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Abstract

The aim of this thesis is to leverage room acoustics models in deep-learning-based
approaches for dereverberation. Audio signals are often altered by reverberation ef-
fects induced by objects and walls of the room in which they propagate, leading to a
loss in intelligibility. However, most deep learning methods developed to tackle this
problem can be considered as black-box systems, as they are purely data-driven and
not interpretable from a physical perspective. After studying whether neural dere-
verberators are consistent with physical reverberation models, we propose two hybrid
approaches to train a dereverberation model in a physically realistic manner. The
first one regularizes the training loss to encourage a deep neural network to produce
realistic solutions, and the second is motivated by a maximum-likelihood formulation
of the problem and consists in an unsupervised learning strategy that integrates a

reverberation model into a deep learning framework.

Résumé

Cette thése porte sur la modélisation de I’acoustique des salles dans les approches
d’apprentissage profond pour la déréverbération. Les signaux audio enregistrés sont
souvent altérés par des effets de réverbération diis a la propagation du son dans
I’espace, ce qui nuit & leur intelligibilité et leur qualité. Cependant, la plupart des ap-
proches d’apprentissage profond développées pour atténuer ces effets restent en grande
partie opaques et difficilement interprétables d’un point de vue physique. Aprés avoir
étudié la compatibilité des réseaux neuronaux profonds existants avec des modéles
d’acoustique des salles, nous proposons deux méthodes d’hybridation afin d’introduire
des contraintes physiques dans leur apprentissage. La premiére régularise la fonction
de perte d’entrainement d’un réseau neuronal profond pour encourager des solutions
physiquement plausibles, et la seconde s’appuie sur une formulation en maximum de
vraisemblance du probléme de déréverbération et consiste en une stratégie d’appren-

tissage non supervisée intégrant un modeéle de réverbération dans un réseau neuronal.
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Résumé substantiel

Les enregistrements vocaux sont sujets a des altérations liées aux effets de réverbé-
ration, induits par la propagation du son dans I’environnement. Ces phénomeénes dé-
gradent significativement 'intelligibilité et la qualité des signaux audio, posant ainsi un
défi majeur pour les applications de communication et d’interaction homme-machine.
La déréverbération, processus visant a restaurer un signal source sec a partir d’un en-
registrement réverbéré, constitue donc un enjeu central dans le domaine du traitement
du signal audio. Cette problématique s’inscrit dans le cadre plus large des problémes
inverses, ou la déréverbération est intrinséquement liée & 'identification des systémes
acoustiques : tandis que la premiére tache cherche a estimer la source sonore, la se-
conde vise & caractériser les propriétés de ’espace de propagation. Deux paradigmes
principaux émergent pour aborder ces défis. Le premier, dit approche guidée par un
modeéle, repose sur la modélisation explicite du signal a restaurer ou de la dégrada-
tion en intégrant des contraintes physiques ou statistiques. Le second, plus récent
et qualifié d’approche guidée par les données ou déréverbération neuronale, exploite
des réseaux de neurones profonds entrainés sur de vastes corpus de données pour ré-
soudre ce probléme inverse. Bien que les méthodes guidées par les données constituent
actuellement 1’état de I’art en matiére de déréverbération, elles présentent des limi-
tations notables. Leur performance dépend étroitement de la disponibilité de grandes
quantités de données annotées, qui, dans le cas de la déréverbération, correspondent
a des signaux anéchoiques, difficilement mesurables. De plus, de par leur fonction-
nement qui reste largement opaque, ces approches peinent & intégrer des contraintes
physiques ou des modéles statistiques classiques de production ou de dégradation des
signaux sonores, ce qui souléve des questions quant & leur capacité & modéliser le lien

entre déréverbération et acoustique des salles.

Les stratégies hybrides émergent comme une voie prometteuse pour surmonter
les limitations de chacun des paradigmes de résolution des problémes inverses. Cette
thése propose donc de développer des modéles permettant de combiner la performance
des approches guidées par des données a l'interprétabilité et la faible dépendance aux
données offerte par les approches guidées par un modéle, pour la tache de déréverbé-
ration. Plus précisément, ce travail s’articule autour de deux points : d’'une part, nous

cherchons & évaluer la compatibilité des architectures neuronales pour la déréverbéra-
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tion avec des modéles physiques d’acoustique des salles. D’autre part, nos recherches
visent & exploiter ces modéles d’acoustique des salles pour améliorer les performances

et la compréhension des déréverbérateurs neuronaux.

Pour y parvenir, notre démarche s’organise en deux parties. Dans une premiére
partie, nous évaluons la capacité des déréverbérateurs neuronaux & contribuer a la
tache d’identification de systéme acoustique. Pour ce faire, nous utilisons un réseau
neuronal afin d’estimer le signal source associé & un signal mesuré, car, étant donné ce
signal source, le probléme d’identification de systéme acoustique devient un probléme
de déconvolution, a priori plus simple a résoudre. Toutefois, cette approche se heurte &
une difficulté majeure : alors que la plupart des méthodes de déconvolution existantes
supposent un faible bruit sur le signal mesuré, aucune étude n’a, & notre connaissance,
évalué leur robustesse face a des artéfacts induits par des erreurs d’estimation sur la
source. Nous analysons donc les performances des méthodes de déconvolution dans
ce contexte particulier. Pour pallier les limitations causées par une source présentant
des artéfacts, nous proposons une méthode de déconvolution régularisée par un mo-
déle de réverbération. Ensuite, nous concevons une fonction de perte motivée par la
physique, destinée & entrainer un déréverbérateur neuronal pour qu’il puisse effectuer
une tache d’identification de systéme acoustique. Cette fonction de perte impose des
contraintes physiques sur le systéme acoustique prédit en déconvoluant I'entrée du
déréverbérateur neuronal par sa sortie. Théoriquement, une telle fonction de perte
devrait aussi encourager le déréverbérateur neuronal & estimer un signal sec proche
de la vérité-terrain. Cependant, nos expériences révélent que l'optimisation de cette
fonction de perte seule dégrade souvent les performances de déréverbération du ré-
seau. Cette observation suggére que les déréverbérateurs neuronaux ne peuvent pas
systématiquement identifier & la fois un systéme acoustique et un signal sec. Ainsi,
il apparait que peu d’approches neuronales actuelles sont compatibles avec ce cadre
physique. En conséquence, nous proposons une stratégie de régularisation de ’entrai-
nement d’un déréverbérateur neuronal visant & lui permettre d’accomplir conjointe-
ment les deux taches de déréverbération et d’identification de systéme acoustique,

sans compromettre ses performances.

Dans une seconde partie, nous abordons la question cruciale de la dépendance aux
données des déréverbérateurs neuronaux. En effet, la plupart des architectures exis-
tantes ont besoin de paires d’enregistrements appariés, composés d’un signal sec et de
sa version réverbérée. Méme les approches génératives, qui modélisent la distribution a
priori des signaux secs, restent contraintes par la disponibilité de tels enregistrements.
Or, 'acquisition de signaux secs exige des conditions d’enregistrement anéchoiques,
contrairement aux signaux réverbérés, abondants dans les environnements naturels.
Pour surmonter cette limitation, nous introduisons un nouveau cadre de déréverbéra-
tion non-supervisée, ne requérant que des données réverbérantes pour I’entrainement.

A cette fin, nous proposons une formulation en maximum de vraisemblance de la dé-
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réverbération guidée par un modéle stochastique et paramétrique de réverbération.
Nous implémentons cette formulation au sein d’un protocole d’entrainement flexible,
adapté & divers niveaux de disponibilité de données, allant d’une supervision dite
forte exploitant la réponse impulsionnelle exacte, a une supervision faible ne néces-
sitant que quelques paramétres acoustiques, et enfin, une configuration totalement
non-supervisée.

Ce travail montre que 'alliance des modeéles physiques d’acoustique des salles avec
les architectures neuronales permet a la fois d’évaluer leur compatibilité et d’améliorer
les performances des déréverbérateurs, tout en réduisant leur dépendance aux données.
Nos résultats ouvrent ainsi la voie & des approches hybrides plus efficientes en données

et interprétables.
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Chapter 1

Introduction

1.1 Reverberation and dereverberation

Reverberation enables us to understand sonic spaces, at the cost of understand-
ing sonic sources. Indeed, acoustic waves propagating in enclosed environments are
significantly influenced by reflection and diffraction effects from surrounding surfaces
and objects. These interactions alter the original waveform in a singular manner and
result in reverberation, a unique characteristic of the space it traverses [1]. Reverber-
ation, in turn, has had an immense influence on art and culture throughout history.
Starting at late prehistoric times, rock art was located in places where intense echoes
could be heard [2], suggesting the probable ritualistic meaning of reverberation across
cultures [3, 4]. Western music performance [5] and reception [6] are largely influ-
enced by the acoustics of performance spaces, and in turn composers are influenced
by the space in which their music is supposed to be heard |7, chap. 21]. Acoustics is
tightly bound to architectural design of vocal and musical performance spaces, such
as theaters [8], classrooms |9, 10| or concert halls [11, 12]. As they are part of our
cultural heritage, it is of crucial importance to preserve acoustics of historical spaces.
Preservation of this intangible heritage can be done thanks to auralization [13, 14],
the audio equivalent of visualization, which aims at reproducing an acoustic environ-
ment. Auralization techniques often involve measurement and characterization of an
acoustic space, a task that we call acoustic system identification in the remaining of

this manuscript.

In the context of voice processing, which will be the focus of this dissertation,
reverberation has long been recognized as a critical factor affecting speech intelligi-
bility [15, 16|, and its detrimental effect on audio clarity has motivated decades of
research. The task of reverberation suppression, commonly referred to as dereverbera-
tion, has received renewed attention in recent years due to its relevance in a wide range
of audio processing applications. Dereverberation can be framed as an inverse prob-

lem, where the goal is to restore the original, reverberation-free signal (often called the
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dry source) from a reverberant recording. An inverse problem is one where the goal is
to recover underlying parameters or signals from observed data, typically subject to
noise and uncertainty. Effective dereverberation is essential in enhancing the perfor-
mance of hearing aids [17, 18], improving communication quality in hands-free [19] and
hand-held [20] telephony, and enabling robust Automatic Speech Recognition (ASR)
in human-machine interaction scenarios [21]. It also serves as a key preprocessing step
in general-purpose speech enhancement frameworks [22].

Both tasks of dereverberation and acoustic system identification are intertwined,
as they can both be seen as a system identification task: the first aims to estimate a
sound-source system whereas the latter estimates an acoustic system. Related tasks
involving reverberation modeling are Acoustic Echo Cancellation (AEC), Acoustic
Feedback Control, and Acoustic Matching. AEC seeks to prevent a known source sig-
nal that has been played through a loudspeaker and recorded by a microphone from
being captured again [23]. Acoustic feedback control extends this idea by cancelling
the entire feedback loop, preventing signals emitted by loudspeakers from being re-
recorded and re-amplified [24]. The recently-introduced task of acoustic matching [25]
aims to disentangle both acoustic and source systems from a recording. It consists in
transferring the acoustic content of one recording onto another, while keeping unal-
tered all features of the target recording, making it sound like it was recorded in the
environment of the first recording. While both tasks of AEC and Acoustic Feedback
Control assume a known source, both dereverberation and acoustic matching know
neither of the source nor the acoustic system. In the remaining of the manuscript,

such settings will be called blind.

1.2 Dereverberation: an ill-posed problem

Both tasks of blind dereverberation and blind acoustic system identification are
considered to be ill-posed as per Hadamard [26, 27]. A problem is said to be ill-posed

if one of the following properties does not hold:
1. Existence: the problem has a solution;
2. Uniqueness: the solution is unique;

3. Stability: the solution’s behavior changes continuously with the initial condi-

tions.

In the case of dereverberation of an unknown acoustic system, the uniqueness and
stability conditions might not hold. First, the solution of the blind dereverberation
problem is not uniquely identifiable [28, Section 8.2.4]. This is due to the fact that
applying the acoustic system to the source signal can be expressed as sequentially
applying several valid acoustic filters, a notion coined as reducibility [29]. Indeed,

time-invariant reverberation filters can be factorized as a minimum-phase filter defin-
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ing the coloration of the room, and an all-pass component, accounting for the delay
of the echoes. Therefore, the dry source to which room coloration has been applied
represents a plausible solution of the blind dereverberation problem, although this
solution is undesired as we wish to remove both echoes and room coloration effects.
This ambiguity makes the dereverberation solution not unique.

Even when the uniqueness condition holds, Hadamard’s stability condition might
not be fulfilled for dereverberation. The uniqueness condition of dereverberation can
be fulfilled when the acoustic system is perfectly known. In this case, coined as non-
blind, dereverberation becomes a deconvolution problem. It was shown [30], that the
acoustic system defined for a room and a pair of source and microphone positions
changes drastically when the source or microphone’s position varies slightly. This

makes the dereverberation problem unstable.

1.3 Data-driven and model-driven solutions

Definition of the model-based and data-driven paradigms

Approaches to solve ill-posed problems nowadays fall into two main paradigms !:
Model-driven and Data-driven.

In the model-driven paradigm, ill-posed problems can be made well-posed by
adding prior domain-specific knowledge of the phenomenon at the core of the prob-
lem. A model can be defined as [32, translated|: “a representative, idealized, and open
framework, acknowledged as approximate but considered fruitful with respect to a given
goal (to predict, to act upon nature, to understand it better, etc.)”. For instance, in the
context of dereverberation, it is widely accepted that sound propagation is a causal
phenomenon. Other models can be the result of a deliberate choice and simplification.
In the context of speech dereverberation, model-driven approaches will typically in-
troduce a model of the source, or of the reverberation phenomenon. These models will
be detailed in Chap. 3. Modeling each point of the source’s time-frequency represen-
tation to be Independant and Identically Distributed (IID) circular [33| or considering
the autoregressive nature of speech signals [34] are two examples of approximate yet
fruitful frameworks to solve the dereverberation task.

On the other hand, data-driven methods have taken an orthogonal approach to
problem solving. They consist in leveraging data instead of domain-specific knowledge.
Indeed, introducing data provides a ground-truth valid solution to a given problem,
which can be generalized to some extent. Data-driven techniques for audio inverse
problems typically consist in machine-learning, and more recently deep-learning [35]
approaches. Deep learning methods involve a parametric mapping organized to mimic

the structure of the human brain, and consisting in a stack of layers of artificial neurons

1. We use Kuhn’s definition of paradigms [31]: “universally recognized scientific achievements that
for a time provide models, problems and solutions to a community of practitioners”.
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called Deep Neural Network (DNN). In the remaining of this manuscript we will call
purely data-driven dereverberation methods neural dereverberators. Before being used
to predict the solution of an ill-posed problem, DNN’s optimal parameters for a given
task have to be found from data, in a process called training.

It could be argued that data-driven methods can still be considered as models.

Differences between model-driven and data-driven paradigms

A question arises: can DNNs be considered as models? While answering this ques-
tion would require a proper epistemological study, we would like to provide our insight
on the extent to which model-based approaches and data-driven approaches differ. At
first thought, throughout the history of science, it is not the first time that the pa-
rameters of a model have to be tuned using data. For example, the constant defining
Newton’s gravitational law (published in 1687) could only be determined more than
100 years later by Cavendish (in 1797). Moreover, deep learning approaches represent
state-of-the art solvers for most audio inverse problems, including dereverberation [36],
illustrating their high potential for prediction. It could also be argued that DNNs can
be seen as a model for the human brain.

These arguments fall short as some strong differences between model-based and
data-driven approaches can be found. These differences can be summarized by two
main arguments: DNNs are overparametrized and their behaviour is opaque.

First, DNNs are highly overparametrized, meaning that they have more param-
eters than are strictly necessary to solve the task. From an epistemological point
of view, this contradicts the widely accepted principle of Occam’s razor [37, p33],
stating that entities should not be multiplied 2. From a practical point of view, the
reliance on data makes data-driven methods very task-specific, and prone to a phe-
nomenon called overfitting. Overfitting can apply to a data distribution, or even a
task. The phenomenon of overfitting to a data distribution can happen, for instance,
when neural dereverberators trained on synthetic reverberation are tested on real-
world reverberation, and exhibit a loss in performance that can only be compensated
by training on a dataset of realistic reverberation. Overfitting can also happen with
respect to a task, when a DNN which is trained to optimize a metric performs poorly
when evaluated on another metric. An illustrative example is found in the case of
speech restoration [38]: a data-driven speech enhancement method that was trained
to optimize the Perceptual Evaluation of speech Quality (PESQ) metric (that will
be described in 3.3.5). Initially, it appeared to perform well based on PESQ scores.
Yet, listening tests and evaluation using other metrics were deceiving. Indeed, the
network inadvertently learned a flaw in the PESQ metric itself, which was designed

to evaluate speech signals starting with low amplitudes. By generating a brief Dirac

2. Occam’s statement is often rephrased to better be applied to epistemology. Funnily, its literal
sense is enough to discredit DNNs.
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pulse at the start of the output (intended to be a clean signal), the DNNs could make
virtually any signal appear optimal according to this metric. This example show that
data-driven methods can suffer from a form of misalignment. Misalignment occurs
when the objective a model is trained to optimize does not correspond to the broader,

desired goals, leading to suboptimal or even misleading performance.

A second difference between classical models and data-driven techniques is that
data-driven techniques behave in an intransparent manner, making them unable to be
used as instruments of knowledge [39]. It was stated that classical models can be used
to investigate both the world and a theory during both their conception and their
usage |40, Section 2.4]. At conception, models result from deliberate simplifications
of the world, resulting from fitting a theory to observations. At usage, we learn about
which situations can or cannot be framed by a model. These argument fall short in
the case of DNNs. Indeed, DNNs are universal approzimators [41], meaning that they
can approximate any continuous function to any desired degree of accuracy, provided
they have sufficient parameters. From the point of view of continuous optimization,
data-driven techniques are unable to be constrained by a theory, or to integrate a
simplification of the world. Their predictions can only be steered by techniques such
as reqularization, which can be considered as a weak way to incorporate constraints
into a training objective as it allows for some flexibility. A contradiction arises: be-
cause of their expressive power, DNNs can only fail to succeed on a task if they are
wrongly trained, or their number of parameters is insufficient for the universal ap-
proximation theorem to apply. It would then be incorrect to assume that failure of
a data-driven method could be caused by wrong simplifications or assumptions at
the core of its design. This argument on falsifiability limits the role of data-driven

methods as mediators of knowledge unlike classical models [39, 40].

The black-box nature and overparametrization of data-driven approaches have not
only epistemological but also societal consequences. O’Neil showed that data-driven
methods can fuel vicious circles of bias, learnt from the worldview imposed by un-
questioned and irresponsible data extraction and usage [42]. Similarly to the model
that deceived its evaluators by learning a bias of the metric, data-driven methods
appear efficient for sovereign and commercial use when they instead reinforce inequal-
ities. Overconfidence in the results of these intransparent methods causes them to
be overly trusted and less and less regulated. Crawford [43] moreover warns about
inconsiderate usage of resources by data-driven methods, whether they take the form
of rare earth, data, or energy. Audio-related tasks such as voice generation are now
being also evaluated through the lens of their energy consumption [44], which enables
to partially quantify their impact on climate change [45]. While these arguments are
not directly related to our contributions, we believe that the societal and environ-
mental implications of data-driven methods should not be neglected by the academic

community.
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1.4 Hybrid deep learning

The model-driven and data-driven paradigms are however not mutually exclusive.
In the recent years, model-based and data-driven approaches have been combined in
hybrid approaches. Hybrid models combine the advantages of model-based and data-
driven approaches. Indeed, they are able to be interpreted like classical models, while
leveraging the performance of DNNs. More precisely, unlike purely data-driven which
required post-hoc explainability techniques to be understood, hybrid approaches are
interpretable by design [46]. Balancing model-driven and data-driven techniques for
signal processing defines a whole continuous spectrum of hybridization techniques,

that are neither purely model-based nor data-driven [47].

In the domain of audio restoration, such approaches fall into three main categories:
Plug-and-Play methods aim to leverage deep-learning-based priors in order to regu-
larize a classical optimization problem. Typically, the Alternating Direction Method
of Multipliers (ADMM) offers an iterative algorithm that enables to solve an inverse
problem via a classical iterative algorithm that leverages a prediction by a DNN at
each iteration [48]. The second category regroups unrolling [49] techniques, defined as
a variant of Plug-and-Play methods where a complete iteration of a classical algorithm
is modeled by one or several layers of a neural architecture. Finally, data-driven tech-
niques can be leveraged to estimate the parameters of a classical model, that has been
made differentiable. For instance, the popular Differentiable Digital Signal Process-
ing (DDSP) framework allows a DNN to be trained using an optimization objective
involving differentiable implementations of signal operators. Other approaches in this
category, such as physics-informed neural networks, have been less used in single-
channel audio restoration, due to the fact that they require several measurements of

a single system to be trained.

1.5 Research questions

So far, we have seen that dereverberation and reverberation modeling are two
sides of the same coin of system identification, characterizing respectively source and
space from a reverberant recording. On the other hand, while purely data-driven
techniques could not model this duality, hybrid deep learning seems to provide the
necessary framework to jointly model room acoustics and dereverberation. Two re-

search questions emerge from this statement.

We first want to evaluate existing neural dereverberators on their ability to model

room acoustics. This objective is summarized in the following research question:
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Research Question 1

To what extent are existing neural dereverberators consistent with room acous-

tics?

We also wish to alleviate the drawbacks of both classical and purely data-driven
approaches, focusing on performance, data consumption, and ability to model the

source-space duality. Hence, we aim to also answer the following question:

Research Question 2

How to leverage room acoustics models in data-driven methods for dereverber-

ation?

1.6 Contributions

To answer these questions, our approach is organized into two parts. In the first
part, we evaluate the ability of neural dereverberators to contribute to the task of
acoustic system identification. To do so, we use a neural network to estimate the
source signal associated with the measured signal, because, given this source signal,
the problem of acoustic system identification becomes a deconvolution problem, which
is a priori simpler to solve. We evaluate existing deconvolution methods in the spe-
cific context where the artefacts are present on an estimated source signal and not
on a measured signal. To address the limitations caused by a source signal with
artifacts, we propose a deconvolution method regularized by a reverberation model.
We then design a physics-driven optimization objective to train a neural dereverber-
ator to perform an acoustic system identification task. This loss function computes
physical properties from the acoustic system induced by the dereverberation process.
Experiments show that considering this optimization objective alone often degrades
the dereverberation performance of the network, suggesting that neural dereverber-
ators cannot systematically identify both an acoustic system and a clean signal si-
multaneously. Consequently, we propose a training regularization strategy for neural
dereverberators aimed at enabling them to jointly perform both dereverberation and
acoustic system identification without compromising their performance. These find-
ings are summarized in Chapter 4, and the training regularization strategy for neural

dereverberators has been published in:

[50]: Louis Bahrman, Mathieu Fontaine, Jonathan Le Roux, and Gaél Richard.
« Speech Dereverberation Constrained on Room Impulse Response Character-
istics ». In: Interspeech 2024. ISCA, Sept. 2024, pp. 622-626

In the second part, corresponding to Chapter 5, we address the crucial issue of
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data dependence in neural dereverberators. Indeed, most existing architectures re-
quire paired recordings, consisting of a dry signal and its reverberated version. Even
approaches which estimate the prior distribution of dry signals, remain constrained
by the availability of such recordings. However, acquiring dry signals requires ane-
choic recording conditions, in contrast to reverberated signals, which are abundant
in natural environments. To overcome this limitation, we introduce a novel unsu-
pervised dereverberation framework that requires only reverberant data for training.
To achieve this, we propose a maximum-likelihood formulation for dereverberation,
guided by a parametric reverberation model. We implement this formulation within a
flexible training protocol, suitable for various levels of data availability, ranging from
strong supervision using the exact characterization of the acoustic system, to weak
supervision requiring only a few acoustic parameters, and finally, a fully unsupervised

configuration. These results have been summarized in the following articles:

e B

[51]: Louis Bahrman, Mathieu Fontaine, and Gaél Richard. « A Hybrid Model
for Weakly-Supervised Speech Dereverberation ». In: ICASSP 2025 - 2025

IEEFE International Conference on Acoustics, Speech and Signal Processing

(ICASSP). Apr. 2025, pp. 1-5

[52]: Louis Bahrman, Mathieu Fontaine, and Gaél Richard. « Déréverbération
Non-Supervisée de La Parole Par Modéle Hybride ». In: XXXe Colloque Fran-
cophone de Traitement Du Signal et Des Images. Strasbourg, France: GRETSI,
Aug. 2025

[53]: Louis Bahrman, Marius Rodrigues, Mathieu Fontaine, and Gaél Richard.
« U-DREAM: Unsupervised Dereverberation Guided by a Reverberation
Model ». In: IEEE Transactions on Audio, Speech and Language Processing
34 (2026), pp. 1552-1563

1.7 Manuscript structure

After this introduction, the remaining of this manuscript is organized as follows:
in Chapter 2, we introduce the theoretical framework and tools used throughout this
manuscript, including audio signal representations and operations, and selected ap-
proaches for optimization. Then, in Chapter 3, we present current research directions
in reverberation modeling, acoustic system identification, and dereverberation. We
detail reverberation models that can be leveraged in hybrid models for acoustic sys-
tem identification and dereverberation. We also present a typology of dereverberation

methods based on the assumptions they make about the reverberation process. A
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second part of this manuscript gathers our contributions. In Chapter 4, we deal with
acoustic system identification by neural dereverberators, and aims to answer the first
research question on compatibility of data-driven approaches for dereverberation with
room acoustics. Then, in Chapter 5, we propose to leverage a room acoustics model
in the training objective of a neural dereverberator, in order to reduce its reliance on
large quantities of dry source datasets. Finally, we conclude this manuscript, answer

the research questions and present future research directions in Chapter 6.
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Theoretical framework and

literature review
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Chapter 2

Theoretical framework

Chapter abstract

In this chapter, we introduce commonly used tools for audio signal processing,
starting with signal representations in the time, frequency and time-frequency
domains. Next, we define filtering technique for time-domain signals and various
adaptations in the time-frequency domain. Finally, we present optimization tech-
niques that will be relevant for the throughout this manuscript, with examples

for the task of deconvolution as it plays a central role in our contributions.

2.1 Signal representations

2.1.1 Time domain

Throughout this manuscript, audio signals are considered to be obtained by sam-
pling a function of the local air pressure at discrete time steps. The sampling frequency
of such signals, denoted fs, limits their bandwidth, defined as the maximal frequency
under which the original function can be deterministically reconstructed. This fre-
quency is coined as Nyquist frequency, of value % Typical sampling frequencies
for audio signal processing include 16 kHz (narrow-band), 44.1kHz, and 48 kHz (full-
band). 16 kHz is sufficient to record intelligible speech, while 44.1 kHz and 48 kHz are
used to encompass the full range of the human auditory system, which extends up to
20 kHz.

When they are of finite length, they will be considered as vectors and indexed by

the time-domain index n; their n'® element is written z[n).

2.1.2 Frequency domain

Discrete time-domain audio signals can also be studied in the dual frequency do-

main, through a change of basis performed using the Discrete Fourier Transform

13
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(DFT) operator. This operator is defined for a time-domain signal z € RY as:

N-1
DFT(z)[f] £ X[f] = > _z[ne ™/ feo,1,... . N-1 (2.1)

n=0

In this expression, f represents the frequency and j is the complex number such that
42 = —1. Throughout this document, £ denotes equality by definition. As a complex-
valued signal, X[f] can be expressed as the combination of its magnitude | X[f]| and

phase ZX|[f] components.

This transform is a bijection and the Inverse Discrete Fourier Transform (IDFT)

is defined for a frequency-domain signal X € CV:

N—
1 .
v X|[flet@™/N - neo0,1,...,N—1. (2.2)

F=0

—_

IDFT(X)[n] £ z[n] =

2.1.3 Time-frequency domain

Given a discrete signal x, a positive analysis window g, of finite size N, and a
hop-size L, the N-band Short-Time Fourier Transform (STFT) of x is the matrix

X € CFXT_ which elements are defined as:

N-1
STFT(z)5s = Xy = » _ x[n+tLga[n]e >N for f € [0,F—1] and tL < N—L.

n=0

(2.3)
Similarly to the Fourier transform, the STFT is complex-valued. The magnitude
of the STFT representation of a signal is called spectrogram, and often expressed in
decibels (dB) for interpretability and visualization. Phase processing and retrieval
in the STFT domain has been a critical aspect of model-driven [54, 27| and data-
driven [55] signal processing.

The concept of time-frequency representations can be extended to a larger class
of continuous distributions, called Cohen’s class [56]. Notable distributions include
the Wigner-Ville, or the Page [57] distributions [58]. The Wigner-Ville distribution
provides a high-resolution representation of a signal’s energy jointly in time and fre-

quency, without the trade-off imposed by the STFT’s fixed window.

The N-band STFT can be inverted, and the Inverse Short-Time Fourier Transform
(ISTFT) of a time-frequency representation X € CF*7 is defined as:

=

ISTFT(X)[n]éx[n]:% S gL Y Xy 0 DIN (9
0

~
Il

t
0<n—Lt<N

The synthesis window g5 has to be carefully designed for perfect reconstruction, using
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the normalized overlap-add condition:

T
Vn € N, Zga[n —tL|gs[n —tL] = 1. (2.5)
=0

2.2 Operations on signals

In this section, we define some operators on signals that will be used in our works.
All Linear Time-Invariant (LTI) systems, or filters, are characterized by their
impulse response. The impulse response h of a filter is defined as the resulting signal
when the filter is applied to a Dirac delta signal ¢ : 6[0] = 1 and Vn # 0,d[n] = 0.
In the general case, the output of a filter is the conwvolution of the filter’s impulse

response and the input.

2.2.1 Convolution
In time domain

The convolution between two sequences h and s, is defined as:
(sxh)[n] £ s[k]h[n — k). (2.6)
kEZ

The convolution operation is linear, associative, and commutative. The DFT can be
used to compute convolution in an efficient manner, if the support of both sequences
are finite. Let Ny and N, be the length of the support of s and h respectively. By
zero-padding s and A such that both their lengths are equal to Ny + N — 1, it can be
shown [59, Theorem 3.10] that:

(s % h) = IDFT (DFT(s) ® DFT(h)), (2.7)

where ® denotes pointwise product. This condition is also necessary to express the

convolution operation using matrix product. Indeed:
(s*h) =T(s)h, (2.8)

where T is a Toeplitz operator defined given a vector z € CV as:

x[0] x[—1] x[—2] z[-N + 1]
x[1] z[0] x[—1] z[—N + 2]
T(x) =] =2 z[1] (0] z[-N + 3] (2.9)
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Figure 2.1 — Illustration of narrow-band filtering.

In time-frequency domain

Several formulations of convolution in the STFT domain are widely used in the

literature, and detailed hereunder.

Narrow-band filtering Assuming the filter’s impulse is short with respect to the
STFT analysis window, it can be considered that the filter is applied to each STFT
frame independently. Hence, for each frame, the frequency response of the filter’s
output is the frequency response of the filter pointwise multiplied by the frequency
response of the source. Denoting H € C! the F-point DFT of the filter’s impulse
response, and S, Y € CF*T the STFT of the source and output respectively, the

narrow-band approximation states that:
Vfelo,F[,t€[0,T,[,Ys: = H[f]Ss4. (2.10)

Narrow-band filtering is illustrated in Figure 2.1. This approximation is in practice

used in instantaneous mixing applications such as source separation [22].

Sub-band filtering In the case when the filter’'s impulse response is larger than
the window size, using the Fourier Transform of the filter causes cyclic convolution
artifacts. These can be reduced by considering sub-band filtering. In this case, the
convolution operation is applied on each sub-band independently. Each frequency
band of the STFT of the filtered signal is assumed to be computed from the convolution
of the corresponding band of the STFT of the input signal § € CF*”s and a line of

the matrix H € CF*Tf representing the sub-band convolution kernel, as:

Ty
Y, = Z H;, S+ (2.11)

7=0

t—1>0
Sub-band filtering is illustrated in Figure 2.2. This approximation is however inex-
act. Indeed, the STFT windowing doesn’t allow for perfect low-pass filtering, which

causes spectral leakage between the frequency bands. Hence, filtering each sub-band
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Figure 2.2 — Illustration of sub-band filtering.

independently ignores the fact that STFT bands are correlated, Originally designed
for AEC [60], the sub-band filtering method is now widely used in autoregressive
reverberation modeling for dereverberation, as we will see in Section 3.3.2.

Sub-band filtering approximations can be corrected by considering cross-band

terms [61]. This enables to compute the exact convolution in the STFT domain [62].

Cross-band filtering In the noiseless case, the linear time-invariant filtering in
time-domain in (2.6) can be equivalently expressed in the short-time Fourier transform
(STFT) domain using an inter-frame and inter-band convolution operator denoted C,
defined in [62] as:

F—1 min(¢;Ty)
Yf,t = C(S7h’)f,t é Z Z Hf7fl,t/5f,7t—t,7 (2.12)
/=0 =0

where Y € CF*Tv denotes the STFT of the filtered signal, § € CF*7s is the corre-
sponding STFT of the dry signal, and H = {Hﬁf/,t}i;,l,ial’n_l € CFXEXTh ypep-
resents the time-frequency convolution kernel induced by the RIR, capturing both
spectral and temporal spread. The convolution kernel H is derived from the time-

domain RIR h € R by [62]:

N-1

MHppo= > ht'L—m]Wpm],. (2.13)
m=—N+1

where N denotes the STFT window length, L the hop size, and

j2n(f (n+m)—fn)

N-1
vaf/ [m] = % Z gs[n + m]ga[n]eﬁ (2.14)
n=0

Here, gs and g, denote the synthesis and analysis window functions, respectively.
Cross-band filtering is illustrated in Figure 2.3. The formulation of Eq. (2.12) enables
the integration of time-domain models of reverberation into time-frequency processing

frameworks, which is particularly advantageous for both model-driven and data-driven
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Figure 2.3 — Illustration of cross-band filtering.

approaches.

This model can be equivalently formulated as a matrix product, by introducing

the concatenation of the 2F” neighbouring frequency bands of Hy ¢y and Toeplitz
matrices of Sy;. Each frequency band f of Y can then be computed as:

(2.15)
where S ¢ is the column-wise concatenation of the Toeplitz matrices T(S f/) con-
structed from frequency bands f'= f — F’,.

, f + F' of the dry STFT coefficients:
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(2.17)
Note that sub-band filtering is a special case of cross-band filtering with F/ = 0
cross-bands.

2.2.2 Cross-correlation

Another important operator for signal processing is the correlation operator. The

cross-correlation operation of two sequences s and h, denoted ®, is defined as:

(s@n)[n] £ s[k]*h[k + n], (2.18)
kEZ
where -* denotes complex conjugation. The cross-correlation operator is linear but

neither commutative nor associative. As the convolution between time-reversed and
conjugated s with A, the following property holds:

(s ® h) = IDFT (DFT(s)* ® DFT(h)) = T(s*)"h,

(2.19)
where -T denotes matrix transposition.
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2.2.3 Properties of filters

In order to be consistent with physics, realistic filters have to respect two condi-
tions: causality and stability. A causal filter is characterized by its impulse response
having only zero-valued negative times. Moreover, the convolution of a causal sig-
nal with a causal filter is always causal. From a physical point of view, a system
being causal means that it cannot forsee the future. A stable filter (in the Bounded-
Input, Bounded Output sense) is a filter that, for any bounded input signal, outputs
a bounded signal. A filter is said to be Minimal-phase if it is causal and stable and
its inverse is causal and stable. One characteristic of minimum-phase filters is that
they exhibit the shortest possible group delay and concentrate their energy as early
as possible in time. Mathematically, a minimum phase filter’s zeroes are all inside the

unit circle.

A key property of minimum-phase filters is that their phase response is uniquely
determined by the magnitude response. Given a filter’s magnitude response |H|f]],
and if Vf, H[f] # 0 (the filter has no zeroes on the unit circle), a minimal-phase filter
can be computed using the Hilbert transform, by setting the angles Z/H to:

ZH = -7 (log |H|), (2.20)

where # is the Hilbert transform, that can be computed for a signal x using [63,
Section 7.3, p357]:

DFT(#(x))[f] = —j sign(f) DFT(x)[f], (2.21)

lifz>0
with sign(z) = 0ifx =0
—lifz<0

2.2.4 Analytic signal and envelope

The Hilbert transform of x produces a 90° shift of the negative frequencies of the
DFT of x and a —90° shift of its positive frequencies. This can be used to compute the
analytic signal associated with x, defined as the complex-valued signal that contains

no negative frequencies of x. The analytic signal of x is:
x + j A (x). (2.22)

The envelope of a signal x is the magnitude of the analytic signal associated to .
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2.3 Optimization for audio inverse problems

In this Section, we introduce some mathematical tools for solving audio inverse
problems. A first class of convex problems is defined, then non-convex problems
are introduced along with regularization and data-driven techniques to solve them.
Examples are provided for the non-blind deconvolution problem.

In this manuscript, we focus on continuous optimization problems on a finite
dimension K = RP or CP. These problems can be written as finding z € K such

that it is in the set of the minimizers of a loss function £, under some constraints

(ci)i<i<m:
x € argmin L(z) (2.23a)
zeK
s.t. ¢i(z) <0for 1 <i<m. (2.23b)

2.3.1 Convex optimization

When the functions £ and (ci,...c¢y) are convex, the problem is said to be a
convex optimization problem. A thorough introduction on convex optimization can
be found in [64]. An important property of convex optimization problems is that
their set of solutions is convex. If, moreover, the loss is strictly convex, then this set
of minimizers is a singleton. For instance, two widely-used convex loss functions for
inverse problems in signal processing are the Mean Squared Error (MSE) and the Mean
Absolute Error (MAE) losses. The main difference between these two opitmization
objectives lies in the way they penalize errors: the MSE enphasizes large errors, while
the MAE treats error linearly. Moreover, under assumptions of Gaussian additive
noise, the MSE solution corresponds to the Maximum Likelihood (ML) estimator.

Common optimization techniques to solve convex problems where the loss function
is differentiable are based on the gradient method, which consists in iteratively defining

the sequence (m(i))i cny using the gradient of the loss function denoted V. as:
20D = 20 — Oy (z0), (2.24)

where () designates the variable z at iteration i and z(°) designates the initialization
of the sequence. The step size § € Ry has to be defined, and needs to be precisely
tuned for performant gradient descent [65, 66].

The optimal step size can be computed as:

10 i (40 a)) o2

One of the most encountered optimization problems is the linear least-squares
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approximation [64]. It is an unconstrained problem in the form:
& = argmin || Az — b|3, (2.26)

where A is a matrix and b a vector.

If A has a full column rank, a closed-form of the solution can be computed as:
i = AT, (2.27)

where A = (ATA)_1 AT is the Moore-Penrose pseudo-inverse of the matrix A.

For convex optimization problems of the least-square form, it can be interesting
to measure to what extent the solution & is robust to perturbated measurements
b. The condition number provides such a quantification, and, for the least-squares

approximation problem, is equal to [67, p341]:
w(4) = | All '], =1 (2.28)

where ||A|| denotes the Frobenius norm of matrix A. The condition number is real-
valued and always greater or equal than 1. If kK(A) > 1, the problem is said to be

ill-conditioned.

Application to deconvolution

Given a source s € RV, and a measurement y € RY, the non-blind deconvolu-
tion problem aims to retrieve the impulse response h € RV, such that y = s*h.

It can be formulated with the least-squares norm as:
argmin || T(s)h — y|2. (2.29)
h

This problem is an instance of the least-squares approximation problem defined
in (2.26) where a particular structure is imposed on the measurement matrix.
It has been proven that, in the case of a Toeplitz structure, the condition num-
ber of the deconvolution problem is related to the eigenvalues of 7(s)7(s)T,
which in turn are related to the Fourier transform of s denoted S [68]. More
precisely, the condition number of the problem described in Eq. (2.29) is asymp-

totically (when the length of y, s tend to infinity) equal to [69]:

S( )2
(s) = M (2.30)
ming [S(f)]|
This condition number explains why deconvolution for acoustic system identi-

fication is often considered after a pre-whitening step [70].
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These results can be generalized to the full- and sub-band models, in which case

the following least-squares problem has to be solved for each STFT band [62]:

argcmin”.g'fo —Yng, (2.31)
s

where Sy and C; are defined in Eq. (2.17). This technique will be referred to
as Full-band or sub-band deconvolution in the remaining of this manuscript,

depending on the number of cross-band filters F’ considered.

\. J

In order to solve ill-posed but convex problems, various regularization techniques

can be leveraged.

2.3.2 Regularization

In some cases it is useful to combine two optimization objectives in a single opti-

mization problem. The problem is then written as:

argmin £q(z) + ALz (x), (2.32)
zeK

where £1 and L5 are two loss functions, and A > 0 is a regularization parameter, used
to balance both objective functions. Lambda can be interpreted as the Lagrange mul-
tiplier associated with the constraints ¢i(x) = L2(x) < 0. Tikhonov’s regularization
considers the case where Lo(z) = HB:nH%, where B is a matrix. A popular instance
of Tikhonov’s regularization considers B to be the identity matrix, and is coined as
ridge regression. Another regularization technique, called LASSO, enforces sparser

solutions using the ¢ norm.
In the case when the regularization function is not differentiable, proximal gradient
descent can be employed [71]. It consists in alternating minimization of the proximal

operator

. 1
prox, (z) £ argmin Aa(y) + 5 Iy — o1 . (2.33)
Yy

and the gradient step for £1. The Fast Iterative Shrinkage-Thresholding Algorithm [72]
has been developed to efficiently solve ridge-regularized problem.
Another way to solve regularized problems, is to introduce variable splitting, that

is, reformulating Eq. (2.32) as:

argmin L1 (z) + L2(2) s.t. = z. (2.34)
z,2€K2
This problem can be solved using the ADMM algorithm [73], consisting in iteratively
optimizing x by minimizing £, z by minimizing Lo, and the distance between = and

z. This method enables more complex loss functions to be employed [74], including
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DNN-based regularizers [48], under the name of Plug-and-Play methods.

Application to deconvolution

In the case of deconvolution, a popular variant of Tikhonov’s method can be
defined in the form:
argmin ||(7(s) + AI) h — y||3, (2.35)
R

where A can be interpreted as the regularization constant, to balance the data-
fidelity and the robustness of the solution. Solving this equation can be per-
formed in an efficient manner using the DFT and pointwise division denoted
O, as [75]:

h = IDFT (DFT(y) @ (DFT(s) + \) ). (2.36)
In the remaining of this manuscript, this method will be referred to as Fourier
deconvolution. This form is close to the one obtained by Wiener deconvolution,
which minimizes the quadratic error in the Fourier domain assuming a known
spectral density of additive noise N = E(|DFT(¢)|?), and a known source spec-
tral density S = E(|DFT(s)]).

1
2
h =IDFT (DFT(y) ©S*o (S’ + )\2) > , (2.37)
where A is the signal to-noise ratio ||S||5 / || V||, This illustrates the relationship
between regularization and robustness, as noisier scenarios require stronger
regularization to be solved accurately.
Finally, some approaches for non-blind deconvolution can be considered under

the plug-and-play framework [76, 77|, and will be explicited in Section 3.2.2.

2.3.3 Non-convex problems

When one of the loss function or the feasible set of an optimization problem is not
convex, the solution of an optimisation problem cannot be determined using gradient
descent alone, as they would converge to local minima which might not be global.
Various methods can be leveraged for solving such problems. We mention only two
of them as they are used in audio signal processing: genetic algorithms and deep
learning.

Genetic Algorithms consist in mimicking natural selection [78], to make sets of
solutions evolve over the course of the optimization using crossover, mutation and se-
lection operations. These algorithms have been used in order to tune filter parameters
to match a measured acoustic system [79], a task that will be detailed in Section 3.2.1.
Nowadays, most non-convex optimization problems call for solutions involving deep

learning methods, especially in the context of audio signal processing.
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Deep learning extends classical optimization-based modeling by parametrizing
complex nonlinear mappings through deep neural architectures. In the supervised
learning setting, the goal is to learn a function f,, : X — ), parameterized by weights
(and biases) w, that maps an input z € X to an output y € ). Given a training
dataset D = (xi,yi)é\il, the weights are estimated by minimizing an empirical loss
function that measures the discrepancy between predicted and target outputs:

N
L(w) = N >l fuwl@), i), (2.38)

i=1
where ¢ denotes a sample-wise loss function, such as MSE for regression. Optimiza-
tion proceeds by gradient-based updates, iteratively adjusting w to minimize £(w).
Given the typically large size of datasets, Stochastic Gradient Descent (SGD) allows
for training using small batches of data, with backpropagation enabling efficient com-

putation of gradients, even in deep networks.

While this formulation defines the essence of supervised learning, many deep learn-
ing approaches differ in how the supervision is defined or in the modeling philosophy
underlying f,,. In contrast to supervised training, no explicit targets are needed in
unsupervised training. Instead, the network is trained to capture latent structures
or statistical regularities within the data distribution itself. A specific case of un-
supervised learning strategies is when they are combined with so-called generative
approaches. Generative approaches aim to model the joint distribution of their in-
put and output, unlike discriminative approaches which aim to only learn the output
distribution conditioned to their input. Most neural generative approaches for audio
inverse problems learn the distribution of dry speech signals. Popular frameworks for
generative unsupervised learning involve variational autoencoders [80], or diffusion
models [81]. Such models can synthesize new data samples or latent representations
consistent with the clean audio statistics.

Note that in this manuscript, we also consider a supervised setting where the
dimension of the supervision labels is much lower than the typical dimension of an
audio signal. This setting is called weak supervision.

The degree of supervision and the modeling philosophy (generative or discrimina-
tive) define a landscape of deep learning methods. Supervised discriminative training
remain the most direct and widely used framework for audio dereverberation when

paired data are available. These methods will be detailed in Section 3.3.

2.4 Conclusion

In this chapter, we have introduced the time, frequency and time-frequency rep-
resentations of signals that are commonly used in both model-driven and data-driven

dereverberation and room acoustics modeling. Filtering has been presented, and cor-
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responds to the operation of applying reverberation models that will be introduced in
Section 3.1. We have detailed how this process can be implemented through several
approximations of convolution. The same approximations are at the core of acoustic
system identification and deconvolution methods that will be summarized in Sec-
tion 3.2 and 3.3.2 respectively. Then, the data-driven and model-driven paradigms
have been analyzed under the light of optimization techniques. These techniques lay
the foundation for understanding our contributions. Indeed, convex optimization and
regularization techniques will be directly leveraged in our contributions of Chapter 4,
as they will enable to define physically consistent loss functions.Finally, non-convex
optimization and especially deep learning training approaches set the stage for the

unsupervised approaches we develop in Chapter 5.






Chapter 3

Literature review

Chapter abstract

In this Chapter, we present an overview of methods used for the three joint
fundamental tasks linked to this thesis: representing the acoustic effects of a
room using reverberation, identifying reverberation parameters using acoustic

system identification, and mitigating acoustic effects using dereverberation.

In this Chapter, we present a literature review of methods for reverberation model-
ing, acoustic system identification and dereverberation. The structure of this study is
meant to mirror the main computational blocks shared across all of our contributions.
Namely, we first present reverberation models, then acoustic system identification,
and finally dereverberation. In Section 3.1, we explicit some reverberation models
that will be used in our contributions for dataset creation, reverberation modeling and
synthesis, and analysis of acoustic characteristics. Then, in Section 3.2, we present
methods to determine characteristics of the reverberation process when different types
of information are available. We define the analysis-synthesis framework for acoustic
system identification in both blind and non-blind settings. Finally, in Section 3.3,
we introduce a typology of dereverberation techniques based on the assumption they
make about a reverberation model.

As our contributions are only in the context of single-source recordings using a

single channel, we restrict our analysis to monophonic signals.

3.1 Reverberation models

In this section, a short glimpse of reverberation models is provided. A more in-
depth review of classical reverberation models has been made by Valiméaki [82]. After
presenting the room impulse response and specific characteristics of the reverberation
process, we define three classes of reverberation models. Physical reverberation models

naturally stem from studying sound wave propagation. Then, statistical reverberation

27
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Figure 3.1 — Schematic view of the reverberation process and its associated Room
Impulse Response. The direct path is represented in red, early echoes in orange, and
late reverberation in blue.

models to derive asymptotic properties of physical reverberation processes Finally,

artificial models provide filter-based implementations of reverberators.

3.1.1 Room Impulse Response

In the case where the acoustic conditions are linear and time-invariant, for instance
when the sound source and microphone are static during recording, reverberation can
be modeled as a filter, characterized by its Room Impulse Response (RIR).

While non-linearities can exist in the context of wave propagation due to the ab-
sorption of the walls being nonlinear [83], this manuscript considers a linear behaviour
of acoustic processes. This assumption holds as disturbances caused by sound prop-
agation are of small amplitudes [84, Chap. 11|, and is often made in practice [85,
86].

The RIR uniquely characterizes the acoustic reverberation process between a
source and a microphone within a room. For the sake of clarity, we remove the depen-
dency of the RIR to source and microphone positions, and denote its discretization
hin]. Convolution by an RIR can be interpreted as an Auto-Regressive (AR) process,
and justifies AR modeling for dereverberation that will be explicited in Section 3.3.2.

Figure 3.1b illustrates an example of such an RIR. It can be decomposed into
three components: after an initial delay, corresponding to the time that the acoustic
wave takes to travel from the source to the microphone, a first impulse corresponds
to the direct-path response hy. It is followed by sparse echoes corresponding to early
echoes h., representing the first-order reflections of the sound against the walls. These
echoes then become more and more dense, as first reflections themselves encounter

again new walls and acoustic objects, to form late reverberation h;.

In this manuscript, we formulate reverberation as the sum of a direct path, early
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reflections and late reverberation, as:
h:hd+he+hl (3.1)

where hg, he and h; are the direct path, early echoes and late reverberation respec-
tively. It is often considered that the supports of hy, he and h; are disjoint and that the
transition from early to late reverberation corresponds to a shift from deterministic to
stochastic reverberation modeling. Criteria to define the validity domain of stochastic
models include echoes density [87], mean free path of the room [88], or higher order
statistics of the reverberation such as kurtosis [89]. This formulation also corresponds
to hybrid approaches for reverberation modeling which use two distinct models for
early and late reverberation [90, 91, 92|. In practice, for single-channel reverberation,
the initial delay of the RIR is often ignored for both tasks of reverberation model-
ing [93, 94, 95] and dereverberation [36, 96] as it only causes a temporal misalignment
which is unperceptible in subjective evaluation but causes a notable degradation of
most objective metrics.

Complementary to the time-domain representation, the RIR can be better ana-

lyzed using key characteristics, presented below.

3.1.2 Reverberation characteristics

Reverberation characteristics enable to derive meaningful acoustic properties from
reverberation, accounting for the specific structure of the RIR. In this section, we
present a few of them. Note that the mean-squared error between those characteristics

is also often used as a metric to evaluate the performance of reverberation models.

Energy ratios

A key descriptor of room acoustics is the Direct to Reverberant Ratio (DRR),
which quantifies the energy balance between the direct path and the reverberant tail.
As defined in |28, Sec. 2.4.2], the DRR of the RIR h is given by:

Na 27,
DRR(h) = 101log;, (%) dB, (3.2)

where Ny represents the end of the direct path, commonly fixed at approximately
2.5 ms after the initial RIR peak, corresponding to 40 samples at a sampling rate of
16 kHz [97].

The DRR depends on both the distance between source and microphone and the
reflective properties of the environment, and is widely used as a quantitative measure
for evaluating and modeling reverberant conditions. Other characteristics of the RIR

such as the clarity index can be expressed in a similar manner as the DRR, by changing
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Figure 3.2 — Energy Decay Curve and Energy Decay Relief of a measured Room
Impulse Response.

the value of N;. For instance, the clarity index considers N; corresponding to 50 ms
after the direct-path [1].

Energy decay

As seen in Figure 3.1b, measured RIRs exhibit a key property: their late rever-
beration is exponentially decreasing in amplitude. Introduced by Schroeder [98], the
Energy Decay Curve (EDC) captures the cumulative energy remaining in the RIR
beyond index n and is defined as:

+o0o
EDC(h)[n] = hlk]. (3.3)
k=n

Dividing the EDC by the total energy of the RIR and plotting it in the dB scale
enables to observe how the exponential decrease of the RIR energy over time becomes
more interpretable and linear. An example is provided in Figure 3.2a. The EDC
starts by a flat line at 0dB corresponding to the initial delay of the RIR, followed by

a linear energy decrease. Finally the noise floor appears as an almost flat line {99,

100).

A counterpart of the EDC for time-frequency distributions can be defined using
the Page distribution [57] and is coined Energy Decay Relief (EDR). For faster compu-
tation, Jot [101] proposes to estimate the EDR from the spectrogram time-frequency
representation as it is easier to manipulate despite some approximations [58, chap5|.
Another approximation of the EDR as a band-passed EDC can be formulated [102].
Figure 3.2 presents the EDC and EDR of the RIR presented in Figure 3.1b side by
side.
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Reverberation time

Another key characteristic can be considered: the Reverberation Time (RTg), is
defined as the time it the sound pressure level takes to decrease by a factor of 1000,
corresponding to an energy reduction of 60 dB. While first attempts by Sabine [103,
1] to compute the reverberation time were empirical, the relationship between RTg
and the absorption of the walls and room volume has been demonstrated in several
reverberation frameworks [104, 105].

The RTgg can be measured from the EDC, by computing the slope of the energy
decay region of the EDC using linear regression on the domain where the EDC de-
creases [100] or non-linear regression [106, 93] accounting for RIR measurement noise.
It has been shown that the reverberation time has an impact on speech intelligibil-
ity [107].

After detailing some general characteristics of reverberation, we briefly present

some reverberation models that will be used in our contributions.

3.1.3 Physical models of reverberation

Several reverberation models are based on physical features of rooms and consist
in solving the wave equation or simulating the propagation of sound rays. An overview
of such models can be found in [108].

As room acoustics results from solving the wave equation within enclosed spaces,
immediate approaches for reverberation modeling took the form of numerical solvers
for the wave equation. These techniques are coined Wawve-based reverberation models.
Examples include Finite Difference Time-Domain methods for discretizing time and
space [109, 110], Finite-Element methods for space and frequency discretization [111],
and Boundary-Element methods, which focus on discretized boundary conditions on
the room walls [112]. In wave-based methods that discretize space, the bandwidth of
simulated RIRs is bounded by mesh resolution. Geometry-based methods alleviate
this issue by modeling acoustic rays [1].

The Image Source Method (ISM) and its variants provide better results than wave-
based methods at higher frequencies. First introduced for rectangular rooms [113],
then extended for arbitrary polyhedra [114], it is based on the modeling of direct
sound rays from the microphone to virtual sources, illustrated in Figure 3.3. For
each wall reflection of a sound ray that leads to the microphone, a virtual source is
constructed by mirroring the actual source against the reflection wall. Virtual sources
are then recursively created by mirroring lower-order sources. Then, the contribution
of each source is delayed according to the length of the direct path from source to
microphone, and filtered to model the frequency-dependent absorption of each virtual
wall on its path. Finally, the contribution of all sources are summed to produce an

RIR. The ISM method has been also popularized thanks to a powerful implementation
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Figure 3.3 — Image source method on a rectangular room. The original room and
source are represented by plain lines, first-order virtual sources by dashed lines, and
second-order virtual sources (constructed by symmetry of a first-order virtual source)
by dotted lines.

named Pyroomacoustics [115], enabling the wide-spread usage of this method to

create reverberation datasets [116].

Considering the delay of each source’s contribution to be slightly varied (using a
Gaussian virtual impulse instead of a Dirac), allows this process to be modeled in a
differentiable manner [117, 118|. This model has been also extended by considering
sources randomly scattered across the room [119]|. Furthermore, stochastic variants

of the ISM are used in computationally-efficient implementations [116].

The accuracy of ISM methods is however limited by the number of virtual image
sources which corresponds to the order of reflections along the wave path. Ray-
tracing [120] allows for a higher number of reflections, limited only by computational
time. Extensions of this method consider the reflection to be diffuse, in a deterministic,
or stochastic manner. On one hand, deterministic diffuse reflections have been imple-
mented in the form of volumetric cones of reflection [121] in the so-called beam-tracing
method [122] or diffuse reflection patches in the radiance-transfer method [123]. On
the other hand, stochastic ray-tracing consists in randomly sampling reflected rays.
Stochastic ray-tracing allows to model diffuse reflections [124], or diffraction of objects

within a room which are necessary to render a perceptually realistic reverberation [90].

Some physical approaches to simulate reverberation combine several modeling
techniques, to balance each method’s strengths and defaults: either by compensating
the high-frequency inaccuracy of wave-based methods using ray-tracing [125, 126], or

combining image-source and ray-tracing [127] methods.

While wave-based, image-source and ray-tracing based methods for reverberation
modeling consider a deterministic source position, some statistical models consider
the source to be positioned at random and derive properties of late reverberation.

They are detailed hereunder.
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3.1.4 Statistical models

Stochastic reverberation models were first motivated by the study of ergodic prop-
erties of rooms [128, 88|, or a random distribution of scatterers [129]. Most of these
results have been recently unified by Badeau under the Statistical Wave Field The-
ory (SWFT). The SWFT assumes that the source position is located at random and
focuses on the modeling of late reverberation at relatively high frequency. Several ap-
proaches to the SWFT have been considered, first in the case of ergodic rooms [105],
then non-ergodic and highly symmetric rooms [130] allowing to draw a connection to
the ISM method [119].

Furthermore, the SWFT unifies and generalizes one of the broadly used rever-
beration models: Polack’s model [87]. This model states that the reverberant tail of
an RIR can be modeled as an exponentially decaying stochastic process, confirming
previous empirical observations [90]. Specifically, the late reverberation component h;

is defined at index n as:

hi[n] = bln]e /", (3.4)

where b[n] ~ N(0,0?) denotes a zero-mean white Gaussian noise process, and the

decay constant 7 is related to the reverberation time RTgp and the sampling frequency

fs by:
_ RTeofs

T~ 3In(10)°

(3.5)

This statistical model provides a way to simulate reverberant environments using only
a small set of physically meaningful acoustic parameters albeit not considering any
frequency-dependant reverberation parameter. Frequency-dependant reverberation
parameters can still be obtained in the discrete implementation of the SWFT [131].

Furthermore, combining stochastic models of late reverberation with deterministic
models of early echoes such as the ISM allows to model the full RIR [91].

3.1.5 Artificial models

Artificial reverberation models encompass a broad range of techniques designed to
synthesize reverberation, from traditional filter-based approaches to modern neural,
data-driven methods. They are regrouped under the same class as they are meant to
provide efficient and real-time compatible implementations of reverberators.

The stochastic position of the source for modeling late reverberation has inspired
models considering reverberation as a filtered random sequence. For instance, in the
context of the SWFT, the RIR can be represented as a filtered Poisson noise [131].
Other representations model RIRs as a recursively delayed and attenuated finite short
random impulse train [132, 133|. Studies of the distribution of the repeated random
sequence outlined the interest of velvet noise [134] which density can vary throughout
the response [82] in so-called Filtered Velvet Noise (FVN) reverberators.
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Figure 3.4 — Various acoustic system identification scenarios.

Using a filter to model reverberation is however not new. Schroeder introduced
in [135] the use of delay and gain (or comb) filters as a building block for reverberators.
He built the first model of reverberation by chaining interlaced comb filters in series
to make the first all-pass reverberant filter. Such reverberators have been further
expanded into Feedback Delay Networks (FDNs), where parallel comb filters are mixed
by a gain matrix. Furthermore, FDNs can be connected to stochastic models [136],
physical models under the digital waveguide mesh framework [137] or ray-tracing
techniques [138].

Finally, approaches considered deep-learning-based synthesizers of RIRs, where
the stochastic nature of reflections was the result of the generative nature of the RIR
sampler. They can be conditioned on high-level acoustic properties (RTgp, DRR)
[139], spatial information [139, 140, 141, 142| or an RIR from the same room [143].

In the next section, we will see that determining an acoustic model from a rever-

berant signal can be interpreted as a form of acoustic system identification.

3.2 Acoustic System identification

After detailing the tasks of analyzing and reconstructing an RIR using an artificial
filter model, we now shift our attention to acoustic system identification, which aims
to determine the characteristics of an acoustic system using a reverberant recording.
Several scenarios can be identified, and are detailed in the next sections. While the
RIR uniquely characterizes the reverberation process, determining geometric proper-
ties or filter parameters from a measured room impulse response remains a challenge.
In Section 3.2.1, we present the analysis-synthesis framework that can be considered to
determine acoustic properties, and that will also be leveraged in non-blind and blind
acoustic analysis. Then, in Section 3.2.2, we detail some adaptation of deconvolution
techniques to the specific case of acoustic system identification. As this setting re-
quires both the reverberant signal and the dry source, we coin it as non-blind acoustic
system identification. Finally, in Section 3.2.3, we focus on how acoustic systems can
be determined in a blind setting, that is when only a reverberant signal is provided as
input to the acoustic identification system. A diagram of the three acoustic system
identification scenarios is provided in Figure 3.4.

Note that we purposefully omit numerous methods for acoustic system identifi-
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cation using image or mesh information, as these multimodal approaches are out of
the scope of our contributions. We first focus on acoustic system identification, as
the task of source system identification, commonly coined as dereverberation, will be

presented in the next Section 3.3.

3.2.1 Analysis (and synthesis) of RIRs

We have seen in Section 3.1.1, that the RIR uniquely characterizes an acoustic
system. However, determining geometric properties from RIRs is a notoriously hard
task, especially in a mono-channel setting [144]. Hence, focus has shifted to the anal-
ysis and synthesis of a room within an RIR model. For instance, the ISM provides a
convenient framework to determine geometric properties of rectangular rooms, since it
requires only 18 parameters to be jointly estimated [145, 146, 147]. Some methods fo-
cus on estimating average parameters of ray-based methods, such as the total volume,
which can be computed using diffuse field acoustics [148], the mean absorption using
data-driven approaches [149], Other methods focus on room dimensions only [150].

Popular methods can be considered under the analysis-synthesis framework [101],
where RIR parameters are analyzed, and then used to resynthesize an RIR following
a given model. This approach is particularly popular to fit artificial reverberators to
match RIRs measured from existing rooms. For instance, FVNs filters have been opti-
mized using linear predictive coding [151], enabling interpretable reverberation short-
ening [152]. On the other hand, FDN optimization represents more of a challenge.
Their complex parameter space typically requires usage of non-convex optimization
techniques such as genetic algorithms [79, 153, 154]. The recently-introduced frame-
work of DDSP [155] is perfectly tailored for this task. It consists in leveraging a
differentiable implementation of a synthesis model, whose parameters are determined
by an analysis DNN. Differentiable FDN designs have been introduced, where the mix-
ing matrices are learnt [94], or both the mixing matrices and attenuation gains are
trained, in order to produce colorless artificial reverberation [156]. These designs also
enable to distinguish between position-dependent and position-independent parame-
ters, allowing to perform RIR interpolation [157|. Other notable examples of DDSP
for RIR matching include FVNs [94, 158|, wave-based methods [159], or ISM [117].

The procedure of synthesizing an RIR matching a given model has led to the
introduction of new RIR metrics such as the EDR [101],

3.2.2 Non-blind acoustic system identification

The RIR itself can be obtained from pairs of reverberant and dry signals. In fact,
estimating the RIR from a pair of reverberant and dry signals has become the new
standard [160], superseding previous methods based on impulsive excitations. Ac-

curate estimation of RIR now consists in deconvolving a measured swept-sine [161]
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or computing the cross-correlation of maximum-length sequences [162]. These tech-
niques however require specific dry signals to be used for measurement. Indeed, both
swept-sine and maximum-length sequences exhibit a flat frequency spectrum, thus
making deconvolution robust to measurement noise, as its condition number defined
in Eq. (2.30) remains low. However, when the source signal does not exhibit such a
property (for instance in case of speech), or the noise level is too high, regularization
techniques can be employed to obtain a more robust estimate. Popular regularization
criteria involve sparsity enforced using the nuclear [163], ¢1 [164, 165] or {2 [166] norms.
The Analysis-Synthesis framework detailed above in Section 3.2.1 can also be adapted
to RIR estimation, for instance by using variational expectation-maximization to esti-
mate physical model inspired by the SWFT [167], or DDSP-like techniques to identify
various audio effects [168]. A specific case can also be considered, when RIRs have
to be extrapolated to unseen source and microphone locations. Popular techniques
then involve regularizing deconvolution using the Wasserstein distance to an RIR mea-
sured from a neighboring location [169], RIR dimensionality reduction [170], or deep
learning [171]. Finally, when the measurement noise level doesn’t allow for precise es-
timation of the RIR tail, late reverberation can be generated from early echoes using
white noise [172]| or more recently differentiable FVNs [173, 174].

3.2.3 Blind Acoustic system identification

In the case when the source signal is not known, blind acoustic system identification
aims to fulfill two distinct objectives: first approaches aimed only at retrieving RIR
characteristics or geometric properties of the room in which a signal was recorded.
Retrieving the full RIR has only been tackled later, as it represented a harder task.

Among RIR characteristics, the RTgg has received a lot of attention, as it is directly
related to sound decay rate. First attempts aimed to compute the minimal decay
time across sliding windows of reverberant signals [175, 176]. A popular approach was
later designed by Prego [177], that focused on specific regions of the spectrogram to
accurately compute the RTgp. In this method, free-decay regions of the reverberant
spectrogram are first identified based on the fact that they exhibit a strictly-decreasing
energy. Then, for each decay region, the sub-band reverberation time is computed via
linear fitting of the energy decay curve in this region. Finally, a polynomial mapping
is used to match the median sub-band reverberation time to its corresponding time-
domain value. This approach has won the Acoustic Characterization of Environments
(ACE) challenge in 2015. Later methods for RTgp estimation mostly involved deep
learning, at the cost of interpretability [178, 179, 180, 181]. Another characteristic
that has received attention in the context of the ACE challenge is the DRR. The DRR
can be estimated from the ratio of dry signal energy to reverberant signal energy
(also coined as SRR), provided the source is spectrally white. This property has

been leveraged in data-driven masking methods for DRR estimation [182]. Similarly
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to the DRR, clarity can also be estimated from reverberant signal features in an
interpretable manner. Its high correlation to ASR performance has been leveraged in
a blind estimator [183]. This correlation has inspired a method to disentangle clarity
and speech content in reverberant signals [184].

Efforts have also been made to blindly estimate geometric characteristics of the
room in which a reverberant signal has been recorded. Notable examples include
estimation of the distance between source and microphone [185], or of the room vol-
ume [186]. As these estimators are mostly data-driven, it was shown that they re-
quire substantial data augmentation [187] to compensate for lack of realism [188].
Blind acoustic parameter estimation performance is also limited by the fact that some
acoustic parameters are better measured from an estimated RIR than directly from
the reverberant signal [189)], justifying the need for blind RIR estimation.

Only very recent work aimed to retrieve the full RIR, thanks to data-driven meth-
ods. Such methods fall in two categories: hybrid and purely data-driven. Similarly
to non-blind and analysis-and synthesis RIR estimation methods, hybrid blind RIR
estimation methods leverage an RIR model in an analysis-synthesis framework. They
consist in a classical reverberation model whose parameters are estimated from rever-
berant signals by a DNN encoder. Popular reverberation models that were trained
under the DDSP framework include FDNs [94] or FVNs [158, 94]. When the reverber-
ation effect is not differentiable, as for commercial reverberation effects, data-driven
methods can be used to blindly predict a reverberation plugin preset in a supervised
manner [190]. On the other hand, purely data-driven methods for blind RIR estima-
tion take the form of generative models. Several architectures have been proposed.
Modeling long sequences, which are convolved to form reverberant signals naturally
calls for architectures that are able to model an AR process, such as autoregres-
sive decoders [191] or a novel segmental generation procedure [192]. Other enable to
distinguish between position-specific and room-specific informations [193]. Some ap-
proaches ignore any RIR model [139]. It could be argued that even purely data-driven
approaches could be considered in the analysis-synthesis framework, as they compute

an RIR representation in a compressed latent space.

3.3 Dereverberation

The task of retrieving the dry source instead of the acoustic system from a rever-
berant signal is coined as dereverberation.

Assuming fixed source and microphone positions, the monaural reverberant obser-
vation y can be modeled as the convolution of the anechoic source signal s with the

RIR h, contaminated by additive noise €. The resulting signal is expressed as:

yln] = (s x h)[n] + e[n], (3.6)
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where * denotes the linear convolution operator and n is the discrete time index.
Similarly to the acoustic system identification task, dereverberation can be per-
formed in a non-blind or blind setting, depending on whether the RIR is known. Nev-
ertheless, unlike acoustic system identification models, some dereverberation methods
have been designed to use partial information about a reverberation model. Indeed,
some methods are based upon an AR model of reverberation, and also perform dere-
verberation in an autoregressive manner. We denote them as autoregressive dere-
verberators and detail them in Section 3.3.2. The AR model of reverberation can
be enhanced by considering its connection to reverberation characteristics such as
the RTgp, yielding a new class of acoustic-parameter-driven dereverberation meth-
ods presented in Section 3.3.3. Finally, most neural dereverberators use almost no
knowledge of any reverberation model whatsoever. In Section 3.3.4, we coin them
as reverberation-agnostic models and we try to exhibit assumptions they make about
very implicit reverberation models. We conclude by presenting some metrics for speech

dereverberation in Section 3.3.5.

3.3.1 Non-blind dereverberation

As acoustic system identification, deconvolution can be performed in a non-blind
setting, assuming knowledge of the full RIR. As with acoustic system identification,
deconvolving a reverberant speech by an RIR presents some difficulties. Apart from
degradations caused by noisy measurements [194], deconvolution by an RIR presents
the challenge that if the source which is aimed to be deconvolved moves slightly, the
RIR will change drastically [30]. RIRs are also not minimum-phase, so usual inversion
of a filter-based model of RIR would not be stable [195, 196]. Popular methods split
the RIR into a minimum-phase and an all-pass component to alleviate these prob-
lems. For instance, minimum-phase filtering has been combined with neural derever-
berators to perform correction of the remaining all-pass filtered signal obtained after
minimum-phase filtering [197]. Another application of data-driven methods for non-
blind deconvolution consists in plug-and-play algorithms presented in 2.3.2, combined
with neural speech priors. These neural speech priors can be diffusion-based [198], or

discriminative neural denoisers [77].

3.3.2 Autoregressive dereverberation

A second family of joint source and reverberation models leverage the AR nature of
the reverberation and dereverberation process. Early dereverberation models tailored
for speech signals considered both speech and reverberation to be AR. Indeed, speech
can be modeled according to the source-filter model which inspired linear predictive
coding techniques that are robust to reverberation [34]. Contrary to these approaches,

the Weighted Prediction Error (WPE) [33] method doesn’t assume such autoregressive
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nature of speech and instead leverages a complex circular time-varying Gaussian prior
for the speech spectrogram. In this model, the reverberant spectrogram is assumed
to be constructed by delaying and scaling the dry signal, which characterizes an AR
process. The WPE method focuses on estimating the inverse filter of the reverber-
ation process. It formulates the dereverberation problem as a Maximum Likelihood
(ML) objective, where the likelihood to observe reverberant speech with respect to
the reverberation inverse filter has to be maximized. Unlike previous approaches,
the ML objective is weighted by the dry speech variance. The resulting optimization
problem is solved by iteratively estimating the reverberation inverse filter, the dry
speech signal, and the dry speech variance. The initial dry speech power spectral
density, which is required to start the iterative process, was originally approximated
as the reverberant speech power spectrum. Hence, neural improvements of the WPE
method first aimed to estimate the dry speech power spectral density [199], allowing
to make this estimation more accurate for real-time enhancement [200|, and in the
presence of noise [201]. These methods allow to perform less iterations of the WPE
methods, at no cost on performance. While these neural improvements required to
be trained using pairs of reverberant and dry data, an estimator of the dry speech
power spectral density for WPE could equivalently be trained by backpropagating
through the classical WPE iteration, alleviating the need for dry data [202]. Later
neural improvements of the WPE method enhanced its results at each iteration under
the Plug-And-Play framework. The iterative nature of the WPE algorithm inspired
an approach based on deep unfolding [203|. Deep Unfolding models are constructed
by replacing iterations of a classical algorithm by DNN layers, in order to combine
the performance of data-driven approaches with the interpretability of iterative mod-
els [204]. On the other hand, the Plug-and-Play framework offers another interpretable
way to combine WPE with learnt priors, focussing only on speech priors [205]. While
the plug-and-play method refined the dry speech estimate only, denoising diffusion
restoration models can be leveraged to refine the inverse reverberation filter used in
WPE, and are trained using dry data only [206]. Meanwhile, the performance of WPE
can be increased by creating virtual channels computed from the recorded signal using
a DNN [207]. Other improvements of the WPE algorithm enhanced the AR model.
They allow for instance to use a dictionary of inverse filters [208] to allow for a more
robust dereverberation, or to model the reverberation process in the cross-band model
instead of the sub-band approximation (detailed in Section 2.2.1) [209].

While WPE focused on estimating the inverse of the reverberation filter in a pro-
cess coined as backward linear prediction, recent approaches such as forward convolu-
tive prediction extend this paradigm by modeling reverberation as a forward convolu-
tional process. In the STFT domain, this corresponds to modeling the reverberation
as sub-band filtering, and explicitly computing the filter. First approaches used this

filtering model in conjunction with classical signal processing methods, such as the
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non-negative matrix factorization of speech’s time-frequency representation [210]. An-
other advantage of the forward convolutive prediction is that it enables more accurate
and trainable representations aligned with neural architectures. Hence, the forward
convolutive prediction has been used in discriminative neural dereverberation trained
under the supervision of pairs of dry and wet signals [211] and an unsupervised manner
using wet signals only in USDNet [212]. USDNet however shows subpar performance
when used in a single-channel setting. The need for supervision using wet signals has
been alleviated by leveraging deep generative models of dry signals. Common ap-
proaches for dereverberation then combine a pre-trained neural source prior with an
AR reverberation model at inference. These priors can take the form of Variational
AutoEncodeurs (VAEs) [213] or diffusion models [81]. For VAEs, several methods
to sample the dry speech according to a reverberation observation model are based
on the sub-band decomposition. They use expectation maximization algorithms to
iteratively estimate the clean spectrogram and acoustic parameters. The optimiza-
tion can be done in the latent space of the VAE using Monte-Carlo Markov-Chain
sampling [214], or in the signal space [215].

3.3.3 Acoustic-parameter-driven dereverberation

Autoregressive RIR models used for dereverberation can be vastly improved by
introducing some RIR parameters. By leveraging reverberation parameters (blindly
estimated using techniques mentioned in Section 3.2.3), dereverberation models have
been improved.

The most commonly used reverberation parameter for dereverberation is the re-
verberation time RTg, as it is particularly meaningful to define the exponential decay
of the RIR predicted by Polack’s model (defined in Section 3.1.4), and has a strong
connection to speech intelligibility [107]. One one hand, several dereverberation meth-
ods explicitly define the convolutive model of reverberation using the RTgg. Given
the RTgp, the variance of the late reverberant spectrum can be computed and reused
in spectral subtraction methods for dereverberation [216]. This method has been
further enhanced by also leveraging the DRR parameter and considering both pa-
rameters to be frequency-dependent [217]|. Generative speech models have also been
combined with autoregressive reverberation models defined using the RTgy. They
were first based on a Student-T distribution of speech [218], then on diffusion-based
pre-trained neural priors for dereverberation [219, 220]. On the other hand, some neu-
ral dereverberators considered the RTgg without making the autoregressive model of
reverberation explicit. They are mostly based on the fact that the RTgp characterizes
the length of the RIR, and thereby the length of the filter that would represent dere-
verberation. In the case of DNN, which are non-linear and often not time-invariant,
this concept translates to the notion of receptive field, defined as the region of the

input space that influences a single unit in the latent space. The receptive field of
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a dereverberation neural network can be adjusted using the RTgp, by steering the
feature extractor at inference [221], or an internal attention layer at training [222].
A less interpretable manner to use the RTgy at inference, is to directly connect the
latent space of a neural RTg estimator to a data-driven dereverberation model [223].
Another advantage of leveraging reverberation parameters at training is that they can
be modified at inference, enabling user-controllable dereverberation. For instance, the
balance between dereverberation-induced distortion and incomplete removal of rever-
beration can be steered by adjusting the DRR induced by a reverberation model [224].
This is especially useful in the context of acoustic matching [225|, or even modifica-

tions of attributes such as clarity [184].

3.3.4 Reverberation-agnostic dereverberation

The last category of dereverberation uses almost no knowledge of a reverberation
model whatsoever, and regroups most neural dereverberators. On one hand, gener-
ative models for speech only aim to model the dry speech distribution and thereby
cannot make any assumption on a reverberation model. For instance, in the context of
diffusion generative models, the noisy signal [226] or the output of a pre-trained neu-
ral dereverberation model [227, 228] can be used to start a reverse diffusion process,
without taking into account any reverberation model to steer the reverse diffusion. On
the other hand, deterministic approaches for data-driven dereverberation are meant
to directly represent a mapping from a reverberant to a dry signal. In this case, the
choice of the architecture for such DNNs is crucial as it implicitly sets assumptions
on reverberant and dry signals. Two factors can be decisive: the DNN architecture
and its ability to process phase.

Among the first neural dereverberation architectures, convolutional neural net-
works represented a popular choice, whether they were used in time-domain [229] or
frequency domain [230]. As convolutional layers are translation-invariant, they can be
interpreted as a form of non-linear filtering. This remains true in the STFT domain,
where a connection to the cross-band filtering model detailed in Section 2.2.1 can be
drawn by considering a time- and frequency-invariant filter. Moreover, it was shown
that convolutional neural networks are able to implicitly model properties of reverber-
ation. For instance, analysis of the receptive field of convolutional networks working
in time-domain showed that it should be increased with respect to the RTg for op-
timal speech dereverberation [231]. This motivated the design of deformable [232]
or multi-resolution [233| architectures to improve robustness to implicit variations in
reverberation characteristics. Another popular choice consists in recurrent neural net-
works such as Long Short Term Memory (LSTM)s, that were primarily considered due
to their ability to model temporal dynamics of speech [234]. A more powerful model
was later proposed under the name FullSubNet (FSN), that consisted in processing
both the sub-bands and the cross-bands of a reverberant STFT recursively [235]. This
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principle was then reproduced in TF-Gridnet [36], where intra-band (temporal) and
intra-frame (frequency) LSTM processing was followed by a full-band self-attention
module. An improvement of TF-Gridnet, named TF-Locoformer (TFL), proposed to
leverage attention heads located in both the temporal and frequency modules [236].
This latter architecture showed state-of-the art performance in reverberant speech
enhancement, but can hardly be interpreted with respect to a room acoustics model.
Such an implicit modeling of reverberation has also been used for data-driven acoustic
matching 25, 237, 238| or dereverberation in the latent space of deep learning-based
architectures [239].

As most neural dereverberators operate in the complex STFT domain but their
weights are real-valued, obvious choices for phase modeling are often not interpreta-
ble [55]. Current approaches for phase processing can be divided into phase-sensitive,
complex masking, and phase agnostic techniques. Phase-agnostic methods only pro-
cess the STFT magnitude. Their loss function can either be phase-agnostic as well,
when it only considers the STFT magnitudes [230], or phase-aware when in order
to take into account the interaction between phase error and magnitudes [240]. The
potential improvement that could be obtained by jointly estimating clean magnitude
and phase, motivated the use of complex ratio masking, when the mapping between
reverberant and dry signals is computed as a complex mask [241]. This approach
was implemented for dereverberation in FSN [235], that estimated the complex mask
only from the reverberant STFT magnitudes. A similar approach can be found in
two-stage processing methods which first enhanced STFT magnitudes, then phase,
using classical methods based on STFT consistency [54] or data-driven methods [242,
243|. Finally, phase-sensitive models operate using real-valued projections of the com-
plex STFT on both input and output. A popular choice is to consider real part and the
imaginary part as two channels, and has been implemented in state-of-the-art derever-

beration models that perform end-to-end phase processing, such as TF-GridNet [36].

3.3.5 Dereverberation metrics

Finally, performance of speech dereverberation methods has been evaluated us-
ing the Scale-Invariant Source-to-Distortion Ratio (SI-SDR) [244, 245], Short-Term
Objective intelligibility (STOI), Wide-Band Perceptual Evaluation of Speech Quality
(WB-PESQ), or Speech-to-Reverberant Modulation Ratio (SRMR) metrics. All met-
rics except the SRMR are intrusive, meaning that they require the ground-truth (or
clean) signal to be computed.

The SI-SDR is a signal enhancement metric based on the time-domain difference
between the clean and processed signals. First introduced for the source separation
task [244], it can be adapted to dereverberation by considering its single source vari-
ant. In the single source-variant, the estimated source § is decomposed as the sum of

the ground-truth source s, a distortion or artifact term e,, and a remaining noise/re-
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verberation term &,, as:
§=s+¢eq+en (3.7)

Several metrics are then introduced: the Source-to-Distortion Ratio (SDR) is defined

as:

SDR 2 ﬂ (3.8)
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The Signal-to-Noise Ratio (SNR) is defined as:
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Note that on unprocessed signals, the distortion term disappears and SDR is equal to
the SNR. The SDR metric can be improved, by scaling the estimate § such that the
residual § — s is orthogonal to s. The SI-SDR is then defined as
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The optimal scaling factor is then o = $'s  The SI-SDR is expressed in dB.
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The STOI [246] is a perceptual metric designed to compare two speech sequences
in terms of intelligibility. Computing the STOI involves applying identical processing
steps to both the target and the estimated speech signals. First, silent regions of
the target signal are identified and removed from both signals to ensure a consistent
comparison. Next, each signal is decomposed into one-third octave bands, and the
resulting band-limited representations are segmented into frames of 384 ms duration.
After applying an appropriate scaling to the processed (noisy or dereverberated) sig-
nal, the short-term correlations between the temporal envelopes of the two signals
are computed within each 384 ms window. Finally, these correlation coefficients are
averaged across all time windows and frequency bands to yield the overall STOI score.
The STOI metric has been extended [247], by improving the normalization procedure.
The STOI takes values between 0 and 1, whereas the Extended Short-Term Objec-
tive intelligibility (ESTOI) is valued between 0 and 4. Higher scores indicate better

performance.

The PESQ [248] is a widely used objective metric for assessing the quality of speech
signals, particularly in telecommunications. It compares the perceptual quality of the
processed speech signal against a reference signal. It is computed by measuring the
distance between auditory transforms of both clean and processed speech. While its
relevance and alignment to subjective tests are more and more debated [249], PESQ is
still widely used to detect processing artifacts. Originally designed for speech signals
measured at 8 kHz, it has been extended for speech sampled at higher frequencies [250)].
It is valued between -0.5 and 4.5.
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Finally, SRMR [251] is a metric designed to measure the specific degradation
caused by reverberation on speech. It is built upon the observation that reverberant
speech tends to exhibit more Gaussian white-noise like properties and hence its high-
frequency temporal envelope should vary at a higher rate than dry speech. Hence,
the SRMR is computed as the ratio between low-frequency and high-frequency speech
modulation. As this metric is un-intrusive and requires no clean speech reference, it
can be used as an unsupervised target to train data-driven dereverberation models.
MetricGAN-U [252] uses a discriminator neural network designed to mimic the SRMR
metric in order to train a dereverberation model. While the dereverberation model
trained in this setting seems to excel when it is evaluated using the SRMR metric, it

shows subpar dereverberation performance when evaluated using other metrics.

3.4 Conclusion

In this chapter, we reviewed existing literature by drawing connections between
reverberation modeling, acoustic system analysis, and dereverberation. Several acous-
tics models have been detailed, such as the ISM used for fast and interpretable phys-
ical reverberation modeling and dataset creation, the SWFT and Polack’s model as
statistical reverberation models for efficient and physically-consistent reverberation
modeling, and artificial methods for practical filter-based implementation of reverber-
ators. These artificial models enabled us to draw a connection to acoustic system
identification in the widely-used analysis-synthesis framework that has been adapted
to various scenarios, such as non-blind and blind acoustic system identification. Fi-
nally, we introduced a typology of dereverberation methods, outlining the various
ways they leverage reverberation models.

This analysis also provides an insight about how our contributions can benefit
to both tasks of acoustic analysis and reverberation. On one hand, while reverber-
ation models have been used for dereverberation, to the best of our knowledge, no
dereverberation model has been used to estimate the RIR in a blind acoustic system
identification setting. Moreover, only very weak assumptions about the reverberation
process can be derived from neural dereverberators. In the general case, such assump-
tions highly depend on the DNN architecture, and adaptations to derive individual
acoustic characteristics such as the RTgg currently require additional DNN parame-
ters. In Chapter 4, we propose two contributions on these statements. We show that
DNNs designed to only dereverberate speech are also able to implicitly model rever-
beration without increasing the number of parameters, and we explicitly synthesize
an RIR from a neural dereverberator.

On the other hand, we remark that very few data-driven dereverberation systems
are trained using only reverberant data [212, 252], and only exhibit subpar perfor-

mance compared to classical algorithms such as the WPE method. In Chapter 5, we
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build upon the analysis-synthesis technique for acoustic system identification to de-
velop a framework for joint acoustic parameter estimation and dereverberation. Our
model is especially suited for low-data regimes, when only reverberant signals are
used for training. More precisely, our most data-efficient variant requires only 100
reverberation-parameter-labelled reverberant samples at training to outperform an

unsupervised baseline.
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Dereverberation for acoustic

system identification

Chapter abstract

In this Chapter, we investigate the use of neural dereverberators for predicting
RIRs, a task linked to acoustical system identification. The goal is to determine
if a data-driven dereverberator can learn the physical properties of a room by
analyzing the impulse response induced by the dereverberation process. This ap-
proach serves as a proxy for evaluating how well DNNs align with room acoustics.
Then, a novel physical coherence loss is introduced to train neural dereverberators
in a way that preserves acoustic meaning. While optimizing this loss alone can
degrade dereverberation performance, a regularization strategy is proposed, en-
abling data-driven methods to jointly perform both dereverberation and acoustic

system identification without compromising performance.

4.1 Introduction

In this chapter, the ability of neural dereverberators to perform RIR prediction
is evaluated. This task is closely related to system identification since a dereverber-
ation model can be considered as a black-box system that has to be identified. A
key difference is that, in order to perform dereverberation, a DNN supposedly learns
some representation of the physical properties in which its reverberant input has been
recorded. Hence, these physical properties could be retrieved by computing properties
of the RIR induced by the dry signal estimated from a performing dereverberation.
This task therefore serves as a proxy to determine to what extent neural dereverber-
ators are compatible with room acoustics.

A summary of the task is presented in Figure 4.1. From the dereverberated out-

put § obtained by a dereverberation model from a reverberant signal y, a system
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Figure 4.1 — Overview of the system identification by deconvolution task.

identification method Z is used to compute an Room Impulse Response h.

In this chapter, we first review and evaluate deconvolution methods that can be
leveraged to solve the acoustic system identification task in this novel setting. Then, a
novel physical coherence loss is introduced, in order for a data-driven dereverberator
to be trained using acoustic constraints. The results of this chapter are presented
incrementally and structured as follows: in section 4.2, existing deconvolution ap-
proaches are evaluated on the task of RIR prediction from a dereverberation model.
In section 4.3, a regularized deconvolution method is proposed in order to correct
some of the defaults of existing dereverberation approaches in a physically meaningful
manner. In Section 4.4, the ability of neural dereverberators to be trained to yield
a sound source for the task of acoustic system identification is evaluated. Finally, a
procedure to train a neural dereverberator to jointly perform both tasks of derever-
beration and acoustic system identification is proposed in Section 4.5. This work has

been published in

[50] Louis Bahrman, Mathieu Fontaine, Jonathan Le Roux, and Gaél Richard.
« Speech Dereverberation Constrained on Room Impulse Response Character-
istics ». In: Interspeech 2024. ISCA, Sept. 2024, pp. 622—626

4.2 Evaluation of acoustic system identification methods

on a dereverberation model

4.2.1 Introduction

In this Section, we aim to leverage existing convolutive models for room impulse
response estimation from a deep-learning model.
Given a reverberant signal y and a dereverberation model D, the problem of room

impulse response estimation from a dereverberation model can be formulated as:

~

h= arg}rlninﬁ (C(D(y),h),y) (4.1)
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Figure 4.2 — Overview of the convolutive model and sources of noise.

Where C describes the convolutive model that is inverted, and L represents a loss
function measuring the distance between the estimated and ground-truth reverberant
signals. As described in Section 2.3.1, convolutive models include time-domain and
STFT domain deconvolution, in which case the distance d can be a distance between
the magnitudes or log-magnitude spectrograms of estimated and ground-truth rever-
berant signals. While some convex losses offer better robustness to outliers in the
reverberant signal, such as the Huber [253] loss, we focus here on the MSE estimator,
because its optimization yields a closed-form solution for most convolutive models C,
and does not require any parameter tuning.

The subtlety of this task is that the estimated dereverberated signal is not ex-
act, and deconvolution methods should be evaluated on their robustness to erroneous
measurements y and kernels D(y). While the robustness of deconvolution methods
has been studied from a theoretical point of view, using simple noise models, this is
the first time that the robustness of deconvolution methods is evaluated on artifacts

induced by neural dereverberators.

4.2.2 Method

In order to represent both deconvolution errors and additive measurement noise,
we consider the model illustrated in Figure 4.2. It can be described as follows: a
reverberant signal y is the convolution of a dry source s and an RIR h. However, the
measured source § and the measured signal g are respectively perturbed by additive
noise €5 and measurement noise €,. In the case presented above in Eq. (4.1), the

perturbation on the source e originates from dereverberation artifacts:
es=D(y) —s. (4.2)

Several deconvolution methods are evaluated on their performance:
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— Fourier deconvolution described in Eq. (2.36). The regularization parameter A
is only meant to avoid division by zero errors and hence set to 1 x 1078.

— Wiener deconvolution described in Eq. (2.37). In this case the regularization

parameter is set to the supposedly known SDR.

— Sub-band deconvolution described in Eq.(2.31), with a number of cross-bands

F’ set to 0 to match the sub-band convolution assumption defined in Eq. (2.11).

— Cross-band deconvolution described in Eq. (2.31). We consider a single cross-

band F' = 1.

The time-frequency domain system identification method proposed in [62] can
be used to compute the cross-band convolution kernel associated with the RIR, but
requires an additional processing step in order to go back to the STFT domain.

We prove that the STFT H of the impulse response h can be computed from the
convolutive cross-band filter Hy ¢ ¢ defined in (2.13):

Hjpy = Z(—1)f/7{f,f,,t (4.3)

where the multiplication by (—1)f " stems from the centering of the first STFT window.
The full proof can be found in Annex A.1.

The deconvolution performance is tested on several metrics, using several noise
sources and deconvolution models to evaluate their performance on the task of RIR

estimation from a neural dereverberator.

4.2.3 Experimental setting

The experimental setting includes a dataset, a neural dereverberator, and several

sources of artifacts.

Noise sources

Several noise sources are used to synthesize €, and €,:

— Dereverberation artifacts by the pre-trained DNN computed using Eq. (4.2)

— A white noise sampled at various SNRs. Its variance is 02 = gs%% Both the
noiseless case (SNR = +o00 dB) and a noisy case (SNR = 20 dB) are considered.
Additionally, a measured dry source is synthesized by adding white noise to
the ground-truth source s at a SNR corresponding to the measured SNR of the
dry source estimated by the DNN: SNR(D(y), s). This enables us to compare
the degradation on the dry source caused by dereverberation artifacts, with
the degradation caused by white noise, and how it influences deconvolution

performance.
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Dataset

Similarly to [36], we simulated a training dataset by dynamically convolving dry
speech signals with simulated RIRs. The dry speech signals are randomly sampled
from the close-talking microphone recordings in the WSJ0 dataset [254]. The training
set is composed of a total of 61 hours of recordings split into 31,350 audio excerpts. The
simulated RIR dataset consists of 32,000 RIRs simulated using the pyroomacoustics
library [115] with 2000 rooms whose dimensions and RTgo are uniformly sampled in
the respective ranges of [5,10] x [5,10] x [2.5,4] m?3, and [0.2,1.0] s. In each room, a
source is randomly positioned and 16 microphones are sampled such that the source-
microphone distance D is uniformly distributed in [0.75,2.5] m and both source and
microphone are at least 50 cm from the walls. In order to align the dry signal target
and the direct-path, the samples before the direct path are discarded and the RIR is
normalised so that its direct-path impulse is of amplitude 1. This does not change
the RIR distribution and compensates for the delay induced by the direct-path, both

on the STFT H and on measured acoustic properties.

Neural dereverberator

We consider the bidirectional variant of the FSN model [235], as a baseline dere-
verberation model. The ability of FSN to process spectrograms both in the full-band
and sub-band directions in a recursive manner is required to estimate a cross-band
convolutive model. This variant has also been successfully used to solve the physi-
cally meaningful task of reverberation-time shortening [255]. As in the original FSN,
49151 sample excerpts (around 3 s at 16 kHz) reverberant audios are processed in the
STFT domain using a 512-sample Hann window with an overlap of 50 %. While the
dereverberation model is trained using signals of length 3 s, we evaluate deconvolution
on 10s signals. In this case, the measured signal y is of length 11s The network is
trained for 330000 steps using the Adam optimizer with an initial learning rate of

1 x 10~* and a One-cycle learning rate scheduler with a maximum at 1 x 1073,

4.2.4 Results

The system identification performance is evaluated using RIR characteristics de-
fined in Section 3.1.2. Three metrics are considered, and defined from the DRR,
EDR and EDC characteristics of the RIR, as the MAE between these characteristics
measured on the ground-truth and estimated RIRs. The deconvolution methods are

evaluated on 1000 pairs of dry speech signals and RIRs.
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Figure 4.3 — Comparison of deconvolution methods in the noiseless case. Lower bars
indicate better performance. Black lines represent 95 % confidence intervals.
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Figure 4.4 — Comparison of the deconvolution methods when a 20 dB SNR is applied to
the reverberant signal. Lower bars indicate better performance. Black lines represent
95 % confidence intervals.

Comparison of deconvolution techniques

Noiseless case Figure 4.3 presents the performance of the proposed deconvolution
techniques in the noiseless case, i.e., when £, = ¢, = 0. In such cases, the Wiener
deconvolution is equivalent to the Fourier deconvolution. We observe that for all met-
rics, Fourier and Wiener deconvolution yield an almost perfect performance, whereas
sub-band and cross-band models exhibit errors. This is due to the inaccuracy of such
models, which are approximation of the inter-band and inter-frame convolution pre-
sented in section 2.2.1. Unsurprisingly, the more cross-band are considered, the better

the deconvolution performance.

Noise on the measured reverberant signal Figure 4.4 presents the results of
the deconvolution methods with an additive white noise at 20 dB SNR. As expected,
all methods exhibit a substantial degradation in performance compared to the noise-
less case. However, their robustness to additive noise varies notably. Indeed, the
cross-band deconvolution method, which previously achieved the better results than
the sub-band method in the absence of noise, now performs the worst. Similarly,
the Fourier and Wiener deconvolution methods are no longer equivalent, since the

Wiener formulation explicitly accounts for the noise power spectrum, whereas the
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Figure 4.5 — Comparison of the deconvolution methods when a 20dB SNR is applied
to the dry signal. Lower bars indicate better performance. Black lines represent 95 %
confidence intervals.

Fourier method does not. A Wilcoxon paired signed-rank test (p <1 x 10~%) con-
firms significant performance differences on each metric independently. The Fourier
deconvolution method performs significantly better than the cross-band approach on
all metrics. The Wiener and sub-band deconvolution method further outperform both
Fourier and cross-band techniques. Specifically, the Wiener method yields RIRs which
are more accurate in terms of DRR, while the sub-band method performs significantly
better on both EDC and EDR metrics. Overall, the sub-band deconvolution remains
the preferred approach in noisy conditions, as it achieves competitive performance

without requiring an explicit estimate of the noise variance.

Noise on the estimated source Figure 4.5 presents the results when a 20dB SNR
noise is applied on the dry source signal. Compared to the situation when the same
noise distribution is applied to the dry source signal, all deconvolution methods are
performing better on all metrics except for the EDR MAE metric. This demonstrates
that the task of acoustic signal estimation by deconvolution might be easier to solve

in the case where the noise is on the kernel rather than on the measurement.

As with the noisy measurement, both the Wiener and sub-band deconvolution
methods are performing better than the Fourier and cross-band methods on all met-
rics, with the sub-band method significantly (p <1 x 10~%) outperforming the Wiener
deconvolution technique on all metrics except the DRR MAE. Surprisingly, Wiener
deconvolution still performs better than Fourier deconvolution, albeit not being suited
for this noise setting. This could be explained by the fact that adding white noise to
the dry signal virtually increases the condition number of the deconvolution described
in Section (2.30).

In the remaining of this section, we will consider the sub-band deconvolution
variant as a baseline, because it is the least sensitive to noise and does not require a

SNR estimation which would not be available at inference.
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Figure 4.6 — Influence on the nature of noise on the estimated source. Lower bars
indicate better performance.

Comparison between the noise models

This experiment evaluates if deconvolution artifacts can be modeled as white noise
for the task of RIR estimation by deconvolution. We compare the performance of the
proposed dereverberation estimator when the noise on the source € is synthesized
using either dereverberation artifacts as in Eq. (4.2), or a white noise with the same
SNR. We consider the sub-band deconvolution method, as it offers the best perfor-
mance estimation and did not rely on an estimation of the SNR that would not be
available at inference.

Figure 4.6 shows the performance of the sub-band deconvolution method for RIR
estimation with various distributions of noise. We observe that the distribution of the
results greatly varies with respect to the degradation method. A statistical Wilcoxon
paired test confirms that the differences are significant with p-value <1 x 10~%. Hence,
we can state that for the problem of RIR estimation by deconvolution, it is false to
assume that DNNs yield artifacts which can be modeled as stationary white noise for
deconvolution. This could be explained by the behaviour of neural dereverberators
not being consistent with room acoustics in several ways:

— They approximate a linear mapping (the inversion of an RIR which is a linear

operation), by a nonlinear one.

— They create artifacts which are time-sensitive, unlike the reverberation process

which is assumed to be time-invariant.
A more thorough evaluation of several DNN architectures for the task of physical

properties estimation will be provided in Section 4.4.

An example of deconvolution artifacts

An example of an estimated RIR obtained by deconvolving the reverberant input
of a neural dereverberator by its dereverberated output, is provided in Figure 4.7.
Two methods are shown alongside the exact RIR: deconvolution in the Fourier do-
main and in the STFT domain under the sub-band approximation. We observe that,

unlike physically consistent RIRs which have an exponentially decreasing tail (as seen
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Figure 4.7 — Example of the RIR obtained by deconvolving a reverberant speech by a
dereverberated speech (Equivalent SNR=4.00dB).
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in Section 3.1.2), our estimated RIRs exhibit a very noisy tail. The noise seems to be
more present when the RIR has been estimated in the Fourier domain than by decon-
volution in each STFT sub-band. In the next section, we introduce a deconvolution

regularization in order to mitigate this effect.

4.2.5 Conclusion

In this section, the task of acoustic system identification using the output signal of
a dereverberation model has been introduced. Existing deconvolution methods have
been compared on this novel task and several observations have been made: first, the
performance of deconvolution methods seems to be less affected by presence of esti-
mation errors on the dry signal than additive noise on the measured signal. However,
as these estimation errors consist of artifacts caused by a neural dereverberator, they
cannot be simply modeled as white noise. Furthermore, while the sub-band approx-
imation seem to yield the best performance among existing deconvolution methods,
it is still unable to produce a realistic RIR which tail is supposed to be exponentially
decreasing. This calls for domain-specific knowledge to enhance the deconvolution
process. In the next section, we will introduce a novel regularization method to im-

prove the physical consistency of deconvolved RIRs.

4.3 RIR characteristics regularization for acoustic system

identification

In this section, a novel regularization function is introduced, that encourages a
deconvolution method to produce physically-consistent RIRs even in the presence of
noise. A proximal gradient descent algorithm is derived and evaluated on the task of

RIR estimation from a neural dereverberator.

4.3.1 Method

As presented in Section 3.1.1, a key characteristic of RIRs is their decreasing
amplitude. However, previous experiments related in Section 4.2 showed that such
a property is lost during deconvolution by a dereverberated source. In this Chapter,
we present a regularization function that encourages the RIR to have an amplitude
below a predefined threshold.

More precisely, given a reverberant signal y and a (possibly erroneous) dry estimate

s of the source, we propose to formulate the non-blind RIR estimation problem as:
argmin [|h x5 — y||3 + Ag(h), (4.4)
h

where g(h) is our proposed regularization function, and A € Ry is the regularization
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constant. Given Polack’s reverberation parameters o and 7 defined in Eq. (3.4),
and ng the time index of the start of late reverberation, the proposed energy decay

regularization function g can be defined as a function of the RIR h:

g(h) = Z max (O, hln)? — 026_2”/7) . (4.5)

n>ng

It encourages the squared amplitudes of the RIR to be below an exponentially de-
creasing threshold parametrized by its decay rate and initial amplitude. Compared
to other regularization techniques found in the literature [165], our proposed regular-
ization does not enforce sparsity and allows for some peaks in the RIR to be present,

provided their amplitude is below the exponentially decreasing threshold.

The decay term g, is convex in h, as the sum and composition of convex functions.
As g is not differentiable everywhere, a proximal gradient descent algorithm [64] can
be used in order to solve Eq. (4.4). The proximal operator of Ag is defined from
Eq (2.33) as:

1
prox,,(z) £ argmin Ag(h) + B Ih — |3 (4.6)
h

This proximal operator is separable, so it can be computed element-wise as:

1
prox,,(r)[n] = argmin - (h[n] — 2)? + Amax <0, h[n]? — 026_2”/T> (4.7)
hln]
x if |z] < o2e= 2T
= mr1 if ‘2,\911" > g2em2T (4.8)
sign(x)oe™™T  otherwise

Details of the computation of the prox are given in Annex A.2.

On the other hand, the gradient of the deconvolution loss Lg £ ||h* s — y|| is:
Ve, (h) =2s® (y— s~ h), (4.9)

where ® denotes the cross-correlation operator defined in Section 2.2.2.

A line search method is applied in order to compute the optimal gradient step 7

as:

n =argmin Ly (h —nV,(h)) (4.10)
n=>0
T
- “—62 (4.11)
lally

where b = sxh —y and a = 2sx (s ® b). Note though, that this line-search method is
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not guaranteed to yield the optimal gradient step for the proximal gradient descent. A
method to compute the optimal line-search for proximal gradient descent in an efficient
manner was recently proposed [256], and could represent an interesting alternative for
our problem.

Our proposed method requires the reverberation parameters ¢ and 7 to be esti-
mated, which can be done either from the RIR using the method described in Sec-
tion 3.2.1 or in a blind setting using methods described in Section 3.2.3. The problem
of jointly estimating reverberation parameters and the RIR h is however ill-posed.
The complete algorithm to estimate a physically plausible RIR from a reverberant

and dry signal is detailed in Algorithm 1.

Algorithm 1 Proximal gradient descent for RIR estimation

Require:

s dry (or dereverberated) signal

y reverberant signal

I number of iterations

A regularization parameter

o, T exponential decay parameters
Ensure: h estimated RIR

initialize h(©)

for 0 <i< I do

b« sxh—y
a< 2sx(s®b)
n <+ H‘;T”% > Line search
ROHD B — 2ns® (y — s % h) > Gradient step
for 0 <n < N, do
if |h+D[n]| > gexp™™/" then > Proximal operator
if ‘h“;:\[n] > gexp /T then
h(i+1)[n] - h“;:;[n]
else
R+ [n] « sign (REFD[n]) e/
end if
end if
end for
end for

4.3.2 Experimental setting

We test our method on the same setting as described in Section 4.2.3. Two variants
of the proposed method are tested:
— Proximal-gradient: solves the problem described in Eq. (4.4) using the pro-
posed Algorithm 1.
— Adam: solves the same problem using the Adam optimizer [257]. Although
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Figure 4.8 — Results of our proposed RIR estimator. Black lines represent 95 % con-
fidence intervals.

the loss function of the term g is not supposed differentiable everywhere, we
use the implementation of the max function provided by the Pytorch [25§]
library, and allows to backpropagate our proposed loss on its whole domain of
definition.
Based on preliminary experiments, the parameter \ is set to 1 x 1072, and I = 1 x 10*
iterations are performed. The maximum learning rate of Adam is set to 1 x 1074,
The exponential decay parameters are estimated directly from the ground-truth RIR.
However, the parameter o used for thresholding is set to ensure that the reverber-
ant energy could be twice as high as the ground-truth energy predicted by Polack’s
model. More precisely, we assume that the ground-truth RIR has a reverberant en-
ergy of UQ%e_Q”d/T, with o defined in Eq. (3.4) and 7 defined in Eq. (3.5). We simply
multiply o by /2 at input of our algorithm in order to multiply the energy threshold
by 2. In addition to the sub-band deconvolution baselines presented above, we also
compare our proposed approach to a method encouraging a short RIR decay, in the
form of minimum-phase filter estimation. Indeed, minimum-phase filtering is guar-
anteed to yield the RIR having the sharpest energy decay, causing the noise in the
tail of an estimated RIR to move towards the start of the impulse response. Such an
approach has for instance been used in [219]. To compute the minimum-phase equiv-
alent filter of the acoustic system, we first estimate the magnitudes of the RIR by
deconvolution using the Fourier method. Then, we derive the minimum-phase filter

using the procedure described in Section 2.2.3.

4.3.3 Results

Figure 4.8 evaluates the performance of our proposed method against sub-band
and minimum-phase deconvolution techniques. Two settings are evaluated: when the
ground-truth source is provided (denoted Fzact) and when it is estimated by a neural
dereverberator (denoted FEstimated). A first observation is the inefficiency of the
minimum-phase deconvolution technique. The RIR decay obtained using minimum-
phase deconvolution is too sharp to accurately model late reverberation, and yields

huge errors on all RIR metrics. Moreover, one of our proposed methods (Proximal-
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gradient or Adam optimizer) outperforms sub-band deconvolution on all metrics with
the exception of the DRR MAE metric when the source has been estimated from a
reverberant signal. Comparing the proposed proximal gradient descent algorithm with
direct optimization via Adam, we remark that they converge to distinct optima. When
the ground-truth source is provided, our proposed proximal-gradient-based method is
less accurate than Adam optimization on all metrics. This tendency however reverts
when dry source signals are estimated using a neural dereverberator. In such cases,
the proposed proximal-gradient-based method yields an RIR that more accurately
represents the EDR and EDC of the ground-truth RIR.

Observing one RIR example, as shown in Figure 4.9 provides an explanation to
such differences. Indeed, the proposed proximal-gradient optimizer imposes a stronger
constraint on the tail of the RIR, even though the regularization parameter X is set to
the same value as for the Adam optimizer. On one hand, this constraint forces the tail
of the RIR to be exponentially decreasing which is consistent with physics. On the
other hand, some peaks in the early echoes are absent from the RIR obtained using
the proposed proximal gradient descent, while they are correctly estimated by the
Adam optimizer. A solution to alleviate such issues would be to apply the proximal
gradient not directly after the direct path, but to leave some time to allow some sparse

early echoes above the threshold.

4.3.4 Conclusion

A physically meaningful regularization of the deconvolution for non-blind acoustic
system identification has been proposed. Experiments show that it improves exist-
ing deconvolution techniques, by forcing an exponential decay of the estimated RIR.
Yet, a question seems to remain unanswered: are such artifacts solely caused by the
dereverberation method employed, or could the dereverberation model be trained
specifically for the purpose of RIR estimation via deconvolution ? In other words,

could a dereverberation model be trained to optimize such a criterion?

4.4 Dereverberation model training using a physics-driven

loss

We now consider a model trained solely with a loss function inspired from room
acoustics.

We propose to introduce a novel loss term that imposes physical constraints on
the RIR characteristics measured from the acoustic system predicted by deconvolving

a deep neural network’s input by its output.
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Figure 4.9 — Example of an RIR obtained from a neural dereverberator using our
proposed regularization.
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Figure 4.10 — Dereverberation model training using a physics-driven loss.

4.4.1 Method

The compatibility between several deep-learning models and room-acoustics-based
loss functions is studied by training a DNN solely on a room-acoustics-inspired loss
function, and measuring its performance on the dereverberation task. The room-
acoustics inspired loss function is computed on the RIR induced by the dereverberation
model output. The general procedure to define our physical loss term is as follows.
From the dereverberated output S obtained by the DNN D,, from a reverberant signal
Y, an acoustic system identification module Z computes the estimated RIR h mapping
the output of the DNN to its reverberant input. A physical model is then used to
compute an estimated physical property @(ﬁ) from the estimated RIR, and similarly
a target physical property ®(h) from the oracle RIR obtained with the ground-truth
anechoic signal. Their distance is finally used to define our physical loss function L.
The training procedure is detailed in the diagram 4.10.

To study the influence of both the DNN architecture and RIR estimation loss,
we consider an overfitting setup where the DNN is trained on a single batch. No
pre-training is performed. Hence, misalignment between the reverberation-inspired
training objective can only be attributed to the incompatibility of the neural derever-

berator, the deconvolution method and the RIR characteristics studied.

4.4.2 Experimental setting

The training dataset consists of a single batch of size 2randomly extracted from
the dataset described in Section 4.2.3.
Considered variants

Several combinations of deep dereverberation models, deconvolution methods and
RIR characteristics are considered.

Neural dereverberators include:
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FCN-PI: a Fully Convolutional Network (FCN) introduced in [259]. PI stands
for phase-invariant and denotes the fact that this neural network processes
magnitude spectrograms, and completely discards STFT phase information.
The clean phase is approximated as being equal to the reverberant phase.
FCN-RI2RI: a variant of FCN that enables phase processing. This variant, de-
scribed in [243], concatenates the real and imaginary parts of the spectrogram
as distinct channels of the input and output.

FSN-R2RI: FSN presented in [235|, that estimates the complex ideal mask
mapping the reverberant STFT to the dry STFT.

FSN-PI: a phase-invariant variant of FSN, where the synthesized mask is real-
valued, forcing the phase of the dereverberated spectrogram to be the same as
the phase of the reverberant.

ConvTasNet: a temporal convolutional neural network, proposed in [231].

Let the ground-truth RIR be denoted by h in the time domain and H in the time-

frequency domain, with corresponding estimates h and H , respectively. Based on

these representations, the different physical loss functions considered include:

. 2

Time-domain MSE loss: Hh — hH2
. 2
Spectral-magnitude MSE: H‘H‘ — \H!HF

. 2
Log-spectral-magnitude MSE: Hlog ‘H‘ —log \H\HF

2
EDR MSE: |EDRqs (H) — EDRap(H) HF where the EDR is expressed in dB.
EDR. 2 MSE: 3, \ EDRag(H);;—EDRagp(H) ;4 \211 (EDRug (H) ., >—20}, Where

1y denotes the characteristic function of the set X'. This loss restricts the eval-
uation of the dB-scaled EDR metric to the indices where the normalized EDR
has an energy greater than —20 dB.

EDC MSE: HEDCdB(ﬁ) - EDCdB(h)Hz

EDC._ MSE: 3, | EDCyg(h)(n) — EDCdB(h)(n)|21{EDCdB(h)(n)>—2o}
~ 2
RTg, MSE: ’RTﬁo(h) _ RTﬁo(h)‘

. 2
Envelope MSE: H’g*h‘ — \g*h\”2, where g corresponds to the impulse re-
sponse of a Hilbert filter of length 60 samples, described in Section 2.2.3.

The initial decay variants for the EDC and EDR are motivated by the observation that

deep-learning RIR analysis methods focussed on the first 120 ms of reverberation [260].

Two deconvolution methods are considered among those presented in Section 4.2.2:

the Fourier and sub-band deconvolution methods.

4.4.3

Results

A first experiment examines whether the dereverberation model can be trained

using the physical loss. All DNN variants are trained to optimize each loss for 10
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Figure 4.11 — Convergence when overfitting to the physical loss. Green cells indicate
the DNN converges on the proposed loss and red cells indicate absence of convergence.

epochs. Figure 4.11 presents the results of training a dereverberation model solely on
a physical loss, for all neural dereverberators and physical losses. Each cell is colored
according to the convergence of the tuple (D, Lg). More precisely, we consider that
the deep neural network converges if its training loss decreases over the course of its
training on a single batch. Several reasons can explain why a DNN does not converge
when trained in this setting. Convergence failure can mean that the loss landscape is
highly non-smooth or non-convex, meaning that the architecture or number of param-
eters of the network is not suited to the optimization objective. We observe that all
variants of the STFT-domain convolutional network fail to converge on most physical
losses computed using Fourier deconvolution. This means that this architecture is un-
suited for the task, which might be due to the too small latent space of the network,
or its low performance when processing phase without any other adaptation, detailed
in [243]. On the other hand, sub-band deconvolution seems to be more robust, as

most of the physical losses converge for this variant.

A second experiment aims to determine whether training with the physical objec-
tive can also enable the DNN learn dereverberation. As such, for all models excluding
FCN, the improvement of SI-SDR is measured between the first and the 100th training
epoch. Results are presented in Figure 4.12. We observe that most models struggle
to produce a more meaningful estimated dry signal when trained to solely optimize
a physical loss. Fourier deconvolution seems to yield subpar performance, due to its
poor robustness to dry signal estimation artifacts. Only a few losses seem to be able
to make the FSN model converge on both the RIR estimation and dereverberation
tasks.
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Figure 4.12 — Influence of overfitting a physical loss onto dereverberation performance.
Cells are colored in green if and only if the SI-SDR metric improves.

4.4.4 Conclusion

In this section, we proposed to train a neural dereverberator solely for the task of
RIR estimation. Results indicate that not all DNN architectures are suited for this
task, and confirm the poor performance of the Fourier deconvolution. Optimizing the
neural dereverberator for RIR estimation seems to produce a limited improvement on
its performance for the speech dereverberation task.

In the next section, a procedure to jointly train a dereverberation model for the

task of RIR estimation and dereverberation is proposed.

4.5 RIR-based training loss regularization for dereverber-

ation

In this section, we evaluate whether DNNs can be optimized such that for the
room impulse response induced by the dereverberation process to remain consistent

with room acoustics.

4.5.1 Method
Overview

We propose to introduce a new loss term that imposes physical constraints on
the RIR characteristics measured when training a neural dereverberator. The general
procedure to define our physical loss regularization is as follows. From the dereverber-
ated output S obtained by the neural dereverberator from a reverberant signal Y, an
acoustic system identification module computes an estimate I(S) of the STFT of the
corresponding RIR. A physical model is then used to compute an estimated physical

property ®(I(S)) from the estimated acoustic system, and similarly a target physical
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Figure 4.13 — Overview of the physics-driven regularization for dereverberation
method.

property ®(I(S)) from the oracle acoustic system obtained with the ground-truth
anechoic signal. Their distance is finally used to define our physical loss function L.
This new loss term L4 can be summed with a classical dereverberation loss Ly (e.g.,
assessing the reconstruction quality of the dry or direct-path signal) to form the DNN
training loss £ = L4+ ALg. A diagram of the training procedure is shown in Fig. 4.13.

Because the acoustic system identification and physical models are not parametric,
they do not need to be trained. At inference, for the dereverberation task, these
blocks are discarded, and only the neural dereverberator is used. Hence, the number
of parameters, as well as the computational complexity and memory footprint are the

same as for the original DNN.

Corrected Convolutive Model

The number of cross-bands is limited by the dimension of the least-squares system
to solve at Eq. (2.31). For the system to have a unique solution, it is required that S ¥
is full-rank, hence the relation (2F" 4+ 1)T}, < T,, must hold. Taking into account the
length of the dry signals and RIRs in our training data, as well as the computational
load, we limit ourselves to considering the sub-band (F’ = 0) and 3-band (F' =
1) approximations for the cross-band convolution. We solve Eq. (2.31) using QR
decomposition, and compute Z(S); and T (S) 7+ using Eq. (4.3). Because our model
only considers a few cross-bands, this estimate will not yield the exact STFT Hy,
of the RIR, but an approximation, even if it is computed from the clean speech S.
We define the modeling error at each time-frequency bin indexed by f,t as E;; =
I(S)s+— Hy;. To make physical properties less dependent on this approximation, we

attempt to compensate for the error via a spectral-subtraction-based correction. The

spectral subtraction yields I(S)%,, an estimator of the RIR STFT. The same error
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correction can be applied to the estimate I (S’ ) of the RIR obtained from the estimate
S of the dry speech:

. 1/2 .
1(8)5, = (I1(S) 4l = 1E5uP) 41051, (412)

R . 12 .4
I(8)5, = (|I(S)f7t|2 - |5f7t|2> eI S)se, (4.13)

Note that adjusting both target and estimated convolutive transfer functions by the

same quantity will alter the nonlinear behaviour of the physical model employed.

Physical coherence loss

As an example of a physical characteristic of interest to be used as a constraint

on the RIR, we consider the dB-scaled EDR [101]. Given an STFT of an RIR or an
approximation of it, R, the dB-scaled EDR is obtained as:

EDR(R)

P £ EDR? =101 E—— L

(4.14)
The physical coherence loss L can then be defined as a point-wise mean-squared
error between the dB-scaled EDRs obtained from an estimate R and a target R.
Since the tail of the EDR is very sensitive to sub-band approximation errors and has
high values on the log scale, both target and estimated EDRs are masked to exclude

time-frequency bins where the target EDR is lower than —20 dB:

2
Lo(R,R) =) |0p4(R) — 4(R)| Lia, ,(r)>—20}- (4.15)
f.t

We consider several variants for the selection of R and R, such as I(S)¢ and I(S),

as described in Section 4.5.2.

Multi-objective training

To balance both physical coherence and reconstruction losses in a multi-task train-
ing setting, we adopt the GradNorm method [261]. GradNorm automatically adjusts
the regularization parameter A such that the Frobenius norm of the gradient of both
losses with respect to the model weights w are equal:

find A s.t.

H 0Ld (4.16)

-

In our setting, L4 is highly non-convex with respect to the network parameters, so we
prioritize the reconstruction loss L4 over the physical coherence loss L4 to stabilize
training. After the optimal weight A has been found using GradNorm, we further

multiply the physical coherence loss by a constant weight «. Based on preliminary
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experiments, we set & = 0.1. The DNN training loss is then:
L=Lg+allp (4.17)

4.5.2 Experimental setup
Model variants

We assess several variants of our method with FSN [235] as the baseline neural
dereverberator (see Fig. 4.13). We select its bidirectional version, and keep the original
training loss expressed as the MSE between the estimated and ground-truth complex
ratio masks [241] as the dereverberation loss L.
The following variants are considered, representing different ways to compute the
convolutive model. We define two kinds of approaches depending on whether sub-
band or cross-band filters are considered to obtain the estimates of the RIR STFT,
and which estimates and targets are compared:
— Sub-band approach (FSN+SB): Lg(I(S), H), comparing the estimate from
with ground-truth RIR STFT H.

— Symmetric Sub-band approach (FSN+SSB): Lg(I(S),1(S)), comparing the
estimate from S with the estimate from S.

— Corrected Suband approach (FSN-+CSB): Lg(I(S)¢, 1(S)°), comparing the
corrected estimate from S with the corrected estimate from S.

— 3-band approach (FSN+3B): Lg(I(S), H), similar to SB but computed using

F’ =1 crossbands.

Miscellaneous configurations

We reuse the dataset described in Section 4.2.3. At training time, we use a dynamic
mixing procedure consisting in randomly selecting a dry signal and RIR pair. As in
the original FSN, 49151 sample excerpts (around 3 s at 16 kHz) reverberant audios
are processed in the STFT domain using a 512-sample Hann window with an overlap
of 50 %. The network is trained for 330000 steps using the Adam optimizer with an
initial learning rate of 10~* and a One-cycle learning rate scheduler with a maximum
at 1073,

We evaluate the proposed method on two different tasks: speech dereverberation

and room impulse response characterization.

Evaluation tasks and metrics

We evaluate the generalization performance of our metrics to both unseen sources
and rooms. For dry sources, we consider the test set of WSJO [254], and Librispeech
clean [262]. Two reverberation datasets are considered: one simulated using unseen

rooms matching the same physical parameters as the training dataset described in
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Table 4.1 — Dereverberation scores + standard deviation (std.) for FullSubNet (FSN)
and its constraints versions.

Matched RIRs Mismatched RIRs
WSJ0 LibriSpeech clean WSJo LibriSpeech clean
STOI SISDR ~ WB-PESQ STOI SISDR ~ WB-PESQ STOI SISDR  WB-PESQ STOI SISDR  WB-PESQ

FSN  0.93+0.07 5.1+4.1 223+0.60 0.90+0.11 3.14+4.3 2.06 + 0.55 0.87+0.06 0.9+2.6 1.60 +0.21 0.84+0.10 —0.8+3.4 1.53 +0.24
+SB  0.92+0.07 43+42 210+0.56 0.89+0.11 25446 1.98+0.51 0.86+0.06 —0.3 £2.9 1.46+0.19 0.82+£0.10 —1.9+3.5 1.42+0.21

CSB 0.924+0.07 4.2+46 211+0.65 089+0.11 22+51 1.99+0.59 0.86+0.06 —0.74+2.9 1.43+£0.18 0.82+0.10 —2.4 £3.8 1.414+0.21
+SSB 0.93+0.07 48+4.1 219+0.59 0.89+0.11 26445 1.99+0.52 0.87+0.06 0.6 +2.7 1.57+0.20 0.83+0.10 —1.3 +£3.8 1.49 +0.23
+ 3B 0.93+0.07 4.9 +4.1 2.244+0.60 0.90+£0.11 294+4.6 2.07+£0.57 0.87+0.06 0.7 +2.6 1.61+0.21 0.84+0.10 —1.0 £3.7 1.54+0.25

input  0.864+0.09 —0.2+£4.8 1.76 £0.67 0.85£0.12 ~1.0£55 1.89 £0.76 0.75+0.07 —4.54+29 1.20£0.11 0.74£0.10 5.2 £3.7 1.24 £ 0.16

Section 4.2.3 ("Matched RIRs"), and the other synthesized in rooms corresponding
to more challenging acoustic conditions ("Mismatched RIRs"): RTgo € [1.0,1.5] s,
room size range in [10, 15] x [10,15] x [4,6] m3, D € [2.5,4.0] m. The dereverberation
performance between the baseline and the proposed approaches is evaluated using
the Short-time-objective Intelligibility STOI, the Scale Invariant Signal-to-noise ratio
(SISDR), and the wide-band Perceptual Evaluation of Speech Quality WB-PESQ
defined in Section 3.3.5.

To demonstrate the acoustic system identification capability acquired by the net-
work trained to match RIR characteristics, we compare the energy distribution pre-
dicted at the output of each version of the DNN using three combinations of convo-
lutive models and physical losses defined in Section 4.4.2:

— The EDC MSE computed using the Fourier deconvolution method. Given a

ground-truth (respectively estimated) RIR & (respectively h), this corresponds
to Lo = Hcp(iz) - @(h)’ z with ®(r) = EDC(r) (defined in Section 3.1.2). This

metric has also been used to compute the realism of a physically-interpretable

dereverberation training objective in [255].

— The EDR MSE computed in the sub-band approximation. This corresponds
to ®(r) = EDRgg(r).

— The EDR MSE computed in the cross-band approximation.

4.5.3 Results and Discussion
Dereverberation

The results for the dereverberation task are presented in Table 4.1. On matched
RIRs conditions, our proposed solution, FSN+3B, has a higher WB-PESQ on all
datasets and acoustic conditions than the FSN baseline. All physically constrained
variants exhibit similar performance in terms of STOI as the baseline. This means that
the physical coherence loss and the dereverberation loss can be jointly optimized and
that they both converge to equally performing optima in terms of STOI on the space of
the DNN weights. The poorer results of our methods compared to the baseline in terms
of SISDR can be explained by the DNN encountering difficulty in optimizing the phase

of the complex mask mapping Y to S when it is constrained by a convolutive model.
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Table 4.2 — RIR estimation scores + std. on the WSJO test set.

Matched RIRs Mismatched RIRs
EDC EDR EDC EDR

Fourier =~ Sub-band Cross-band Fourier Sub-band Cross-band
FSN  66.2£28 39.0£12 99.6 £ 24 864 +15 378+ 7 116.7+ 6
+SB 605 +£21 32.7+ 7 100.7+ 22 66.3+16 276+ 6 114.9 &+
+CSB 52.6+24 34.1+13 97.8+ 24 63.1+16 25.6+ 4113.6+
+SSB 76.4 +£23 399 +10 1029+ 23 862+ 14 404+ 8 1179 &+
+3B  67.1+£27 387 +11 1000+ 24 868+15 375+ 7 117.2 &+

dry 00+ 0 36710 7H0£19 00+ 0 384+ 8 844+ 12

=

Considering this metric, the model trained on SSB performs similarly to the model
trained on 3B. These losses are the ones that introduce the least constraints on the
training and that are the least well-defined (SSB by introducing sub-band modelling
errors, and 3B by being unstable). Because these two losses regularize the training
in a physically realistic manner, they enable the model to perform better on unseen
cases and to generalize to mismatched RIRs and source signals (in the "LibriSpeech*
column of the table). Further experiments show that the dereverberation performance
remains consistent when high SNR noise is added to the reverberant input of the model
at test time. These results reflect FSN’s underlying design assumption that both full-

and sub-band recursive modelling are needed for the dereverberation task.

RIR estimation

Table 4.2 compares the performance of all proposed approaches with respect
to the energy decay of several convolutive models. The line denoted "dry" shows
Lo (I(S), H) for each tuple of convolutive model and energy decay. It represents the
best theoretical performance that each convolutive model can offer. A very high error
and variance can be observed when the RIR has been estimated in the cross-band
model. This confirms the results that we obtained in Section 4.2, where we observed
that the cross-band deconvolution had a very low robustness. These results are am-
plified as the lengths of the signals considered (approximately 3s) is too short for the
cross-band method to perform well. This result confirms Avargel’s error analysis of
the cross-band filtering [62], where he showed that for a given number of cross-bands,
and a fixed SNR on the dry and reverberant signal, there exists only one single dry
signal length minimizing the non-blind deconvolution mean-squared error. The results
suggest that the RIR estimation task competes with the dereverberation task, as indi-
cated by their differing performance rankings. The FSN+CSB variant is performing
the best and is capable of modelling the sub-band model even better than the oracle
sub-band model I(,S). This can be explained by the fact that forcing the model output

to respect a sub-band model while maintaining its ability to process cross-bands in



4.6. CONCLUSION 73

Table 4.3 — Dereverberation scores £+ standard deviation on the MedleyDB dataset.

Matched RIRs Mismatched RIRs
FAD SISDR FAD SISDR

FSN 2.39 06+£51 3.46 —3.9+5.5
+ SB 2.26 05+56 396 —44+£64
+CSB 2.08 07+£63 371 —474+72
+ SSB 248 0.7£5.4 348 —41+59
+ 3B 2.45 04+57 349 —45+£64
input 3.57 0065 9.02 —-55%£6.5

its latent representation is very efficient to predict the RIR STFT. This assumption
is indeed at the core of FSN’s design.

Accordingly, a guideline might be to resort to FSN+CSB for the RIR estimation
task, and to FSN+3B for the dereverberation task.

Dereverberation on out-of-domain data

A third experiment is conducted to evaluate the proposed methods in a more
challenging out-of-domain scenario. Specifically, we assess the generalization of neu-
ral dereverberators trained on speech data on singing voice recordings from the Med-
leyDB dataset [263], using raw vocal tracks without instrumental bleed. As traditional
speech dereverberation metrics are not fully appropriate for singing voice, we instead
assess the performance using the Fréchet Audio Distance (FAD) [264] computed with
VGGish embeddings [265], alongside with the SI-SDR metric.

Results are presented in Table 4.3. On mismatched source but matched RIRs, sev-
eral of our proposed variants outperform the baseline. Under RIR domain mismatch,
both the baseline and our proposed variants exhibit performance degradation, but the
decline is more pronounced for our variants trained with losses that explicitely encode
RIR characteristics. Indeed, in this evaluation setting of mismatched RIRs, none of
our proposed training strategies outperform the baseline. This behaviour suggests that
the proposed physical loss regularization effectively drives the neural dereverberator
to capture the acoustic properties of reverberation more faithfully. This encouraging
result means that our proposed physical loss regularization enables a neural dere-
verberator to be more robust to source mismatch but does not generalize to unseen

reverberation conditions.

4.6 Conclusion

In this chapter, we investigated the interplay between dereverberation and acous-
tic system identification, formulating the latter as a non-blind deconvolution problem

based on the output of a neural dereverberator. We demonstrated that, while tradi-
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tional deconvolution approaches are highly sensitive to noise and estimation artifacts,
incorporating physical regularization on the late RIR can substantially improve the
physical realism of the identified acoustic systems. Building upon this insight, we
proposed a physically motivated training loss for neural dereverberators, designed to
enforce consistency with room acoustics. This training framework enables the neural
dereverberator to simultaneously perform both tasks, compensating for the lack of
robustness of deconvolution techniques. It successfully produces physically plausible
RIRs without compromising dereverberation performance, and can be applied to out-
of-domain sources such as singing voice. However, our results revealed a fundamental
limitation: DNNs struggle to jointly optimize for dereverberation quality and physi-
cal accuracy, and their performance improvement over the baseline remains marginal,
To address these challenges, we introduce in the next chapter a maximum-likelihood
reformulation of dereverberation, in which the reverberation process is modeled sta-
tistically. This formulation allows us to embed physical consistency directly into the
learning objective through explicit modeling of the acoustic system, rather than by

means of soft regularization.



Chapter 5

Towards unsupervised

dereverberation

Chapter abstract

In this Chapter, we explore the outcome of training state-of-the-art dereverber-
ation models with supervision settings ranging from weakly-supervised to fully
unsupervised, relying solely on reverberant signals and a room acoustics model

for training.

5.1 Introduction

While the previous approach required a joint supervision of both the dry signal and
the RIR, the framework defined in this Chapter deals with data-scarce scenarios. We
present a novel training framework in order to overcome the limitation of most data-
driven methods not being suited for such settings. Indeed, despite their empirical
success, data-driven methods, particularly those based on DNNs, typically require
large volumes of supervised training data in the form of paired dry and reverberant
signals. These dry signals must be recorded in anechoic conditions, rendering data
collection expensive and impractical. Furthermore, supervised systems often exhibit
limited generalization to unseen reverberant conditions, reducing their robustness in
real-world scenarios. Even unsupervised methods that learn dry speech priors without
requiring paired data remain limited by the availability of dry recordings.

To overcome these limitations, we introduce a monaural dereverberation frame-
work that operates in a fully unsupervised manner, relying solely on reverberant sig-
nals for training. Our approach integrates an explicit acoustic model into the dere-
verberation process and offers two main contributions:

— We derive a novel Maximum Likelihood (ML) formulation for dereverberation

guided by a parametric reverberation model. While ML-based methods have

75
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been proposed for multichannel settings [33, 266|, this is, to the best of our
knowledge, the first application of such a formulation to monaural dereverber-
ation with explicit use of acoustic parameters.

— We develop an unsupervised learning strategy that integrates the physical
model of reverberation into a deep neural network. Our method demonstrates
strong performance under realistic conditions using a small subset of acoustic
parameters (from 100 RIRs) to train the reverberation model. Despite this
limited data regime, our method maintains competitive dereverberation per-
formance.

Three articles are summarized here:

— [51] Louis Bahrman, Mathieu Fontaine, and Gaél Richard. « A Hybrid
Model for Weakly-Supervised Speech Dereverberation ». In: ICASSP
2025 - 2025 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). Apr. 2025, pp. 1-5

— [52] Louis Bahrman, Mathieu Fontaine, and Gaél Richard. « Déréver-
bération Non-Supervisée de La Parole Par Modéle Hybride ». In: XXXe
Collogue Francophone de Traitement Du Signal et Des Images. Stras-
bourg, France: GRETSI, Aug. 2025

— [53] Louis Bahrman, Marius Rodrigues, Mathieu Fontaine, and Gaél
Richard. « U-DREAM: Unsupervised Dereverberation Guided by a Re-
verberation Model ». In: IEEE Transactions on Audio, Speech and
Language Processing 34 (2026), pp. 1552-1563

J

In this manuscript, we mostly focus on the experimental setting of the third article,
which extends the first ones by the contributions presented above and generalizes their
results to real RIRs.

5.2 Theoretical formulation of the dereverberation prob-

lem

In this Section, we derive the formulation of our proposed Unsupervised Derever-
beration system guided by a REverberAtion Model (U-DREAM).
The noisy time-domain formulation of Eq. (3.6) can be expressed in the time-

frequency domain using Eq. (2.12) by introducing the STFT of the noise term:
Yf,t :C(S,h)f,t—i-gf’t, (51)

where £ £ {Sﬁt}?;éTrl € C"*Ty is the STFT of the additive noise. In this work,

we assume that all £¢; ~ Ng(0,1?) are Independant and Identically Distributed (IID)
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complex Gaussian variables, and that the dry signal STFT is deterministic. Under
such assumption,
Yf,t | ha 576 NN(C(C(Svh)f,taV2)' (52)

Introducing the finite RIR h as a random vector conditioned only on the acoustic

parameters O, the total probability distribution of Y is:
p(Yi5,0) = [ pY |15, 0)p(0; ©)dh (5.3)

The integral can be expressed as an expectation with respect to the distribution

p(h; ©), and its negative log-likelihood is:
—logp(Y;5,0) = —logE,nje) [P(Y | 15 S, 0)]. (5.4)

Jensen’s inequality can be applied to obtain an upper bound of the generally in-

tractable negative log-likelihood of the expectation:
—logp(Y;5,0) <Eype) [~ logp(Y | h; S,0)]. (5.5)

Finally, replacing the conditional probability distribution of Y | h; S, © from Eq.(5.2)
yields:

~1ogp(Y';5,0) < Eye) [IC(S,h) = Y}] +C. (5.6)

where ||-||» denotes the Frobenius norm, and C' = —FT, log(r/?) is a constant with

respect to S and O.

The task of dereverberation using an acoustic model can be formulated as a max-
imum likelihood estimation problem, where the goal is to jointly estimate both the
STFT of the dry speech signal S and the acoustic parameters © of a parametric rever-
beration model, given the observed reverberant STFT Y. Formally, this is expressed

as:

argmaxp(Y; S, 0). (5.7)
5.0

In this work, we solve a relaxed version of the problem, where we minimize the upper

bound of the negative log-likelihood obtained from Eq. (5.6):

~

S.0= argrginEp(h‘e) [HC(S, h) — Y||§:] (5.8)
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Figure 5.1 — Overview of the U-DREAM method.

5.3 Dereverberation guided by a reverberation model

5.3.1 Overview

To address the ill-posed nature of solving Eq. (5.8) in the monaural case, we
introduce a model-based deep learning framework. Specifically, we propose to replace
the direct optimization of S and © with two trainable, model-based mappings: a
dereverberation module D, : Y S and an acoustic analyzer A, , ' Y — 0, where
wp and wy4 denote the weights that parametrize each model (sometimes omitted for
sake of clarity). Substituting the optimization of S and © with the optimization of
wp and wy, the problem in Eq. (5.8) becomes:

wp,wa € argminEy v 1€ (D (¥).1) - Ym (5.9)

D,WA
We propose to solve this equation by training both models A and D using SGD on
a dataset of reverberant signals. The overall forward pass of the proposed framework
is illustrated in Figure 5.1 and summarized as follows: given a reverberant signal Y,
the dereverberation module D produces an estimated signal S. Simultaneously, the
acoustic analyzer A (see Section 5.3.4) estimates the corresponding acoustic parame-

ters © from Y. To approximate the expectation Ep( h|©) by Monte-Carlo sampling, one
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or more RIRs h € RV are drawn from a reverberation sampler R (See Section 5.3.3).
Each RIR h is convolved with the estimated dry signal S via the operator C, producing
one or more estimated reverberant STFTs Y. The optimization objective is expressed
through a reverberation matching loss function £ (described in Section 5.3.5), which
quantifies the distance between the estimated reverberant STFT Y and the observed

reference Y.

5.3.2 Adaptations to various supervision scenarios
Unsupervised dereverberation

The training framework presented above is tailored for unsupervised dereverber-
ation, where both the acoustic analyzer A and the dereverberation module D are
jointly trained. However, this framework potentially has trivial solutions if both A, ,
and D

converge to predicting acoustic parameters corresponding to an anechoic environment

wp are trained jointly from scratch. Specifically, the acoustic analyzer A could
(e.g., low RT¢o or high DRR), enabling the dereverberation module D to simply learn
an identity mapping, thereby bypassing the intended dereverberation process. To
mitigate this issue, we adopt a two-stage training strategy. The acoustic analyzer A
is first pre-trained using available supervised data. Once A has been pre-trained, we
proceed to train D while keeping A frozen. This staged approach is motivated by the
relative difficulty of the two tasks: predicting © is inherently easier than estimating
S, and the acoustic analyzer can typically be trained with significantly less data than

the dereverberation module.

Weak supervision

In case ground-truth acoustic parameters are known and available at training, the
acoustic parameters estimated by the acoustic analyzer can be replaced by the oracle

acoustic parameters. In such cases, the optimization objective is given by:

argminEp(me)E(DwD(Y),E,Y) (5.10)

wp

Strong supervision

This framework can still be leveraged when the exact RIR h instead of the dry
source is available at training. In this case, the RIR is purely deterministic, and the
distribution p(h | ©) is replaced by a Dirac measure dg(h), where h corresponds ex-
actly to the true RIR used to generate the reverberant signal in the training set. Under
this setting, the expectation in Eq. (5.9) simplifies, yielding the following optimization
objective:

argmin £(Dy,,(Y),h,Y). (5.11)

wp
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Training-less variant

An alternative formulation of Eq. (5.8) is also considered, wherein only the acoustic
analyzer A,,, is employed, without the need for a dereverberation module. This
training-less variant assumes that A, , has been pre-trained. Given a reverberant
signal Y and fixed analyzer parameters w4, the following optimization problem is

solved directly for S:

$ = argminE 4., (v) [HC(S, h) — YH;] (5.12)

This variant is named training-less because it does not require a dereverberation
module D,,,, to be fitted on a large dataset but rather directly optimizes the dry
STEFT S on a per-sample basis given the output of the acoustic analyzer.

Each part of the overall framework presented above is now detailed.

5.3.3 Reverberation modeling

The RIR sampler is responsible for generating one or more RIRs h sampled from
the conditional distribution p(h | ©), where O represents the acoustic parameters.
The goal is to synthesize an RIR whose key characteristics, such as RTgy and DRR,
match those of the original setting in which the reverberant signal was recorded. In
this work, the RIR sampler is based on Polack’s model, detailed in Eq. (3.4).

In this Section, we detail the stochastic RIR model used in this work.

Late reverberation model formulation

The RIR sampler is based on a statistical model of reverberation, first discov-
ered by Polack [87], and formally generalized and demonstrated by Badeau under
the SWFT [105]. Note that Badeau’s SWFT explicits the frequency dependency of
the Wigner-Ville distribution of the RIR at high frequencies. Experiments conducted
in [267| showed that introducing such a frequency dependency is not straightforwardly
beneficial for dereverberation performance. Hence, the RIR sampler used is a sim-
plified version of Polack’s and Badeau’s models, that assumes that late reverberation
is an exponentially decaying white noise. To further simplify the model and ensure
proper scaling, all direct-path energy is concentrated at the peak of the RIR, with nor-
malization applied such that the peak value is 1. The resulting reverberation sampler
R is defined as:

_ 3In(10) n
blnle RTeols ™ if n > ng,
R(O)[n] =141 ifn=0 (5.13)
0 otherwise,

where b[n] ~ N(0,0?).
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According to Polack’s model, the reverberant energy Eg is given by:

+oo
Ep = / oe 2T gy (5.14)
nr,
= 02%6_2“/7, (5.15)

where 7 is defined in Eq. (3.5)

Assuming the direct-path energy is normalized to 1, o can be computed from the

target DRR as:
262'I’LD/T
— 1
7~ VDRR (5.16)

Late reverberation model adaptation to synthetic RIRs

A slight difference has to be taken in account when working with synthetic RIRs.
In particular, ISM-based RIR generators such as Pyroomacoustics [115] often produce
RIRs that exhibit nonzero energy at the zero frequency. To better match such RIRs,
we modify the noise component of Polack’s model. Specifically, when encountering
non-centered RIRs, we match the zero-frequency energy of the ground-truth RIR while
maintaining a flat spectral response in the other bands by drawing the noise term b(n)
from a half-normal distribution |N (0,02)‘. We will experimentally verify that this
distribution better matches the distribution of synthetic RIRs in Section 5.5.2.

Artifacts caused by early echoes

In the previous section, we detailed the late reverberation model used in our work.
However, this statistical model has been proven to be valid only under the conditions
defined in [105], namely with a randomly fixed source position, and therefore neglects
the contribution of early echoes which are mostly dependant to the source and micro-
phone positions within a room, as seen in part 3.1.1. In this section, we provide an

analysis of the interaction of our model with an early echoes model defined hereunder.

Immediate properties of artifacts Our reverberant model assumes a fixed, de-
terministic source position, that causes a deterministic contribution of the early echoes
to the RIR. We further consider that, after a given index noted N, the RIR is purely
stochastic and strictly follows the model detailed in (5.13), hence we assume that h,
is causal, of finite support. The artifacts caused by early echoes are still linear and
time-invariant, and as such, can be modeled by a convolutive model, and there exists
an impulse response h, € R2V» such that the law of the measured RIR h would be
equal to the law of:

he % (8 + hy). (5.17)
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and ﬁl also follows Polack’s model, with the same reverberation time RTgy and DRR
as the observed late reverberation h;. The distribution of ill remaining the same as
the distribution of h; is justified by the fact that, unlike early echoes which are defined
by both the source and microphone positions within a room, late reverberation only
depends on a statistical model built upon room geometry and hence its statistical
model is unrelated to early echoes. First, h. is a finite impulse because if it was not,
h would not be a finite RIR either.

Moreover, h. cannot be non-causal, because if h. was non-causal and of finite
support, there would exist an index m < 0 such that h.[m| # 0 and Vn,n < m, h.[n| =
0. Then hex (6 4 hy) = S0 (6 + h)[k]helm — k] = (8 + ) [0]he[m] = he[m] # 0,

which would yield a contradiction as h is causal.

Matching covariance matrices Using the constraint that ﬁl and h; have the same
law on late reverberation (i.e. in the domain [NNV;,: N[), we derive some properties
about h.. The domain [N; : N is finite, so iLl and h; are two multivariate Gaussian
distributions with the same statistics (because their RTgp and DRR are equal). As a
consequence, their covariance matrices exist and should match on Ny <n < N. On
one hand, let J;,, be the covariance matrix of the observed h;, restricted to the domain
[Ny, N [. On the other hand, the convolution of hy by h. can be expressed as a linear

operator in the form of the Toeplitz matrix H, € RIN-N)*x(N-N),

Then, matching
the distribution of h with the distribution provided in Eq. (5.17) can be expressed on

the second-order statistics of h on [N — N;, N[ as:

S, = H.Xp H) (5.18)
T
1/2 1/2
= (H=?) (733)7) (5.19)
T
. —1/2 1/2 —1/2 1/2
it Ty = (S 2H) (50,20 (5.20)

As the diagonal elements of ¥, are all positive (they are constructed from the ex-
ponential family of the RIR variances according to Polack), they form an orthogonal
basis of RN=N_ Hence, as E,:ll/ 2HCE,1”/ % s orthonormal, H. is also an orthogonal
matrix. Then H.H[! is not only symmetric, but diagonal which means that H,
is diagonal. Going back to the time-domain representation of h., we have for all
n,1 <n <N — Njhen|=0

Hence, assuming Polack’s model of late reverberation, and in the case where no
information about the distribution of early echoes can be derived, an appropriate
choice to model early echoes is to consider them silent, as the mismatch in early
echoes causes no distortion of the late RIR until its last NV} elements.

Note that this reasoning is only valid for a late reverberation model based on a

Gaussian statistical model, and that reasoning fails on half-Gaussian variables used
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Figure 5.2 — Energy decay curves. The expected energy decay is shown in orange.
in synthetic RIRs.

5.3.4 Acoustic Analysis

The acoustic analysis module estimates the reverberation parameters ©, namely
RTgp and DRR, which are used to guide the reverberation synthesis process described
in Section 5.3.3. We distinguish between two modes of analysis: the Non-blind case in
which the ground-truth RIR h is known, and the blind case, where only the reverberant
signal Y is available. The blind estimator must be tuned using a small set of ground-

truth pairs (Y, k), or by solving (5.9) using an oracle dereverberation module D.

Non-blind analysis

In the non-blind setting, acoustic parameters are derived directly from the RIR.
We follow the procedure described in [28, Chapter 2|, based on linear regression of the
EDC. Figure 5.2 illustrates the energy decay of a synthetic and a measured RIR. The
expected energy decay according to Polack’s model is shown in orange. We observe
that the late reverberation’s tail diverges from the linear decay predicted by Polack’s
model. Measured RIRs present a noisy reverberation tail whereas synthetic RIRs’
energy decreases too fast. This would result in a biased RTgp (too low on synthetic
RIRs and too large on measured ones), and DRR (too high on synthetic RIRs and
too low on measured ones), which would be detrimental to the modelling of late
reverberation.

To mitigate this issue, we restrict the analysis to the dynamic range in which
Polack’s model is considered to be valid, namely between —5dB and —25dB, where
both the measured and theoretical EDC match. The energy on this range, noted E3s,
is expected to follow:

ES. = O‘Qg (e_QTs/T — 6_2T25/T> , (5.21)
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Figure 5.3 — RTgg estimation results on a dataset of 500 measured wet speech signals
and RIRs.

where T5 and Tb5 represent the time it takes for the EDC to decrease by 5dB and
25dB respectively. The reverberation time RTgq is first computed from the slope
of the EDC, which is independent of the total energy of the RIR. Then, using the
measured value of E3- and Eq. (5.21), the parameter o is derived, leveraging the
relation between 7 and RT¢o given in Eq. (3.5).

Finally, o can be directly reused in the reverberation sampler R detailed in
Eq. (5.13), or to compute the DRR using Eq. (5.15). Note that this approach ex-
cludes the contribution of late reverberation noise to the estimated DRR, thereby

improving alignment with the synthesis model.

Blind analysis

In the blind case, both RTgy and DRR must be estimated from the reverberant
STFT Y. For the RT¢y estimation, we adopt the method proposed in [177]. This
approach computes local energy decay in specific regions of Y. A polynomial mapping
is then used to match the median RTgg found in the time-frequency domain to its
corresponding time-domain value. Based on preliminary experiments measuring the
accuracy of RTgp estimation, we employ a second-order polynomial, instead of the
first-order polynomial used in the original study. The three polynomial coefficients
are tuned on a very small calibration dataset of 100 pairs (Y, RTsp).

Figure 5.3 shows the results of the RTgg estimation performed using Prego’s
method, on measured RIRs. Results for the first-order polynomial are shown in orange
and for the second-order in green. We observe that the second-order polynomial shows
a more accurate estimation of the RTgp (Pearson correlation between ground-truth
and estimated RTgp: p = 0.88) than the first-order polynomial (p = 0.85).
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For the DRR estimation, we adopt the BiLSTM model of [182], which predicts two
time-frequency domain energy masks. The ratio between the masked spectrograms is
used to estimate the DRR.

5.3.5 Reverberation matching loss
Formulation

In this section, we detail the Reverberation Matching (RM) loss, which quanti-
fies the distance between the ground-truth reverberant STFT Y and the estimated
reverberant STFT produced by convolving the estimated dry signal S with an RIR
sampled by the reverberation sampler h.

The loss inside the expectation in Eq. (5.8) assumes IID complex additive noise
on each bin of the reverberant STFT Y. We denote this loss as:

Lo(8h,Y) 2 |lecs,h) - YHQF (5.22)

We also consider an additional term, denoted Lyaq, that computes a distance in the

log-magnitude space as in [268|:

1+1Y]

Laiac(S,h,Y) 2 |log ————
1+ ‘C(S,h) i

(5.23)

The total per-sample reverberation matching loss £ combines these two terms as the
weighted sum
L= Lc+ Mmac. (5.24)

Preliminary experiments showed that adding the log-magnitudes loss term Lyag en-
abled faster convergence of our proposed framework. Combining these two losses with

the expectation in Eq. (5.9), our training loss is the expectation

E L(S,h,Y). (5.25)

P(B\AwA (Y))

We now detail some sampling strategies used to compute this expectation.

Loss variants

The expectation in Eq. (5.25) is computed via Monte Carlo sampling. Depend-
ing on the sampling strategy adopted, the loss has different physical interpretations
regarding the underlying reverberant scene. In particular, multiple draws of the RIR
from the sampler R(©) can be viewed as simulating different virtual microphone po-
sitions within a room characterized by ©. Variability between these draws reflects

potential variations in the observed reverberant signal due to changes in microphone
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placement, even though the target signal Y corresponds to a single physical micro-

phone. In this work, we consider three sampling strategies:

— Single: a single RIR h is drawn from R(O) for each reverberant spectrogram
Y. Across different epochs, different RIR draws may be associated with the
same Y . Physically, this corresponds to simulating one virtual microphone in
a room with parameters ©, while acknowledging that the exact microphone

position may not match that of Y. The loss is computed as:
Leingle = L(S,h,Y). (5.26)

— Average: multiple RIRs {lAL(i)}{:1 are drawn from R(0), and the loss is com-
puted as the mean across these draws. This corresponds to simulating I virtual
microphones in the same room and averaging their contribution to the loss. In

our experiments, I = 10 draws is used:
1z
I S ;@
Laveg = 7 E_l L(S,h\)Y). (5.27)

— Best: asin the "Average" strategy, multiple RIRs are drawn, but only the draw
yielding the lowest loss is used for backpropagation. This can be interpreted
as searching for the virtual microphone position in the room that best explains

Y, and encouraging the model to match this optimal configuration:

Lpest = min £(8, 19, Y). (5.28)

Balancing the loss terms

To ensure that Lc and Lyag contribute equally during training, we adopt the
GradNorm method [261] to automatically adjust the weight A such that the Frobenius

norm of the gradients of both losses with respect to the model weights are equal.

In the case of the Lpest strategy, A and the selected index of the optimal RIR draw
¢ are interdependent, which results in a bi-level optimization problem. To circumvent

this issue, we approximate the GradNorm method by solving for each sampled RIR ¢:

We then select the RIR draw 7 that yields the lowest loss, and backpropagate gradients

(5.29)

aEC(Sa B(l)a Y) _
ac(S, h)

only through C(§, h()) with the corresponding optimal weight A;.
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5.4 Experimental setup

We tested our proposed dereverberation guided by a reverberation model frame-
work under several supervision scenarios on datasets of both real and synthetic RIRs.

This section presents our experimental protocol.

5.4.1 Datasets

We evaluate our procedure on both synthetic and real reverberation. The following

datasets are considered:

1. EARS-Reverb: the Expressive Anechoic Recordings of Speech (EARS) dataset
[96] is composed of high-quality dry speech signals recorded from various speak-
ers and diverse content. We use its dereverberation benchmark, EARS-Reverb,
generated by convolving anechoic speech from EARS with RIRs sampled from
publicly-available datasets. This dataset is provided at a sampling rate of 48
kHz. Our task being dereverberation at 16 kHz, we resample both clean and

reverberant signals to this sampling rate.

2. EARS-ISM: we consider a simpler reverberant dataset, composed of anechoic
audio from EARS and simulated reverberation synthesized using the ISM

method as in Section 4.2.3.

3. Out-Of-Domain: we also evaluate the generalization performance on models
trained on synthetic RIRs and tested on real RIRs.

5.4.2 Neural dereverberators

Our proposed dereverberation supervision settings are, in theory, adaptable to any
speech model. In practice, such deep-learning-based models are very diverse and their
performance is variable. Indeed, it is relevant to consider how the reverberation-aware
training interacts with various dry speech priors. We present dereverberation results
for three neural dereverberators:

— BIiLSTM [234]: this simple model consists of a 2-layer bidirectional LSTM
model followed by a linear layer, performing sub-band recursive processing
of the STFT magnitudes. Since this model is only able to process magnitude
masks, it can be considered as phase-agnostic, and the underlying speech model
is that both dry and reverberant speech are Gaussian complex noise, with
circular invariance.

— FSN [235]: this more powerful LSTM called FullSubNet is capable of cross-
band processing and, since it is able to generate a complex-valued mask, it
can be considered as a phase-aware model. This model has also been used in

reverberation-aware training [255, 50].
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— TFL [236]: TF-Locoformer represents a state-of-the-art model for speech en-
hancement and dereverberation, which is very powerful and expressive thanks
to its self-attention module capable of global modeling and convolution han-

dling local modeling.

5.4.3 Misc settings

During training, 4-second excerpts are processed at 16 kHz. STFT processing is
done using a 512-sample Hann window with an overlap of 50 %. All DNNs are trained
using Adam optimizer, with a learning rate of 107, and early stopping based on the

ESTOI metric on a validation set is used.

5.5 Results

In this section, we present the results of our experiments to train our proposed
framework for the tasks of acoustic parameter estimation and dereverberation under
several supervision scenarios.

The performance is evaluated using the SI-SDR [245], ESTOI [247], WB-PESQ [250]
and SRMR [251| metrics, reviewed in Section 3.3.5.

5.5.1 Dereverberation with strong supervision

Figure 5.4 reports the performance of the strong supervision implemented as
our proposed reverberation matching loss with the ground-truth RIR (defined in
Eq. (5.11)). Specifically, the baseline training losses are as follows: for the BiLSTM
model, MSE between the ground-truth and estimated magnitudes; for FullSubNet,
MSE between the ground-truth ideal and estimated complex ratio mask; and for
the TF-Locoformer (TFL), a combination of time-domain loss and a multiresolution
spectral loss between the ground-truth and estimated dry signals. On synthetic RIRs,
training with supervision from the ground-truth dry signal generally outperforms su-
pervision via the proposed reverberation matching loss. The only exceptions occur
with FullSubNet which yields higher performance on the SISDR metric when trained
with the reverberation matching loss, and with TF-Locoformer which performs bet-
ter on the ESTOI metric under the same conditions. In contrast, on real RIRs, an
opposite trend is observed. For all metrics except SRMR, models trained with super-
vision from the exact RIR either achieve better performance or exhibit differences that
are not statistically significant, according to a Wilcoxon non-parametric test (p-value
< 0.001). One explanation for this behavior is that supervision with the reverberation
matching loss offers a more balanced optimization of magnitude and phase informa-

tion, leading to faster convergence, which is crucial on this harder dataset.
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Figure 5.4 — Dereverberation with strong supervision: Comparison of the proposed
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the dry signal). Results are presented as the relative improvement compared to the
reverberant input. The 95 % confidence intervals are indicated by black lines.
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5.5.2 Weak supervision for dereverberation
Preliminary experiment: synthetic RIRs distribution

In this experiment, we measure the benefit of using a half-normal distribution in
our proposed RIR sampler for synthetic RIRs.

Figure 5.5 measures the influence of the late reverberation model on weakly-
supervised dereverberation. Two settings for the RIR sampler on the EARS-ISM
dataset described in Eq. (5.13) are compared: one using a normal distribution for the
noise b(n) ~ N(0,0?) and one using a half-normal distribution b(n) ~ |N(0,0%)|,
as described in Section 5.3.3. The sampling strategy used is the single, described in
Section 5.3.5

Drawing the late reverberation from a half-normal distribution seems to be very
beneficial to the dereverberation performance on the SI-SDR metric at the cost of a
slight degradation of other metrics. The effects on the ESTOI and WB-PESQ are
however quite limited: two one-sided paired T-Tests with the null hypothesis that

the mean of the results are less than a given interval apart are performed. These



5.5. RESULTS 91

Synthetic RIRs Out-of-domain RIRs Real RIRs

0.08

0.06
0.04
I- N | ]
0.00 " i, '
. I I'
B N | ]
i . -'-. v

[=2}

IS

[V}

A SISDR (dB)

(==l

M

A ESTOI

0.0

A WB-PESQ

—0.1

0 -
-2 ..l
Model

mmm BiLSTM . FSN - TFL s WPE

in M= =
- -

A SRMR

Figure 5.6 — Weak supervision for dereverberation: Comparison of the weakly-
supervised methods with the WPE baseline. All models (BiLSTM, FSN, TFL) are
trained with the "Single" reverberation matching loss variant. Results are presented
as the relative improvement compared to the reverberant input. The 95 % confidence
intervals are indicated by black lines.

tests show that (with p-value <1 x 107*) for all source models, the mean WB-PESQ
difference is less than 0.2, and the ESTOI difference is lower than 0.02 for all models
except the BiLSTM.

Influence of the dereverberation model

Figure 5.6 summarizes the performance of dereverberation models trained un-
der weak supervision with the "Single" variant. The WPE baseline is provided for
comparison. In comparison to the WPE baseline, few models achieve significant im-
provements. On real RIRs, only the BiLSTM model consistently outperforms WPE
across all metrics, while FullSubNet performs better on all metrics except SRMR.

When comparing models, FullSubNet achieves equal or superior performance to BilL-
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Figure 5.7 — Weak dereverberation: Degradation caused by training using weak su-
pervision compared to strong supervision on the EARS-Reverb dataset, using the
"Single" loss variant.

STM on synthetic RIRs, while BiLSTM outperforms FSN on real RIRs for SISDR,
WB-PESQ, and SRMR, with FullSubNet performing better only on ESTOI. The TFL
consistently underperforms under the weak supervision regime, likely due to its high

model capacity relative to the simplicity of the reverberation model.

Comparison with strong supervision

Figure 5.7 shows the degradation of using our proposed reverberation matching
loss in a weak supervision setting using the oracle reverberation parameters, com-
pared to the strong supervision of the exact RIR (from the EARS-Reverb dataset).
The results vary greatly from model to model, and remain consistent between met-
rics: BILSTM shows less degradation when going from strong to weak supervision
than FSN, which in turns outperforms TFL. The surprisingly good performance of
BiLSTM compared to other models can be explained by the fact that this model is op-
timized for spectral magnitude masking and not for phase estimation. Consequently,
reverberation by Polack’s model, which greatly perturbates the phase of the reverber-
ant signal, better matches the underlying phase-agnostic assumption of the BiLSTM
model than reverberation using ground-truth RIRs. This underlies the need to have
consistency between the deep-learning-based speech model and reverberation sampler

underlying priors.

Influence of the loss variant

Figure 5.8 compares the improvement of each loss variant over the reverberant in-
put, for each source model on the EARS-Reverb dataset (since it is only single domain
where our methods outperform WPE). Across all models, datasets, and metrics, no
supervision variant ("Single", "Average", or "Best" microphone strategy) consistently
outperforms the others. In most cases, the differences are not statistically significant.
The limited effectiveness of the "Best microphone" strategy may be attributed to an

insufficiently constrained training objective. For this reason, throughout the remain-
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Figure 5.8 — Weak dereverberation: Comparison of the RM loss variants on the EARS-
Reverb dataset. Results are presented as the relative improvement compared to the
reverberant input.

der of our experiments, we adopt the single reverberation matching loss variant since
it represents the lowest computational cost compared to other variants, at no cost in

performance.

5.5.3 Acoustic parameter estimation with various supervision
Influence of the optimization objective and dataset size

Figure 5.9 presents the performance of the acoustic analyzer A, for DRR esti-
mation under two supervision strategies: (i) the proposed RM loss, which leverages
paired reverberant and dry signals, and (ii) the Parameter Matching (PM) loss, which
requires DRR annotations for each reverberant signal.

The evaluation considers three training data regimes (full dataset, 5 % subset, and
100 training samples), across synthetic, out-of-domain, and real RIRs. Performance
is reported using both the PM loss (i.e., MSE between estimated and ground-truth
DRR) and the RM loss as evaluation metrics, to analyze cross-objective consistency.

Models trained to minimize the PM loss perform well when sufficient data is avail-

able, but their accuracy degrades significantly as training data is reduced. In contrast,
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Figure 5.9 — Acoustic parameter estimation: Comparison of the Parameter matching
(PM) and our proposed Reverberation Matching (RM) loss for DRR estimation for
various training set sizes.

RM loss optimization is more challenging on real RIRs, though in-domain training still
outperforms training on mismatched (out-of-domain) data. Notably, on real RIRs,
models trained with RM loss increasingly diverge from their PM-trained counterparts
as more data is provided. This suggests an inconsistency between the two objectives,
likely due to late-reverberation noise in real RIRs, which affects the resynthesized
target in RM but is not modeled by the RIR sampler. The resulting mismatch leads
the model to overestimate reverberant energy, thereby distorting the inferred DRR.
However, on synthetic RIRs, both models trained with PM and RM objectives yield

similar results on synthetic RIRs regardless of data size.

Robustness of the proposed framework to acoustic parameter estimation

errors

Figure 5.10 provides a deeper analysis of the relationship between PM and RM
metrics on the EARS-Reverb dataset. Interestingly, RM loss performance appears
largely independent of DRR estimation accuracy. Even models that overfit under
PM supervision (e.g., when trained on small datasets) exhibit comparable RM perfor-
mance. This indicates that optimizing the RM objective does not require precise DRR
estimation and suggests that A,, need not be finely tuned to be effective. Finally, we
observe that A, achieves strong performance even with limited data, supporting our
design choice to pre-train this module independently before dereverberation model

training.
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Figure 5.10 — Acoustic parameter estimation: Relative performance of each estimated
blind DRR estimation sample from EARS-Reverb on the PM and RM metrics

5.5.4 Unsupervised dereverberation

In this Section, we evaluate the impact of the blind acoustic analyzer module
on the final performance of the dereverberation model trained using our proposed

framework.

Unsupervised training of the neural dereverberator

While the dereverberation network is retrained from scratch, the reverberation
analyzers are reused from the previous experiment and remain frozen. This allows
us to examine how the dereverberation performance varies as a function of both the
loss used to train the reverberation model and the quantity of supervision available
during its training. The dereverberation model itself is always trained on the full set
of reverberant-only data, which reflects realistic deployment scenarios where access to
clean signals or acoustic parameters is limited but not reverberant signals. We focus on
the BiLSTM model trained on real RIRs with the "single" dereverberation loss variant,
as it achieved the best performance on SISDR and WB-PESQ among models that
significantly outperformed the WPE baseline. Results are presented in Figure 5.11.
The best results are obtained when the reverberation analyzer was trained using the
parameter matching (PM) loss, consistent with prior findings where PM minimized
both PM and RM metrics during DRR estimation. As expected, dereverberation
performance improves with increased training data for the reverberation model. A

notable exception is observed when using a reverberation model trained with PM loss
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on a large dataset, which underperforms on the SISDR, and WB-PESQ metrics due to
a very small degradation of the performance of the acoustic analyzer on the RM metric
when the dataset size increases (as seen in the previous experiment). Despite this,
we observe strong dereverberation performance when the analyzer is trained using the
PM loss, even when using only 100 samples of acoustic parameters, demonstrating the
robustness of our proposed framework in low-resource conditions, and outperforming

the unsupervised baseline of WPE on all metrics.

5.5.5 Training-less variant

In this part, we study the direct optimization of the dry signal given acoustic

parameters, described in Section 5.3.2.

Results in an unsupervised setting

Figure 5.12 shows the performance of the training-less variant compared to the
BiLSTM variant (that is trained using the framework described in the previous sec-
tion), on the EARS-Reverb dataset. Both variants use the Acoustic analyzer trained
using 100 samples of paired wet signals and acoustic parameters. One hundred gra-
dient steps are performed at inference for the training-less variant. The training-less
variant fails to properly dereverberate the input signal, in the sense that no significant
(p-value <1x10~*) improvement over the reverberant input can be produced. This in-
dicates that training a dereverberation model on a dataset of reverberant signals is still
necessary for effective unsupervised dereverberation. The time complexity required
to perform the 100 gradient descent steps required at inference for the training-less
method makes it less effective than the WPE baseline, that already shows a good

dereverberation performance after only 3 iterations.

Analysis of a gradient step

We can confirm these results by observing how the optimization of the training-less
variant loss function defined in Eq. (5.12) influences the distance of the dereverberated
signal with both the reverberant input and the dry signal. Several key criteria are
supposed to be met for a meaningful optimization:

— The loss between the synthesized reverberant signal and the reverberant input

should be lower than the loss between the dry signal and the reverberant input:
L(S,h,Y) < L(S,8,Y). (5.30)

— The synthesized reverberant signal should be closer to the reverberant input
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Figure 5.13 — Schematic view of the expected and measured reverberation losses.

than to the source signal:
L(S,h,Y) < L(S,h,S). (5.31)

— Between two iterations of the reverberation-matching loss optimization for
dereverberation, the dereverberated signal should go closer to the dry signal

and farther from the reverberant signal:
LXD hY)< LX) hY)=£(XD 5,8)> (X 5.8), (5.32)

where X is the signal being optimized.

These proposed criteria can be visualized on Figure 5.13.

We simulate the first gradient step of the training-less variant of our method, with
X initialized at Y, on the test dataset of EARS-Reverb. We sample the RIR using
oracle parameters, in order to alleviate RIR parameter estimation errors. As in the
previous experiments, we use the single loss variant.

We perform a non-parametric Wilcoxon paired signed-rank test, with a two sided
alternative. The first criterion is met, indicating that the proposed reverberation sam-
pler brings the dry signal closer to the reverberant input. The second criterion is not
met, meaning that the reverberation synthesized using our proposed sampler is still
very weak compared to adding reverberation by convolving from a measured impulse
response. Our proposed reverberation procedure cannot even bring a ground-truth
dry signal halfway towards its reverberant counterpart. While this result does not
mean the proposed procedure is unable to perform dereverberation, it indicates that
more optimization steps might need to be performed in order to obtain a satisfying
dereverberated signal. The third criterion is not met, indicating that optimizing the
proposed reverberation-matching loss fails to produce a meaningful dry signal. In
other words, minimizing the reverberation matching loss fails to optimize towards a
dry signal The proposed reverberation matching loss is not a good proxy in order to

dereverberate a signal. This objective misalignment can be explained by the inaccu-
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Figure 5.14 — Summary of the results for the BiLSTM model. Improvement of the
reverberant input for all methods.

racy of our proposed reverberation sampling procedure. Indeed, all criteria are met

when using ground-truth RIRs instead of sampled ones .

While the training-less dereverberation procedure fails to produce a meaningful
dereverberated signal, the data-driven procedure still manages to enhance its rever-
berant input after being trained with our proposed reverberation-matching loss as an
objective. This can be explained by the fact that, the deep-learning-based optimiza-
tion procedure is trained to optimize a nonlinear mapping from the reverberant signal
to the dry signal, rather than optimizing each sample individually. The DNN hence
learns the reverberation-matching objective on a full dataset of reverberant signals,
and can therefore act as a learnt prior over the distribution of dry signals. This reg-
ularization explains the satisfactory results of our proposed hybrid dereverberation

framework.

5.5.6 Summary of the best-performing method

For comparison, we also evaluate strongly supervised variants of our proposed

method in data-limited scenarios.

Figure 5.14 summarizes the performance of the BILSTM model in each supervision
setting detailed above on the EARS-Reverb dataset. We also compare the results of
this method when the model is trained using only 100 pairs of dry and reverberant
signals.

When trained with only 100 paired dry and reverberant samples, the BiLSTM
dereverberation model exhibits markedly poor performance, failing to generalize effec-
tively. These findings suggest that leveraging a small number of in-domain annotations
to pre-train the acoustic analyzer, followed by unsupervised training of the derever-
beration model, yields superior performance compared to directly training a strongly

supervised dereverberation model under data-limited or mismatched conditions.
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5.6 Conclusion

In this chapter, he dereverberation problem is formulated as a maximum likelihood
estimation of the dry signal and acoustic parameters. We propose to solve this prob-
lem using a hybrid approach that is adaptable to several supervision settings. Our
most data-efficient method outperforms state-of-the-art unsupervised dereverberation
methods by leveraging only 100 samples of acoustic parameters such as direct-to-
reverberant ratio and reverberation time. Our experiments show that, although our
approach can be generalized to any dereverberation and reverberation models, their

underlying priors should match.






Chapter 6

Conclusion and Perspectives

Chapter abstract

In this chapter, we summarize our findings, in order to answer the research ques-
tions. We provide an overview of the tools we developed throughout this research.
Additionally, by acknowledging the limitations of our approaches, we suggest fu-

ture research directions.

6.1 Summary of our findings

In Chapter 4, we explored the intersection of dereverberation and acoustic system
identification, leveraging deconvolution techniques to establish a novel framework for
non-blind acoustic system identification. Given a reverberant measured signal and a
dry source estimated by a neural dereverberator, we analyzed whether it is possible to
determine the acoustic system in which the reverberant signal was recorded. In such a
blind setting, the acoustic system identification problem boils down to a deconvolution
problem. However, this approach introduces a new challenge: the neural dereverber-
ator’s output is prone to estimation artifacts due to imperfect dereverberation, which
complicates the deconvolution process.

We evaluated existing dereverberation techniques in this non-ideal scenario and
found that they are not robust to noise. Specifically, deconvolved RIRs exhibit noisy
tails, which contradicts the expected exponentially decaying late reverberation de-
scribed by acoustic models. To address this issue, we introduced a novel non-blind
acoustic system identification technique, that incorporates a regularization on the tail
of the deconvolved RIRs, ensuring it has a physically plausible decay.

Furthermore, we put forward a novel physical training loss for neural dereverber-
ators, aiming to train the network in a way that ensures physical consistency, thus
improving its performance in non-blind system identification tasks. Through this ap-

proach, we evaluated several neural dereverberator architectures and observed that

103
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not all were capable of optimizing the proposed physical loss. In fact, improvements
in the physical loss did not always translate to significant gains in dereverberation per-
formance, highlighting a key challenge: most neural architectures struggle to jointly
optimize for reverberation matching and dereverberation. This setting enables us to
evaluate several architectures of neural dereverberators on their compatibility with
room acoustics.

To overcome this limitation, we proposed a regularization strategy that combines
the physical loss with a traditional dereverberation loss enabling the neural derever-
berator to simultaneously perform acoustic system identification and dereverberation.

While the proposed method demonstrates the feasibility of linking dereverbera-
tion and deconvolution-based acoustic system identification, its performance remains
bounded by the inherent instability of deconvolution and the use of a regularization
technique that only imposes a soft constraint. In Chapter 5, we address these limi-
tations by introducing a probabilistic framework that models the reverberant signal
as the convolution of a deterministic source and a stochastic RIR parametrized by
a small set of deterministic acoustic parameters. Within this formulation, both the
deconvolution and the acoustic parameter estimation problems are cast as a maximum-
likelihood estimation problem. Instead of training the DNN using a physics-driven
loss regularization, we define a novel training framework in which the loss is computed
as a distance between the observed reverberant and a synthesized reverberant signal
sampled from the acoustic model. This design incorporates physical consistency di-
rectly into the loss function through explicit modeling of the reverberation process,
rather than through indirect regularization. A key advantage of this approach lies in
its flexibility regarding supervision. The proposed framework supports a wide range of
supervision settings, starting from strongly supervised training, using the exact RIR
as characterization of the acoustic system, towards an unsupervised regime, including

a variety of weakly-supervised configurations.

6.2 Answer to the research questions

After investigating both sides of dereverberation and acoustic system identifica-

tion, we are now able to answer the two research questions that drive our study:

1. To what extent are existing neural dereverberators consistent with room acous-
tics?
2. How to leverage room acoustics models in data-driven methods for dereverber-
ation?
We have shown that the ability of dereverberation models to yield a sufficiently ac-
curate sound source estimate to perform acoustic system identification is hindered by
the low robustness of existing deconvolution techniques. In practice, pre-trained dere-

verberation models generally fall short in this regard. However, by jointly optimizing
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the neural networks to perform both dereverberation and acoustic system identifica-
tion, we demonstrated that certain neural architectures could learn to retrieve realistic
RIRs at no cost on their dereverberation performance. This finding establishes that
some neural dereverberators, when carefully trained, can be made consistent with

fundamental physical properties of room acoustics.

Throughout this thesis, we explored two complementary strategies for integrating
room acoustics models with data-driven dereverberation: in Chapter 4 we introduced
soft constraints on the neural dereverberator, by regularizing its training loss using
physical priors. In Chapter 5, we proposed to integrate hard constraints on the training
framework of a neural dereverberator, structuring it around an explicit reverberation
synthesis process. These two approaches respectively embody the dual operators at
the core of reverberation modeling: deconvolution for matching RIRs, and convolu-
tion for matching reverberant signals. Our results demonstrate that hybrid models
combining data-driven dereverberation with model-based reverberation leverage the
performance of data-driven methods and the interpretability and adaptability to lim-

ited data scenarios provided by model-based approaches.

In other words, we have proposed several hybrid deep-learning approaches that

could foster understanding of both sonic spaces and sonic sources.

6.3 List of our contributions

Throughout this research, we have developed three novel hybrid approaches for

dereverberation and acoustic system identification:

— A non-blind acoustic system identification method: this method yields
physically realistic RIRs by enforcing a constraint on their energy decay. We
have shown that this approach remains effective when the dry source is esti-
mated from the reverberant signal by a neural dereverberator.

— A joint training method for blind acoustic system identification and
dereverberation: this approach enables a neural dereverberator to simulta-
neously perform both tasks, compensating for the lack of robustness of decon-
volution techniques. It successfully produces physically plausible RIRs with-
out compromising dereverberation performance, and can be applied to out-of-
domain sources such as singing voice.

— A flexible training strategy for dereverberation: by formulating dere-
verberation in a maximum-likelihood framework, we enable a neural derever-
berator to be trained under the supervision of a stochastic and parametric
reverberation model. This novel framework does not only train the neural
dereverberator in a physically consistent manner, but also allows to use less

data for training, harnessing the true power of hybrid approaches.



106 CHAPTER 6. CONCLUSION AND PERSPECTIVES

6.4 Limitations of our contributions

While our contributions represent significant advancements, several limitations
need to be addressed in future research.

One key limitation arises from our approach to modeling deconvolution. Although
initially promising, this strategy proved to be less robust than anticipated. The in-
herent instability of deconvolution techniques, particularly when the dry source is es-
timated from the reverberant signal, hindered the overall effectiveness of the method.

Moreover, further investigation is needed into the expressiveness of different DNNs
architectures for acoustic modeling. While some of the architectures we explored
showed potential, we acknowledge that the diversity of available models means that a
more exhaustive analysis is necessary to draw solid conclusions on the compatibility
of data-driven methods and model-based reverberation. Additionally, we did not test
state-of-the-art dereverberation methods on their ability to perform acoustic system
identification, although it could offer valuable insights and potentially enhance the
performance of our proposed methods.

Lastly, our model-based hybrid training techniques caused the computational re-
quirements and resource usage to increase compared to the baseline supervised train-
ing. While we ensured that the computational requirements for inference remained the

same as the baseline, such a computational cost remains an important consideration.

6.5 Perspectives

Among our contributions, the framework for dereverberation formulated in Chap-
ter 5 offers particularly promising perspectives for further exploration. This frame-
work can be extended in several ways, accounting for generative models of varied
audio sources, a wider range of reverberation models, and other inverse problems in

signal processing.

6.5.1 Generative source models

The framework proposed in Chapter 5 could be framed around a probabilistic
generative source model rather of a deterministic one, for better interpretability and
performance. Indeed, while a deterministic source can be considered as having a de-
terministic position, a generative source can be interpreted as having a stochastic
position within a room, thereby naturally aligning with the assumption of the SWFET
used in this work. A straightforward implementation would be to define a maximum
a posteriori estimation framework accounting for a stochastic sound source, instead
of the maximum likelihood estimation of the deterministic dry source proposed in
Chapter 5. Another advantage of such an approach is that a generative neural dere-

verberator would be able to model the joint distribution of dry and reverberant signals,
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and would hence be better suited to a stochastic reverberant signal. Such a framework
could also be used to model the mapping between a reverberant signal distribution
and a joint source and reverberation distribution as being bijective, calling for flow-
matching [269] techniques to invert reverberation and explore the continuous field
between dry and reverberant signals.

Furthermore, generative source models are able to model more complex data dis-
tributions than discriminative methods, making this extension directly applicable to a
wider range of sources, such as singing voices or musical instruments. This extension
is also meaningful as our proposed framework is adapted to domains where anechoic

data is hardly available.

6.5.2 Improvements of the reverberation model

The stochastic reverberation model used in this work could be further refined
to improve realism and generalization. Recent advances in blind acoustic system
identification and data-driven reverberation modeling, particularly those based on
DDSP frameworks, could be leveraged to increase the physical accuracy of the model.
Moreover, a deterministic representation of early reflections could be incorporated by
enforcing sparsity constraints, following approaches such as [270].

An additional extension would be to move towards a multichannel formulation.
While the proposed framework can already generate virtual microphone channels
by sampling multiple RIRs from the stochastic reverberation model, we have shown
that this strategy yields no significant improvement in the single-channel case. In a
true multichannel context, however, spatial consistency constraints could be explicitly
modeled, potentially leading to more coherent and robust dereverberation.

Such extensions are expected to enhance the performance of the unsupervised and
weakly supervised variants of the proposed framework, whose effectiveness is currently

limited by the simplicity of the underlying Polack model.

6.5.3 Application to other inverse problems

The proposed framework, by explicitly disentangling the sound source from rever-
beration effects, naturally extends to a broader class of inverse problems. A first di-
rection is acoustic matching, where the ability of the model to jointly capture a source
and room characteristics could be rigorously evaluated. More generally, the concept
of supervising a source reconstruction model through a differentiable degradation pro-
cess can be applied beyond dereverberation to a wide range of signal restoration tasks,
including image deconvolution, bandwidth extension, and audio declipping. Such ex-
tensions would further demonstrate the versatility of the proposed flexible supervision

training framework across domains.
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Appendix A

Proofs of Chapter 4

A.1 STFT reconstruction from the convolutive transfer

function

From [62, Eq. (68)], let g, and g5 the STFT analysis and synthsis windows re-

spectively.
Hf7f/,t = Z h[l] Z ga[m]efj2ﬂfm/Ngs [tL _ l + m]e_]Qﬂ‘f/(tL*l“rm)/N (Al)
= Z Rhll] Zga[m' — tL — [|e P2 —L=0/N g 11 ed2m S m! /N (m' < tL —1+m

(A.2)

By summing (—1)f/7-[f’f/,t over f’, we have:

Z (_1>f/Hf,f’,t _ Z Z h[l] Zga[m/ 4L — l]e—j27rf(m’—tL—l)/NgS [m/]ejZWf’m’/N
- I m

(A.3)
—Zh Zgam—tL—l] AT DN g Zeﬂ’f (@m'+1)/N
(A.4)
Yet, Zﬁx;(l) TG HD/N = 0 unless m’ = N/2, so:
N—-1 '
(=) Hyspy = gs[N/21S  h(1)ga[N/2 — tL — l)e 727/ (N/2=tL=D/N (A.5)
£
f'=0 l

The right-hand side is proportional to the STFT of A. Multiplying by (—1)f’ enables

to shift the analysis window by —/N/2, and corresponds to the implementation of the
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pytorch library [258], in which the first STFT analysis window is centered at the start

of the signal.

A.2 Proximal gradient descent

A.2.1 Proximal operator

1
prox, () £ argmin Ag(h) +  [Ih — 213
h

This proximal operator is separable, so it can be computed element-wise as:

pFOX/\g(:c)[n] = alrgmin1 (h[n] — 33)2 + Amax (0, h[n]2 — 026*271/7)
h[n]

Two cases are straightforward:

— If |z < g2e 27

prox,,(z)[n] = argmin1 (h[n] — z)?
h[n]

=T

— If |z]| > g2e 27

1
prox,,(z)[n] = argmin  ||h[n] — :L‘||§ +A (h[n]2 - 026_2”/T>
W) 2

(A.6)

(A7)

(A.10)

(A.11)

The last situation arises when the proximal operator would bring h[n] below the

threshold of o2e=2"/7. In this case, prox,,(z)[n] = sign (h[n]) oe /T

A.2.2 Exact line search

n = argmin Ly (h — NV, (h))
n>0

= axgmin | 7(s) (h = 20T (T()h — ) — |

n=>0
2

= argmin [ 7(s)h —y — 20 (T()T () T(s)h = T(s)T()Tw) |

n=>0

B a'db
=—,
all3

2

(A.12)
(A.13)

(A.14)

(A.15)
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where b = T(s)h —y and a = T(s)T (s)"b. Using the property of Eq. (2.19), we have
b=sxh—yand a=2sx(s®0b)
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Résumé: Cette thése porte sur la modélisation
de l'acoustique des salles dans les approches
d’apprentissage profond pour la déréverbéra-
tion. Les signaux audio enregistrés sont sou-
vent altérés par des effets de réverbération dis
a la propagation du son dans I'espace, ce qui
nuit a leur intelligibilité et leur qualité. Cepen-
dant, la plupart des approches d’apprentissage
profond développées pour atténuer ces effets
restent en grande partie opaques et difficile-
ment interprétables d’'un point de vue physique.
Aprés avoir étudié la compatibilité des réseaux
neuronaux profonds existants avec des mod-

Titre: Déréverbération neuronale profonde hybride sensible a I'acoustique

Mots clés: Déréverbération; Apprentissage profond hybride; Réverbération; Traitement du signal

eles d’acoustique des salles, nous proposons
deux méthodes d’hybridation afin d’introduire
des contraintes physiques dans leur apprentis-
sage. La premiere régularise la fonction de
perte d’entrainement d’'un réseau neuronal pro-
fond pour encourager des solutions physique-
ment plausibles, et la seconde s’appuie sur une
formulation en maximum de vraisemblance du
probléme de déréverbération et consiste en une
stratégie d’apprentissage non supervisée inté-
grant un modéle de réverbération dans un réseau
neuronal.

Abstract: The aim of this thesis is to lever-
age room acoustics models in deep-learning-
based approaches for dereverberation. Audio
signals are often altered by reverberation effects
induced by objects and walls of the room in which
they propagate, leading to a loss in intelligibil-
ity. However, most deep learning methods de-
veloped to tackle this problem can be considered
as black-box systems, as they are purely data-
driven and not interpretable from a physical per-
spective. After studying whether neural derever-

Title: Acoustics-aware hybrid deep neural dereverberation

Keywords: Dereverberation; Hybrid deep Learning; Reverberation; Audio signal processing

berators are consistent with physical reverbera-
tion models, we propose two hybrid approaches
to train a dereverberation model in a physically
realistic manner. The first one regularizes the
training loss to encourage a deep neural network
to produce realistic solutions, and the second is
motivated by a maximume-likelihood formulation
of the problem and consists in an unsupervised
learning strategy that integrates a reverberation
model into a deep learning framework.
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