
left and right speech PSDs qﬁﬁ)t and (j)f)t are estimated from the noisy STFT co-
efficients. To benefit from the representation capacity of DNNs for this estimation
task, similarly as in Chapter 4 and [206], [219], in this chapter we propose a cou-
pled, structured estimation hybrid speech enhancement approach, where all required
quantities of the binaural STWF are estimated by embedding the fully differentiable
STWF within a deep learning framework using TCNs (see Section 5.3). In addition,
we investigate imposing different spatio-temporal structures on the speech STCVs
and the interference STCMs, as described in the following section.
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5.2 Spatio-Temporal Correlation Structures

The quantities required by the binaural STWF are determined by both temporal
and spatial correlations. On the one hand, the temporal correlations of the speech
and interference components can vary drastically across a small number of time
frames. On the other hand, the spatial correlations of the speech and interference
components mainly depend on the acoustic scene, i.e., the positions of the listener
and the speech and noise sources, which can be assumed to be stationary across a
small number of time frames. In this section, we propose several spatio-temporal
structures for the speech STCVs and the interference STCMs, relating these quanti-
ties between the left and the right hearing device. First, assuming spatial stationarity
of the speech component over a small number of time frames, in Section 5.2.1 we
impose spatial structure on the speech STCVs. Second, assuming that the uncor-
related speech components are negligible, in Section 5.2.2 we set the left and the
right interference STCM equal to each other. Third, in Section 5.2.3 we assume
no correlation between the left and right hearing devices for both the speech and
interference components. The considered structures greatly differ in the number of
parameters that need to be estimated. As will be demonstrated by the simulation
results in Section 5.6, imposing structure on the speech STCVs and the interference
STCMs is beneficial in terms of computational complexity.

5.2.1 Speech Correlation Vectors

As described in Section 2.1.5, assuming the microphone with index v as the reference
microphone and further assuming that the RTFs are constant over N frames (i.e.,
R s hi—1.ms > h{—N+1,m are equal), the multi-frame speech vector in (2.17) can
be written as [3], [47]

it,m = h;mit,uv (54)

where the RTF between the reference microphone with index v and the m-th mi-
crophone is defined as

E (zt,mxr,u) o e;q)x,teu

E (|xt,u\2) O

v p—
ht,m -

(5.5)

In the following, we will either consider a single “global” reference microphone for
both hearing devices or a reference microphone for each hearing device.
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5.2.1.1 Global Relative Transfer Function

Without loss of generality, we choose the reference microphone on the left hearing
device (with index L = 1) as the global reference microphone. Using (5.4), the
multi-microphone multi-frame speech vector in (2.29) can then be modeled as

X1 X1
% hi 9%
t,2 t,2%¢,1 - olob  _
Xt = = = h% @ X415 (5.6)
_ h1 _
Xt,2M t,2MX¢,1

where the global RTF vector h#°” contains the RTFs between all microphones and
the global reference microphone, i.e.,

he'? = [1 hl, .. h§72M} Tec®™, (5.7)

and ® denotes the Kronecker product. Using (5.6), the left and right speech STCVs
in (2.34) can be written as

& {hf" w127, |
lob,v ’ ’ " glob _v
’7%0 = ¢l/ = hfo ®7t,17 (58)
x,t

with v € {L, R}, and where the speech temporal correlation vector "yt'/, ; describes
the correlation between the N most recent speech STFT coefficients at the global
reference microphone (with index L = 1) and the current target speech STFT
coefficient (z; ;, or x; ), i.e.,

1%, 2,
= {X;ft} ec”, ve{LR). (5.9)
x,t

When imposing the global RTF structure on the speech STCVs in (5.8), the speech
STCVs can be interpreted as being decomposed into a spatial factor (fltgbb) and
a temporal factor (7} ;). Furthermore, for two of the quantities to be estimated,
the global RTF structure yields an explicit relation between the left and the right
hearing device: First, since the reference microphones on both hearing devices are

related as x, p = h%,RﬂUt,L, the left and right speech PSDs are related as
lob,
QSgglob = |h2:fL,R|2¢§,t Lv (510)

where the global RTF ht{ R is an element of BthOb in (5.7). Second, the left and right
speech STCVs in (5.8) are related as

& {x,a} € {x; ;
gD R {xewtr}t 1 E{xzir} :%»Ytg:lOb’L, (5.11)

€ {\%,RF} - h%’R 3 {|xt,L|2} hi.r
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L glob,L glob, R ipsi, L ipsi, R

Yt Tt t t Yt Yt
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(a) no structure (b) global RTF structure (c) ipsilateral RTF structure

Figure 5.1: Illustration of the proposed spatial structures imposed on the speech STCVs,
assuming M; = My = 2 microphones per hearing device (with reference in-
dices L = 1 and R = 3). The parameters to be estimated are highlighted in
blue once per structure in order to emphasize the parameter reuse achieved by
the global RTF structure and the ipsilateral RTF structure.

i.e., the left and right speech STCVs are related by a complex-valued scalar (so
they are parallel). It should be realized that—although both vectors may differ
in amplitude and phase—the relation between microphones is the same for both
hearing devices. The global RTF structure is visualized in Fig. 5.1b, assuming M =
Mp = 2 microphones per hearing device.

The model in (5.6) assumes fully correlated speech components between the global
reference microphone and all microphones of both hearing devices, which is a com-
mon assumption in binaural speech enhancement algorithms [24], [59]. However,
depending on the STFT frame length, this assumption may be violated in practice
due to large inter-microphone distances and reverberation, especially when consid-
ering the correlation between the global reference microphone and the contralateral
microphones. This motivates the investigation of an alternative structure in the next
section.

5.2.1.2 Ipsilateral Relative Transfer Function

As a less restrictive alternative to the global RTF structure in (5.6), we propose
to use this model for each hearing device independently, i.e., using the microphone
with index L as the reference for the microphones of the left hearing device and the
microphone with index R as the reference for the microphones of the right hearing
device. The multi-microphone multi-frame speech vector can then be modeled as

" ipsi, L —
x= | PR (5.12)
hy™" ® Xt,R
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where the ipsilateral RTF vectors, defined as
WP = (1 nE, L ab,]Tec (5.13)

“ipsi, R T M
hiP :{1 Wrs oo th} ecM, (5.14)

relate the speech component at the microphones of the left hearing device to the
left reference microphone and the speech component at the microphones of the right
hearing device to the right reference microphone. Using (5.12) in (2.51), the left and
right speech STCVs can be written as

'ytlj .= LE B?DSLL ® it7L I’: — ﬁ;pSi,L ® ’?t’/L
,ips v [ _ R - . -~
1psi ¢z,t h;Pm,R ® Xt7R v h;psl,R ® PYtV,R
with v € {L, R}, and where the speech temporal correlation vectors 7; , and 74 g
are defined similarly as in (5.9), i.e.,

& {it,LI;V} v g {it,Rx;V}
T tR= — o
Grt Dt
It should be noted that the ipsilateral RTF structure comprises four speech temporal
correlation vectors, whereas the global RTF structure only comprises one speech

temporal correlation vector in (5.9). The ipsilateral RTF structure is visualized in
Fig. 5.1c.

, (5.15)

Yio = (5.16)

5.2.2 Interference Covariance Matrices

The left and right interference STCMs are defined as
i1=®,+®,,, ve{LR} (5.17)

Assuming the uncorrelated speech STCMs <I>;/ . to be negligible compared to the

noise STCM @, ,, the left and right interference STCMs i’{jt and @ft can be
replaced by a common STCM @, ,, i.e.,

dr, =0 =&, (5.18)

This assumption is generally more valid at lower SNRs, where the noise STCM
becomes more dominant relative to the uncorrelated speech STCMs. As will be
demonstrated in Section 5.5, this assumption holds quite well in practice. It should
be noted that when combining this assumption with the global RTF structure—
where the left and right speech STCVs are parallel—the resulting binaural STWF
filter vectors are parallel as well.

5.2.3 Bilateral Correlation

The binaural STWF using the proposed speech STCV and interference STCM struc-
tures in Sections Section 5.2.1 and Section 5.2.2 exploits spatio-temporal correlation
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between both hearing devices, requiring the microphone signals to be transmitted
between the left and right hearing devices. In order to investigate the performance
benefit achieved by binaural processing, we will also consider bilateral processing,
where both hearing devices operate independently. This corresponds to assuming
no correlation between the left and right hearing devices for both the speech and
the interference components such that the left and right speech STCVs can be mod-
eled using a non-zero subvector for ipsilateral correlations and a zero subvector for
contralateral correlations, i.e.,

_L 0
Yt,1 M; Nx1
. ;yR
L : R t,Mp+1
Yt,pil = I y o Vt,bil — . ) (5.19)
Yt, M,
0 _R
MpNx1 Vi, M

and, similarly, the common interference STCM in (5.18) can be modeled using
non-zero submatrices for ipsilateral correlations and zero submatrices for the con-
tralateral correlations, i.e.,

oLk 0
Pt = !t MLng,‘;”RN] : (5.20)
MgNxMyN ®;;
Since
r -1
&) i
-1 L ( it Vi ltm N
P bl Yebil = “ (5.21)
L Onr N1
-1 _R Onr, N1
P b Yebil = | f2rr\ " R , (5.22)
(‘I’i,t ) [’Yt ]JV[LN+1:MN

the binaural STWF in (5.3) reduces to a set of bilateral filters, i.e.,

L
whilat.L _ [[Wt ]1:MLN] whilat: R _ [ Oar, N1 ] (5.23)
+ = ) t - ’ ’

(Wi

R
Onr,Nx1 My N+1:MN
where W]tD ilat, L only depends on quantities related to the left hearing device and

W]f ilat, R only depends on quantities related to the right hearing device.

For the bilateral STWF, it is also possible to consider the ipsilateral RTF structure
for the speech STCV in (5.19), i.e.,

Cipsi,L o L

bilipsi,L _ |t @ YiL bilipsi,R | OM_ Nx1

Yt = Yt = | ivsir R
0 hipst ®~

MpNx1 t Yt,R

with hiP*"* and h**" defined in (5.13) and (5.14). As will be demonstrated in Sec-
tion 5.5, these bilateral structures introduce relatively large estimation errors in
practice (see also Fig. 2.2), suggesting that the correlation between the left and
right hearing devices for both the speech and the interference components is quite
relevant.

: (5.24)

)
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compute
compute < binaural
features - spatio-
(5.26) temporal
filters

~v -1
DNNag: (‘I’M wit wit
- inverse interference STCMs . > S
Xt compute binaural Xt DNNPF.
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speech STCVs and PSDs ) A wk wl
Vir O
deep filtering (DF)

Figure 5.2: Block diagram of the proposed deep binaural STWF and the baseline deep
filter algorithm, assuming M; = Mgz = 2 microphones per hearing device.

5.3 Deep Binaural Spatio-Temporal Wiener Filter

To estimate all required quantities, the binaural STWF is embedded into a super-
vised learning framework (see Fig. 5.2). Specifically, the speech STCVs ’ytL and 'y? ,
the speech PSDs (bit and qSﬁt, as well as the inverse STCMs (<I>£t)_1 and (@ft)_l
are estimated using TCNs. Note that this is different from Chapter 4, where we
estimated the speech TCV in (4.8) indirectly using estimates of the noisy and in-
terference TCMs as well as the a-priori SNR. Separate TCNs are used for the
quantities related to the speech component (i.e., STCVs and PSDs) and for the
quantities related to the interference component (i.e., inverse STCMs), where both
TCNs are jointly trained using a loss function that compares the ground-truth bin-
aural speech components to the estimated components obtained at the output of
the deep binaural STWF. As input features, similarly as in Chapter 4, we utilized
the concatenation of the logarithmic magnitude, as well as the cosine and sine of
the phase, of the noisy STFT coefficients at all frequency bins and microphoneso,
ie.,

. T 3
Xttm = [10810([gam| +€) €08 (Lypom) sin (Zypem)] TR (5:25)
T 3F
Xt,m = [X-If—:l,t;m X-,I];:2,t,m X—;:F,t,m:| cR™, (5.26)
T 3FM
Xt = |:X-1I5—,m:1 X-tr,m:2 e XI,m:M:| €R ' (527)

We chose both the cosine and the sine of the phase to obtain an unambiguous and
smooth phase representation [83]. For more details about the TCNs and the loss

In preliminary experiments, this feature choice outperformed the use of the real and imaginary
parts of the STFT coefficients as input features.
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Table 5.1: The number of required parameters per frequency bin to estimate the speech
STCVs and the inverse interference STCMs for the proposed spatio-temporal
correlation structures (assuming N = 5 and M, = Mr = 2, ie., M = 4
v € {L, R}), as well as the model mismatch on the evaluation dataset in terms
of the mean relative £, norm ¢, , the mean Hermitian angle €, the mean relative
Frobenius norm €p,,, and the mean correlation matrix distance ecyp in (5.42).

uantit; structure required parameters €. /dB (1 e/ (L € dB (4 ecnvp (4
q Yy q p £y 0 Fro CMD
4MN-1)2 76 —o00 0.0
~Y global RTF 2AAM+N-2)2 14 —4.5 30.1 —
ipsilateral RTF 2AM +4N —4) 2 40 —15.6 9.9
bilateral 2AZMN —2) £ 36 —3.2 43.7 —
bilateral & ipsilateral RTF 2(M+2N —4)2 20 —3.0 44.9 —
— 2(MN)* £ 800 — — —o0 0.000
P
bt common STCM (&), = &) (MN)* 2 400 — — —20.2 0.004
bilateral 1/2(MN)* £ 200 — — —4.0 0.220

function, we refer to Section 5.4.3. For the spatio-temporal correlation structures
proposed in Section 5.2, in the following we explain in more detail the parameters
that are estimated by the TCNs. Table 5.1 provides an overview of the number of
parameters per time-frequency bin for the speech STCVs and the inverse interference
STCMs, which greatly differ between the different structures.

5.3.1 Speech Correlation Vectors and Power Spectral Densities

NO STRUCTURE When not imposing any structure on the speech STCVs, es-
timates of both complex-valued vectors 'ytL and 'yf and both PSDs qbit and qﬁﬁt
are required. Since one element of each speech STCV is equal to 1 (cf. (2.38))
each speech STCV is determined by 2(2M N — 1) real-valued parameters. Similarly
to [220], the speech PSDs are estimated by applying real-valued masks m§ 7, and

m]E r to the noisy STFT coeflicients at the reference microphones, i.e.,
" R 2 R
¢Z,t = |mt,uyt,u| ) mt,u € [07 1]7 Ve {LaR}a (528)

with each mask determined by a single real-valued parameter, ensuring the range
[0,1] with a sigmoid activation function. A single TCN uses the features in (5.25)
at all microphones to estimate the undetermined parameters of the speech STCVs
and the PSD masks.

GLOBAL RTF STRUCTURE When imposing the global RTF structure on the
speech STCVs, estimates of the global RTF vector h#'°" in (5.7) and the speech
temporal correlation vector ’751 in (5.9) are required, separating the estimation pro-
cess into a spatial factor and a temporal factor. The global RTF vector is determined
by 2(M — 1) real-valued parameters, while the speech temporal correlation vector
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is determined by 2(N — 1) real-valued parameters. Since the left and right speech
PSDs are directly related by the squared magnitude of the global RTF (cf. (5.10)),
only one PSD mask needs to be estimated for the global reference microphone. A
single TCN uses the features in (5.25) at all microphones to estimate the undeter-
mined parameters of the global RTF vector, the speech temporal correlation vector,
and the PSD mask.

IPSILATERAL RTF STRUCTURE When imposing the ipsilateral RTT structure
on the speech STCVs, estimates of the ipsilateral RTF vectors h)’7" and h,”y in (5.13)

and (5.14) as well as the speech temporal correlation vectors 'ﬁ/,ﬁ L '75 R» 'T/f 1, and
"ytL, r in (5.16) are required. The vectors fl;?zl and ﬁg’;‘ are determined by 2(M;, —1)
and 2(Mp — 1) real-valued parameters, the vectors ’7tL7 1, and "yf g are determined by

2(N —1) real-valued parameters each, and the vectors '75 7, and ﬁf g are determined
by 2N real-valued parameters each (since none of the elements needs to be equal to
1). The ipsilateral RTF structure does not impose an explicit relationship between
the left and right PSDs. A single TCN uses the features in (5.25) at all microphones
to estimate the undetermined parameters of the ipsilateral RTF vectors, the speech
TCVs, and the PSD masks.

5.3.2 Interference Covariance Matrices

NO STRUCTURE In Chapter 4, we showed that, among Hermitian positive-
definite, Hermitian positive-definite Toeplitz, and rank-1 TCM structures, the Her-
mitian positive-definite structure based on the Cholesky decomposition resulted
in the highest speech enhancement performance. Assuming that the interference
STCMs are full-rank, such that they are positive-definite, also their inverses are
positive-definite, i.e., they can also be decomposed using the Cholesky decomposi-
tion [206], [207] as

(@) ' =L/LY ve{L R}, (5.29)

i,t )

where the Cholesky factor Ly, € CMNMN

valued and positive diagonal elements, determined by (M N )2 real-valued parame-
ters. In this chapter, we utilize the Cholesky decomposition of the inverse interfer-
ence STCM in (5.29) rather than the Cholesky decomposition of the interference
STCM in (4.1). In preliminary experiments, this choice improved both speech en-
hancement performance (as no explicit matrix regularization with manually chosen
regularization constant was required) and computational complexity (because no
explicit matrix inverse was computed). A single TCN uses the features in (5.25) at
all microphones to estimate these parameters. Similarly as in Chapter 4, we then
construct the Cholesky factors th by using disjoint subsets of the parameters for
the real strictly lower triangular part, the imaginary strictly lower triangular part,
and the real positive diagonal part, ensuring positivity of the diagonal part with a
softplus activation function. Finally, we construct the inverse interference STCMs

is a lower-triangular matrix with real-
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as in (5.29), i.e., without explicitly computing a computationally complex matrix
inverse.

COMMON INTERFERENCE COVARIANCE MATRIX When assuming the left
and right interference STCMs to be equal, a single Cholesky factor and inverse
interference STCM is estimated using the procedure described above, reducing the
number of parameters by half to (MN)?.

5.3.3 Bilateral Correlation

When imposing a bilateral structure on the speech STCVs and the interference
STCMs, only the ipsilateral correlations need to be estimated. The left and right ip-
silateral speech STCVs in (5.19) are determined by 2(M; N—1) and 2(MrN —1) real-
valued parameters, respectively. When additionally imposing the ipsilateral RTF
structure, the speech STCVs in (5.24) are determined by 2(M; — 1) and 2(Mpg — 1)
real-valued parameters for the ipsilateral RTF vectors hiP*" and hiP*"#, respec-
tively, as well as 2(N — 1) real-valued parameters for each of the speech temporal
correlation vectors ”yf? ;, and "yf r. The Cholesky factors of the inverse submatri-
ces (i)ftL)_l and (‘i‘f?tR)_l in (5.21) and (5.22) are determined by (M, N)> and
(MprN )2 real-valued parameters, respectively. In contrast to the estimation proce-
dures for the binaural STWF, separate TCNs are used for the left and right filters
of the bilateral STWF. More specifically, one TCN uses the features in (5.25) at the
microphones of the left hearing device to estimate the undetermined parameters of
the left ipsilateral speech STCV and the left PSD mask, while another TCN uses
the features at the microphones of the right hearing device to estimate the unde-
termined parameters of the right ipsilateral speech STCV and the right PSD mask.
Similarly, two separate TCNs are used to estimate the undetermined parameters of
the left and right inverse interference STCMs.

5.4 Simulation Setup

In this section, we present our simulation setup, consisting of the used datasets
(Section 5.4.1), the baseline binaural speech enhancement algorithms (Section 5.4.2),
and the settings of all algorithms (Section 5.4.3).

5.4.1 Datasets

To train, validate, and evaluate all supervised learning-based binaural speech en-
hancement algorithms, we constructed datasets using diverse speech and noise
source material from the DNS 1 and DNS 2 challenge datasets [66], [68] and sim-
ulated binaural room impulse responses (BRIRs) from the CEC 1 dataset [69]. In



5.4 SIMULATION SETUP

addition, to test the generalization capabilities of the considered algorithms in more
realistic scenarios, we considered the CEC 3 dataset (Task 3)1. All datasets were
used at a sampling rate of 16 kHz.

5.4.1.1 Training and Validation

For the training and validation datasets, we used the speech and noise source mate-
rial from the DNS 2 challenge dataset, consisting of English sentences from 11350
speakers and 600 noise classes. We chose not to use the speech and noise source ma-
terial from the CEC 1 dataset in order to increase speaker and noise diversity. For
the BRIRs, we used the CEC 1 training dataset, consisting of 6000 different room
configurations. These BRIRs were simulated for a randomly positioned directional
speech source and a randomly positioned omnidirectional noise source captured by
binaural behind-the-ear hearing aids mounted on an artificial head in randomly
sized rooms with reverberation time Ty, ranging from 0.2s to 0.4 s (i.e., low to mod-
erate reverberation). The hearing aids consisted of three microphones each (front,
mid, and rear), with a microphone spacing of about 7.6 mm. The front and mid
microphones were chosen for all simulations, i.e., M; = My = 2 microphones were
used per hearing device. The speech source was located at an angle within +30°
w.r.t. the listener, while the noise source could be positioned anywhere in the room
except for less than 1 m from the walls or the listener. Surface absorption coefhi-
cients were varied to simulate various room characteristics such as doors, windows,
curtains, rugs, or furniture. Random speech and noise sources were convolved with
BRIRs corresponding to a randomly chosen room configuration before being mixed
at better-ear SNRs ranging from 0dB to 15dB (considering the reference micro-
phones at both hearing aids). In total, the training and validation datasets have a
length of 80h and 20 h, respectively, with each utterance of length 4s.

5.4.1.2 Ewvaluation

For evaluation, we considered a matched dataset resembling the training dataset and
a mismatched dataset designed to test generalization capabilities. For the matched
evaluation dataset, we used speech and noise source material from the DNS 1 chal-
lenge evaluation dataset and BRIRs from the CEC 1 validation dataset. Random
speech and noise sources were convolved with BRIRs corresponding to a randomly
chosen room configuration before being mixed at better-ear SNRs from —5dB to
20dB in steps of 5dB. The training/validation and matched evaluation datasets
were disjoint in terms of speakers, noise sources, and BRIRs. In total, 100 utter-
ances were considered per SNR, with each utterance of length 10s.

For the mismatched evaluation dataset, we used a subset of the CEC 3 development
dataset (Task 3), comprising real noise backgrounds and higher-order ambisonic

1 https://claritychallenge.org/docs/cec3/task 3/cec3_task3_overview
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RIRs recorded in complex environments (busy roads, railway platforms, and social
gatherings) as well as simulated head rotation. Note that we omitted the social
gatherings environment, which would have required a target speech extraction ap-
proach and is thus incompatible with the approach in this chapter. Random speech
sources were convolved with higher-order ambisonic RIRs, rotated to simulate head
movement, and binauralized with measured head-related transfer functions. The
resulting speech components were mixed with real noise backgrounds at better-ear
SNRs from —5dB to 6 dB. This SNR range represents a subset of the full —12dB
to 6dB range, chosen to provide a reasonable mismatch with our training dataset
(which contained the range from 0dB to 15dB). The considered evaluation dataset
presents mismatches in terms of speakers, noise types, noise spatial coherence, acous-
tic conditions (as reflected in the recorded RIRs), and the dynamic aspect of head
rotation. In total, 997 utterances were selected, with each utterance lasting about
5s.

5.4.2  Baseline Algorithms

We consider three baseline binaural speech enhancement algorithms, where two
algorithms are causal and one algorithm is non-causal. The first baseline algorithm
is causal and employs a purely learning-based approach that directly estimates the
binaural temporal filter coefficients in the STFT domain (see Fig. 5.2), which can
be viewed as a binaural extension of the DF algorithm proposed in [129]. More
specifically, rather than estimating the speech STCVs, speech PSDs, and inverse
interference STCMs to compute the binaural STWF vectors using (5.3), the DF
algorithm directly estimates the binaural spatio-temporal filter vectors th and
wf” e CMN in (2.50), each determined by 2M N real-valued parameters. A single
TCN uses the features in (5.25) at all microphones to estimate these parameters,
ensuring the range [—1, 1] with a hyperbolic tangent activation function as proposed
in [129]. For more details about the DF algorithm, we refer to Section 3.2.1.

As second state-of-the-art baseline algorithm, we consider the causal binaural Conv-
TasNet algorithm, which uses a learned transform instead of the STFT and a
TCN-based separator that estimates real-valued masks employed in a mask-and-
sum approach [189], an extension of the Conv-TasNet algorithm [89] introduced
in Section 3.2.2.

As third state-of-the-art baseline algorithm, we use the non-causal BCCTN algo-
rithm [188], which uses a complex-valued convolutional transformer network that
estimates complex-valued time-frequency masks for the left and right reference chan-
nels. Note that the BCCTN algorithm uses a non-causal multi-head attention im-
plementation and is thus not suitable for real-time processing—in contrast to all
other considered algorithms.
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5.4.3 Algorithmic Settings

The algorithmic settings mostly followed the settings in Chapter 4. We used the
same STFT framework and input features for the STWF algorithms and the DF
algorithm. To increase speech correlation across successive STFT frames, we used a
high temporal resolution, i.e., a frame length of 8 ms and 75 % overlap, resulting in a
low input-output latency. A v/ Hann window was used both as analysis and synthesis
window. As temporal filter length, the STWF algorithms and the DF algorithm used
N =5 frames, such that temporal correlations within 16 ms could be exploited. This
choice represents a trade-off between capturing sufficient temporal context to exploit
speech correlations and maintaining reasonable computational complexity. To limit
speech distortion, a minimum gain of g,,;, = —20dB was applied to the binaural
output signals of the STWF algorithms and the DF algorithm during evaluation.
The final estimated binaural target speech components were thus obtained as

. H
-~ _ ) 9minYt,v> if ‘W? yt‘ < ‘gminyt,u|
xt,l/ - .

(5.30)
w/Hy,,  else

To train all algorithms except the BCCTN algorithm, we used the following STFT-
domain loss function proposed in [120]:

1 F T
E = 2F‘7T Z Z Z ‘Cf,t,uv (531)

f=1t=1ve{L,R}

Liow=Blepew—Trew|+ Q=B |lepenl = [T

where 8 = 0.4 is a hyperparameter chosen as in [120]. The magnitude term helps
preserve spectral shape and formant structure, while the complex-valued difference
term helps preserve phase relationships. Note that this loss was computed after the
estimated binaural target speech components in (2.50) were transformed back to
the time domain using an inverse STFT (see Fig. 5.2), followed by an additional
transformation to the STFT domain with a frame length of 32ms and 50 % over-
lap. For the BCCTN algorithm, we used the STFT framework and loss function
proposed in [188], which incorporates terms reflecting noise reduction, intelligibility
improvement, and binaural cue preservation.

We used TCNs as the DNN architecture for the STWF algorithms and the DF algo-
rithm, implemented based on the official (monaural) Conv-TasNet implementationQ.
We fixed the number of stacks to two, the number of layers to six, the kernel size
to three, and the bottleneck size to 32, yielding a temporal receptive field size of
512ms. All STWF algorithms (imposing different correlation structures) and the
DF algorithm were trained separately, with the TCN architecture remaining identi-
cal and only adapting its final layer to match the required parameter count for each
algorithm (presented in Table 5.1 for the STWF algorithms).

2 https://github.com/naplab/Conv-TasNet
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For both the binaural Conv-TasNet algorithm and the BCCTN algorithm, we used
the code provided by the authors and the DNN hyperparameters proposed in [189]
and [188], respectively.

All algorithms were trained for a maximum of 100 epochs with early stopping using
the AdamW optimizer [2154 and with gradient ¢5 norms clipped to 5. The learning
rate was initialized at 10”° and halved after three epochs without validation loss
improvement. Early stopping was applied after ten epochs without validation loss
improvement. For the STWF algorithms and the DF algorithm, complex-valued
numbers were constructed from the (real-valued) TCN outputs by assigning separate
output elements for the real and imaginary parts. The simulations were implemented
using PyTorch 2.0.1 [216] and executed on NVIDIA GeForce RTX A5000 graphics
cards.

5.5 Validity of Spatio-Temporal Correlation Structures

In this section, we describe an approach to validate the proposed spatio-temporal
correlation structures for the speech STCVs and interference STCMs in Section 5.2.
We first discuss how to compute ground-truth STCVs and STCMs, impose spatio-
temporal structure on these quantities, introduce several metrics to evaluate the
incurred model mismatch, and finally present the validation results.

5.5.1  Ground-Truth STCVs and STCMs

To compute the ground-truth speech STCVs and interference STCMs, we first apply
recursive smoothing on the instantaneous oracle speech and noise STCMs, i.e.,

@, =2\, 1 +(1-Nxx} (5.32)
®,, =B, +(1—-\nn}. (5.33)

To track rapidly varying speech and noise statistics, we set the smoothing factor A
to match the frame shift of the employed STFT (equal to 2ms), using the relation
A = exp(—T,/7), where T, = 2ms denotes the frame shift used in the simulations
and 7 = 2ms denotes the smoothing time constant. Using (5.32), the left and right
speech STCVs and PSDs are computed using (2.45), i.e.,

P, e,

Ve = % ve{L R} (5.34)
x,t

oL, =e,®,,e, ve{L R} (5.35)

The left and right interference STCMs are computed using (2.53), i.e.,

®,=®,,— o v +®,, vel{L R} (5.36)
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5.5.2  Spatio-Temporal Structures

To impose the global RTF structure or the ipsilateral RTF structure (see Sec-
tion 5.2.1) on the ground-truth speech STCVs, the ground-truth RTFs are first com-
puted according to (5.5) using the oracle speech STCM (5.32) and the oracle speech
PSDs (5.35). For the global RTF structure, the speech STCVs are constructed us-
ing (5.8) and (5.11), where the global RTF vector fltglOb in (5.7) is constructed using
the ground-truth RTFs and the speech temporal correlation vector ’751 is extracted
from the speech STCV in (5.34). Similarly, for the ipsilateral RTF Structure, the
speech STCVs are constructed using (5.15), where the ipsilateral RTF vectors lvlipSi’L
and h**"" in (5.13) and (5.14) are constructed using the ground-truth RTFs and

the speech temporal correlation vectors 4y 1, and 7; g are extracted from the speech
STCV in (5.34).

The common interference STCM (see Section 5.2.2) is constructed as the matrix
minimizing the squared Frobenius norm of the difference with the ground-truth
interference STCMs @iL’t and ‘I'ft in (5.36), i.e.,

- . I 2 R 2
&, , = argmin HtI) ol |+ H@ _ e (5.37)
P IF i
1

For the bilateral correlation structures (see Section 5.2.3), the coefficients of the
speech STCVs and the interference STCMs corresponding to the contralateral cor-
relations are simply set to zero.

5.5.3 Results

We evaluate the model mismatch incurred by imposing spatio-temporal correlation
structures on the ground-truth speech STCVs and interference STCMs in terms
of several metrics on the evaluation dataset. To evaluate model mismatch for the
speech STCVs, we consider the mean relative /5 norm and the mean Hermitian
angle, defined as

1 v 177 =7l
=S5FT — T 5.39
ST DI DI Dy (5:9)
f=1 ve{L,R}
1 v ( R )
€9 = arccos | o1 | (5.40)
0o e 2 e |,

where 'y;t corresponds to the ground-truth speech STCVs in (5.34) and '3')”% corre-
sponds to the speech STCVs with imposed structure.
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To evaluate model mismatch for the interference STCMs, we consider the mean
relative Frobenius norm and the mean correlation matrix distance [221], defined as

£ (5.41)

NG a2
R ONIDY

f=1t=1ve{L,R} ||‘I>1VftHF

F T = v,H
1 trace{®; ;,®;¢,}
coMD = 577 >SS 1 — S (5.42)
1@ el

71 =1 ve (LR} Pl®illF

where ®; ;; corresponds to the ground-truth interference STCMs in (5.36) and

®, ;. corresponds to the common interference STCM in (5.37). The correlation
matrix distance eqyp can be interpreted as the angle between the vectorized STCMs
<i>i’j»,t and @, 7, in (2MN)2—dimensional space, yielding values between 0 and 1,
where smaller values denote higher similarity.

For all considered spatio-temporal correlation structures, Table 5.1 shows the num-
ber of required parameters to estimate the speech STCVs and the interference
STCMs, both as a function of the number of microphones M and the temporal
filter length N as well as specifically for M; = Mp =2 (ie, M =4)and N =5
(used in the simulations). It also shows the model mismatch by imposing spatio-
temporal correlation structures on the ground-truth speech STCVs and interference
STCMs in terms of the metrics introduced in the previous subsection.

For the speech STCVs, it can be observed on the one hand that all spatio-temporal
correlation structures significantly reduce the number of required parameters. The
global RTF structure yields the largest reduction (factor 5.4), while the ipsilateral
RTF structure yields the smallest reduction (factor 1.9). On the other hand, both
the global RTF structure and the bilateral structures incur a relatively large model
mismatch in terms of both metrics. Although the global RTF structure is commonly
used in single-frame algorithms (typically utilizing longer STFT frames), the global
RTF structure may be less suitable for the considered multi-frame algorithms, which
rely on short STFT frames to exploit the temporal correlations of speech signals.
In addition, due to reverberation and the relatively large distance between the
microphones on the left and right hearing devices, the speech STFT coefficients
of the global reference microphone (on the left hearing device) may not be fully
correlated with the speech STFT coefficients of the contralateral microphones (on
the right hearing device). In contrast, the ipsilateral RTF structure incurs a smaller
model mismatch while reducing the number of required parameters with a similar
factor as the bilateral RTF structure.

For the interference STCMs, it can be observed on the one hand that assuming a
common STCM reduces the number of required parameters by a factor 2, while the
bilateral structure further reduces the number of required parameters by an addi-
tional factor 2. In absolute numbers, the parameter reductions for the interference
STCMs are much larger than the reductions for the speech STCVs. On the other
hand, the bilateral interference correlation structure incurs a relatively large model
mismatch in terms of both metrics, consistent with the model mismatch for the



5.6 SIMULATION RESULTS

Table 5.2: Computational complexity in terms of the average real-time factor (RF), the
number of multiply-accumulate operations per second (MACS), and the number
of trainable weights for the deep binaural STWF and the deep bilateral STWF
(imposing different correlation structures) as well as the binaural deep filter (DF')
algorithm, the binaural Conv-TasNet algorithm, and the non-causal binaural
complex convolutional transformer network (BCCTN) algorithm.

&L, = @, ~/ structure RF /% (l) MACS /M (l) trainable weights / M ()

noisy — — — — —
X X 54.6 539 2.10
binaural STWF v X 362 287 1.30
v global RTF 25.1 273 1.19
v ipsilateral RTF 35.0 287 1.24
bilateral STWF - x 12.1 76 0-42
— ipsilateral RTF 124 76 0.41
binaural DF — — 4.8 6 0.34
binaural Conv-TasNet [189] 36.0 75 1.67
BCCTN (non-causal) [188] — — — 5730 11.09

bilateral speech correlation structure. In contrast, assuming a common interference
STCM incurs a smaller model mismatch. The observations in terms of model mis-
match for the considered spatio-temporal correlation structures will be confirmed
by the simulation results in the next section.

5.6 Simulation Results

In this section, we investigate the speech enhancement performance and the compu-
tational complexity of the deep binaural STWF and the deep bilateral STWF using
the proposed correlation structures. Furthermore, we compare their performance
with three baseline algorithms, i.e., the binaural DF algorithm, the binaural Conv-
TasNet algorithm, and the BCCTN algorithm. As mentioned before, all considered
algorithms except the BCCTN algorithm are causal. To evaluate computational
complexity, we consider the RF, defined as processing duration vs. utterance dura-
tion using a single thread on an AMD EPYC 7443P CPU, as well as the number of
multiply-accumulate operations per second (MACS) (determined using the PyTorch
profiler) and the number of trainable weights. To evaluate speech enhancement per-
formance, we consider the wideband PESQ [183] metric and the hearing aid speech
quality and speech intelligibility index (HASQI) [185] as objective metrics of speech
quality, as well as the hearing aid speech perception index (HASPI) [187] as an
objective metric of speech intelligibility. To evaluate binaural cue preservation, we
consider the ILD and IPD errors between the output signals and the target speech
components of the input signals described in Section 2.2. More in particular, we
use the ILD error defined in (2.55) and the IPD error defined in (2.57), where both
errors are computed only in STFT bins with active speech [188].
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For all speech enhancement and binaural cue preservation metrics, we used the left
and right reverberant speech signals at the reference microphones as the reference
signals. For PESQ, we averaged the values across the left and right output signals,
whereas HASQI and HASPI inherently consider only the better ear. For HASQI
and HASPI, we assumed normal hearing (i.e., a flat hearing loss of 0dB). Audio
demos for matched and mismatched conditions (including a condition with a moving
source entirely mismatched from the training dataset) can be found online®.

5.6.1 Computational Complezity

Table 5.2 shows the computational complexity for all considered binaural speech
enhancement algorithms, where all metrics were averaged across all utterances and
SNRs of the matched evaluation dataset. The DF algorithm achieves the lowest
computational complexity, with an RF of 4.8 %, 6 M MACS, and 0.34 M trainable
weights. In contrast, the non-causal BCCTN algorithm shows the highest computa-
tional complexity with 5730 M MACS and 11.09 M trainable weights, highlighting
its substantial computational demand. The deep binaural STWF not imposing any
correlation structure results in an RF of 54.6 %, 539 M MACS, and 2.10 M trainable
weights. Imposing a common interference STCM reduces the RF to 36.2 %, while
also decreasing the MACS to 287M and the trainable weights to 1.30 M. Imposing
the global RTF structure further reduces the RF to 25.1 %, the MACS to 273 M, and
the trainable weights to 1.19 M. In contrast, imposing the ipsilateral RTF structure
yields only minimal additional computational savings over the common interference
STCM. Compared to the deep binaural STWF algorithms, the deep bilateral STWF
algorithms result in lower computational complexity, with RFs around 12 %, 76 M
MACS, and between 0.41 M and 0.42M trainable weights.

5.6.2 Matched Evaluation Dataset

For the matched evaluation dataset, Table 5.3 shows the speech enhancement and
binaural cue preservation performance for all considered binaural speech enhance-
ment algorithms, averaged across all utterances and SNRs. First, it can be observed
that all algorithms yield improvements in terms of all considered speech enhance-
ment metrics. The deep binaural STWF not imposing any correlation structure
achieves a high PESQ value (2.40) and the highest HASQI and HASPT values (0.50
and 0.95, respectively), while the non-causal BCCTN algorithm achieves the highest
PESQ value (2.48), but only moderate HASQI and HASPI values (0.48, and 0.91).
Compared to the unstructured variant, imposing a common interference STCM re-
sults in only minor PESQ reductions (2.38) while achieving the same HASQI and
HASPI values. Further imposing the global RTF structure slightly reduces speech

3 https://uol.de/en/sigproc/research/audio-demos/binaural-noise- reduction/stwf
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5.6 SIMULATION RESULTS

Table 5.3: Speech enhancement performance in terms of average PESQ, HASQI, and
HASPI values and binaural cue preservation in terms of average ILD and IPD
errors for the deep binaural STWF and the deep bilateral STWF (imposing dif-
ferent correlation structures) as well as the binaural deep filter (DF) algorithm,
the binaural Conv-TasNet algorithm, and the non-causal binaural complex con-
volutional transformer network (BCCTN) algorithm on the matched evaluation

dataset.

&L, =®f, ~/ structure PESQ (1) HASQI (1) HASPI (1) AILD /dB () AIPD /rad (})
noisy — — 1.62 0.39 0.90 — —
X X 2.40 0.50 0.95 3.26 0.72
binaural STWF v X 2.38 0.50 0.95 3.27 0.73
v global RTF 2.34 0.49 0.94 4.03 0.90
v ipsilateral RTF 2.39 0.50 0.95 3.29 0.73

C C
bilateral STWE X 2.19 0.47 0.94 4.14 0.78
ipsilateral RTF 2.18 0.47 0.94 4.13 0.78
binaural DF — — 2.23 0.47 0.94 3.42 0.75
binaural Conv-TasNet [189] 2.19 0.49 0.94 3.86 0.81
BCCTN (non-causal) [188] 2.48 0.48 0.91 2.62 0.66

enhancement performance (PESQ of 2.34). In contrast, imposing the ipsilateral RTF
structure preserves the speech enhancement performance of the unstructured variant
(PESQ of 2.39). The deep bilateral STWF algorithms, the binaural DF algorithm,
and the binaural Conv-TasNet algorithm result in lower speech enhancement per-
formance (PESQ around 2.20). The lower performance of the deep bilateral STWF
algorithms is presumably caused by the lack of information exchange between the
left and right hearing devices, which limits both the spatial diversity the TCNs can
exploit as well as the number of microphones available for filtering.

In terms of binaural cue preservation, it can be observed that the non-causal BC-
CTN algorithm achieves the best performance, while the deep bilateral STWF algo-
rithms and the deep binaural STWF algorithm imposing the global RTF structure
exhibit the worst performance. Notably, imposing the ipsilateral RTF structure pre-
serves binaural cues as effectively as the unstructured variant. The good binaural
cue preservation of the BCCTN algorithm is presumably caused by the inclusion
of loss terms that penalize binaural cue distortion. However, it should be noted
that, from a perceptual perspective, all algorithms except the deep bilateral STWF
algorithms preserve the binaural cues quite well.

5.6.3 Mismatched Evaluation Dataset

For the mismatched evaluation dataset, Table 5.4 shows the speech enhancement
and binaural cue preservation performance for all considered binaural speech en-
hancement algorithms, averaged across all utterances. Compared to the matched
evaluation dataset, the speech enhancement performance of all algorithms is re-
duced, which is expected due to the strong mismatch between training and eval-
uation conditions. Nevertheless, all algorithms still yield improvements in terms

117



118

DEEP MULTI-FRAME FILTER FOR BINAURAL SPEECH ENHANCEMENT

Table 5.4: Speech enhancement performance in terms of average PESQ, HASQI, and
HASPI values and binaural cue preservation in terms of average ILD and IPD
errors for the deep binaural STWF and the deep bilateral STWF (imposing dif-
ferent correlation structures) as well as the binaural deep filter (DF) algorithm,
the binaural Conv-TasNet algorithm, and the non-causal binaural complex con-
volutional transformer network (BCCTN) algorithm on the mismatched evalu-
ation dataset.

&L, =®f, ~/ structure PESQ (1) HASQI (1) HASPI (1) AILD /dB () AIPD /rad (})

noisy — — 1.09 0.07 0.42 — —
X X 1.21 0.12 0.55 1.33 6.35

binaural STWF v X 1.20 0.11 0.54 1.33 6.35
v global RTF 1.19 0.11 0.52 1.42 6.84

v ipsilateral RTF 1.19 0.11 0.54 1.33 6.32

5 03

bilateral STWFE X 1.18 0.11 0.54 1.40 7.93
ipsilateral RTF 1.16 0.11 0.54 1.44 8.39

binaural DF — — 1.19 0.12 0.53 1.31 6.41
binaural Conv-TasNet [189] 1.14 0.09 0.44 1.44 7.45
BCCTN (non-causal) [188] 1.23 0.10 0.42 1.07 4.69

of all considered speech enhancement metrics (except for the BCCTN algorithm
in terms of HASPI). The speech enhancement and binaural cue preservation ten-
dencies across algorithms are similar to those observed on the matched evaluation
dataset, however with smaller differences between algorithms.

To experimentally evaluate the robustness of the considered binaural speech en-
hancement algorithms, we have also included an audio example of an acoustic scene
that is entirely mismatched from the training dataset (featuring a moving target
speaker in an unseen room, with unseen quasi-diffuse noise, and a hearing aid con-
figuration with unseen inter-microphone spacings) on the Webpage5.

5.7 Summary

In this chapter, we proposed several procedures to impose spatio-temporal correla-
tion structures on the speech STCVs and interference STCMs, required to imple-
ment the binaural STWF. These procedures mainly differ in terms of the relation
between the microphones, particularly between the left and the right hearing de-
vice, as well as the number of parameters to be estimated. First, assuming that the
spatial correlation of the speech component is stationary over the length of the tem-
poral filter, we proposed to decompose the speech STCV as the Kronecker product
of a spatial RTF vector and a temporal correlation vector. We either considered
a single global reference microphone or a reference microphone for each hearing
device. Second, we proposed to replace the left and right interference STCMs by a
common interference STCM. In addition, we considered a bilateral STWF by ne-
glecting all spatio-temporal correlations between both hearing devices. All required
parameters were estimated by embedding the binaural STWF into a supervised
learning framework.



5.7 SUMMARY

Simulation results using both simulated and measured BRIRs as well as diverse
speech and noise sources demonstrate that the combination of the speech STCV
structure considering two reference microphones and a common interference STCM
yields the best overall performance, reducing the real-time factor by around 36 %
while maintaining speech enhancement and binaural cue preservation performance
compared to not imposing any spatio-temporal correlation structure. These results
are consistent with a validation based on ground-truth quantities. Furthermore,
the best deep binaural STWF algorithm outperforms two state-of-the-art binau-
ral speech enhancement algorithms based on supervised learning, namely the deep
filter algorithm and the binaural Conv-TasNet algorithm, while approaching the
performance of the (non-causal) BCCTN algorithm.
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SPATIAL REGULARIZATION FOR IMPROVED
INTERPRETABILITY

In Chapter 5, we decomposed the speech STCV into the Kronecker product of a
spatial factor (corresponding to the RTF vector) and a temporal factor (the TCV),
using a signal approximation loss function defined on the output of the deep bin-
aural STWF. While this deep binaural STWF yielded a high speech enhancement
performance, in this chapter, we investigate the acoustic interpretability of the esti-
mated RTF vector—specifically whether it accurately reflects the underlying spatial
characteristics of the acoustic scenario. This investigation is motivated by one of
the key reasons for employing a hybrid speech enhancement approach such as the
deep binaural STWF: interpretability. Since we find the estimated RTF vector to
be acoustically implausible, we propose a spatial regularization procedure that in-
corporates an additional loss term defined on the estimated RTF vector. This loss
term incentivizes the DNN to output estimates that are not only effective for speech
enhancement but also reflect the underlying spatial characteristics of the acoustic
scenario. To automatically balance the individual loss terms, we employ an adaptive
weighting method based on homoscedastic uncertainty [222]. Using the DNS 1 and
DNS 2 challenge datasets and simulated RIRs, simulation results show that the com-
bined loss function yields accurate estimates of the RTF vector even in reverberant
environments, without increasing computational complexity or sacrificing speech
enhancement performance. We hypothesize that this regularization procedure can
be extended to other coupled hybrid speech enhancement approaches to improve
the acoustic interpretability of estimated quantities.

The remainder of this chapter is organized as follows. In Section 6.1, we briefly review
the deep spatio-temporal MVDR filter and its required quantities. In Section 6.2, we
discuss the plausibility of the estimated RTF vectors. In Section 6.3, we introduce
the proposed spatial regularization procedure, which includes RTF loss terms and
an adaptive weighting method based on homoscedastic uncertainty. In Section 6.4,
we introduce our approach to evaluate the plausibility of the estimated RTF vectors
by analyzing their beampatterns. The simulation setup and the corresponding re-
sults for the proposed spatial regularization procedure are presented in Section 6.5
and Section 6.6, respectively.
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Figure 6.1: Block diagram of the deep spatio-temporal MVDR filter, without or with prior
factorization of the speech STCYV into the RTF vector and the speech TCV,
and with the optional loss term defined on the estimated RTF vector.

6.1 Deep Spatio-Temporal MVDR Filter

Aiming at minimizing the output interference PSD while preserving the spatio-
temporally correlated speech component at the reference microphone with index
r = 1, the spatio-temporal MVDR filter in (3.2) requires estimates of the inverse
interference STCM (@}’t)fl and the speech STCV ~;. Assuming that the RTFs
are constant over N frames and selecting the microphone with index » = 1 as the
reference microphone, the speech STCV, which describes the correlation between
the N most recent speech STFT coefficients at each microphone and the current
speech STFT coefficient at the reference microphone, can be factorized into a spatial
factor, corresponding to the RTF vector Btl , and a temporal factor, corresponding
to the speech TCV "ytlll (cf. (2.37)).

Similarly as in the previous chapter, we embed the spatio-temporal MVDR filter
into a deep learning framework, using DNNs to estimate the required quantities.
More in particular, as illustrated in Fig. 6.1, we use one DNN to estimate both
factors fltl and %1,1, and we use one DNN for estimating the inverse interference

STCM (®;,)"".
6.2 Plausibility of Estimated RTF Vectors

Since the DNNs are trained with a signal approximation loss function defined at the
output of the model-based enhancement stage, they are free to estimate the RTF
vector and the speech TCV in a way that leads to good speech enhancement per-
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formance, without necessarily reflecting the true underlying quantities. This lack of
consistency undermines one of the key motivations for employing a hybrid speech
enhancement approach, which is to provide interpretable quantity estimates. By
interpretability, we mean that the estimated RTF vectors should reflect the spa-
tial characteristics of the acoustic scenario, including the relative positioning of the
microphones and the target source, as well as the influence of the acoustic environ-
ment. Instead of analyzing the RTF vectors directly, we propose to evaluate their
plausibility by deriving spatial filters from them and inspecting their correspond-
ing beampatterns. Traditional spatial filters have often been designed based on a
steering vector [191], which assumes free-field and far-field propagation as well as
only modeling the direct path from the source to the microphones. In contrast, the
RTF vector captures additional acoustic effects, including reverberation and acous-
tic shadowing (Section 1.1.3). By incorporating the RTF vector in the spatial filter
design, not only the direct-path sound but also reflections can be accounted for,
which can improve speech intelligibility [22]. Hence, to assess the plausibility of the
estimated RTF vectors, we propose to analyze their beampatterns under different
acoustic environments, comparing them to expected beampatterns.

6.3 Proposed Spatial Regularization Procedure

The main cause of the lack of acoustic interpretability of the RTF vectors estimated
using a DNN is the reliance on a loss function that only contains a signal approx-
imation term. This does not incentivize the DNN to output accurate RTF vector
estimates if the goal of minimizing its loss function is achievable otherwise. To ad-
dress this issue, we propose to augment the loss function by considering both a
signal approximation term and a term that penalizes estimation errors in the RTF
vectors.

The concept of incorporating RTF-based loss terms has been explored in prior re-
search [101], [197]. For example, [197] proposed to imprint binaural RTFs estimated
using a dual-path recurrent neural network (DPRNN) onto the outputs of a DPRNN-
based binaural source separation algorithm, improving binaural cue preservation
and slightly improving speech enhancement performance. The DPRNN-based RTF
estimator was trained using a weighted MSE loss. Furthermore, [101] proposed a
simultaneous speech enhancement and localization algorithm that employs a CRNN
to output a spatial filter. More in particular, in [101] an additional loss term inspired
by the distortionless response constraint of MVDR beamformers in (3.22) was used,
incentivizing the CRNN to output a spatial filter with a distortionless response to-
wards the target source. Localization was then performed by finding the direction
with the highest response, similarly as in the well-known steered response power
with phase transform algorithm [223]. The inclusion of the distortionless response
term improved both speech enhancement performance and localization accuracy
compared to not using it. Notably, their loss term was not defined on the estimated
RTF; the RTF was merely used to establish the distortionless response term. We
propose to define loss terms on the estimated RTFs (Section 6.3.1), with the dis-
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tance between the target and estimated RTFs computed using either the MSE or
the Hermitian angle [224] (Section 6.3.1). Our proposed spatial regularization proce-
dure aims at improving the interpretability of the estimated quantities, promoting
estimates that accurately reflect the acoustic scenario. To avoid the need for manual
tuning of the RTF loss term’s contributions to the overall loss function, we employ
the method proposed in [222], which adaptively balances the individual loss terms
based on an estimate of the homoscedastic uncertainty of each task (Appendix A).

6.3.1 RTF Loss Terms

To improve the accuracy of the estimated RTF vectors, we propose to use one of
two loss terms: the MSE RTF loss term or the Hermitian angle RTF loss term. The
MSE RTF loss term is defined as

F T M
L _ L b ¥ . 6.1
RTF-MSE — T ZZ fit Z fit,m T oftm| o ( . )
f=1t=1 m=1

where by, denotes a time- and frequency-dependent weight given by

W‘f,t,ﬂ2

b
percentile g5 <{‘scf,t’1‘2}f )
fit

and where percentile) g5(-) denotes the 95 % percentile. The weight b;, emphasizes
estimates of the RTFs in STFT bins with high target speech power while preventing
the inclusion of RTF estimates in STFT bins where no target speech is active. The
Hermitian angle RTF loss term is defined as

bf,t - (6.2)

1My
‘hf,t hfi

F T
1
£RTF—HA = ﬁ Z Z bf,t arccos (63)

" [l

In comparison to the MSE RTF loss term, the Hermitian angle RTF loss term
considers only the angle between the estimated and target RTF vectors.

6.4 Beampattern Evaluation Procedure

As mentioned before, instead of analyzing the RTF vectors directly, we assess their
interpretability by deriving spatial filters from them and inspecting their correspond-
ing beampatterns. Similarly as in [225], we employ the matched filter (MF), which
aims at maximizing the white noise gain or, equivalently, minimizing the output
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noise PSD under the assumption of spatially white noise subject to a unit response
for the RTF vector,l. The MF is given by

vvvi/IF = argmin whHw! subject to wihh! =1 (6.4)
.1
L

_ b (6.5)
h! (

where we consider a spatially stationary acoustic scenario for simplicity, resulting
in a time-invariant RTF vector.

ANECHOIC BEAMPATTERNS Beampatterns describe the directional response of
a spatial filter Wllc to sources arriving from different directions, typically assuming
free-field propagation without reflections and hence parameterized by the direction
of arrival (DOA). The subband beampattern for the f-th frequency bin is defined
as [225]

: (6.6)

L 1H 3
Byg = ‘Wf dye

where df,9 = [1 exp (,ijdszg) .. exp (*ijdMTM,e)] T denotes the (ane-
choic) steering vector for a source at DOA 0, wyr denotes the angular center fre-
quency of the f-th frequency bin, and 7,, y denotes the DOA-dependent time dif-
ference of arrival between the m-th microphone and the reference microphone. The
fullband beampattern aggregates the beampower across all frequencies, i.e., [225]

F

By =Y |Bsol*. (6.7)

f=1

While other definitions of the fullband beampattern exist (such as in [3], which
weighs subband beampatterns with the speech PSD), we follow the evaluation pro-
cedure in [225].

REVERBERANT BEAMPATTERNS In conventional beampattern analysis, the
steering vectors at each frequency d 7,0 depend solely on the DOA. However, in re-
verberant environments, reflections and room acoustics affect the observed sound
field. An alternative analysis approach proposed in [225| replaces anechoic steering
vectors in (6.6) with measured or simulated ATFs. This approach requires gener-
ating RIRs for sources placed at regularly spaced positions on a circle centered at
the microphone array, transforming the RIRs into the frequency domain, and using
the resulting ATFs to compute beampatterns. Unlike anechoic beampatterns, which
depend only on the DOA, reverberant beampatterns are influenced by the absolute

This can be seen as a special case of the MVDR beamformer, where the noise spatial coherence
matrix is assumed to be equal to the identity matrix.
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source and microphone positions within the room, including source-microphone dis-
tance. While objective evaluation metrics such as beamwidth can be used, this
chapter primarily focuses on visually inspecting beampatterns to assess the inter-
pretability of estimated RTFs.

BEAMPATTERN INSPECTION SETUP To assess the impact of the proposed spa-
tial regularization procedure, we compute the subband and fullband beampatterns
in (6.6) and (6.7) using the MF for three acoustic environments: an anechoic en-
vironment, a moderately reverberant environment with Ty, = 0.4s, and a highly
reverberant environment with Tgy = 1s (Section 6.5.1). The time-invariant MFs are
computed using (6.5) from the target RTF vector and from the time-averaged RTF
vectors estimated by the deep spatio-temporal MVDR filter using either no RTF
loss term, the MSE RTF loss term in (6.1), or the Hermitian angle RTF loss term
in (6.3).

6.5 Simulation Setup

In this section, we present our simulation setup, consisting of the used datasets
(Section 6.5.1), the baseline algorithm (Section 6.5.2), and algorithmic settings (Sec-
tion 6.5.3).

6.5.1 Datasets

To train, validate, and evaluate the proposed spatial regularization procedure, we
constructed datasets using diverse speech and noise source material from the DNS 1,
DNS 3, and CHiME-3 datasets [66], [68], [70] as well as simulated RIRs. All datasets
were used at a sampling rate of 16 kHz.

6.5.1.1 Training and Validation

For training and validation, we used the speech and noise source material from the
DNS 3 training dataset, consisting of English sentences from 11350 speakers and
150 noise classes. Additionally, we used multi-microphone noise recordings from the
CHiME-3 dataset, which includes real-world acoustic environments such as cafés,
street junctions, public transport, and pedestrian areas, representing both quasi-
diffuse and localized noise. We simulated 6000 different acoustic scenarios using the
pyroomacoustics Python package [74], with room length drawn from (3, 8) m, area
drawn from N (17.7,5.5) m? (ensuring a minimum width of 2.5 m), and height drawn
from N(2.7,0.8) m, with ¢(-) denoting the uniform distribution. The microphone
array geometry was based on the CHIME-3 dataset [70], excluding the rear-facing
second channel, resulting in M = 5 microphones (Fig. 6.2). The microphone array
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dy =10cm

ds =19cm

Figure 6.2: Considered CHiME-3 microphone array geometry. Grey circles denote the ref-
erence and white circles denote unused microphones.

position was randomized but constrained to be at least 1 m away from walls, with
its height drawn from ¢/(1,1.5) m.

The positions of the target source and noise sources were randomized as follows. The
target source was placed at least 1m away from the walls, with the height drawn
from 4(1.4,1.8) m. Between 1 and 3 noise sources were placed at least 1m from
the walls and the target source, with their heights drawn from 2/(1.4,1.8) m. The
target speech source signal was drawn from the DNS 3 training dataset, while the
noise source signals were drawn from the DNS 3 training dataset and the CHiME-
3 dataset as follows. First, random noise source signals from the DNS 3 training
dataset were assigned to each noise source. With a 50 % probability, an additional
random CHIiME-3 noise signal was included. With a 10% probability, only the
CHiME-3 noise signal was used; otherwise, the CHiME-3 noise signal was mixed
with the DNS 3 noise signals at a ratio drawn from ¢/(—10, 10) dB. The reverberation
times for training ranged from mild (T, ~ 0.2s) to high (T, =~ 1.0s), with a
median value of T, = 0.44s (Fig. 6.3). The target speech and DNS 3 noise signals
were convolved with the respective simulated RIRs and, including the CHiME-3
noise signal, mixed at input SNRs ranging from —6dB to 9dB (selecting the first
microphone as the reference microphone). The noisy multi-microphone signals were
generated by convolving the target speech and DNS 3 noise source signals with
the corresponding simulated RIRs, followed by mixing with CHiME-3 noise signals,
with the input SNRs at the first microphone ranging from —6dB to 9dB. The total
dataset duration was 80h for training and 20 h for validation, with each utterance
lasting 4s.

6.5.1.2 FEwvaluation

For evaluation, we simulated two types of datasets, namely for objective evaluation
(including randomized spatial configurations similar to the training and validation
datasets) and for inspection of beampatterns (with a more controlled spatial config-
uration to facilitate interpretability analysis).

OBJECTIVE EVALUATION For objective evaluation, we simulated two datasets
that differ only in terms of the reverberation time: moderately reverberant (me-
dian value of Ty, = 0.48s) and highly reverberant (median value of Ty, = 1.01s)
(Fig. 6.3). The dataset simulation followed the same procedure as for the training
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Figure 6.3: Distributions of reverberation times (Tyq) for the training dataset, the mod-
erately reverberant evaluation dataset, and the highly reverberant evaluation
dataset.

and validation datasets, except for the following differences. To avoid overlap regard-
ing the speech and noise source material, we used source material from the DNS
1 evaluation dataset, and we used multi-microphone noise recordings from differ-
ent recording sessions of the CHiME-3 dataset than for the training and validation
datasets. We simulated 100 different acoustic scenarios with the same CHiME-3
microphone array geometry as well as the same distributions for the room configu-
ration and source locations, except that the target source and the noise sources were
constrained to the same horizontal plane as the microphone array. Compared to the
training dataset, we extended the SNR range of —9dB to 12dB. The training/vali-
dation and evaluation datasets were disjoint in terms of speakers, noise signals, and
rooms.

BEAMPATTERN INSPECTION For beampattern inspection, we simulated three
acoustic scenarios with different reverberation times: anechoic, moderate (Tgq =
0.4s), and high (Tq = 1.0s). Unlike the objective evaluation datasets, which used
randomized spatial configurations, this dataset was designed with a fixed spatial
configuration to allow a controlled inspection of beampatterns (Fig. 6.4). We used
a shoe-box room of dimensions 8 x 8 x 3m37 with the microphone array placed
at the center and randomly rotated within the horizontal plane. The target source
was placed 2.5m from the array center at a DOA of 281°, while two noise sources
were placed at distances of 2.1 m and 2.4m at DOAs of 266° and 195°, respectively.
All sources were placed at a height of 1.1 m. The target speech and DNS 3 noise
signals were convolved with simulated RIRs and mixed at 0dB input SNR, i.e., no
CHIiME-3 noise was considered. Following [225], we generated additional RIRs for
beampattern evaluation using sources placed on a circle of radius 2.5 m around the
array center, with DOAs ranging from 0° to 360° in steps of 2.5°. ATFs computed
from these RIRs replaced conventional anechoic steering vectors in the beampattern
analysis in (6.6).
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Figure 6.4: Acoustic scenario for beampattern inspection, used at different reverberation
times: anechoic, moderate (Tgq = 0.4s), and high (Tgg = 1.0s).

6.5.2 Baseline Algorithm

To assess the impact of spatial regularization on the accuracy of RTF vector estima-
tion and the resulting beampatterns, we consider the deep spatio-temporal MVDR,
filter that does not include an RTF loss term as the baseline multi-microphone
speech enhancement algorithm.

6.5.3 Algorithmic Settings

STFT PARAMETERS We used an STFT with high temporal resolution, i.e., a
frame length of 8 ms and 75 % overlap, with a v Hann window as analysis and syn-
thesis window. All algorithms used N = 5 frames as multi-frame filter length, such
that temporal correlations within 16 ms could be exploited. The first microphone
was selected as the reference microphone. To limit speech distortion, a minimum
gain of g,,;, = —20 dB was applied to the output STFT coefficients of all algorithms
during evaluation. The final estimated target speech component was thus obtained
as

. H
./r\ﬁn _ IminYts if |Wt Yt| < |gminyt‘ ) (68)

W? y:, else

DNN TRAINING The considered algorithms were trained using an optional loss
term defined on the estimated RTF vector (Section 6.3.1) as well as the speech
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enhancement loss term proposed in [108], which comprises time-domain and STFT-
domain ¢; terms, i.e.,

B 1 L&
=72 w5 2 D@l = el
tq=1 f=1t=1

where T; denotes the number of time-domain samples, and 8 = 10 is a weight chosen
as in [108].> The loss was computed after transforming the estimated target speech
components back to the time domain using an inverse STEF'T. For the STFT domain
term, an additional transformation was applied with a frame length of 32ms and
50 % overlap. The reverberant speech component at the reference microphone was
selected as the target signal.

; (6.9)

, — &

DNN ARCHITECTURE We re-implemented and used the full- and subband long
short-term memory (FSB-LSTM) architecture and corresponding hyperparameter
configuration proposed in [198] for all algorithms. This architecture was selected
over the TCN architecture used in previous chapters due to its relatively simple
real-time implementation—requiring a buffer of only a single frame—and computa-
tional complexity, while still resulting in a strong speech enhancement performance.
The FSB-LSTM architecture first applies a 2-dimensional convolutional layer to
the input features in (5.25) to obtain a D-dimensional embedding for each STFT
bin. These embeddings are then refined through multiple FSB-LSTM blocks, before
the subsequent 2-dimensional transposed convolutional layer produces the output.
Each of the FSB-LSTM blocks consists of a fullband block and a subband block.
The fullband block captures spectro-temporal patterns across all frequencies, while
the subband block captures frequency-specific patterns. Residual connections help
preserve fine-grained details across each block.

Training was conducted for 15 epochs using the AdamW optimizer [215] with gradi-
ent ¢4 norms clipped to 5. The one-cycle learning rate schedule [226] was employed,
with the learning rate ranging from 107° to 1072, Complex-valued numbers were
constructed from the (real-valued) FSB-LSTM outputs by assigning separate out-
put elements for the real and imaginary part. The simulations were implemented
using PyTorch 2.5.1 [216] and executed on NVIDIA GeForce RTX A5000 graphics
cards.

TARGET RTF COMPUTATION The RTF loss terms proposed in Section 6.3.1 rely
on a target RTF vector, which is computed using oracle knowledge of the speech
component. This oracle knowledge is used only during training to compute the RTF

Although the weight 8 could have been optimized using the uncertainty-based adaptive loss weight-
ing method described in Appendix A, we retained 8 = 10 since it was already shown to be effective
in [108], eliminating the need for tuning.
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loss terms and is not needed during inference. Under the rank-1 assumption of the
speech SCM in (2.13), the target RTF vector can be extracted as

by =

" émtér
=T (6.10)

:I:,ter

where tfw,t is computed using recursive smoothing similarly as in (5.32) with a
time constant of 2ms. A more accurate alternative to compute the target RTF
vector that does not rely on the rank-1 assumption is the covariance whitening
(CW) procedure [227], which computes the RTF vector as the principal eigenvec-
tor of the speech SCM @M. While the rank-1 assumption may not perfectly hold
for the short STFT frame length used in this chapter, preliminary experiments
showed that the rank-1 assumption-based procedure and the CW procedure pro-
duced similar target RTF vectors. Given its lower computational complexity, which
is particularly advantageous in the deep learning framework used in this chapter,
the rank-1 assumption-based procedure was chosen.

6.6 Simulation Results

In this section, we evaluate the speech enhancement performance and RTF vector
estimation accuracy of the proposed deep spatio-temporal MVDR filters with prior
factorization into the RTF vector and the speech TCV, either using no RTF loss
term, the MSE RTF loss term, or the Hermitian angle RTF loss term. To evaluate
speech enhancement performance, we consider the wideband PESQ metric [183]
and the STOI metric [218], using the reverberant speech component at the refer-
ence microphone as the reference signal. To objectively evaluate RTF estimation
accuracy, we consider the MSE and the Hermitian angle between the target and
estimated RTF vectors, with the target RTF vectors computed using (6.10). More-
over, to subjectively evaluate the plausibility of the estimated RTF vectors, we
inspect beampatterns following the procedure in [225] (Section 6.4). It should be
noted that the RTF vector estimation accuracy does not necessarily correlate with
speech enhancement performance, as the RTF vector is only used to compute the
speech STCV required by the spatio-temporal MVDR filter. The DNN might com-
pensate for estimation errors in the estimated RTF vector by adjustments in the
other estimated quantities.

6.6.1 Objective Evaluation

For the moderately and highly reverberant evaluation datasets, Table 6.1 shows the
speech enhancement performance and the RTF vector estimation accuracy, averaged
across all utterances. First, it can be observed that all algorithms yield similar and
considerable improvements on both datasets in terms of PESQ and STOI compared
to the noisy microphone signal. Second, it can be observed that the use of an RTF
loss term substantially improves RTF estimation accuracy, as evidenced by lower
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Table 6.1: Speech enhancement performance in terms of average wideband PESQ and
STOI values and RTF vector estimation accuracy in terms of average MSE
and Hermitian angle values for the deep spatio-temporal MVDR filters with
prior factorization into the RTF vector and the speech TCV, using no RTF loss
term, the MSE RTF loss term, or the Hermitian angle RTF loss term on the
moderately and highly reverberant evaluation datasets.

PESQ-WB STOI MSE / dB Hermitian angle / rad
algorithm moderate  high moderate high moderate high moderate high
noisy 1.40 1.55 0.76  0.73
no RTF loss 2.13 2.10 0.86 0.82 0.80 0.90 1.17 1.17
MSE loss 212 2.07 0.86 0.82 -17.38 -18.46 0.21 0.21
Hermitian angle loss 2.12  2.08 0.86 0.82 -17.24  -18.36 0.21 0.21

MSE and Hermitian angle values, compared to not using an RTF loss term. The
MSE RTF loss term achieves slightly better MSE values than the Hermitian angle
RTF loss term, while both loss terms yield similar results in terms of the Hermitian
angle. Notably, the use of either the MSE or the Hermitian angle as the RTF
loss term does not lead to a significant degradation when using the other as an
evaluation metric, suggesting that both loss terms guide the model towards robust
improvements in RTF estimation accuracy. Overall, incorporating an RTF loss term
improves RTF vector estimation accuracy without sacrificing speech enhancement
performance, with the MSE RTF loss term and the Hermitian angle RTF loss term
yielding a similar performance.

6.6.2 Beampattern Inspection

ANECHOIC SCENARIO For the anechoic scenario, Fig. 6.5 and Fig. 6.6 show
the subband and fullband beampatterns, respectively, for matched filters computed
from the target RTF vector or from the estimated RTF vector obtained using no
RTF loss term, the MSE RTF loss term, or the Hermitian angle RTF loss term.” The
subband beampatterns reveal that without an RTF loss term, the estimated RTF
vector does not exhibit a consistently high response at the target direction. This
is acoustically implausible, as the RTF vector should reduce to the steering vector
in anechoic conditions (up to near-field scaling effects), which inherently maintains
a consistently high response at the target direction. In contrast, if an RTF loss
term is used, the estimated RTF vectors yield consistently high responses at the
target direction. Additionally, the subband beampatterns computed from the target
RTF vector and from the estimated RTF vectors obtained using an RTF loss term
exhibit the same general shape, except for scaling differences. This is confirmed by

As is commonly done, fullband beampatterns are visualized as polar plots, with the maximum
value normalized to 0dB.
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the fullband beampatterns, which show a near-perfect match between the target
( ) and estimated (blue) RTF vectors when an RTF loss term is used. No
clear difference is observed between the MSE RTF loss and the Hermitian angle
RTF loss.

Relating the visual impression with the metrics used to evaluate RTF vector estima-
tion accuracy, the achieved MSE values were 3.84 dB, —12.77dB, and —12.66 dB,
and the achieved Hermitian angle values were 1.16 rad, 0.14rad, and 0.13rad for
the deep spatio-temporal MVDR filter trained using no RTF loss term, the MSE
RTF loss term, and the Hermitian angle RTF loss term, respectively.

MODERATELY REVERBERANT SCENARIO For the moderately reverberant
scenario, Fig. 6.7 and Fig. 6.8 show the subband and fullband beampatterns, re-
spectively. Compared to the anechoic scenario, reverberation reduces sharpness and
spatial selectivity for the beampatterns computed from both the target and esti-
mated RTF vectors. Nevertheless, the RTF vectors estimated using an RTF loss
term still result in a consistently high response at the target direction, whereas the
RTF vector estimated without an RTF loss term does not. The overall shape of
the subband beampatterns remains similar between the target and estimated RTF
vectors if an RTF loss term is used, except for scaling differences, which is again
confirmed by the fullband beampatterns. The achieved MSE values were 2.17 dB,
—17.36dB, and —16.25dB, and the achieved Hermitian angle values were 1.18 rad,
0.21rad, and 0.21rad for the deep spatio-temporal MVDR filter trained using no
RTF loss, the MSE RTF loss, and the Hermitian angle RTF loss, respectively.

HIGHLY REVERBERANT SCENARIO For the highly reverberant sce-
nario, Fig. 6.9 and Fig. 6.10 show the subband and fullband beampatterns,
respectively. The trends observed in the moderately reverberant scenario persist,
with even greater reduction in sharpness and spatial selectivity. While the beam-
patterns computed from the target and estimated RTF vectors obtained using an
RTF loss term remain somewhat similar, the discrepancies are more pronounced
than in the scenarios with lower reverberation. The achieved MSE values were
1.76dB, —17.78dB, and —17.26 dB, and the achieved Hermitian angle values were
1.20rad, 0.24rad, and 0.24rad for the deep spatio-temporal MVDR filter trained
using no RTF loss term, the MSE RTF loss term, and the Hermitian angle RTF
loss term, respectively.

6.7 Summary

In this chapter, we investigated the acoustic interpretability of estimated RTF vec-
tors in the deep spatio-temporal MVDR filter, focusing on whether they reflect
the underlying characteristics of the acoustic scenario. Similarly as for the binaural
STWF in Chapter 5, we decomposed the speech STCV into the Kronecker product
of an RTF vector and a TCV. While the use of a loss function that incorporates
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Figure 6.5: Beampatterns for the anechoic scenario as a function of frequency and angle
for the matched filters computed from the target RTFs or computed from the
RTF vector estimated by the deep spatio-temporal MVDR filter trained using
no loss function on the RTFs, the MSE RTF loss, or the Hermitian angle RTF
loss. The red dashed line indicates the target direction.
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Figure 6.6: Polar plots of beampatterns for the anechoic scenario, averaged across frequen-
cies for the matched filters computed from the RTFs estimated by the deep
spatio-temporal MVDR filter trained using no loss function on the RTF, the
MSE loss, or the Hermitian angle loss (blue), or computed from the target
RTFs (orange). The red dashed line indicates the target direction.
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Figure 6.7: Beampatterns for the moderately reverberant scenario (Tgo ~ 0.4s) as a func-
tion of frequency and angle for the matched filters computed from the target
RTFs or computed from the RTF vector estimated by the deep spatio-temporal
MVDR filter trained using no loss function on the RTFs, the MSE RTF loss,
or the Hermitian angle RTF loss.
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Figure 6.8: Polar plots of beampatterns for the moderately reverberant scenario (T =
0.4s), averaged across frequencies for the matched filters computed from the
RTFs estimated by the deep spatio-temporal MVDR filter trained using no
loss function on the RTF, the MSE loss, or the Hermitian angle loss (blue), or
computed from the target RTFs (orange).
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Figure 6.9: Beampatterns for the highly reverberant scenario (Tgo = 1.0s) as a function of
frequency and angle for the matched filters computed from the target RTFs or
computed from the RTF vector estimated by the deep spatio-temporal MVDR
filter trained using no loss function on the RTFs, the MSE RTF loss, or the
Hermitian angle RTF loss.
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Figure 6.10: Polar plots of beampatterns for the highly reverberant scenario (Tgg = 1.0s),
averaged across frequencies for the matched filters computed from the RTFs
estimated by the deep spatio-temporal MVDR filter trained using no loss
function on the RTF, the MSE loss, or the Hermitian angle loss (blue), or
computed from the target RTFs (orange).
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only a signal approximation term resulted in strong speech enhancement perfor-
mance, the estimated RTF vectors were found to be acoustically implausible, as
they did not result in beampatterns with consistently high response towards the
target direction. To address this issue and improve interpretability, we proposed a
spatial regularization procedure designed to incentivize the DNN to output RTF
vector estimates that better reflect the spatial characteristics of the acoustic sce-
nario. This was achieved by incorporating an additional loss term that penalizes
discrepancies between the estimated and target RTF vectors. We considered two
formulations of this loss term, namely based on the MSE and on the Hermitian
angle. To balance the signal approximation and RTF loss terms, we adopted an
adaptive weighting method based on homoscedastic uncertainty. We evaluated the
proposed spatial regularization procedure in terms of speech enhancement, RTF
estimation accuracy and subjective plausibility through the inspection of beampat-
terns. Simulation results demonstrated that incorporating an RTF-based loss term
significantly improved RTF vector estimation accuracy without sacrificing speech
enhancement performance. Beampattern inspection further confirmed that the pro-
posed procedure improved the interpretability of the estimated RTF vectors, even
in reverberant environments. The proposed approach may be extended to other
coupled hybrid speech enhancement approaches to improve the interpretability of
estimated quantities.
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MASK-BASED BEAMFORMER FOR
ARBITRARY MICROPHONE ARRAY
GEOMETRIES

The mask-based beamformer with ASA [172] can accurately track moving speak-
ers by employing a self-attention mechanism to temporally aggregate instantaneous
estimates of the SCMs, allowing to compute time-varying speech and noise SCMs
without manual tuning of heuristic temporal aggregation approaches such as recur-
sive smoothing. However, since the employed training procedure, DNN architecture,
and input features depend on the channel configuration, the mask-based beamformer
with ASA lost the ability to operate with arbitrary configurations, one of the key
benefits of conventional mask-based beamformers. Aiming at restoring this key ben-
efit and thereby realizing a mask-based beamformer with ASA for arbitrary micro-
phone arrays, in this chapter we propose three procedures extending the prior work
in [172]. First, we investigate incorporating random channel configurations in the
training procedure to prevent the DNN from overfitting to specific channel permu-
tations and channel numbers. Second, we propose to employ the TAC method [115]
in the ASA module to process multi-microphone features, allowing for any channel
number and enabling permutation invariance. The TAC method was originally pro-
posed for channel permutation-invariant multi-microphone source separation and
has been successfully employed, e.g., in time-frequency masking algorithms [228],
[229] and stationary mask-based beamformers [116]. Third, we investigate utiliz-
ing input features that are less sensitive to variations of the channel configuration
than the input features in [172]. Through experiments on the CHIiME-3 [70] and
DEMAND [230] datasets including moving speakers, we demonstrate the benefit of
jointly integrating the three proposed approaches into the ASA module. Notably,
our proposed approaches not only maintain high performance under matched con-

This chapter is partly based on:

[179] M. Tammen, T. Ochiai, M. Delcroix, T. Nakatani, S. Araki, and S. Doclo, “Array Geometry-
Robust Attention-Based Neural Beamformer for Moving Speakers,” in Proc. Interspeech,
Kos, Greece: ISCA, Sep. 2024, pp. 3345-3349.
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ditions but also yield a good speech enhancement performance even for microphone
arrays unseen during training, consistently outperforming a baseline mask-based
beamformer with recursive smoothing and the mask-based beamformer with the
original ASA in [172].

The remainder of this chapter is organized as follows. In Section 7.1, the conventional
mask-based beamformer with ASA is briefly reviewed and the reason for its channel
configuration dependence is explained. In Section 7.2, we propose three procedures
to improve the robustness of the mask-based beamformer with ASA against channel
configuration variations. The simulation setup and the corresponding results are
presented in Section 7.3.

7.1 Conventional Attention Weight Estimation

To compute the MVDR beamformer in (3.24), estimates of the inverse noise SCM
@;71 and the speech SCM 'i'm are required. To obtain these estimates, the mask-
based MVDR beamformer with ASA [172] employs a self-attention mechanism,
which allows for a flexible temporal aggregation of instantaneous SCM (ISCM) es-

timates (see Section 3.3 for a detailed description), i.e.,

T
(pu,t = Zay,t,f‘ily,‘rv (71)
T=1

where the (frequency-independent) attention weights a, ; , control how the ISCM

~

estimates \il,,’T at time frames 7 € 1,...,T are temporally aggregated to yield es-
timates of the speech and noise SCMs at time frame t. To obtain these attention
weights, a self-attention-based DNN f with trainable weights 6 (a transformer en-
coder [102]) is employed, i.e.,

T
a = f ({xiSCM}t_l ;0> : (7.2)
;

where a, = [a;t anyt]T € R*" denotes the vector of attention weights for the speech

T 2
and noise SCMs at the t-th time frame and xiSCM = {XIzStCMT LSSMT e R*M

denotes the ISCM-based input features defined in (3.59).° As illustrated in Fig. 7.1
(top), the input features are first transformed into a time-varying embedding vector
via a fully connected layer. This embedding vector then passes through several
MHA encoder blocks, each comprising multi-head self-attention layers and position-
wise feedforward layers, which are all interconnected through residual connections.

In [172], separate DNNs f, and f,, were used for the speech and noise components. Our preliminary
experiments showed a similar or better performance at a lower computational complexity when
using a single DNN f.
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Figure 7.1: Attention weight estimator employing different approaches to process multi-
microphone features. The vertically stacked linear and multi-head attention
(MHA) encoder modules share trainable weights.

Finally, the attention weights a, are extracted from two separate speech and noise
single-head attention (SHA) layers. Although the formulation in (7.1) in principle
allows for a potential application across different channel configurations, it should be
noted that the approach proposed in [172] does depend on the channel configuration.
More specifically,

e the training procedure used a fixed channel configuration, not accounting for
channel configuration variability.

e the DNN architecture used a fixed input layer size.

e the ISCM features in (3.59) simultaneously incorporate spatial and spectro-
temporal information, making them sensitive to the channel configuration
considered during training, and the TAC method cannot be applied to the
ISCM features.

We define the term channel configuration to include the permutation of channels,
the number of channels, and the microphone array geometry.
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7.2 Improving Robustness Against Channel Configuration Variations

In this section, we propose three procedures to improve the robustness of the mask-
based beamformer with ASA against channel configuration variations, namely train-
ing with random channel configurations, employing the TAC method to process
multi-microphone features, and using input features that are robust to the channel
configuration.

7.2.1 Training With Random Channel Configurations

To prevent the DNN from overfitting to specific channel permutations, channel num-
bers, and microphone array geometries, a straightforward approach is to integrate
random channel configurations into the training procedure. Assuming that a single
microphone array with M, ., channels is available for training, for each minibatch
a channel number M’ is drawn from the uniform random distribution 2(2, M)
From the available M, channels, M’ channels are then selected in random per-
mutation, resulting in random microphone subarrays.

7.2.2 TAC Method to Process Multi-Channel Features

To accommodate a variable number of microphones in the training of the DNN with
fixed input layer size, zero-padding up to M,,,, channels can be applied. However,
this approach may sacrifice upper bound speech enhancement performance for ro-
bustness, since the DNN needs to learn to deal with zero-padded input features,
while also being limited to M’ < M,,,, channels. To deal with this issue, we pro-
pose to employ the TAC method [115] to process multi-microphone features in the
attention weight estimator, as depicted in Fig. 7.1 (bottom). A TAC block takes
as input a sequence of feature streams {z,,, € RD}%; with variable M’ and a
channel-independent feature dimension D, shares information across the streams
in a non-linearly transformed space, and outputs a sequence of modified feature

streams {2z, ,, € RD}%:l. We adopt the efficient TAC implementation from [228],
obtaining the modified feature stream at time frame ¢ and channel m as

M’ T

1
Ztm = |ReLU(Ly2q,,)" 7 > ReLU(Loz,,) | (7.3)

p=1

where ReLU denotes the rectified linear unit activation function and L;,L, €
R/9*P" denote trainable linear transforms shared across streams. L, is respon-
sible for extracting stream-specific features, while L, is responsible for extracting
global features via permutation-invariant averaging across streams.

The TAC method is integrated into the attention weight estimator by interleaving
TAC blocks with M’ parallel MHA encoder blocks sharing the same parameters
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(see Fig. 7.1, bottom). After N stacks of parallel interleaved TAC blocks and MHA
encoder blocks, the streams are averaged and passed to the final SHA speech and
noise encoder blocks. This integration enables handling a varying channel number
M (even M "> M,,..x) and ensures invariance to the channel permutation. This
significantly enhances the flexibility and applicability of the attention weight esti-
mator across diverse channel configurations, without necessitating modifications in
the DNN architecture or hyperparameters.

7.2.3 Input Features

Due to the definition of the ISCM in (3.48), the input features in (3.59) simultane-
ously encode inter-microphone level differences as well as inter-microphone phase dif-
ferences and hence strongly depend on the microphone array geometry. In addition,
these features are incompatible with the TAC method, since it requires channel-wise
feature streams with a channel number-independent feature dimension. To address
these issues, we propose to adopt alternative channel-wise feature streams (denoted
as mag-IPD features), defined as

-IPD ~ 2 < . (2 T 3
ng]ac’gt,m = |:‘Vf,t,m| cos (5f,t7m) sin (6f,t7m)} € R°, (7.4)
where Sf,t,m denotes the difference between the unwrapped phases of the masked

STFT coefficients vy, ,, and the channel-averaged masked STFT coefficients 7,
ie.,

Oftim = LVftm — L0y (7.5)
~ R
Vit = My, f1Yftm (7.6)
1 M
Ofi= M Z Ut tms (7.7)
m=1

and cos and sin have been applied to result in a smooth phase representation, sim-
ilarly to the input features used in Chapters 4 and 5. The features in (7.4) differ
from those in [228], which used |3f7t|2 instead of ‘ﬁf,t,m|2 and the phase component
instead of its cosine and sine, yielding a worse performance in our preliminary exper-
iments. Concatenating the speech and noise features along the frequency dimension
yields M streams of 6F-dimensional features Xz‘;g'IPD’T © (see Fig. 7.1, bottom).
We hypothesize that these features are less sensitive to the channel configuration
than the features in (3.59) because they do not explicitly depend on channel pairs
and they effectively separate the channel configuration-dependent IPD information
from magnitude information, which is less influenced by the channel configuration.
In addition, we employ the proposed features with the conventional attention weight
estimator, in which case we concatenate the speech and noise features along the fre-
quency and channel dimensions, yielding 6F M-dimensional features xf;g_IPD’Cat

(see Fig. 7.1, top).
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Figure 7.2: Considered microphone array geometries. Grey circles denote the reference
microphone and white circles denote unused microphones.

7.3 Simulations
7.3.1 Datasets

To evaluate the effectiveness of the proposed approaches, we constructed datasets of
simulated moving speakers in noisy conditions using speech source material from the
Wall Street Journal 0 (WSJ0) corpus [231] and noise recordings from the CHiME-
3 [70] and DEMAND [230] datasets. We constructed two datasets with different
microphone array geometries (illustrated in Fig. 7.2), both with a sampling fre-
quency of 16kHz. Similarly to [172], we simulated speakers moving on a linear
trajectory with constant speed using the gpuRIR tool [75] by generating RIRs at
128 positions on a line, with room width and depth uniformly drawn from 3.0m,
3.5m, 4.0m, 4.5m, and 5.0 m, room height equal to 2.5m, reverberation time T
drawn uniformly between 0.1s to 0.3s, and the microphone array randomly placed
in the room. We added the speech source signal convolved with the simulated RIRs
and the recorded noise signals at 2dB and 8dB input SNRs.

The first dataset consists of simulated utterances based on the WSJO speech and
CHiME-3 noise signals, resulting in a maximum number of M, = 5 channels avail-
able for training (excluding the rear-facing second channel). This dataset was used
for training, development, and evaluation. The second dataset consists of simulated
utterances based on the WSJO speech and DEMAND noise signals, resulting in 16
available channels. This dataset was only used for evaluation.

During evaluation, we considered a matched condition and several mismatched con-
ditions. “matched” represents the CHiME-3-based evaluation dataset with a fixed
channel permutation and the channel number M’ = M, = 5, similar to the fixed
training condition. To evaluate a mismatch in terms of the channel permutation, we
randomly permuted the channels from the CHiME-3-based evaluation dataset. To
evaluate a mismatch in terms of the channel number, we selected the first M’ = 3
channels from the CHiME-3-based evaluation dataset. To evaluate a mismatch in
terms of the microphone array geometry, we randomly selected M’ = 5 channels
from the DEMAND-based evaluation dataset. This procedure allows for diverse
microphone array geometries, e.g., including linear, triangular, rectangular, and
trapezoidal shapes, some of which are not realizable with the CHiME-3 microphone
array used for training (see Fig. 7.2). To evaluate a mismatch in terms of both the
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channel number and the microphone array geometry, we randomly selected M’ = 3
channels from the DEMAND-based evaluation dataset. In all evaluation conditions,
the reference channel was chosen as depicted in Fig. 7.2. We created 30000, 2000,
and 2000 noisy utterances for training, development, and each evaluation dataset,
respectively.

7.3.2  Settings

We mostly followed the experimental settings presented in [172] to increase com-
parability with the associated results. We trained the attention weight estimator
using a signal approximation loss function, in particular the scale-dependent SNR
loss function [141] at the output of the mask-based beamformer (Fig. 3.3), with
the reverberant speech component at the reference microphone as the target signal.
During training, we used oracle Wiener-like time-frequency masks [126] to compute
the ISCMs in (3.48) and optimized only the trainable weights of the attention weight
estimator. During evaluation, we used a time-frequency mask estimator based on a
temporal convolutional network architecture [89] (Section 3.2.2.3). For the attention
weight and time-frequency mask estimators, we adopted the DNN and training hy-
perparameters in [172], except for using a single DNN for both the speech and noise
components (Section 7.1). For the TAC blocks, we adopted the implementation
proposed in [228], consisting of fully connected layer layers and ReLU activation
functions (cf. (7.3)).

In addition to the mask-based MVDR beamformer with the original ASA in [172],
we considered a mask-based MVDR beamformer with recursive smoothing using a
fixed (frequency-independent) smoothing factor that corresponds to a time constant
of 1.6 (tuned according to the highest SDR values under the matched evaluation
condition) as a baseline algorithm [172], [203]. Since we rely on the mask-based
MVDR beamformer in this chapter, which does not exploit temporal correlations
of speech and noise, we used a Hann window with a frame length of 64 ms and
16 ms shift for the STFT, i.e., longer frames and larger frame shift than in all other
chapters of this thesis.

We evaluated the speech enhancement performance in terms of PESQ [183] and
SDR [182] (allowing for distortions caused by time-invariant filters), with the rever-
berant speech component at the reference microphone as the reference signal.

7.3.3 Results

Table 7.1 shows the averaged PESQ and SDR values for the noisy mixtures, the
mask-based beamformer with recursive smoothing (described in the previous sec-
tion), and for the mask-based beamformer with ASA employing different attention
weight estimators (baseline estimator in [172] and proposed estimators). In this
table, “config” indicates whether the channel permutation and number were fixed
or randomized during training (Section 7.2.1); “features” represents the utilized in-
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Table 7.1: Average PESQ and SDR values for the noisy mixtures, a mask-based MVDR
beamformer with recursive smoothing using a fixed forgetting factor, and the
mask-based MVDR beamformer with ASA employing different attention weight
estimators, evaluated on datasets corresponding to a matched condition and
various mismatched conditions.

matched mismatched in terms of

Permutation Number Geometry Number & Geom.

config.  features use TAC PESQ SDR PESQ SDR PESQ SDR PESQ SDR PESQ SDR

1 mixture 1.37 5.19 1.37 5.19 1.37 5.19 1.38 3.12 1.38 3.12
2 recursive MVDR — — — 2.04 10.18 2.04 10.18 1.73 9.05 2.00 8.94 1.73 7.40
3 baseline [172] fixed ISCM False 2.64 16.34 231 13.72 1.84 10.66 219  11.32 1.71 7.39
4 proposed fixed mag-IPD  False 2.57  16.27 2.40 14.70 1.84 10.71 2.15  11.01 1.77 8.34
5 fixed mag-IPD  True 2.62 16.39 2.62 16.39 2.05 12.55 220 11.84 1.87 9.25
6 random ISCM False 242 1437 242 14.36 1.96 11.86 2.18 11.55 1.93 10.02
7 proposed random mag-IPD False 2.53  15.85 2.52  15.86 232 14.07 2.18  11.82 1.99 10.54
8 random mag-IPD True 2.59  16.02 2.59  16.02 2.34 14.15 2.21 12.35 2.03 11.34

put features, either the ISCM features in (3.59) or the proposed mag-IPD features
in (7.4); “use TAC” indicates whether TAC was employed or not. We evaluated these
beamformers both under a matched condition as well as under various mismatched
conditions described in Section 7.3.1.

The results in Table 7.1 show that under all conditions both the mask-based beam-
former with recursive smoothing as well as the mask-based beamformer with ASA
(for all attention weight estimators) substantially improve the PESQ and SDR val-
ues compared to the noisy mixtures. Under the matched condition, it can be ob-
served that models trained with a fixed channel configuration (rows 3-5) achieve
the highest PESQ and SDR values. This is expected as these models can exploit
the specific spatial information seen during training, representing an upper bound
in performance.

Under mismatched conditions, the baseline model (row 3) shows notable perfor-
mance degradation, particularly in terms of channel number and microphone ar-
ray geometry. The model employing mag-IPD features (row 4) exhibits a similar
performance as the baseline model in most conditions, except for a reduced perfor-
mance drop under the channel permutation mismatch. The model employing ISCM
features with randomized training configurations (row 6) demonstrates similar ro-
bustness across mismatched conditions as the model in row 4, albeit with a worse
performance under the matched condition, highlighting a trade-off between robust-
ness and upper bound performance. The incorporation of mag-IPD features and
the TAC method (row 5) further mitigates performance drops across all mismatch
conditions, completely alleviating the degradation under the channel permutation
mismatch while maintaining strong matched condition performance. The model
combining mag-IPD features, TAC, and randomized training configurations (row
8) achieves the most consistent high performance, performing similarly as the best
model under the matched condition and the channel permutation mismatch con-
ditions (row 5), as well as outperforming all models under channel number and
microphone array geometry mismatches. The results clearly show that the combina-
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tion of training with random channel configurations, employing the TAC method,
and using the mag-IPD-based input features resulted in a significantly higher speech
enhancement performance compared to the baseline model [172] (significance deter-
mined using a two-sided T-test with Bonferroni correction).

It should be emphasized that the evaluation included diverse microphone array
geometries by randomly selecting channels from the DEMAND-based evaluation
dataset, i.e., “Geometry” and “Number & Geom.” in Table 7.1. Hence, the results
show that the mask-based beamformer with ASA using the combination of all pro-
posed approaches can perform noise reduction for moving speakers and arbitrary
microphone arrays, consistently outperforming the mask-based beamformer with re-
cursive smoothing and the baseline mask-based beamformer with the original ASA.

7.4 Summary

In this chapter, we proposed several approaches to improve the robustness of the
mask-based beamformer with ASA against channel configuration variations. These
approaches include the integration of random channel configurations during training,
employing the TAC method to process multi-microphone features (allowing for any
channel number and enabling permutation invariance), as well as using mag-IPD
features that are robust against channel configuration variations. Experiments using
the CHiME-3 and DEMAND datasets suggest that the mask-based beamformer
with ASA integrating the proposed approaches can perform noise reduction for
moving speakers and arbitrary microphone arrays. Future research will extend this
investigation to explore more diverse channel configurations during training and
evaluation as well as address the computational complexity of the proposed TAC
integration.
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8.1 Conclusions

Speech enhancement plays a crucial role in modern speech communication applica-
tions, improving speech quality and intelligibility across a wide range of acoustic
scenarios and devices, including smartphones, smart speakers, and hearing devices.
Although model-based speech enhancement approaches offer interpretability and
theoretical guarantees, they often struggle in complex, real-world acoustic scenarios
where their assumptions are violated. In contrast, learning-based approaches gener-
ally achieve higher performance in such scenarios due to their strong representation
capacity but may lack interpretability, theoretical guarantees, and robustness when
the data observed during inference does not match the training data. Motivated
by the potential to combine the interpretability of model-based approaches with
the strong representation capacity of learning-based approaches, the primary objec-
tive of this thesis was to develop and evaluate hybrid single- and multi-microphone
speech enhancement algorithms that employ deep neural networks to estimate the
quantities required by a model-based enhancement stage. The main focus was on
investigating whether imposing structure on estimated quantities—such as correla-
tion matrix structure, correlation vector structure, or spatial structure—improves
speech enhancement performance, interpretability, and computational complexity.
Another focus was on developing geometry-robust hybrid speech enhancement algo-
rithms that can operate with arbitrary microphone array configurations. While the
proposed algorithms can be used for various speech enhancement applications, the
main focus was on hearing devices, where low latency is crucial. To this end, we
mainly considered causal multi-frame filters in the STFT domain as the model-based
enhancement stage, leveraging their inherent low-latency capabilities and applica-
bility to dynamic acoustic scenarios.

In Chapter 2, we introduced the notation and STFT-domain signal models and
described the objective performance measures used to evaluate the speech en-
hancement algorithms considered throughout this thesis. Specifically, we presented
single-frame and multi-frame signal models in both single-microphone and multi-
microphone configurations, as well as an extension for binaural hearing devices.
Speech enhancement approaches based on single-frame signal models typically as-
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sume that consecutive speech STFT coefficients are uncorrelated, which holds ap-
proximately when using sufficiently long time frames and large frame shifts. Under
these conditions, independent (real-valued) masks can be applied to each STFT coef-
ficient to suppress noise, but at the cost of introducing speech distortion. Mitigating
this issue, multi-frame algorithms leverage the fact that speech and noise STFT co-
efficients indeed do exhibit temporal correlation, especially if using a small frame
shift. By jointly processing multiple consecutive STFT frames, these algorithms can
achieve noise reduction while preventing speech distortion. This is particularly ben-
eficial in single-microphone configurations, where spatial filtering and distortionless
constraints are not available. However, multi-frame signal models can be advanta-
geous also in multi-microphone configurations, allowing to exploit both temporal
and spatial correlations for improved speech enhancement performance.

In Chapter 3, we reviewed model-based, learning-based, and hybrid speech enhance-
ment algorithms used throughout this thesis. As examples of model-based speech
enhancement algorithms, we reviewed the spatio-temporal MVDR filter, which min-
imizes the output interference PSD while preserving the speech component, and the
STWF, which minimizes the MSE between the output signal and the target speech
component. For both filters, performance generally improves for more microphones
and time frames, with the STWF yielding a better noise reduction performance
than the spatio-temporal MVDR filter at the cost of introducing speech distortion.
We also discussed spatial and temporal MVDR filters as special cases of the spatio-
temporal MVDR filter and highlighted the challenges of estimating the required
quantities for the temporal MVDR filter due to the highly time-varying nature of
speech. Further, we discussed the binaural spatial Wiener filter, which minimizes
the MSE between the binaural output signals and the target speech components
at the left and right hearing device reference microphones, and mentioned that it
preserves the binaural cues of the target speech component but changes the bin-
aural cues of the noise component to the cues of the target speech component. As
examples of learning-based speech enhancement algorithms, we reviewed the DF
algorithm and the Conv-TasNet algorithm. First, avoiding explicit quantity estima-
tion, the DF algorithm employs a DNN to directly estimate complex-valued filters
and is readily adaptable to various microphone configurations, including binaural
configurations. Second, the Conv-TasNet algorithm utilizes a learned transforma-
tion instead of a fixed STFT and estimates real-valued masks that are applied in
this learned transform-domain. We detailed the architecture of the Conv-TasNet,
including its encoder, TCN-based separator, and decoder, and described important
aspects of this architecture, such as depthwise-separable convolutions, dilated con-
volutions, and cumulative layer normalization. Although arguably a bit outdated,
the still strong performance and widespread use of Conv-TasNet made it a valuable
baseline algorithm in the context of this thesis, representing purely learning-based
approaches that do not rely on predefined signal transforms. Finally, as an exam-
ple of hybrid speech enhancement algorithms, we reviewed the mask-based MVDR
beamformer with ASA, combining the interpretability of model-based beamforming
with the representation capacity of learning-based quantity estimation. This algo-
rithm employs a DNN to estimate time-frequency masks and uses a self-attention
mechanism to temporally aggregate instantaneous SCM estimates, enabling adapta-
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tion to dynamic acoustic scenarios. While this algorithm demonstrates the potential
of combining model-based and learning-based approaches, it also highlights a chal-
lenge of designing hybrid algorithms, i.e., losing microphone-array configuration
independence due to the design of the learning-based quantity estimation stage.

To address the first focus of the thesis, we proposed coupled, structured estima-
tion hybrid approaches for both single-microphone and multi-microphone speech en-
hancement, which combine a model-based enhancement stage with a learning-based
estimation stage that imposes structure on the estimated quantities. In Chapter 4,
we first proposed to embed the single-microphone temporal MVDR filter within
a deep learning framework, explicitly imposing various structures on the required
interference temporal covariance matrix and enabling to exploit the representation
capacity of temporal convolutional networks (TCNs) for the difficult estimation
task. In Chapter 5, we then extended this coupled, structured estimation approach
to the binaural STWF, which can exploit both temporal and spatial correlations,
explicitly imposing structure on both the interference spatio-temporal covariance
matrices and the speech spatio-temporal correlation vectors. In Chapter 6, we in-
vestigated and improved the acoustic plausibility of the estimated RTF vector by
imposing spatial structure, achieving accurate RTF vector estimation at no cost
to speech enhancement performance or computational complexity. To address the
second focus of the thesis, we proposed three procedures to improve the geometry
robustness of the mask-based beamformer with attention-based spatial covariance
matrix aggregator (ASA), enabling its application to arbitrary microphone array
geometries.

In Chapter 4, we proposed a coupled, structured estimation hybrid speech enhance-
ment approach by embedding the fully differentiable single-microphone temporal
MVDR filter within an end-to-end deep learning framework. Aiming at exploiting
the representation capacity of TCNs, we trained them to estimate the noisy and
interference TCMs as well as the a-priori SNR from the noisy speech STFT coefhi-
cients, minimizing the signal approximation SI-SDR loss function at the output of
the temporal MVDR filter. Since this estimation procedure resulted in strong speech
enhancement performance, it was also adopted in Chapters 5 and 6. For the noisy
and interference TCMs, we investigated imposing different matrix structures: Hermi-
tian positive-definite (which is a requirement for any covariance matrix), Hermitian
positive-definite Toeplitz, and rank-1. For the Hermitian positive-definite structure,
we considered estimation procedures based on both recursive smoothing and the
Cholesky decomposition. The main differences between the investigated procedures
lie in the number of parameters that need to be estimated by the TCNs and the re-
quired linear algebra operations, yielding a different computational complexity. We
showed that with a rank-1 structure, the temporal MVDR filter can be reformulated
as a linear combination of the TCN outputs, avoiding computationally complex ma-
trix inversions and thereby significantly reducing computational complexity. Using
the DNS 1 challenge dataset, simulation results demonstrated that

e the TCM estimation procedure using the Hermitian positive-definite structure
based on the Cholesky decomposition yields the best performance, while the
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rank-1 structure achieves almost the same performance at a lower computa-
tional complexity.

e using the proposed coupled hybrid approach led to a substantial improvement
in speech enhancement performance compared to a decoupled SPP-driven
hybrid approach, demonstrating the benefit of coupling the learning-based
estimation stage and the model-based enhancement stage.

e the proposed hybrid approach outperformed a purely learning-based approach
that does not impose structure on the multi-frame filter coefficients, demon-
strating the benefit of including the model-based enhancement stage in the
first place.

In Chapter 5, we extended the coupled, structured estimation hybrid approach
from Chapter 4 to binaural speech enhancement by embedding the binaural STWF
within an end-to-end deep learning framework. In contrast to the temporal MVDR
filter investigated in Chapter 4, which can exploit temporal correlations of speech
and noise, the binaural STWF can exploit both temporal and spatial correlations.
Aiming at reducing computational complexity while preserving speech enhancement
performance and binaural cues, we proposed various procedures to impose spatio-
temporal correlation structures on the required interference STCMs and speech
STCVs at both hearing devices, which mainly differ in the assumed relationship be-
tween microphones (particularly between the left and right device) and the number
of parameters that need to be estimated. First, assuming that the spatial correlation
of the speech component is stationary over the length of the multi-frame filter, we
decomposed the speech STCVs as the Kronecker product of an RTF vector and a
TCV, separating the estimation process into a spatial factor and a temporal factor.
We either considered a single “global” reference microphone, requiring the speech
TCV to be estimated only for this microphone, or a reference microphone for each
hearing device, requiring speech TCVs to be estimated for both (left and right) ref-
erence microphones. Second, we proposed to replace the left and right interference
STCMs with a common interference STCM, as the difference between both STCMs
can be assumed to be negligible. Additionally, we considered a bilateral STWF by
assuming no spatio-temporal correlation between both hearing devices, both for the
speech STCVs and for the interference STCM. Using the DNS 2 and CEC 1 datasets,
we first performed validation simulations using oracle speech and noise components
to determine the mismatch introduced by the proposed spatio-temporal correlation
structures. The validation results showed that

e the speech STCV structure using a single reference microphone incurs a rel-
atively large model mismatch, while the speech STCV structure using a ref-
erence microphone for each hearing device incurs a small model mismatch.
Although the global RTF structure is commonly used in single-frame algo-
rithms (typically utilizing longer STFT frames), the global RTF structure
may be less suitable for the considered multi-frame algorithms, which rely on
short STFT frames to exploit the temporal correlations of speech signals.

e the common interference STCM structure incurs a small model mismatch.
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e the bilateral speech STCV and interference STCM structures incur a large
model mismatch, indicating the importance of contralateral correlations.

Using the DNS 1, DNS 2, CEC 1, and CEC 3 datasets, we then performed an
extensive evaluation of the proposed correlation without access to oracle speech
and noise components. The simulation results demonstrated that

e the binaural STWF using a combination of the speech STCV structure with
two reference microphones and a common interference STCM significantly
reduces computational complexity while achieving similar speech enhancement
and binaural cue preservation performance compared to not imposing any
spatio-temporal correlation structure.

e the proposed binaural STWF outperforms the deep bilateral STWF, the bin-
aural Conv-TasNet algorithm, and the purely learning-based binaural DF algo-
rithm, again confirming the benefit of including the model-based enhancement
stage.

While end-to-end training with a signal approximation loss function as in Chapters 4
and 5 is effective for speech enhancement, it does not incentivize the DNN to output
quantity estimates that reflect the underlying characteristics of the ground truth
quantities. However, one of the key reasons for employing a hybrid speech enhance-
ment approach such as the deep temporal MVDR filter or the deep binaural STWF
is interpretability—which is compromised if the estimated quantities are not acousti-
cally plausible. Hence, in Chapter 6, we investigated the acoustic interpretability of
the estimated RTF vector in the deep spatio-temporal MVDR, algorithm, using the
same Kronecker factorization of the speech STCVs as in Chapter 5. The focus on the
RTF vector was motivated by the fact that it reflects the underlying spatial charac-
teristics of the acoustic scenario, which are presumably easier to interpret than the
temporal correlations of the speech and interference. Instead of analyzing the RTF
vectors directly, we assessed their interpretability by deriving matched filters from
them and inspecting their corresponding beampatterns. We found the estimated
RTF vectors to be acoustically implausible, as they did not result in beampatterns
with consistently high response towards the target direction. Hence, we proposed a
spatial regularization procedure that incorporates an additional loss term defined
on the estimated RTF vector: either based on the MSE or based on the Hermitian
angle. This loss term incentivizes the DNN to output estimates that are not only
effective for speech enhancement but also reflect the spatial characteristics of the
acoustic scenario. To automatically balance the individual loss terms, we employed
an adaptive weighting method based on homoscedastic uncertainty. Using the DNS 1
and DNS 2 challenge datasets and simulated RIRs, simulation results demonstrated
that the proposed spatial regularization procedure yields accurate estimates of the
RTF vector with consistently high response towards the target direction—even in
reverberant environments—without sacrificing speech enhancement performance or
increasing computational complexity. We hypothesize that this regularization pro-
cedure can be extended to other coupled hybrid speech enhancement approaches to
improve the acoustic interpretability of estimated quantities.
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Finally, in Chapter 7, we proposed three procedures to improve the robustness of
the mask-based MVDR beamformer with attention-based spatial covariance ma-
trix aggregator (ASA) against varying microphone array configurations. First, we
incorporated random channel configurations during training to prevent the DNN
from overfitting to specific channel permutations and channel numbers. Second,
we employed the TAC method to process multi-microphone features, allowing the
algorithm to adapt to different channel numbers and enabling permutation invari-
ance. Third, we utilized input features that are relatively insensitive to variations in
channel configuration. Using the CHIME-3 and DEMAND datasets with simulated
moving speakers, simulation results demonstrated that

e combining all three procedures improves generalization to unseen microphone
arrays, while speech enhancement performance under matched conditions—
where the spatial information provided by a specific microphone array geom-
etry can be exploited—is maintained.

e the mask-based MVDR beamformer combining all three procedures consis-
tently outperforms both a baseline mask-based beamformer with recursive
smoothing and the mask-based MVDR beamformer with the original ASA.

8.2 Suggestions for Further Research

While the hybrid single- and multi-microphone speech enhancement approaches
proposed in this thesis have demonstrated the benefits of combining a model-based
enhancement stage with a learning-based estimation stage, several open research
questions remain. One important avenue for further research concerns the relation-
ship between the structure imposed on estimated quantities and the representation
capacity of the DNN. While the results in Chapters 4 and 5 consistently showed
the benefits of hybrid approaches over purely learning-based methods, the extent
of these benefits likely depends on the specific DNN architecture, DNN size, and
dataset choice. Future work could systematically investigate how these choices influ-
ence the trade-off between interpretability, computational efficiency, and enhance-
ment performance.

Another potential research direction concerns computational complexity, particu-
larly in the context of real-time speech enhancement for resource-constrained de-
vices. While the proposed algorithms (with the exception of the mask-based beam-
former with ASA) were designed for low-latency processing and have achieved real-
time factors smaller than 1 on a single CPU core, further optimizations could im-
prove feasibility for devices such as hearing devices. Several strategies could be
explored to mitigate this issue. On the model-based enhancement side, avoiding
computationally complex matrix inversions, as discussed in Chapters 4 and 5, is
crucial. On the learning-based estimation side, reducing complexity could involve
employing more efficient DNN architectures, such as tiny LSTM networks [96], ap-
plying model quantization to lower precision requirements, utilizing model pruning
techniques to remove redundant trainable weights and operations, and leveraging
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knowledge distillation to train smaller networks that retain the performance of larger
models.

A further potential research direction lies in refining the alignment between the
model-based enhancement stage and the learning-based estimation stage, as also
noted in [32]. In this thesis, the optimization goals of the model-based MVDR, and
Wiener filters were not directly aligned with the signal approximation loss functions
of the learning-based components. Addressing this inconsistency could potentially
improve the interpretability of estimated quantities (similar to what was achieved
by the spatial regularization procedure proposed in Chapter 6 for the RTF vector).
One potentially promising approach could be to refine hybrid approaches by aug-
menting the signal approximation loss function with loss terms motivated by the
model-based component, such as the distortionless constraint of the MVDR beam-
former. This approach has shown promise in [101], where the constraint resulted
in beamformer coefficients that could be exploited for downstream tasks such as
speaker localization.

Improving the robustness of the proposed algorithms against varying microphone ar-
ray configurations is another promising direction. The deep binaural STWF in Chap-
ter 5 and the deep spatio-temporal MVDR filter in Chapter 6 require the same con-
figuration to be used during training and inference, limiting their applicability in ad-
hoc microphone configurations, which are gaining attractiveness with the improving
availability of microphones in consumer devices. One possible solution is to follow
the approach proposed in Chapter 7, in particular employing the TAC method. More
recently, attention-based methods [112], [116] have demonstrated strong potential,
as they generalize the fixed averaging operation in the TAC method to a learned
attention weighting. This improvement is analogoous to how the mask-based beam-
former with attention-based spatial covariance matrix aggregator employs attention
for the temporal aggregation of ISCMs instead of applying heuristics.

Another potential research direction is extending the coupled, structured estimation
hybrid approach beyond the MVDR and Wiener filters to other optimal filters.
As a generalization of the MVDR beamformer, the linearly constrained minimum
variance (LCMV) beamformer, for example, allows for the integration of multiple
constraints, including the suppression of localized noise sources. While the LCMV
beamformer has been extensively studied in model-based speech enhancement [24]
and has been applied in a decoupled hybrid approach [232], its integration into
a coupled hybrid approach remains unexplored, potentially employing the spatial
regularization procedure from Chapter 6 to improve interpretability.

To conclude, this thesis has demonstrated the vast potential of combining the inter-
pretability of model-based approaches with the representation capacity of learning-
based approaches for single- and multi-microphone speech enhancement. Future
research should continue to refine hybrid approaches, improve computational effi-
ciency, better align optimization objectives, explore alternative optimal filters, and
enhance robustness to varying microphone configurations. By addressing these open
questions, hybrid speech enhancement approaches could become even more effective
and applicable across a wider range of real-world scenarios.
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In multi-task learning, balancing multiple loss terms corresponding to multiple tasks
effectively (such as a speech enhancement loss term and an RTF loss term) is cru-
cial for stable training and robust performance for each of the tasks.” Traditional
approaches often rely on manually tuned weights to combine multiple loss terms,
requiring extensive hyperparameter tuning. To address this issue, we adopt the
method proposed in [222], which adaptively balances multiple loss terms based
on the estimated homoscedastic uncertainty of each task—a form of task-specific
uncertainty that remains constant across input samples. In the context of speech
enhancement, [170] used this method to balance an SPP loss term with other loss
terms defined on the target magnitude spectrum, the Wiener gain, the noise PSD,
or the SNR. Although they did not present their results, they claimed that the
homoscedastic uncertainty-based weighting method outperformed manual tuning.

Before introducing the homoscedastic uncertainty-based weighting method, it is
useful to understand the broader categorization of uncertainty in the training of
DNNs:

e Epistemic uncertainty (DNN uncertainty) arises from limited training data
or insufficient model capacity. For example, if a DNN is trained primarily
on American English speakers, it may struggle to accurately process speech
from a speaker with a Scottish accent due to the lack of such examples in
its training dataset. Collecting more diverse data or improving the DNN can
reduce this uncertainty.

e Aleatoric uncertainty (data uncertainty) is inherent in the data and cannot
be reduced by adding more data or improving the model. For instance, in a
noisy environment like a busy café, the unpredictable overlap of babble noise
with the target speech introduces uncertainty in distinguishing speech from
noise. Aleatoric uncertainty can be further categorized into:

— heteroscedastic uncertainty, which varies with the input signal. For exam-
ple, sudden loud noises like a door slamming or rapidly changing back-

1 For simplicity, we consider the case of one loss term per task.
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ground sounds such as a passing siren can cause spikes in uncertainty
during those moments. In contrast, a quiet environment with stable back-
ground noise results in lower uncertainty.

— homoscedastic uncertainty, which remains constant across all inputs but
varies between tasks. An example is the inherent variability in human
speech production—subtle, unpredictable differences in vocal fold vibra-
tions and articulation—that exist in all speech signals, regardless of the
acoustic environment. This inherent variability introduces uncertainty in
every utterance.

Consider a DNN with trainable weights 8, designed to perform I distinct tasks. The
i-th task is associated with an output 0o; = f;(x; 0), where f; represents the task-
specific mapping between input x and output 0; (e.g., given by different output
layers or by a single layer that bundles all outputs in a DNN). A major challenge
in multi-task learning is how to effectively balance each loss term’s contribution
to the overall loss function. Instead of manually tuning weights, a likelihood-based
approach can be employed, where each loss term’s contribution is based on the
estimated homoscedastic uncertainty. For the i-th regression task with target o; €
RP (e.g., the real and imaginary parts of the target speech STFT coefficients or the
RTFs), which is assumed to be drawn from a Gaussian distribution, the likelihood
function can be written as

ploilx.0) = N (0 £:(x: 0).7) (A1)

where N denotes the Gaussian distribution with task-specific mean f;(x;0) and
variance o? , termed “uncertainty” in this context. The corresponding log-likelihood
function can be written as

1
log p(o; | X, 0) 52 lo; — £:(x; 0)[” — log(a7). (A.2)

)

where the first term |o; — f;(x; )| corresponds to the regression loss term, scaled
by /267, and the second term log(oi2 ) penalizes 01-2 from growing arbitrarily large
(which would trivialize the regression term).

In the case of I independent tasks with individual outputs o;, the overall likelihood
function can be factorized as

I
p(01,~~~,OI|X,0) :Hp(olbﬁe) (AS)

i=1

= ljj\/' (oi;fi(x;a),oig) . (A.4)

Assuming that the target o; for each task follows a Gaussian distribution with mean
given by the DNN output f;(x; @) and variance 02»2 , training can be interpreted as
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maximizing the likelihood of the observed data. Specifically, minimizing the negative
log-likelihood of this distribution leads to the loss function

’C: _1Og(p(017~"7OI|X70)) (AB)
Lra
x Z LUQc + log (ai)} , (A.6)

where £; = |lo; — £;(x; 8)||® represents the loss term for the i-th task. This formula-
tion ensures that tasks with higher uncertainty 012 contribute less to the overall loss,
while the log(ai2 ) term prevents arbitrarily large uncertainty values. Crucially, this
interpretation holds under the assumption of Gaussian-distributed regression tar-
gets; if a different distribution is assumed, the corresponding loss function changes.
For example, assuming a Laplace distribution results in an ¢; loss instead of an /5
loss (see also Section 1.2.2.5), for which the adaptive weighting method was also
empirically shown to work well [222].

To allow the loss weights to be tuned automatically, o7 is optimized jointly with the
trainable DNN weights 8. Since directly optimizing o; can be numerically unstable,
J? is reparameterized as

s; = log (oiz) = 07 = exp(s;), (A.7)

ensuring that the variance is strictly positive. Substituting (A.7) in (A.6), the overall
loss function can be written as

L= Z {%le(sz)[,i + ;s] . (A.8)

i=1

Since s; is included in the overall loss function, it is automatically updated via
backpropagation, allowing the model to adapt the relative importance of each loss
term. Notably, s; is not an output of the DNN but a directly trainable weight.

Although s; can be interpreted as homoscedastic uncertainty, it is not explicitly op-
timized to match a ground-truth uncertainty value. This is similar to the motivation
behind the proposed spatial regularization procedure: just as the signal approxima-
tion loss term alone does not yield acoustically interpretable RTF estimates, the
learned loss weights do not necessarily reflect ground-truth homoscedastic uncer-
tainty.

In the context of Chapter 6, the multi-task learning framework consists of a speech
enhancement loss term Lgi and an RTF estimation loss term Lrtp. Hence, the
overall loss function is given by

1
Lsg(0) +

- m )‘CRTF(G) + %(SSE + SRTF)a (Ag)

2exp(Srrr
where sgi and sgpp denote reparameterized uncertainty weights in (A.7), which are
automatically tuned during training to adjust the relative importance of the speech
enhancement and RTF estimation loss terms.
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