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Abstract

Speech is the primary medium for human communication, yet it is almost
always degraded by background noise in real-world environments. This noise
reduces intelligibility and harms the performance of critical applications such as
automatic speech recognition, telecommunications, and audio streaming. Speech
denoising, therefore, plays a vital role in restoring clean speech and ensuring
reliable human-machine interaction.

This thesis explores diffusion-based generative models for speech denoising,
focusing on the Diff Wave architecture. The objective is to build a system that
produces high-quality enhanced speech while operating fast enough for real-world
deployment. To this end, two diffusion step configurations are compared: T=50
and T=200. Although T=200 provides a finer discretization, T=>50 achieves better
generalization on unseen data (SI-SDR: 10.93 dB vs 9.94 dB), with an optimal
inference step of t=5. This is primarily because T=50 was trained for significantly
longer (240,000 iterations compared to 65,000 for T=200) due to GPU constraints,
allowing it to converge more effectively.

To overcome inference latency, Denoising Diffusion Implicit Models (DDIM)
are integrated, reducing sampling steps from 50 to just 3. This achieves a real-
time factor (RTF) of 0.0732, corresponding to 13.7x real-time performance, with
a minimal quality loss of only -0.64 dB.

A key contribution is the evaluation on Arabic speech. Although trained
exclusively on English digits, the model achieves its best performance on the
Arabic dataset (SI-SDR = 3.94 dB), with the majority of test samples showing
improvement after processing, confirming strong cross-lingual generalization. This
is attributed to the model’s ability to learn latent acoustic representations that
transcend language boundaries.

The model was also evaluated on French speech using the Common Voice
dataset, demonstrating clear cross-lingual generalization capabilities with promis-
ing results that support its effectiveness in diverse linguistic environments.

The model is also validated on real-world recordings from office, street, and
cafeteria environments, confirming its practical applicability beyond controlled
laboratory conditions. These results demonstrate that the proposed approach
offers a practical, fast, and language-robust solution for speech denoising, suitable
for real-time applications.

Keywords: Speech Denoising, Speech Processing, Audio Signal Processing, Deep
Learning, Diffusion Models, Speech Enhancement, Signal-to-Noise Ratio (SNR),
DDPM, DDIM.



Résumé

La parole est le principal moyen de communication humaine, mais elle est
presque toujours dégradée par le bruit ambiant dans les environnements réels. Ce
bruit réduit I'intelligibilité et nuit aux performances des applications critiques telles
que la reconnaissance vocale automatique, les télécommunications et la diffusion
audio. Le débruitage de la parole joue donc un role essentiel dans la restauration
d’une parole claire et fiable.

Cette these explore les modeles génératifs basés sur la diffusion pour le
débruitage de la parole, en se concentrant sur ’architecture Diff Wave. L’objectif
est de concevoir un systeme qui produit une parole de haute qualité tout en
étant suffisamment rapide pour une utilisation en temps réel. Deux configurations
d’étapes de diffusion sont comparées : T=50 et T=200. Bien que T=200 offre une
discrétisation plus fine, T=>50 généralise mieux sur des données non vues (SI-SDR
= 10.93 dB contre 9.94 dB), avec une étape d’inférence optimale a t=>5. Ce résultat
s’explique par un entrainement plus long de T=50 (240 000 itérations contre 65
000 pour T=200), en raison des contraintes GPU.

Pour réduire la latence, I’'approche DDIM est intégrée, réduisant les étapes
d’inférence de 50 a 3, atteignant un facteur temps réel (RTF) de 0.0732, soit 13.7x
plus rapide que le temps réel, avec une perte de qualité de seulement -0.64 dB.

Une contribution majeure est l’évaluation sur la parole arabe. Bien que le
modele ait été entrainé uniquement sur l'anglais, il obtient ses meilleurs résultats
sur 'arabe (SI-SDR = 3.94 dB), démontrant une forte capacité de généralisation
inter-langues.

Le modele a également été évalué sur la parole francaise a ’aide de I’ensemble
de données Common Voice, démontrant une capacité claire de généralisation inter-
langues avec des résultats prometteurs qui soutiennent son efficacité dans des
environnements linguistiques diversifiés.

Le modele est également validé sur des enregistrements réels (bureaux, rues,

cafétérias), confirmant son applicabilité pratique.

Mots-clés : Débruitage de la parole, traitement de la parole, apprentissage
profond, modeles de diffusion, amélioration de la parole, rapport signal-bruit
(SNR), DDPM, DDIM.
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General Introduction

Speech is one of the most fundamental and natural forms of human communication.
With the rapid advancement of digital technologies, speech signals have become integral
to a wide range of applications, including telecommunications, voice-controlled systems,
automatic speech recognition, and multimedia streaming [1]. However, in real-world envi-
ronments, speech signals are almost always contaminated by various types of background
noise, such as environmental sounds, electronic interference, and reverberation [2]. This
noise not only degrades the perceptual quality of the speech but also significantly impairs
the performance of downstream systems that rely on clean audio input [3]. Consequently,
speech denoising has emerged as a critical research area aimed at recovering clean speech
from noisy observations while preserving its intelligibility and naturalness [4].

Over the past decades, numerous approaches have been developed to address the
speech denoising problem. Early methods were primarily based on classical signal
processing techniques, including spectral subtraction, Wiener filtering, and statistical
model-based estimators such as Minimum Mean Square Error (MMSE) [5]. These
methods rely on assumptions about the statistical properties of speech and noise, and
they perform reasonably well under stationary noise conditions [6]. However, they often
fail in complex acoustic environments where noise is non-stationary, colored, or highly
correlated with the speech signal [7]. The limitations of these traditional approaches
have motivated the exploration of data-driven methods that can learn complex mappings
between noisy and clean speech directly from examples [8].

The advent of deep learning has revolutionized the field of speech denoising. Neural
network architectures such as Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and their variants have demonstrated remarkable ability to suppress
noise while preserving speech quality [3]. More recently, generative models have gained
significant attention for their capacity to model the underlying distribution of clean speech
and generate high-fidelity outputs [9]. Among these, diffusion-based generative models
have emerged as a particularly promising paradigm [10]. These models operate through
a two-stage process: a forward diffusion process that gradually corrupts clean speech
by adding Gaussian noise, and a reverse denoising process that learns to reconstruct the
original signal from the noisy input [11]. Variants such as Denoising Diffusion Probabilistic
Models (DDPM) and Denoising Diffusion Implicit Models (DDIM) have shown state-of-
the-art performance in speech restoration tasks, offering both high-quality reconstruction
and robust generalization across diverse noise conditions [12, 13, 14].

Despite these advances, several challenges remain open. The high computational cost
and inference latency of diffusion models limit their deployment in real-time applica-
tions [? ]. Moreover, the vast majority of existing work focuses on English speech, leaving
languages such as Arabic underexplored in the context of diffusion-based denoising. This
thesis addresses these gaps by investigating the acceleration of diffusion models using
DDIM, and by providing the first comprehensive quantitative evaluation of a diffusion-
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based denoising system on Arabic speech. Additionally, we extend the evaluation to
French speech using the Common Voice dataset [15] to further assess the cross-lingual
generalization capabilities of the model and validate its effectiveness across multiple
languages.

This thesis focuses on the study, implementation, and evaluation of diffusion-based
speech denoising techniques. The primary objectives are to enhance the performance of
existing diffusion models using DDIM acceleration strategies, to conduct a comprehensive
empirical evaluation across multiple languages and noise conditions, and to assess the
generalizability of these models to Arabic speech, which remains underrepresented in
the literature. To this end, we adopt the DiffWave architecture as our base generative
model [16], and we systematically compare two diffusion step configurations (T=50 and
T=200) under a wide range of acoustic scenarios.

Key Contributions of This Work:

« Comprehensive Evaluation: First quantitative evaluation of the DiffWave

architecture for speech denoising across 14 noise types and 3 SNR levels, using
six objective metrics (SNR, SI-SDR, PESQ, STOI, MOS, RTF).

e Model Optimization: Comparison between T=50 and T=200 diffusion steps,
demonstrating that T=50 achieves better generalization (SI-SDR: 10.93 dB vs 9.94
dB) despite higher training loss, due to longer training convergence.

o Inference Acceleration: Successful integration of DDIM, reducing sampling steps
from 50 to 3, achieving a real-time factor of 0.0732 (13.7x real-time performance)
with a minimal quality drop of only -0.64 dB.

e Cross-Lingual Generalization: The model, trained only on English digits,
achieved superior performance on Arabic speech (SI-SDR = 3.94 dB, success rate =
71.2%), and promising results on French speech (SI-SDR = 3.22 dB), demonstrating
strong cross-lingual generalization across multiple languages.

« Real-World Validation: Successful denoising on real-world recordings from office,
street, and cafeteria environments, confirming practical applicability.

Document Structure:

o Chapter 1: Fundamentals of speech processing, noise types, challenges, and
diffusion-based models (DDPM, DDIM) with evaluation metrics (SNR, SI-SDR,
PESQ, STOI, MOS, RTF).

o Chapter 2: State-of-the-art speech denoising methods, from traditional signal
processing to deep learning and generative models (GANs, diffusion models).

o Chapter 3: Design and implementation of the DiffWave-based speech denoising
system, including dataset preparation and training pipelines.

o Chapter 4: Presents experimental evaluation across four datasets (SC09, Arabic,
LJSpeech, and French), comparing DDPM (T=50 and T=200) and DDIM accel-
eration under 14 noise types at three SNR levels (-5, 0, 5 dB), using six objective
metrics: SNR, SI-SDR, PESQ, STOI, MOS, and RTF.



Chapter 1

Generalities about Speech and
Speech Denoising

1.1 Introduction

Speech signals are inherently susceptible to noise during acquisition, transmission, and
storage, degrading both perceptual quality and intelligibility. This negatively affects
downstream applications such as speech recognition and communication systems, making
speech denoising a fundamental and active research problem. This chapter provides the
theoretical foundation for the work presented in this thesis. It begins by reviewing
the fundamentals of audio and speech signals, including their characteristics, digital
representation, and the nature of noise corruption (Sections 1.2). The key challenges that
make speech denoising a difficult task — such as noise variability, speech distortion, data
scarcity, and real-time constraints — are then discussed in Section 1.3. Section 1.4 surveys
data-driven learning paradigms for denoising, covering supervised, unsupervised, self-
supervised, and generative approaches. Building on this, Section 1.5 introduces Denoising
Diffusion Probabilistic Models (DDPM) and their accelerated variant, Denoising Diffusion
Implicit Models (DDIM), which form the core methodology of this thesis. Finally, Section
1.6 presents the objective evaluation metrics used throughout this work, including SNR,
SI-SDR, PESQ, STOI, MOS, and RTF.

1.2 Audio and Speech Fundamentals

Audio and speech signals form the foundation of many communication and recognition
systems. Speech is a complex acoustic signal that carries linguistic information, speaker
characteristics, and prosodic features, and its accurate extraction and processing is crucial
for a wide range of applications [17].

Audio signals can be represented in terms of amplitude, frequency, and phase, and
they may include a mixture of speech, environmental sounds, and other background noise.
Techniques for analyzing and processing audio signals often rely on digital representations,
allowing signals processing and enhancement using computer tools [18].

Multimodal speech processing systems, which integrate audio and visual information,
improve the accuracy of speech recognition and processing, particularly in noisy environ-
ments. These systems leverage the correlation between speech and lip movements or facial
expressions to enhance performance, highlighting the importance of integrating multiple
information sources in speech processing applications [19].
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Understanding the fundamentals of audio and speech signals is therefore essential for
the development of effective speech denoising, recognition, and enhancement techniques.

1.2.1 Characteristics of Audio Signals

An audio signal represents sound as a varying electrical or digital waveform that can
be analyzed and processed by computers and electronic systems. One of the main
characteristics of an audio signal is its variation in amplitude over time, which
corresponds to how loud or soft the sound is perceived. Another key characteristic is
frequency, which determines the pitch of the sound; different frequency components in
speech make vowels and consonants distinguishable from each other [17].

Sound waves can be mathematically described as:

y(x,t) = Asin(2n ft — ) (1.1)

where A is amplitude, f is frequency, ¢ is time, and & is phase.
The relationship between frequency and period is fundamental:

1
f=7 (1.2)

Figure 1.1 shows a typical time-domain waveform of a speech signal, where
amplitude variations over time are clearly visible. Peaks correspond to high-energy speech
segments, while flat regions indicate silence or low-energy phonemes.

Audio Waveform of "Hello World"

0.5 1 1.5 2 2.5 3
(a)

Normalized
Amplitude
(] -

-
o

Figure 1.1: Time-domain waveform of a speech signal showing amplitude variations
over time. The normalized amplitude ranges from -1 to 1, with peaks representing

high-energy speech segments and flat regions indicating silence or low-energy phonemes.
(Source: McLoughlin, 2016, p. 8)

Figure 1.1 shows the time-domain waveform of a speech signal, where
amplitude variations are clearly visible over time.

Audio signals can also be viewed in the frequency domain, where the signal is
expressed as a combination of sinusoidal components. This representation is useful
for identifying dominant frequency bands and for processing tasks such as filtering and
enhancement [18].

Figure 1.2 illustrates a spectrogram of the phrase ”Hello World”, where the
horizontal axis represents time, the vertical axis represents frequency, and color intensity
indicates power density. The dark horizontal bands, known as formants, correspond to
resonant frequencies of vowels.

Additionally, audio signals often contain complex mixtures of speech and environ-
mental sounds, and their structure may change rapidly over time. In speech processing

4
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Figure 1.2: Spectrogram of the phrase "Hello World” showing time-frequency
representation. The horizontal azis represents time (seconds), the vertical axis
represents frequency (kHz), and color intensity indicates power density (dB/Hz).
Formants (dark horizontal bands) are visible as resonant frequencies of vowels. (Source:
McLoughlin, 2016, p. 8)

applications, it is sometimes helpful to consider visual cues, such as lip movement or facial
expressions, together with audio features, because these multimodal characteristics can
improve recognition and robustness in noisy conditions [19].

These fundamental properties of audio signals — amplitude variation, frequency
content, and temporal structure — form the basis for further analysis in applications
like speech recognition and denoising.

1.2.2 Speech Signal

A speech signal is a specific type of audio signal produced by the human vocal tract.
It carries **linguistic information®™*, such as phonemes and words, as well as **speaker-
specific characteristics™* like pitch, accent, and speaking style [17]. Speech signals are
inherently **time-varying®* and consist of different sound components, including voiced
sounds (like vowels) with periodic structures and unvoiced sounds (like consonants) with
more noise-like characteristics [18].

Figure 1.3: A woiced speech signal showing its fundamental frequency Fo = 1/T. The
periodic waveform represents a vowel sound with clear pitch periods. (Source:
McLoughlin, 2016, p. 7)

The analysis of speech signals often requires examining both the **temporal varia-
tions™* and **frequency content™*. Temporal patterns provide information about rhythm
and duration, while frequency components are crucial for identifying vowels, consonants,
and prosody [19]. Because speech signals are complex and often corrupted by environmen-
tal noise, processing them effectively requires understanding these fundamental properties.
As illustrated in Figures 1.3 and 1.4, speech exhibits both **periodic structure®* (in
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Figure 1.4: Multi-scale visualization of a speech signal: (Top) phrase-level contour,
(Middle) syllable-level variations, (Bottom) phoneme-level details. (Source: McLoughlin,
2016, p. 7)

voiced segments) and **multi-scale temporal dynamics**. The three-scale representation
demonstrates how speech can be analyzed at different resolutions: from prosodic contours
spanning seconds down to phonetic details within milliseconds. This hierarchical nature
is essential for designing denoising algorithms that must preserve speech characteristics
across time scales. In addition, multimodal speech systems can combine audio with visual
cues, such as lip movements, to improve recognition performance, especially in noisy
conditions. This highlights the importance of capturing both the acoustic and contextual
features of speech for applications such as speech recognition and enhancement [19].

1.2.3 Digital Representation of Speech

The digital representation of speech involves the conversion of continuous speech signals
into discrete forms suitable for processing, storage, and transmission [20]. This is
governed by two core operations: sampling, constrained by the Nyquist-Shannon theorem
(equation 1.3 ), and quantization, which maps continuous amplitudes to discrete levels.

fs >2'fmam (13)

where f, is the sampling frequency and f,,., is the maximum frequency component in the
speech signal.

Beyond the raw waveform, speech can be represented in the spectral domain using
digital filters to model frequency components [21], or through compact sparse and non-
negative representations for enhancement and recognition tasks [22]. Modern approaches
also rely on learned representations extracted directly from data, capturing high-level
speech characteristics without manual feature engineering [23].

Time-Frequency Analysis: Short-Time Fourier Transform (STFT)

While traditional Fourier analysis provides frequency information for an entire signal,
speech signals require time-localized frequency analysis due to their non-stationary nature.
The Short-Time Fourier Transform (STFT) addresses this by dividing the signal into short
segments and analyzing each segment separately.

The STFET of a continuous signal x(7) is mathematically expressed as [24]:

6
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X(t,w) = / o(7) - w(t —7)- e T dr (1.4)
where w(t—7) is a window function that localizes the analysis around time ¢. Common
window functions include Hamming, Hanning, and Gaussian windows.
For discrete signals, the STF'T is computed as:

X[m, k] = i z[n] - win — mH] - e~ 92n/N (1.5)

where:

o m: Frame index (time dimension)

o k: Frequency bin index (k=0,1,..., N — 1)

o N: Window length (typically 20-40 ms for speech)
e H: Hop size (typically 10 ms for 50% overlap)

o w[-]: Window function samples

The magnitude spectrogram |X[m, k]| provides a visual representation of speech
energy distribution across time and frequency, as shown in Figure 1.2. This representation
is essential for speech denoising algorithms, including diffusion-based approaches, as it
allows separation of speech components from noise based on their distinct time-frequency
characteristics.

To further illustrate this concept in a noisy context, Figure 1.5 presents a spectrogram
of a noisy speech signal, where the overlapping patterns of speech and noise become clearly
visible.

Interpreting the Spectrogram for Denoising

The spectrogram in Figure 1.5 reveals several important aspects for speech denoising:

« Speech Components: Horizontal bands (formants) and vertical striations cor-
respond to voiced speech sounds and transients, exhibiting structured patterns in
time and frequency.

» Noise Characteristics: Background noise often appears as diffuse energy spread
across frequencies (for white noise) or concentrated in specific bands (for colored
noise), lacking the temporal structure of speech.

» Signal-to-Noise Ratio (SNR) Visualization: Regions with high color intensity
(bright colors) indicate higher energy concentration, helping to identify where speech
dominates over noise and vice versa.

This time-frequency decomposition is particularly relevant for diffusion-based denois-
ing models, which can operate on spectrogram representations to learn the complex
mappings between noisy and clean speech by modeling the noise removal process across
both time and frequency dimensions.
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Figure 1.5: Time-frequency representation (spectrogram) of a noisy speech signal. The
top panel shows the time-domain waveform with its amplitude variations. The bottom
panel displays the corresponding magnitude spectrogram, where the horizontal axis
represents time (seconds), the vertical axis represents frequency (Hz), and the color
intensity represents the magnitude (in dB) of the signal’s frequency components at each
time frame. This joint time-frequency visualization is fundamental for analyzing how
noise overlaps with speech components, forming the basis for many modern denoising
techniques. (Source: Loizou, 2012)

1.2.4 Noise in Speech Signals

Noise in speech signals refers to any unwanted disturbance that interferes with the original
speech signal and degrades its quality or intelligibility. In speech processing systems, noise
is considered one of the main factors that negatively affect analysis, transmission, and
recognition performance [2].

Speech signals are often contaminated by different types of noise during acquisition,
transmission, or storage. According to Quilici [20], noise can originate from environmental
sources such as background sounds, recording devices, or communication channels. These
noise components are usually added to the speech signal and alter its spectral and temporal
characteristics.

From a signal processing perspective, noise affects the spectral structure of speech.
Gordy [21] shows that the presence of noise modifies the speech spectrum, making it
more difficult to accurately model or synthesize speech signals using digital filters. This
spectral distortion reduces the effectiveness of speech analysis and synthesis techniques.

In digital speech processing, noise is commonly modeled as an additive component
that overlaps with the useful speech signal, as illustrated in Figure 1.6:

y(t) = a(t) +n(t) (1.6)

Vaseghi [2] explains that this additive noise impacts both time-domain and frequency-
domain representations, leading to a loss of important speech features. As a result, noise
reduction and enhancement techniques are required to improve speech quality.

Modern speech representation approaches also consider the influence of noise on
learned speech features. Williams [23] highlights that noise can entangle speech repre-
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Figure 1.6: Additive noise model in speech processing

sentations, making it difficult to separate linguistic content from noise-related variations.
This challenge motivates the development of robust representations that are less sensitive
to noise.

Furthermore, Lu [25] emphasizes that noise is a critical issue in practical digital signal
processing applications involving speech. Effective handling of noise is essential to ensure
reliable performance in speech analysis, enhancement, and recognition systems.

1.2.5 Types and Mathematical Models of Noise

Noise in speech signals manifests in various forms, each with distinct mathematical
properties that influence denoising strategy effectiveness. Table 1.1 summarizes common
noise types relevant to speech processing.

Table 1.1: Mathematical Models of Common Noise Types in Speech Processing

Noise Type Mathematical Characteristics and Speech
Model Processing Relevance
White Noise W(t)=A-N(t) Constant power spectral den-

sity; used as baseline in diffusion
model forward process

Pink Noise (1/f) | P(f) = fAﬂ Power decreases with frequency;
mimics  natural/environmental
background noise

Brownian Noise | B(t) = fot W(r)dr Low-frequency dominated; re-
sembles rumble or distant ma-
chinery

w2
Gaussian Noise | G(z) = U\}ﬂe_%(%) Normal distribution; fundamen-

tal for statistical modeling and
DDPM formulations

Impulse Noise I(t) =Y, ard(t —tx) | Sudden, short bursts; simulates
clicks, pops in recordings

Uniform Noise U(z) = 55 for z € | Constant amplitude distribution;
[—A, Al models quantization errors
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Gaussian Noise in Diffusion Models

Gaussian noise is particularly significant for diffusion-based denoising, as the forward
process in DDPM/DDIM relies on progressively adding Gaussian noise to clean speech
[10]:

q(x¢|x1) = N(Xt§ V1= Bixi1, B) (L.7)

where f3; is the noise schedule at step t. This controlled corruption process enables the
model to learn the reverse denoising trajectory.

Real-World Noise Characteristics

In practice, speech datasets contain mixtures of multiple noise types, creating complex
acoustic environments [2]. A typical recording might contain:

o Gaussian white noise from electronic circuits and thermal noise

« Pink/brown noise from environmental sources (wind, crowds, machinery)
e Impulse noise from connection artifacts, clicks, and pops

« Periodic noise from electrical hum (50/60 Hz) and rotating machinery

This complexity necessitates robust models like diffusion models that can learn to separate
these overlapping noise distributions from speech signals while preserving speech quality
and intelligibility.

1.3 Challenges in Speech Denoising

Speech denoising research confronts multiple persistent challenges that impact both
algorithmic development and practical deployment. These challenges span technical
limitations, data requirements, and evaluation methodologies.

1.3.1 Noise Variability and Diversity

Real-world acoustic environments present complex noise profiles characterized by high
diversity and temporal variation. Noise sources range from stationary background sounds
to non-stationary, impulsive disturbances, each requiring different processing strategies [2].
The statistical properties of environmental noise often change unpredictably, challenging
algorithms that assume stationary conditions. Recent adaptive approaches employ con-
ditional mechanisms to address varying noise levels and types [26, 27|, though achieving
consistent performance across diverse scenarios remains difficult.

1.3.2 Speech Distortion and Artifact Introduction

A fundamental trade-off exists between aggressive noise suppression and speech quality
preservation. Excessive denoising can remove not only noise but also essential speech com-
ponents, introducing audible artifacts and reducing intelligibility [28]. Common artifacts
include musical noise, speech truncation, and unnatural spectral characteristics. Modern
generative approaches aim to mitigate these issues by learning the statistical properties
of clean speech [29], though perfect artifact avoidance remains elusive, particularly at low
signal-to-noise ratios.

10
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1.3.3 Training Data Scarcity and Quality

Supervised learning approaches for speech denoising typically require paired datasets
containing clean speech and corresponding noisy versions. Obtaining such data at scale
presents practical difficulties, as truly “clean” speech recordings are rare in natural
environments [30]. Recording conditions, equipment limitations, and environmental
contamination often introduce residual noise. Alternative methodologies, including
unsupervised and self-supervised approaches, leverage unpaired or synthetic data but
face their own optimization challenges and performance limitations [29].

1.3.4 Limited Generalization to Unseen Conditions

Models trained on specific noise conditions frequently demonstrate performance degra-
dation when encountering novel acoustic environments. This generalization gap stems
from differences in noise characteristics, recording conditions, and speech patterns not
represented in training data [7]. Adaptation techniques and domain generalization
strategies attempt to address this limitation but often require additional computational
resources or prior knowledge about the target environment [26]. The development of truly
robust denoising systems that perform consistently across diverse real-world scenarios
remains an active research objective.

1.3.5 Real-Time Processing Constraints

Many practical applications, including telecommunication systems and hearing aids, im-
pose strict latency requirements. Complex denoising algorithms, particularly those based
on iterative refinement or multi-stage processing, may exceed acceptable delay boundaries
[29]. Computational efficiency must be balanced against denoising performance, often
necessitating architectural compromises. Recent advances in efficient sampling and model
compression aim to address these constraints while maintaining acceptable quality levels
[14].

1.3.6 Perceptual Evaluation Challenges

The subjective nature of speech quality complicates objective evaluation of denoising
algorithms. While metrics like signal-to-noise ratio improvement provide quantitative
measures, they often correlate poorly with human perception of speech naturalness
and intelligibility [28]. Comprehensive evaluation requires both objective measurements
and subjective listening tests, which are time-consuming and expensive to conduct [1].
Standardized evaluation protocols help ensure comparability between different approaches
but cannot fully capture the perceptual dimensions of speech quality [31].

1.3.7 Multi-Microphone and Multi-Source Complexity

Multi-microphone systems introduce additional challenges beyond single-channel process-
ing. Spatial separation of multiple sound sources requires accurate source localization and
sophisticated beamforming techniques. Array geometry, calibration requirements, and
room acoustics further complicate algorithm design and implementation. The computa-
tional complexity of multi-channel processing increases significantly with the number of
microphones, presenting practical deployment challenges for resource-constrained devices.

11
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1.3.8 Summary and Research Directions

These interconnected challenges highlight the complexity of speech denoising as a research
domain. While significant progress has been made, particularly through deep learning
approaches, substantial work remains to develop systems that are simultaneously effective,
efficient, and robust across diverse real-world conditions. Future research directions
include hybrid approaches combining traditional signal processing with machine learning,
improved unsupervised training methodologies, and more perceptually aligned evaluation
frameworks.

1.4 Learning from Data for Denoising Models

Data-driven approaches have become central to denoising research, with deep learning
models learning the mapping between noisy and clean signals directly from examples. This
paradigm achieves significant gains over traditional handcrafted methods by modeling
complex noise distributions across diverse domains [32, 33]. A key advantage of these
approaches is their flexibility when clean reference data are scarce. Learning-based
frameworks can perform denoising using unpaired or noisy-only data by exploiting the
statistical properties of noise rather than requiring perfectly clean training targets [30].
Generative methods further extend this by learning latent representations of clean signal
manifolds through denoising objectives, as demonstrated by denoising autoencoders [34],
with successful applications spanning biomedical and scientific signals such as ECG and
material data [35, 36].

1.4.1 Types of Learning Paradigms

Learning paradigms are conceptual frameworks that define how models learn from data,
the type of supervision involved, and the learning objective. They are broadly classified
into supervised, unsupervised, semi-supervised, and reinforcement learning [37], with
the choice of paradigm directly shaping the nature of the extracted knowledge [38]. A
more data-centric taxonomy further distinguishes between predictive, interpretive, and
generative paradigms, where data quality and structure determine the most suitable
approach [39, 40]. Within the generative paradigm, diffusion models have emerged as a
prominent modern approach. DDPM [10] and its more efficient variant DDIM [12] learn to
generate data through iterative noise removal, while models such as BDDM demonstrate
their adaptability to complex speech signals [29]. Complementing this, representation
learning — an unsupervised paradigm — aims to capture the underlying structure of data
without explicit labels, with applications in learning disentangled speech features [23].
Overall, learning paradigms span a broad spectrum, with generative and representation
learning standing as key advancements driving modern speech processing research.

1.4.2 Supervised, Unsupervised, Generative Approaches, and Self-
Supervised

The four primary learning approaches can be summarized as follows. Supervised learning
trains models on labeled input-output pairs and forms the foundation of deep learning
for tasks such as speech and image recognition [41]. Unsupervised learning operates on
unlabeled data to discover inherent structures and meaningful representations [42, 43].
Generative approaches learn the underlying data distribution to produce new samples,
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with Generative Adversarial Networks (GANs) being a notable example [44, 45]. Self-
supervised learning bridges the gap between supervised and unsupervised paradigms
by generating supervisory signals directly from the data itself, with applications in
anomaly detection and visual semantics [46, 42]. Together, these paradigms form a
comprehensive taxonomy of modern machine learning approaches, each suited to different
data availability and task requirements [39)].

Table 1.2 summarizes the key differences between these four learning
paradigms, highlighting their definitions and typical applications in speech processing.

Table 1.2: Comparison of Machine Learning Paradigms

Paradigm Definition Examples / Applications

Supervised Model learns from | Classification (speech emotion

Learning labeled data (input- | recognition), Regression (predict-
output pairs) ing noise levels)

Unsupervised Model finds patterns | Clustering (speaker diarization),

Learning from unlabeled data | Dimensionality reduction (PCA)

Self-Supervised
Learning

Model generates la-
bels from input data

Masked audio modeling,
trastive learning for speech

con-

itself to learn repre-
sentations

Model learns the un-
derlying data distribu-
tion to generate new
samples

Generative
Models

DDPM, GANs, VAE for speech
synthesis and denoising

1.5 Denoising Diffusion Models

Denoising Diffusion Probabilistic Models (DDPMs) are a class of generative models
designed to learn complex data distributions through a sequential denoising process.
These models have recently shown remarkable performance in speech enhancement tasks,
providing robust results across different noise conditions [10, 11]. DDPMs consist of two
main components: a forward diffusion process, which gradually adds noise to clean speech,
and a reverse denoising process, which reconstructs the original signal.

Table 1.3 summarizes the key properties of diffusion models that make them
particularly suitable for speech denoising applications, including their probabilistic frame-
work, multi-step refinement, generalization capability, stable training, and scalability.

Diffusion models operate through two complementary processes: the forward diffusion
that systematically corrupts clean speech with Gaussian noise, and the reverse denoising
that learns to reconstruct the original signal. This bidirectional approach allows the model
to capture the complex statistical relationships between clean and noisy speech signals.

1.5.1 Forward Diffusion Process

In the forward diffusion process, a clean speech signal x( is progressively corrupted by
Gaussian noise over T time steps. At each step t, noise is added according to a predefined
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Table 1.3: Key Properties of Diffusion Models for Speech Denoising

Property Description and Relevance to Speech Denoising
Probabilistic Models the data distribution explicitly, allowing for
Framework uncertainty estimation in denoising decisions.

Multi-step Refinement | Iterative denoising process enables gradual improve-
ment, mimicking human auditory perception.

Generalization Capa- | Learns underlying speech structures rather than noise
bility patterns, improving performance on unseen noise types.

Stable Training Unlike GANSs, diffusion models avoid mode collapse and
training instability issues.

Scalability Can handle high-dimensional speech data (waveforms or
spectrograms) effectively.

variance schedule (;, producing a sequence of increasingly noisy signals zi,xs, ..., zp.
This process allows the model to learn the gradual transition from clean to fully noisy
speech, forming the foundation for the subsequent reverse process [10, 12, 14].

The forward process is defined as:

q(x¢ | 20) = N (24 Vauo, (1 — @)1 (1.8)

where a; = Hizl(l — fs) and [, is the noise schedule controlling the amount of noise
added at each step.

Figure 1.7 illustrates the forward diffusion process, where Gaussian noise is
progressively added to the clean speech signal xo over T' time steps, transforming it into
pure noise .

t=20 t="T

+€1 +€o +er
Lo > £y X2 —> == ZT

h'd

Clean speech Pure noise

Figure 1.7: Forward diffusion process: adding Gaussian noise over time

For speech signals, this process can be applied directly to waveforms or to spectrogram
representations. The choice of noise schedule f; is crucial:

e Linear schedule: Provides uniform corruption across all time steps

e Cosine schedule: Preserves more signal information in early steps, which is
beneficial for speech denoising tasks [12]

o Sigmoid schedule: Allows for smoother transitions between noise levels

The variance-preserving property ensures that the signal-to-noise ratio decreases
monotonically throughout the diffusion process, enabling stable training and effective
denoising in the reverse process.
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1.5.2 Reverse Denoising Process

The reverse process aims to recover the original clean speech from the noisy inputs. This is

done by learning a parameterized model that predicts either the added noise or the clean

signal at each step. By iteratively applying this learned denoising function, DDPMs

reconstruct high-quality speech from corrupted inputs. This probabilistic iterative

refinement ensures accurate recovery even under diverse noise conditions [10, 11, 29].
The reverse process is mathematically formulated as:

Tg—1 =

1 < 1-— Qi
— I‘ _————
\/ Ot ¢ vV 1-— dt
Figure 1.8 illustrates the forward and reverse processes in DDPM /DDIM,

showing how clean speech x is corrupted through forward steps and then reconstructed
through reverse denoising steps.

eo (4, t)) +oz, z2~N(0,I) (1.9)

Clean Speech N ) Nt .
20 » 1 (Noisy) T (Fully Nmsy)}
{DenoiseAd Speechl (ZL‘T_l (Reverse Step)}
X J L

Figure 1.8: Forward and Reverse Process in DDPM/DDIM

The forward process (top path) gradually adds noise to clean speech, while the reverse
process (bottom path) iteratively removes noise to reconstruct the original signal. The
neural network ¢y is trained to predict the noise added at each step, enabling the model to
effectively reverse the diffusion process and recover high-quality speech from noisy inputs.

1.5.3 Advantages and Generalization

DDPMs exhibit several advantages over traditional denoising methods and other deep
learning approaches:

o Ability to model complex, non-stationary noise distributions.
o Robust generalization to unseen noise types and recording conditions.

o High perceptual quality of the reconstructed speech, preserving natural timbre and
intelligibility [11, 12].

These properties make DDPMs particularly suitable for real-world speech denoising
applications.

1.5.4 DDIM Approach

Denoising Diffusion Implicit Models (DDIMs) are an improvement over DDPMs, intro-
ducing a deterministic sampling method that allows faster inference while maintaining
generation quality. Unlike DDPMs, which rely on stochastic sampling over many
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steps, DDIMs can generate clean speech in fewer steps without significant degradation
in quality. This efficiency makes DDIMs appealing for practical speech enhancement
applications [12, 14, 29].

Table 1.4 provides a comparative analysis between DDPM and DDIM,
highlighting their key differences in sampling type, inference speed, memory requirements,
quality preservation, consistency, and real-time suitability.

Table 1.4: DDPM vs DDIM: Comparative Analysis for Speech Denoising

Aspect DDPM [10] DDIM [12]
Sampling Type Stochastic Markov chain Deterministic non-
Markovian

Typical Inference | 1000 50-100

Steps

Inference Speed Slow 10-20x faster

Memory Require- | High (stores all steps) Lower

ments

Quality Preserva- | Excellent Comparable to DDPM

tion

Consistency Variable outputs (stochas- | Deterministic outputs
tic)

Suitability for | Limited Excellent

Real-time

The key innovation in DDIM is the reformulation of the reverse process as:

T = 130 + /1 — _1€9(z4, 1) (1.10)

where 7y = ZY—L0TLY Vl?;;%eg(z’st) is the predicted clean signal.

This deterministic formulation allows for:

o Accelerated inference: Achieves comparable results in 50-100 steps vs. 1000 in
DDPM

« Consistent outputs: Same input always produces same output

« Flexible trade-offs: Can adjust speed/quality balance by varying step count

For speech denoising applications, DDIM’s efficiency makes it particularly suitable for:
o Real-time communication systems

o Mobile and embedded devices

o Large-scale processing of speech datasets

o Interactive applications requiring low latency
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1.5.5 Applications on Arabic Speech Datasets

Recent studies have adapted diffusion-based models to Arabic speech datasets, demon-
strating their effectiveness across different linguistic contexts. Using these models,
researchers achieved robust denoising and emotion classification results in Arabic speech,
highlighting the versatility of diffusion-based approaches [47, 11].

Table 1.5 lists several Arabic speech datasets that are suitable for training and
evaluating diffusion-based denoising systems, including their size, characteristics, and
suitability for denoising tasks.

Table 1.5: Arabic Speech Datasets for Diffusion-Based Denoising

Dataset Size Characteristics Suitability for Denoising

KSU Emotions | 5 hours Emotional speech, clean Good for testing denoising robustness
ADSD 10 hours Spontaneous speech, noisy | Real-world testing scenarios
AraVoice 50 hours Multi-dialect, clean Large-scale training

QASR 2,000 hours | MSA, various noise levels | Comprehensive evaluation

The application of DDIM to Arabic speech presents unique opportunities:

Phonetic Considerations: Arabic contains emphatic consonants and pharyngeal
sounds that may require specialized noise modeling in diffusion frameworks.

Dialectal Adaptation: DDIM’s efficiency allows for rapid experimentation across
different Arabic dialects (MSA, Egyptian, Gulf, etc.).

Computational Efficiency: The faster inference of DDIM is particularly beneficial for
processing large Arabic speech corpora with limited computational resources.

Recent work by [14] demonstrates that DDIM-based approaches can be effectively
adapted to non-English languages, including Arabic, by fine-tuning on language-specific
speech characteristics.

1.5.6 DDIM for Speech Denoising: Practical Considerations

The adoption of DDIM for speech denoising involves several practical considerations:

Algorithm 1 DDIM-based Speech Denoising Algorithm

1: procedure DDIMDENOISE(y, €, S)

2 Tg Y > Start from noisy input
3 for t =S down to 1 do

4 €1 < €g(xy, 1) > Predict noise
5: (i’o <— —mtiﬁet
6

7
8
9:

NGT > Estimate clean speech
Ti_1 — /ou_120 + /1 — ay_1€ > DDIM update
end for
return 7
end procedure
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1.6 Evaluation Metrics for Speech Denoising

1.6.1 Signal-to-Noise Ratio (SNR) in Speech Quality Assessment

The Signal-to-Noise Ratio (SNR) serves as a fundamental objective metric for evaluating
speech enhancement algorithms. It quantifies the level of the desired speech signal relative
to the background noise. Mathematically, the SNR is defined as the logarithmic ratio of
the signal power to the noise power [1, 31]:

A
SNR lobal — lo 10 N u N dB .
o = 1 (zn=1<s[n1—s[n1>2> ) .

where:

« s[n| represents the original clean speech signal

o 3[n] denotes the enhanced (denoised) speech signal
e N is the total number of samples

For more perceptually relevant assessment, the segmental SNR (SNRgeg) is often
employed. It is calculated over short-time frames to better reflect human auditory
perception and avoid the influence of silent regions [28]:

LN~ DR
SNRug = — 3 101ogy, | ——2zn=m ! 1.12
37 2 10 (z (] sw) (112

n=mK

where:
e M is the number of frames
o K is the frame length (typically 20-30 ms)

o Averaging is performed only over frames where speech is present to avoid bias from
silent regions

In practical evaluation protocols, SNR improvement (ASNR) quantifies the enhance-
ment performance [31]:

ASNR - SNRoutput - SNRinput (].].3)

where SNRinput and SNRoutpus represent the SNR values before and after processing,
respectively.

While SNR provides a straightforward computational measure, it has limitations in
correlating with subjective listening tests, particularly at low SNR levels where nonlinear
processing artifacts may dominate perception [28]. Therefore, SNR is typically used in
conjunction with other objective measures and subjective evaluations within comprehen-
sive assessment frameworks [31, 1].
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1.6.2 Scale-Invariant Signal-to-Distortion Ratio (SI-SDR)

The Scale-Invariant Signal-to-Distortion Ratio (SI-SDR) is an improved version of the
standard SNR that addresses the scaling ambiguity problem. Unlike traditional SNR, SI-
SDR is invariant to the scaling of the estimated signal, making it particularly suitable for
evaluating generative models where the output may be rescaled relative to the reference.

The SI-SDR is computed by first projecting the denoised signal onto the clean signal
direction[48]:

~ (3,8)
= o (1.14)

where (-, -) denotes the dot product, s is the clean signal, and § is the denoised signal.
The scaled clean signal is then sg.aeq = ¢ - s, and the distortion is € = § — Sqcaled-

The SI-SDR in decibels is defined as:

2
SI-SDR = 10 - log;, (”‘Sscaled” ) (1.15)

le]f?
Higher SI-SDR values indicate better denoising performance, and the metric is
insensitive to arbitrary scaling of the output signal, which is a common issue in deep
learning-based denoising models.

1.6.3 Perceptual Evaluation of Speech Quality (PESQ)

PESQ is an objective metric standardized by I'TU-T Recommendation P.862. It predicts
the perceived quality of speech signals as would be rated by human listeners. The PESQ
score ranges from -0.5 to 4.5, where higher scores indicate better quality.

The calculation involves several steps[49]:

1. Temporal alignment of the reference and denoised signals.

2. Transformation to a perceptual domain that simulates human auditory processing.
3. Calculation of disturbance densities in time and frequency.

4. Mapping to a predicted MOS-like score.

PESQ is widely used for evaluating speech enhancement algorithms because it corre-
lates well with human subjective ratings.

1.6.4 Short-Time Objective Intelligibility (STOI)

STOI measures the intelligibility of speech signals, i.e., how well a listener can understand
the spoken content. The STOI score ranges from 0 to 1 (or 0% to 100%), with values
closer to 1 indicating higher intelligibility.

The computation procedure is as follows[50]:

1. Divide both clean and denoised signals into short-time frames (typically 256 sam-
ples).

2. Analyze one-third octave frequency bands between 150 Hz and 4.3 kHz.

3. Extract the temporal envelopes of each band.
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4. Calculate the Pearson correlation coefficient between the clean and denoised en-
velopes.

5. Average the correlation scores across all frames and frequency bands.

STOI is particularly important for applications where understanding speech content
is more critical than perceptual quality.

1.6.5 Mean Opinion Score (MOS)

MOS is the traditional subjective metric based on human listening tests. Listeners rate
speech quality on a five-point scale [51].

Table 1.6 presents the MOS rating scale, which ranges from 1 (Bad) to 5
(Excellent), along with the corresponding quality descriptions.

Table 1.6: MOS Rating Scale

Rating | Quality Description

5 Excellent (Imperceptible distortion)

Good (Perceptible but not annoying)

Poor (Annoying)

4
3 Fair (Slightly annoying)
2
1

Bad (Very annoying)

Since conducting human listening tests is expensive and time-consuming, MOS is often
predicted using objective metrics. A common mapping from PESQ to MOS is:

4
MOS ~ 1+ - PESQ = 1+0.89 - PESQ (1.16)

This approximation assumes PESQ ranges from -0.5 to 4.5, mapping linearly to MOS
values from 1 to 5.

1.6.6 Real-Time Factor (RTF)

RTF measures the computational efficiency of a denoising algorithm, which is critical for
real-time applications such as teleconferencing and hearing aids. RTF is defined as:

T, rocessin,
RTF = —Rrocessing (1.17)

Taudio
where Tirocessing 15 the time taken by the algorithm to process the audio signal, and
Thudio is the duration of the audio signal itself.
Interpretation of RTF values:

o RTF < 1: The algorithm is **faster than real-time** (suitable for live applications)
e RTF = 1: The algorithm processes in exactly real-time
e RTF > 1: The algorithm is **slower than real-time** (not suitable for live

processing)
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For example, if an algorithm processes 10 seconds of audio in 2 seconds, the RTF is
2/10 = 0.2, which is **faster than real-time**. Conversely, if the same algorithm takes
15 seconds to process 10 seconds of audio, the RTF is 15/10 = 1.5, which is slower than
real-time.

1.7 Conclusion

DDPMs and DDIMs represent a state-of-the-art approach for generative speech denoising.
Through the forward and reverse processes, these models can learn to reconstruct clean
speech from noisy inputs with high fidelity. DDIM enhancements allow for faster inference
without sacrificing quality, and applications on Arabic speech datasets confirm their
generalizability across languages and noise conditions. Overall, diffusion-based speech
denoising is a promising direction for both research and real-world audio processing
applications.

21



Chapter 2

State of the Art in Speech Denoising

2.1 Introduction

The field of monaural speech enhancement has undergone significant transformation
with the advent of deep learning techniques, evolving from traditional signal process-
ing methods to sophisticated neural network architectures [3]. This evolution reflects
broader trends in artificial intelligence applications to audio processing, where data-
driven approaches have progressively supplanted model-based methodologies. According
to recent comprehensive analyses, deep neural network techniques now represent the state
of the art in speech denoising, offering substantial improvements over classical approaches
particularly in non-stationary noise environments [3].

The transition to data-driven paradigms has enabled more effective handling of
complex noise scenarios that challenge traditional statistical methods. As noted in
contemporary reviews, deep learning approaches learn intricate mappings between noisy
and clean speech directly from data, capturing nonlinear relationships that elude con-
ventional algorithmic designs [3]. This capability has led to measurable advances in both
objective metrics and subjective listening tests, establishing neural methods as the current
benchmark for speech enhancement performance.

Recent innovations in this domain include the incorporation of perceptual optimization
criteria, such as deep feature losses that leverage pretrained networks to preserve speech
naturalness during denoising [52]. These developments highlight the ongoing refinement
of deep learning techniques beyond simple signal reconstruction toward more perceptually
relevant objectives. This chapter surveys these methodological advances through three
primary lenses: traditional approaches predating widespread deep learning adoption,
conventional deep neural network architectures, and cutting-edge generative models that
represent the current research frontier in speech denoising.

2.2 Traditional Speech Denoising Methods

2.2.1 Statistical Approaches

Traditional statistical-model-based methods for monaural speech enhancement typically
rely on specific assumptions about the distributions of the speech and/or noise signals.
The core principle involves deriving a spectral gain function by minimizing a chosen
statistical criterion, such as the Minimum Mean-Square Error (MMSE), under these
assumed models [5].
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Gaussian Statistical Model: A foundational approach assumes that the speech and
noise are statistically independent Gaussian random processes. Based on this, the MMSE
short-time spectral amplitude (MMSE-STSA) estimator and the MMSE log-spectral
amplitude (MMSE-LSA) estimator were derived. These form a cornerstone of statistical
speech enhancement [6].

Beyond Gaussian Models: It is well-established that speech is non-Gaussian. Con-
sequently, other statistical models have been explored to improve performance, including
Gamma, Laplacian, and Super-Gaussian distributions for speech [6].

Deterministic-Stochastic Speech Models: Some methods model speech as a com-
bined stochastic-deterministic signal rather than a purely stochastic one. For instance, the
harmonic-plus-noise model decomposes speech into a deterministic harmonic component
and a stochastic residual. MMSE estimators based on such models have been developed
and shown to offer marginal objective performance improvements [6].

The Central Role of SNR Estimation: For most statistical methods, the accurate
estimation of the a priori Signal-to-Noise Ratio (SNR) is a critical challenge. The decision-
directed (DD) approach is a widely used method for a priori SNR estimation, which helps
control musical noise artifacts. However, it introduces a one-frame delay bias, leading to
speech distortion and a reverberation effect [5].

2.2.2 Time-Domain Methods

Time-domain methods aim to estimate the clean speech signal directly from the noisy
waveform without explicit short-term spectral analysis and synthesis.

General Principle: These methods operate directly on the time-domain samples,
designing filters or performing estimations without a transformation to the frequency
domain [6].

Adaptive Filtering Approaches: Classical time-domain methods include adaptive
filters such as Least Mean Squares (LMS) and Normalized LMS (NLMS), which estimate
noise by minimizing the error between the desired and actual signals. These methods are
effective when a reference noise signal is available.

Subspace Methods: Another category of time-domain techniques is subspace meth-
ods, such as Karhunen-Loéve Transform (KLT) based filtering, which decompose the noisy
signal into signal and noise subspaces and retain only the signal-dominant components.

Limitations: The primary limitation of time-domain methods is their sensitivity to
the statistical properties of noise and reduced effectiveness in non-stationary acoustic
environments. Consequently, frequency-domain methods have become more dominant in
speech enhancement research [6].
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2.2.3 Spectral-Domain Methods

Spectral-domain, or frequency-domain, methods are the most extensively studied class of
traditional speech denoising techniques. They operate by applying a gain to each time-
frequency (T-F) bin of the noisy speech’s short-time Fourier transform (STEFT) [6]. The
noisy speech signal is commonly modeled as an additive mixture in the time domain:

y(n) = s(n) +d(n) (2.1)

where s(n) denotes the clean speech signal and d(n) represents additive noise [2]. Applying
the Short-Time Fourier Transform (STFEFT), the model becomes:

Y (k1) = S(k,1) + D(k,1) (2.2)

where k and [ denote frequency bin and time frame indices, respectively [6].

General Processing Flow: A typical system involves several key modules: noise power
spectral density (PSD) estimation, a priori SNR estimation, speech presence probability
(SPP) estimation, spectral gain calculation, and time-domain reconstruction via the
inverse STFT and overlap-add method [6].

Spectral Subtraction: This is a fundamental and heuristic spectral-domain method.
It involves subtracting an estimate of the noise spectrum from the spectrum of the noisy
speech. Variants include magnitude, power, and root-based subtraction [6]. The enhanced
magnitude spectrum using spectral subtraction is given by:

(kD] = max (|Y (k, D] = ol D(k, )], 0) (2.3)
where « is an over-subtraction factor controlling noise suppression [8].

Wiener Filtering: A classic statistical filtering approach is the Wiener filter, which
minimizes the mean-square error between the estimated and clean speech spectra. The
Wiener filter gain is defined as:

GWiener(ku l) - % (24)

where £(k, 1) denotes the a priori signal-to-noise ratio (SNR) [2].

Advanced Spectral Gain Estimators: Building on statistical models, estimators like
MMSE-STSA and MMSE-LSA provide analytically derived gain functions. The choice
between them represents a trade-off between noise suppression and speech distortion [6].
Addressing Limitations of the Decision-Directed Approach

To combat the delay and bias of the standard DD approach, advanced methods have been
proposed.

Two-Step Noise Reduction (TSNR): This technique refines the a priori SNR
estimate by using a second processing step. It aims to remove the reverberation effect
caused by the DD bias while maintaining its low musical noise property [5].
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Harmonic Regeneration Noise Reduction (HRNR): This method addresses the
harmonic distortion caused by erroneous suppression of speech harmonics, especially at
low SNRs. It uses a non-linearity on an initially enhanced signal to regenerate harmonics,
creating an artificial reference to compute a more accurate spectral gain that preserves
speech structure [5].

Phase Processing: Traditionally, the phase spectrum was considered unimportant and
was often left unprocessed (using the noisy phase). However, later research confirmed that
phase estimation can improve quality, leading to dedicated phase processing modules and
phase-sensitive cost functions [6].

Table 2.1 provides a comparative overview of traditional speech denoising
methods, including Spectral Subtraction, Wiener Filtering, and MMSE-STSA | highlight-
ing their respective domains, advantages, and limitations.

Table 2.1: Comparison of Traditional Speech Denoising Methods

Criteria Spectral Sub- | Wiener Filter- | MMSE-STSA
traction (SS) | ing (WF)
Domain Frequency Frequency Frequency
Advantages Simple, fast Optimal in MSE | Better
sense perceptual
quality
Limitations Musical  noise, | Requires noise | Higher complex-
sensitive to SNR | estimation ity
References 8] 2] 2]

2.3 Machine Learning and Deep Learning Methods

Machine Learning (ML) encompasses algorithms that improve their performance through
experience, while Deep Learning (DL) represents a specialized subset that utilizes multi-
layered neural networks to model high-level abstractions in data [53]. This data-driven
paradigm has achieved remarkable success across diverse applications, including computer
vision, natural language processing, and bioinformatics [54]. In the domain of speech
enhancement, ML and DL methods learn complex mappings between noisy and clean
speech directly from data, enabling superior handling of non-stationary noise compared
to traditional model-based approaches [6].

2.3.1 Conventional Machine Learning Approaches

Prior to the dominance of deep neural networks, several conventional machine learning
techniques were applied to monaural speech enhancement. These methods often func-
tioned as data-driven extensions of traditional statistical frameworks or introduced novel
learning-based estimators for key parameters.

One prominent approach is Non-Negative Matrix Factorization (NMF). In supervised
NMF, basis matrices for speech and noise are learned from clean training datasets. During
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enhancement, the noisy speech magnitude spectrogram is factorized, and the clean speech
is reconstructed using the pre-learned speech basis and its corresponding activation coeffi-
cients [6]. Codebook and dictionary-based methods, such as K-SVD, operate on a similar
principle by training a dictionary of spectral patterns from clean speech and using sparse
coding for denoising [6]. While these methods can outperform traditional techniques like
Wiener filtering in noise attenuation, their modeling capacity and generalization to unseen
noise types are limited by the linear nature of the decomposition and the finite size of the
dictionary [6].

Another significant direction involves using shallow neural networks or other ML
models for parameter estimation. A key example is the estimation of the crucial a priori
Signal-to-Noise Ratio (SNR). The DeepXi framework employs a deep neural network to
estimate the a priori SNR, which is then integrated into established estimators like the
MMSE-LSA, forming a hybrid model that combines data-driven learning with traditional
statistical derivation [6]. This demonstrates how conventional ML can be used to improve
the accuracy of core parameters in the enhancement pipeline.

Table 2.2 provides a comparative overview of conventional machine
learning-based denoising methods, including GMM-based denoising, SVM regression,
and sparse coding, highlighting their input features, learning types, strengths, and
weaknesses.

Table 2.2: Comparison of Conventional Machine Learning-Based Denoising Methods

Criteria GMM-based SVM Regres- | Sparse Coding
Denoising sion
Input Features | MFCC, STFT Spectral features | Spectral frames
Learning Type | Supervised Supervised Unsupervised
Strengths Captures Good for small | Robust to noise
statistical datasets
distributions
Weaknesses Limited general- | Needs  feature | Computationally
ization engineering expensive
References [55] [53] [22]

2.3.2 Deep Learning-Based Speech Denoising

Deep Learning has become the predominant approach for speech denoising, with its
capacity to learn hierarchical feature representations directly from data [54]. DIL-based
speech enhancement methods have shown to surpass traditional methods, especially in
challenging conditions with low SNRs, high reverberation, and non-stationary noise [6].
The evolution of network architectures has been central to this progress. Early
deep learning methods for speech enhancement utilized Fully Connected Deep Neural
Networks (DNNs) to map frames of spectral features to clean targets [6]. To better
model the temporal dynamics of speech, Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) networks were subsequently applied, leading to improved
performance by capturing long-range dependencies [6]. Convolutional Neural Networks
(CNNs), known for efficiently capturing local spectral patterns, were also adopted. A
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highly effective architecture that combines these strengths is the Convolutional Recurrent
Network (CRN), which integrates the local feature extraction capability of CNNs with
the temporal modeling of RNNs [6].

A critical advancement was the move towards complex-valued network architectures.
Recognizing the importance of phase information for speech quality, models like the Deep
Complex Convolutional Recurrent Network (DCCRN) operate directly on the complex
spectrum, jointly estimating real and imaginary parts. This allows for implicit phase
recovery and has delivered state-of-the-art performance in benchmarks like the Deep Noise
Suppression (DNS) Challenge [6].

The models are trained using specific learning paradigms. A common approach is
masking-based training, where the network estimates a time-frequency mask applied to
the noisy spectrogram. Mapping-based training, in contrast, directly predicts the clean
speech spectrum or waveform [6].

Mask-based speech enhancement estimates a time-frequency mask M (k, () such that:

~

S(k,l) = M(k,1)-Y(k,1) (2.5)
where M(k,[) can be an Ideal Ratio Mask (IRM) or Complex Ratio Mask (CRM) [6].

The training process is guided by loss functions; while Mean-Squared Error (MSE)
on spectral magnitudes has been widely used, recent trends employ composite losses
combining time-domain metrics like Scale-Invariant Signal-to-Noise Ratio (SI-SNR) with
frequency-domain or perceptual losses to better align with subjective quality [6].

Table 2.3 provides a comparative overview of deep learning-based speech
denoising methods, including DNNs, CNNs, and RNNs/LSTMs, highlighting their
respective inputs, outputs, advantages, and disadvantages.

Table 2.3: Comparison of Deep Learning-Based Speech Denoising Methods

Criteria DNN CNN RNN / LSTM

Input STFT Spectrogram Temporal
magnitude features

Output Clean STFT Enhanced spec- | Clean audio

trogram

Advantages Learns non- | Captures local | Captures tempo-
linear mapping | patterns ral dependencies

Disadvantages | Needs lots of | Sensitive to | Slower training
data overfitting

References 7] 3] 6]

2.4 Advanced Generative Models for Speech Denoising

Recent advancements in speech denoising have been significantly driven by the devel-
opment of advanced generative models. These models learn the underlying probability
distribution of clean speech data, enabling them to generate or reconstruct high-quality
speech signals from noisy observations.
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2.4.1 GAN-Based Speech Denoising

Generative Adversarial Networks (GANs) represent a powerful class of generative models
that have been adapted for speech enhancement. A foundational work in this area is
SEGAN (Speech Enhancement GAN), which operates directly on raw speech waveforms.
In the GAN framework, a generator network is trained to produce enhanced speech from
noisy inputs, while a discriminator network is trained to distinguish between the generated
speech and real clean speech, creating an adversarial training dynamic [9].

Building upon this, conditional GAN architectures have been proposed where the
generation process is conditioned on the noisy input speech. This approach guides
the model to learn the mapping from noisy to clean speech specifically, rather than
generating speech unconditionally [55]. Further innovation led to MetricGAN, which
incorporates specific objective speech quality metrics directly into the adversarial training
process. Instead of using a standard discriminator that outputs a binary real /fake decision,
MetricGAN employs a critic network trained to estimate a target objective score (such as a
perceptual metric), allowing the generator to optimize for improved scores on established
evaluation metrics [56]. The adversarial objective of a GAN is formally defined as:

minmax By.p,,,[log D(s)] + Eyp, [log(1 — D(G(y)))] (2.6)

where G and D denote the generator and discriminator networks, respectively [9].

2.4.2 Waveform-Based Approaches

Direct waveform modeling represents an alternative to frequency-domain processing,
aiming to preserve the full temporal structure of the speech signal. The SEGAN model is
an example of a waveform-based generative approach, as it processes and generates raw
audio samples using one-dimensional convolutional architectures in the generator and
discriminator [9)].

Another significant waveform-based architecture is an adaptation of the WaveNet
model for speech denoising. This model employs dilated causal convolutions to capture
long-range dependencies in the time-domain signal. It is trained in a fully supervised
manner to predict clean audio samples given a context of noisy samples, demonstrating
the capability of autoregressive models to perform denoising directly in the time domain
[57].

2.4.3 Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Models (DDPMs) and related score-based generative
models have emerged as state-of-the-art approaches for speech enhancement. These
models define a forward diffusion process that gradually corrupts a clean speech signal by
adding Gaussian noise over many steps until it becomes pure noise. A neural network is
then trained to reverse this process, learning to iteratively denoise a signal [29, 13].

A key implementation applies this framework in the complex Short-Time Fourier
Transform (STFT) domain. The model learns the gradient of the data log-density (the
score) for the real and imaginary parts of the STFT coefficients. During inference,
it performs iterative denoising using a predictor-corrector sampling scheme, such as
Annealed Langevin Dynamics, starting from the noisy observation [29]. This approach
has been successfully extended to jointly handle both additive noise and reverberation.
The diffusion model is trained to predict the clean, anechoic speech spectrogram, and
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the reverse process is initiated from the noisy and reverberant observation, effectively
performing enhancement and dereverberation simultaneously [13].

The forward diffusion process gradually corrupts clean speech by adding Gaussian
noise:

T =/ouxo+vV1—ae, e~N(0,1) (2.7)

where xg is the clean speech representation and oy controls the noise schedule [10].
The reverse diffusion process is modeled as:

1 1-—
Ti—1 = \/_O[_t (It — \/%69(1}, t)) -+ Oz, z ~ N(O, I) (28)

where € is the neural network prediction of noise and o, is the step-dependent variance [10,
12].

The neural network €y is trained to minimize the mean squared error (MSE) between
the predicted noise and the actual noise, ensuring stable and effective learning [10]. Recent
works have also explored accelerated sampling and multi-step denoising strategies to
improve inference speed while maintaining high speech quality [29, 14].

Figure 2.1 provides a detailed illustration of the forward and reverse dif-
fusion processes in DDPM-based speech enhancement, including STFT representation
and step-dependent parameters a; and oy.

Forward Diffusion (Adding Gaussian Noise)

Zo

X
STFT: S(k,1) Do 272 ar, o7

o Tr—2 Tr_q -
EnhancedASpeech e oo po(Tr_a|TT_1) po(xr_1|T7)
STFT: S(k,1) €9,0T—1 €9, 0T

Reverse Diffusion (Denoising via Neural Network)

Figure 2.1: Detailed illustration of forward and reverse diffusion processes in
DDPM-based speech enhancement, including STFET representation and step-dependent
parameters oy and oy.

Table 2.4 provides a comparative overview of advanced generative speech
denoising models, including GANs, DDPMs, and self-supervised approaches, highlight-
ing their respective domains, key ideas, strengths, and weaknesses.
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Table 2.4: Comparison of Advanced Generative Speech Denoising Models

Criteria GAN DDPM Self-
Supervised
Domain Waveform / | Spectrogram Latent features
Spectrogram
Key Idea Generator vs | Forward + Re- | Representation
Discriminator verse Diffusion learning
Strengths High perceptual | Stable, high- | Uses unlabeled
quality quality data
denoising
Weaknesses Training Multiple Needs fine-
instability inference steps tuning
References 9, 27] [10, 11] [23]

2.5 Conclusion

This chapter has presented a review of the state of the art in monaural speech denois-
ing, tracing the methodological evolution from traditional signal processing to modern
data-driven paradigms. Traditional methods, encompassing statistical, time-domain,
and spectral-domain approaches, rely on specific assumptions about speech and noise
distributions. While effective in controlled conditions, their performance is often limited
in complex, real-world acoustic environments [6, 5].

The advent of machine learning and deep learning has marked a significant shift,
enabling models to learn complex, non-linear mappings between noisy and clean speech
directly from data. Conventional machine learning techniques, such as Non-Negative
Matrix Factorization, provided early data-driven enhancements [6]. Deep learning
architectures, including Convolutional and Recurrent Neural Networks, have since become
dominant, offering superior performance by learning hierarchical feature representations
[6, 53, 54].

Recently, advanced generative models have pushed the boundaries of speech en-
hancement quality. Generative Adversarial Networks (GANs), including conditional and
metric-optimized variants, learn to generate clean speech through adversarial training
[9, 55, 56]. Waveform-based approaches like SEGAN and WaveNet-based denoisers
operate directly on the raw audio signal [9, 57]. Most notably, Denoising Diffusion Prob-
abilistic Models (DDPMs) and score-based generative models have established new state-
of-the-art results by learning to iteratively denoise signals through a stochastic diffusion
process, demonstrating powerful capabilities in joint enhancement and dereverberation
[29, 13]. This progression from model-based to learning-based and ultimately to generative
denoising frameworks highlights the ongoing innovation in the quest for robust, high-
quality speech enhancement systems.
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Chapter 3

System Design and Methodology

3.1 Introduction

This chapter presents the methodological framework and system design for the proposed
diffusion-based speech denoising system. DiffWave is a diffusion probabilistic model
proposed by Kong et al. [16] for high-fidelity audio synthesis. Unlike its original
application which focused on speech synthesis (vocoding), this work adapts the model
for speech denoising.

Three speech datasets are employed in this study: SC09 (English digits), Arabic
Speech Commands, and LJSpeech (English sentences). A comprehensive acoustic bench-
mark consisting of six synthetic noise types and eight real-world noise types extracted
from the Arabic environment is used. All fourteen noise types are systematically applied
at three SNR levels (-5 dB, 0 dB, 5 dB).

This chapter is organized as follows:

e Section 3.2 describes the system architecture,
o Section 3.3 details the development environment,

e Section 3.4 covers data preparation.

3.2 System Architecture and Operational Pipeline

The proposed speech enhancement framework is structurally divided into two distinct
operational procedures: the offline data preparation pipeline (where controlled noise
is injected for model training and validation) and the online runtime system inference
pipeline (where the trained model deploys to enhance unseen corrupted audio). Figure 3.2
illustrates the comprehensive architectural workflow.

3.2.1 Diff Wave Model Architecture

DiffWave is a diffusion probabilistic model that operates through two complementary
processes: forward diffusion and reverse denoising. The model is built upon a bidirectional
dilated convolutional architecture with residual connections, originally designed for high-
fidelity audio synthesis.
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Forward Diffusion Process

The forward process gradually corrupts a clean speech signal xy by adding Gaussian noise
over T time steps. At each step ¢, noise is added according to a predefined variance

schedule (3, producing a sequence of increasingly noisy signals x1, xs, ..., xp:
q(x; | xo) = N (x5 Vayxo, (1 — ay)I) (3.1)

where a; = Hizl (1—ps). This process allows the model to learn the gradual transition
from clean to fully noisy speech.

Reverse Denoising Process

The reverse process learns to reconstruct the original clean speech by iteratively removing
noise:

1 1—
Ti—1 — \/_&_t (.’Et — \/?a;tﬁg(.’lft,t)) + Oz, z ~ N(O, [) (32)

where €y is the neural network that predicts the noise, and o; is the step-dependent
variance.

3.2.2 Model Configurations: T=50 vs T=200

Two diffusion step configurations are trained and compared in this study:
« T=50: 50 diffusion steps (faster training, fewer iterations)

o T=200: 200 diffusion steps (finer discretization, computationally heavier)

3.2.3 Operational Pipeline
Phase 1: Controlled Noise Ingestion (Data Preparation)

To robustly train and evaluate the generative diffusion models, a systematic noise injection
process is established. Clean speech baseline waveforms are synthetically or organically
blended with predefined noise types. Six synthetic noise profiles (e.g., white, pink) and
eight real-world ambient noises from the Arabic Speech Commands background library
are utilized. These noise distributions are algorithmically added to the clean audio vectors
at three SNR levels: —5 dB, 0 dB, and 5 dB.

To validate the data preparation pipeline, we constructed a comprehensive noisy
speech dataset following the controlled noise ingestion protocol. Table 3.1 summarizes
the resulting dataset statistics.
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Table 3.1: Statistics of the constructed noisy speech dataset

Parameter Value

Clean speech sources SC09 (23,666 files), LJSpeech (13,100 files), Arabic
(12,000 files)

Clean files per dataset 100 (randomly selected)

Total clean files 300

Synthetic noise types white, pink, brownian, running tap, exercise -
bike, doing the_dishes

Real noise types cooking 1, cooking 2, water_ tap, boiler, wash-
ing machine, street, cafeteria, car

Total noise types 14 (6 synthetic + 8 real)

SNR levels -5 dB, 0 dB, 5 dB

Total noisy files 12,600 (100 x 14 x 3x3)

Figure 3.1 shows the console output during dataset generation, confirming the suc-
cessful creation of 12,600 noisy files.

Synthetic noises: & types
Real noises: 8 types

.« Arabic WAV files found: 12808
SCe9: 100 clean files (from 23666)
LISpeech: 100 clean files (from 13100)
Arabic: 1@ clean files (from 12ee0)
SC@9: processed 20/100@ clean files
SCe9: processed 48/10@ clean files
SC89: processed 60/100 clean files
SC89: processed 88/1€@ clean files
SC@9: processed 108/100 clean files
LISpeech: processed 28/160 clean files
LISpeech: processed 48/1080 clean files
LISpeech: processed 60/100© clean files
LISpeech: processed 80/160 clean files
LISpeech: processed 100/100 clean files
Arabic: processed 20/10@ clean files
Arabic: processed 4©/100 clean files
Arabic: processed 60/100 clean files
Arabic: processed 80/100 clean files
Arabic: processed 108/180 clean files

Total noisy files created: 12600

Figure 3.1: Console output showing the data preparation process: (a) loading of clean

speech from three datasets (SC09, LJSpeech, Arabic), (b) addition of 14 noise types (6

synthetic + 8 real) at three SNR levels, (c) creation of 12,600 noisy files, and (d) final
dataset summary.
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The dataset is organized as follows:

e clean/: 300 clean speech files (100 per dataset)

e noisy/: 12,600 noisy speech files (100 x 14 noises x 3 SNR x 3 datasets)
« metadata/: JSON files containing dataset records and statistics

The overall data preparation pipeline is illustrated in Figure 3.2.

Clean Speech Noise Source
(SC09 / LJSpeech / Arabic) (14 types)

e SNR Levels
- -5,0,5 dB

Data Preprocessing
Resampling (16kHz) + 1 sec + Normalization

Y
Save Dataset
clean/ (300 files) + noisy/ (12,600 files)

Figure 3.2: Phase 1: Data Preparation Pipeline. Clean speech from three datasets is
blended with 14 noise types at three SNR levels (-5, 0, 5 dB), then preprocessed to 16
kHz, 1-second duration, and normalized to [—1,1].

Phase 2: Signal Preprocessing (Online)

Once a corrupted or real-world noisy audio signal enters the active deployment pipeline,
it undergoes a deterministic preprocessing stage:

1. Resampling to 16 kHz
2. Clipping/padding to 1 second (16,000 samples)
3. Amplitude normalization to [—1, 1]

The complete inference pipeline integrating preprocessing and diffusion-based denoising
is presented in Figure 3.3.

Phase 3: Diffusion-Based Denoising

The preprocessed, corrupted speech tensor is subsequently routed to the core DiffWave
module. The model acts as a probabilistic conditional refiner. Based on our comprehensive
experimental trade-offs, the system implements the optimized T = 50 reverse schedule
driven by a standard Denoising Diffusion Probabilistic Model (DDPM) framework. By
computing the full probabilistic reverse trajectory step-by-step, the network successfully
isolates and filters out the external noise components from the input speech, synthesizing
a high-fidelity, denoised audio waveform.
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Noisy Speech
(from existing dataset)

Y
Signal Preprocessing
Resampling (16kHz) + 1 sec + Normalization

Y

DiffWave Core Module
(DDPM: T' =50, t = 5)

Y

[Denoised Speech Signal}

Figure 3.3: Phase 2 + 3: Inference Pipeline. Noisy speech is preprocessed (16 kHz, 1
sec, normalization) and then denoised using the trained Diff Wave model with T = 50
diffusion steps and optimal inference step t = 5.

3.3 Development Environment

3.3.1 Hardware and Software Tools

All computational experiments, model training, and evaluation procedures were executed
utilizing the Google Colaboratory environment (free tier). The hardware specifications
allocated for the execution runtime were verified directly via low-level system commands
and are comprehensively outlined in Table 3.2.The detected hardware environment
configuration profile is illustrated in Figure 3.4.

Table 3.2: Hardware environment configuration.

Component Specification

CPU Intel Xeon @ 2.00 GHz (1 Core / 2 Threads)
GPU NVIDIA Tesla T4 (15 GB GDDR6 VRAM)
RAM 12.7 GB Available System Memory

Operating System | Linux Ubuntu (Kernel version 6.6.122+)
Python Version 3.10.x / 3.12.x

Platform Google Colaboratory (Free Tier Execution Environment)
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HARDWARE INFORMATION

GPU: Tesla T4 (15,360 MiB / 15 GB)
CPU: Intel Xeon @ 2.00 GHz (1 core)
RAM: 12 GB total, 9.9 GB available
0S: Linux (kernel 6.6.122+)

Figure 3.4: Hardware environment configuration profile detected natively from Google

Colaboratory.

3.3.2 Libraries and Frameworks

The speech enhancement pipeline and evaluation metrics were implemented using an
array of specialized Python open-source frameworks. Table 3.3 itemizes the specific main
software libraries, their respective versions, and their computational purpose within our
experimental workspace.

Table 3.3: Main software libraries, versions, and architectural purpose.

Library Stable Version | Architectural Purpose

PyTorch 2.1.x+4cul21 Core tensor framework and deep learning engine

torchaudio | 2.1.x+cul2l I/O audio pipeline handling and 16 kHz resampling

librosa 0.10.x / 0.11.x | Short-Time Fourier Transform (STFT) & spectrogram analysis
NumPy 1.24x / 2.0.x High-performance vector mathematics and SNR computation
Pandas 2.X.X Tabular serialization, profiling, and metadata export
Matplotlib | 3.x.x Empirical chart rendering (bar, line, and radar plots)

pesq 0.0.4 Evaluation engine for Perceptual Evaluation of Speech Quality
pystoi 0.4.1 Evaluation engine for Short-Time Objective Intelligibility
SciPy 1.x.x Discrete signal processing filters and utility subroutines
soundfile 0.12.x / 0.13.x Multi-channel audio array writing and .wav validation

tqdm 4.x.x Dynamic validation profiling and training progress bars
Seaborn 0.13.x Heatmaps and aggregate statistical data visualization

Figure 3.5 documents the dynamic script execution verifying the accurate initialization
of the GPU backend, core Python environment runtime, and the deployment environ-
ment’s dependencies, serving as empirical validation of our execution pipeline.

36




Chapter 3: System Design and Methodology

SOFTWARE LIBRARIES & VERSIONS

PyTorch : 2.11.0+cul28
torchaudio : 2.11.0+cul28
librosa : 0.11.0

NumPy : 2.0.2

Pandas 1 2.2.2
Matplotlib 3.10.0

pesq : 0.0.4

pystoi : 0.4.1

SciPy : 1.16.3
soundfile 0.13.1

tgdm : 4.67.3
Seaborn : 0.13.2

Python Version: 3.12.13

Figure 3.5: Dynamic script output displaying the detection profile of the GPU
hardware, Python compiler, and environment libraries.

Our generative implementation was meticulously adapted and extended from the
official DiffWave framework architecture [16]. Crucial architectural adjustments were
developed to pivot the baseline from text-to-speech synthesis toward conditional speech
enhancement and blind denoising tasks. All reported deep learning training cycles and
benchmarking routines were executed strictly under the uniform hardware and software
ecosystem outlined above.

3.4 Data Preparation

3.4.1 Speech Datasets

Three speech datasets were used in this study:

SC09 Dataset (English Digits)

The SC09 dataset is a subset of the Speech Commands dataset [58] containing spoken
digits from zero to nine. The dataset was downloaded from TensorFlow:

!wget http://download.tensorflow.org/data/speech commands v0.0l.tar.gz
'tar -xf speech commands v0.0l.tar.gz

After extraction, the audio files were organized into separate folders for each digit.
Table 3.4 shows the distribution of the dataset.
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Table 3.4: Distribution of SC09 dataset

Digit | Number of files
Z€ero 2,376
one 2,370
two 2,373
three 2,356
four 2,372
five 2,357
six 2,369
seven 2,377
eight 2,352
nine 2,364
Total 23,666

All audio files were resampled to 16 kHz and normalized to 1-second duration (16,000
samples). The models were trained on a subset of the data, and a large number of
randomly selected files (unseen during training) were used for testing and evaluation.

LJSpeech Dataset (English Sentences)

The LJSpeech dataset [59] contains 13,100 short audio clips of a single female speaker
reading passages from public domain books. The dataset (2.6 GB) was downloaded from
the official source:

'wget https://data.keithito.com/data/speech/LJSpeech-1.1.tar.bz2

The dataset was extracted to /content/LJSpeech-1.1/wavs. All audio files
were resampled from 22.05 kHz to 16 kHz for consistency with the other datasets. This
dataset was used to evaluate the models on continuous English speech rather than isolated
digits.

Arabic Speech Commands Dataset

The Arabic Speech Commands dataset [60] contains spoken Arabic digits collected from
native speakers. The dataset (347 MB) was downloaded from Zenodo:

'wget https://zenodo.org/record/4662481/files/\
abdulkaderghandoura/arabic-speech-commands-dataset-v1.0.zip

The dataset was extracted to /content/arabic speech commands. It contains:

e Clean speech recordings: Used for cross-lingual evaluation of the denoising
models

« Background noise folder: Contains eight real-world noise types used for eval-
uation (battery charger, boiler, cooking 1, cooking 2, street, walking machine,
washing machine, water_ tap)
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Additional Real-World Validation: Although our primary experiments were con-
ducted on artificially corrupted speech (using both synthetic and real noise additions),
we further validated the model on genuinely noisy speech directly recorded from our own
device under real-world conditions. The model was applied to these recordings without
any additional noise injection and successfully produced clean, intelligible speech.

Additional Datasets for Cross-Lingual Validation

To further evaluate the cross-lingual generalization capabilities of our model, we extended
the evaluation to French speech. We used 100 randomly selected French speech samples
from the Common Voice dataset [15]. The same preprocessing steps were applied:
resampling to 16 kHz, normalization to 1-second duration, and amplitude normalization
to [—1,1]. This dataset was used exclusively for testing to assess the model’s ability to
generalize to unseen languages.

3.4.2 Noise Types and SNR Levels
Synthetic Noises

Six synthetic noise types were generated algorithmically following [16]. Important: The
model was trained exclusively on white noise. The remaining five synthetic noise types
(pink, running tap, exercise bike, dude miaowing, doing the dishes) were used only for
testing to evaluate generalization.

» White noise: Gaussian noise with flat power spectral density (used for training)
« Pink noise: Noise with 1/f spectrum (unseen, testing only)

e Running tap: Periodic impulse noise (unseen, testing only)

» Exercise bike: Rhythmic mechanical noise (unseen, testing only)

« Dude miaowing: Non-stationary vocal noise (unseen, testing only)

« Doing the dishes: Impulsive high-frequency noise (unseen, testing only)

Real Noises

Eight real-world noise types were extracted from the background noise folder of the
Arabic Speech Commands dataset:

o battery charger
e boiler

e cooking 1

e cooking 2

e street

» walking machine
o washing machine

o water_tap
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SNR Levels

These noises were added to clean speech signals at three distinct SNR levels:

Psi na.
SNRBZIOM&O(Pg1>

noise

The selected levels were:

e -5 dB: Challenging condition where noise dominates speech

e 0 dB: Moderate condition with equal speech and noise power

« 5 dB: Favorable condition with minimal noise

Table 3.5 summarizes the noise types and SNR levels used in this study.

Table 3.5: Summary of noise types and SNR levels used in the evaluation.

Category

Configuration / Noise Profiles

Synthetic Noises

White, Pink, Running tap, Exercise bike, Dude -
miaowing, Doing_the dishes

Real Noises

Battery charger, Boiler, Cooking 1, Cooking 2,
Street, Walking machine, Washing machine, Water -
tap

SNR Levels

5dB, 0dB, 5 dB

40

(3.3)



Chapter 4

Experimental Results and Evaluation

4.1 Introduction

This chapter presents the experimental evaluation of the Diff Wave-based speech denoising
system described in Chapter 3.

Three speech datasets are employed in this empirical study: SC09 (English digits),
Arabic Speech Commands, and LJSpeech (English sentences). To ensure a rigorous
evaluation, the model is tested across a comprehensive acoustic benchmark consisting
of six synthetic noise types and eight real-world noise types originally extracted from the
Arabic environment. Crucially, all fourteen noise typologies are systematically applied
across all three speech datasets at three distinct Signal-to-Noise Ratio (SNR) levels (-
5dB, 0 dB, and 5 dB). Performance fidelity and operational efficiency are comprehensively
measured using six objective metrics: Signal-to-Noise Ratio (SNR), Scale-Invariant Signal-
to-Distortion Ratio (SI-SDR), Perceptual Evaluation of Speech Quality (PESQ), Short-
Time Objective Intelligibility (STOI), Mean Opinion Score (MOS), and Real-Time Factor
(RTF).

This chapter is organized as follows. Section 4.2 presents the original Diff Wave results
alongside a comparison with our models, followed by Section 4.3 which justifies the
selection of T=50. Section 4.4 then examines the generalization capability of the selected
configuration, while Sections 4.5 and 4.6 report the speech enhancement results obtained
using DDPM and DDIM respectively. Section 4.7 provides a comparative evaluation
between the two approaches, and Section 4.8 concludes the chapter with illustrative
denoising examples.

4.2 DiffWave Results Compared to Ours

4.2.1 Original Results (Kong et al., 2021)

In their paper, Kong et al [16]. demonstrated that their unconditional Diff Wave model
can perform speech denoising without specific training (zero-shot denoising). Their main
findings are:

e The most effective steps for noise removal occur near ¢ = 0.

e By introducing a noisy signal at ¢ = 25, the model eliminates 6 different types of
noise (white noise, pink noise, running tap, exercise bike, dude miaowing, doing the

dishes).

41



Chapter 4: Experimental Results and Evaluation

e The model was never trained on these noise types, indicating that Diff Wave learns
a good prior representation of raw audio.

However, no quantitative metrics (SNR, SI-SDR, PESQ, STOI) were reported for
this denoising experiment. The evaluation was only qualitative (audio samples available
on their demo website).

4.2.2 Comparison with Our Models

We trained two Diff Wave models specifically for denoising on the same SC09 dataset.
Table 4.1 compares our results with those of Kong et al.

Table 4.1: Comparison between Kong et al. results and our models

Aspect Kong et al. (2021) Our T=200 Our T=50
Denoising method Zero-shot (no training) Custom training Custom training

t value used 25 8 )

Noise types 6 synthetic 6 synthetic + 8 real | 6 synthetic + 8 real
SNR (dB) Not reported 9.35 9.50
SI-SDR (dB) Not reported 9.94 10.93

PESQ Not reported 1.389 1.406

STOI Not reported 0.717 0.728
Quantitative evaluation x Absent v’ Present v Present
Qualitative evaluation v’ Present v’ Present v Present

Critical Discussion of the Comparison

It is crucial to acknowledge that while our custom-trained models establish a significant
numerical advantage over the original implementation by Kong et al [16], this comparison
evaluates two distinct operational paradigms: zero-shot inference versus task-specific
optimization. The original DiffWave model was primarily evaluated qualitatively for
speech enhancement without dedicated conditional training on noisy datasets.

Therefore, our superior results across all objective metrics (SNR, SI-SDR, PESQ), and
STOI) do not imply a flaw in the original architecture. Instead, this comparison serves
a dual academic purpose: first, it empirically proves that task-specific fine-tuning is an
indispensable requirement for deploying diffusion models in robust speech enhancement
applications; second, it successfully fills a notable gap in the literature by providing the
first rigorous quantitative baseline for the DiffWave architecture on the SC09 dataset
under real-world noise conditions.

4.2.3 Analysis

This comparative analysis highlights several critical insights regarding the architectural
capabilities of Diff Wave:

1. The original work by Kong et al [16] demonstrated the technical feasibility of
zero-shot speech denoising, albeit without providing any objective quantitative
validation.

42



Chapter 4: Experimental Results and Evaluation

2. Our work systematically addresses this limitation in the literature by establishing
the first quantitative evaluation of the DiffWave architecture specifically opti-
mized for raw audio speech denoising.

3. Custom conditional training dedicated to the denoising task yields substantially
superior speech reconstruction performance compared to the generic zero-shot prior
approach.

4. Initial empirical evaluations indicate a distinct performance variance between our
developed configuration scales (' = 50 and 7' = 200), prompting a deeper
architectural validation.

5. Our work provides the first comprehensive evaluation of Diff Wave for speech de-
noising, covering multiple languages (English and Arabic), diverse noise conditions,
and both quality and speed metrics.

4.2.4 Conclusion of Comparison

Although Kong et al [16] proved that DiffWave can effectively capture a high-quality
audio prior for zero-shot inference, our work comprehensively demonstrates that custom
training significantly elevates performance bounds and provides the rigorous quantitative
framework previously absent from the literature.

Furthermore, to establish the absolute foundation of our denoising system, it is vital
to analyze why the compact T' = 50 parameters outpace the larger T' = 200 setup. This
analytical transition and its underlying empirical evidence are comprehensively detailed
in the following section.

4.3 Experimental Validation: Why Selected T=50

The following figures present a detailed comparison between our two models (7" = 50 and
T = 200) and justify the choice of the T'= 50 configuration.

Figure 4.1 illustrates that the 7" = 50 model consistently outperforms the 7" = 200
model across all primary objective metrics (SNR, SI-SDR, PESQ, and STOI), with the
exception of a marginal variance in the MOS metric.

Furthermore, Figure 4.2 demonstrates the robustness of both architectures across
different noise levels, confirming that the 7' = 50 model maintains a steady performance
advantage over T' = 200 at all tested input SNR levels (=5 dB, 0 dB, and 5 dB).
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Figure 4.3: Overall performance overview (radar chart) for both models

The radar diagram in Figure 4.3 synthesizes these findings, visually confirming that
the T' = 50 model provides a superior and more balanced overall coverage of the speech
enhancement quality metrics.

4.3.1 Theoretical Discussion: Optimization and Convergence Dynamics

The empirical superiority of the T' = 50 configuration over 7' = 200 presents a compelling
scenario that highlights the practical constraints of training deep generative diffusion
models under restricted computational budgets. Theoretically, a higher number of
trained diffusion steps (I' = 200) provides a finer discretization of the continuous
stochastic process, which should yields a more precise noise approximation. However,
the experimental training logs reveal an inverse dynamic driven by incomplete parameter
optimization.

Because the T' = 50 network requires fewer computational operations per training
iteration, it trained rapidly, executing a total of 239,598 iterations. The loss function
achieved stable and robust convergence at step 165,648 with a final loss of 0.0180,
successfully saving the optimal parameters via weights-165648.pt. Conversely,
calculating a 200-step noise schedule per iteration severely bottlenecked the GPU compute
cycle. As a direct consequence, the T = 200 model was heavily constrained, achieving
only 65,076 total iterations before termination, with its lowest local loss recorded early at
step 41,412 (weights-41412.pt).

Consequently, the lower performance of the 7' = 200 model is a direct result of under-
convergence rather than an architectural limitation. While its training loss appears
nominally lower (0.0115), this is an artifact of premature optimization on a limited subset
of training updates. The extended training duration of the T" = 50 architecture allowed
its internal neural weights to thoroughly model the underlying clean speech distribution,
yielding significantly better generalization to unseen corrupted audio.
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4.3.2 Optimal Inference Steps (t) Selection

Before conducting the final evaluation, the optimal inference step t for each model was
determined by evaluating the SI-SDR performance on a validation subset across t € [1, 20].

Optimal t Selection: T=50 vs T=200 (White noise, SNR=0dB)

- T=50

- T=200

—== T=50 best t=5
T=200 best t=8

Average SI-SDR (dB)

25 5.0 75 10.0 125 15.0 175 200
t (diffusion steps)

Figure 4.4: Optimal inference step selection for T=50 and T=200 models

As shown in Figure 4.4, the optimal inference steps are defined as:
o T =50 Model: Best t =5 (achieving an optimal peak).
o T =200 Model: Best t = 8 (achieving an optimal peak).

These specific ¢t values were frozen and utilized for all subsequent denoising benchmarks.

Acoustic and Structural Analysis of the Optimal ¢ Values

The behavior of the performance curves provides crucial insights into the inner mechanics
of diffusion-based speech enhancement. A noticeable phenomenon is that increasing the
inference step ¢t beyond its optimal peak (¢ > 5 for T'= 50 and ¢ > 8 for 7" = 200) leads
to a severe and progressive degradation in the SI-SDR metric.

From an acoustic perspective, this degradation occurs because the input to our system
is a corrupted speech signal that still retains its underlying harmonic structure, rather than
pure Gaussian noise. When the reverse process is initiated from an excessively high t value,
the network operates under the assumption that the input signal is highly disorganized.
Consequently, the model over-corrects the waveform and mistakenly interprets the actual
speech energy as ambient noise, attempting to replace it. This process effectively destroys
the fine phonetic and spectral details of the human voice. Thus, the peaks at ¢t = 5 and
t = 8 represent the optimal acoustic balance where the network successfully isolates
and subtracts the noise distribution without compromising the structural integrity of the
clean speech.

Furthermore, the structural difference between the two optimal values (¢t = 8 for
T = 200 versus t = 5 for T' = 50) strictly adheres to diffusion scaling properties. Because
the T" = 200 architecture discretizes the noise schedule into finer, smaller steps, each
individual step accounts for a lower amount of noise variance compared to the 7" = 50
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schedule. Therefore, the T' = 200 model must look slightly deeper into the reverse schedule
(reaching ¢ = 8) to capture the equivalent noise magnitude that the 77 = 50 model
encounters at t = 5.

4.3.3 Training Loss Analysis

The progression of training loss for both networks illustrates the direct impact of the
empirical training strategy and the number of gradient updates on the final model
performance. Figure 4.5 presents the side-by-side training loss curves for both 7" = 50
and T = 200 configurations.

In our initial developmental phase, replicating the baseline diffusion framework for
conditional speech generation incurred substantial computational complexity and heavy
GPU resource exploitation. Consequently, when transitioning to the unconditional
enhancement task, a conservative configuration of 7" = 50 diffusion steps was benchmarked
to mitigate the GPU computational overhead. This model was permitted an extensive
training trajectory, with the final model weights saved at weights-239598.pt (ap-
proximately 240,000 steps). The loss achieved stable and robust convergence, with the
optimal parameters (lowest loss) saved at weights-165648.pt corresponding to a loss
of approximately 0.0180.

Subsequently, to explore a finer noise discretization schedule and evaluate its impact
on performance, an alternative configuration of 7' = 200 was trained. Under this
configuration, the architecture managed to minimize its empirical training loss down to a
lower nominal value of 0.0115 at step 41,412, within its completed 65,076 total training
iterations.

However, subsequent evaluation on unseen test data demonstrated an inverse perfor-
mance dynamic, where the 7" = 50 architecture significantly outperformed the 7" = 200
baseline (SI-SDR: 10.93 vs 9.94 dB). This outcome confirms that a lower nominal training
loss achieved on a shorter training path (65,076 iterations) does not guarantee better
generalization compared to a higher consolidated loss achieved through an extensive
training path (239,598 iterations). Because the T" = 50 architecture underwent nearly
four times more weight updates, its internal parameters achieved a more mature and
robust representation of the underlying clean speech distribution. In contrast, the lower
loss of the T' = 200 model represents a premature local convergence that lacked the
parametric depth required to successfully process entirely unseen acoustic corruptions.
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(a) T =50: Converged loss 0.0180 at step 165,648
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(b) T =200: Minimum loss 0.0115 at step 41,412
Figure 4.5: Training loss optimization curves comparison between T = 50 and T = 200
models. The T = 50 configuration achieves superior generalization due to extensive
parameter updates over 240,000 steps, whereas the T = 200 configuration achieves a

lower empirical loss but exhibits lower testing performance due to a shorter optimization
path.

4.3.4 Quantitative Summary

Table 4.2 summarizes the empirical performance of both configurations evaluated on 100
random, completely unseen test files corrupted with white noise at an input SNR of 0 dB.
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Table 4.2: Summary of average performance of T=200 and T=50 (Tested on 100
Unseen Files under White Noise at 0 dB SNR)

Metric T=200 Model | T=50 Model | Winner
Best Inference Step (%) 8 5 -

SI-SDR (dB) 9.941 £2.91 10929 +£2.79 | T =50
SNR (dB) 9.350 £ 2.20 9.497 + 2.08 T =50
PESQ 1.389 + 0.32 1.406 £ 0.24 T =50
STOI 0.717 £ 0.25 0.728 £ 0.25 T =50
MOS 2.235+0.29 2.250 + 0.22 T =50
Execution Time (sec) 0.199 + 0.00 0.127+£0.01 | T =150

4.3.5 Decision

Based on the rigorous empirical evidence and statistical validation, the T" = 50 con-
figuration operating at its optimal inference step of ¢t = 5 was selected as
the definitive core architecture for the proposed speech denoising deployment. This
selection is justified by a clean sweep across all evaluation metrics (6 vs 0 absolute wins),
established by the following criteria:

« Optimal Inference Localization (¢t = 5): The T' = 50 architecture achieves its
peak speech enhancement performance at an extremely early and efficient inference
threshold of ¢ = 5 (empirically yielding an optimal localized SI-SDR, peak of
11.07 dB). This eliminates the need to execute deeper, computationally expensive
reverse paths, unlike the 7" = 200 model which requires a deeper search up to t = 8
to capture equivalent noise variance.

« Statistical Dominance: The 7" = 50 model outpaces the 7" = 200 configuration
across all objective audio metrics, demonstrating substantial improvements in signal
reconstruction accuracy, notably gaining +-0.99 dB in SI-SDR and +0.15 dB in SNR.

» Perceptual Fidelity Verification: The model yields a higher PESQ score (1.406
vs 1.389) which directly correlates with an improved Mean Opinion Score (MOS:
2.250 vs 2.235). This positive correlation mathematically verifies that higher
objective metrics translate to superior auditory clarity.

o« Computational Runtime Efficiency: The 7' = 50 architecture significantly
reduces computational latency, requiring only 0.127 seconds to process a 1-second
audio frame compared to 0.199 seconds for the 7" = 200 baseline. This represents
a 1.57x operational speedup, which is crucial for achieving low-latency, real-time
edge processing.

e Mathematical Parameter Maturity: Due to its optimized structure, the
T = 50 noise schedule permitted the optimization algorithm to process nearly
four times more gradient updates within the same computational window. This
facilitated mature weight convergence, protecting the system against the severe
under-convergence artifacts that degraded the T'= 200 performance.
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4.4 Generalization capability of the selected T

Having selected the T' = 50 configuration with ¢ = 5 (Section 4.3), we now evaluate its
generalization capability on three different speech datasets: SC09 (English digits), Arabic
Speech Commands, and LJSpeech (English sentences). All tests were conducted with the
same configuration (¢ = 5) on 100 unseen files from each dataset, using 14 noise types (6
synthetic 4+ 8 real) at three SNR levels ( 0 dB).

4.4.1 Optimal Inference Steps (t) Selection

The optimal inference step ¢ = 5 was determined empirically for the T=50 model by
evaluating SI-SDR across ¢ € [1,20] using white noise at SNR = 0 dB. Table 4.3 shows
the results for all three datasets.

Table 4.3: Optimal t values for each dataset

Dataset Best t | Best SI-SDR (dB)
SC09 (English Digits) 5 10.65
Arabic 5 12.97
LJSpeech (English Sentences) 5 9.56

Figure 4.6 shows the optimal t selection curves for all three datasets.

Optimal t Selection for Three Datasets (White Noise, SNR=0dB)

SC09 Arabic LJSpeech
Best t = 5 (SI-SDR = 10.65 dB) Best t = 5 (SI-SDR = 12.97 dB) Best t = 5 (SI-SDR = 9.56 dB)

Average SI-SDR (dB)
@

Average SI-SDR (dB)

Average SI-SDR (dB)

' i i
25 5.0 7.5 100 125 150 175 200 2.5 5.0 75 100 125 150 175 200 25 5.0 7.5 100 125 150 175 200
t value (diffusion steps) t value (diffusion steps) t value (diffusion steps)

Figure 4.6: Optimal t selection for SC09, Arabic, and LJSpeech datasets. All three
datasets achieved their best performance at t = 5.

As shown in Figure 4.6, the optimal inference step is consistently ¢ = 5 across all three
datasets.

Note on Statistical Mismatch between Validation and Testing Metrics

It is critical to contextualize the nominal variance observed between the peak localized
SI-SDR values obtained during the initial step selection phase (e.g., 12.97 dB for the
Arabic dataset in Table 4.3) and the subsequent multi-condition aggregate evaluation
metrics (e.g., 3.94 dB in Table 4.4). The validation phase evaluates model performance
under a single, highly constrained acoustic profile consisting exclusively of synthetic
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white noise configured at a stationary 0 dB SNR. Conversely, the comprehensive bench-
marking pipeline exposes the architecture to a rigorous mixture of 14 heterogeneous
noise profiles—encompassing both synthetic and unpredictable, non-stationary real-world
ambient environments—aggregated across a broad spectrum of energy levels from —5 dB
to 5 dB. The lower baseline average in the general comparison is a natural statistical
consequence of this highly complex testing matrix, establishing the robust practical
generalizability of the trained model under diverse operational conditions.

4.5 DDPM-Based Speech Enhancement Results

4.5.1 Experimental Setup

All experiments were conducted using the T=50 configuration of the DiffWave model
trained on the SC09 dataset (English digits). The model was evaluated on three different
datasets:

« SCO09 (English Digits): 100 unseen files (spoken English digits )
« Arabic Speech Commands: 100 files (spoken Arabic digits )

« LJSpeech (English Sentences): 100 files (continuous speech)

For each dataset, we used:

14 noise types (6 synthetic + 8 real from Arabic dataset)
e 3 SNR levels (-5 dB, 0 dB, 5 dB)

« Optimal inference step ¢t = 5 (determined empirically)

All metrics were computed using standard implementations: SNR, SI-SDR, PESQ),
STOI, MOS, and RTF.

4.5.2 DDPM Overall Performance

Table 4.4 presents the overall performance of the DDPM-based T=50 model across the
three datasets.

Table 4.4: Overall performance of DDPM (T=50) on three datasets

Dataset SI-SDR | PESQ | STOI | MOS | RTF | Success
(dB) Rate
SC09 (English Digits) 3.37 1.363 | 0.666 | 2.23 | 0.1223 | 69.8%
Arabic 3.94 1.354 | 0.699 | 2.20 |0.1225| 71.2%
LJSpeech (English Sentences) | 1.63 1.263 | 0.742 | 2.12 | 0.1226 | 59.0%

Key observations:

o The Arabic dataset achieved the best performance (SI-SDR = 3.94 dB, success rate
= 71.2%), demonstrating strong cross-lingual generalization.
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o The model was trained only on English digits but performed well on Arabic digits.

 The real-time factor (RTF ~ 0.1225) indicates the model processes audio 8.2x faster
than real-time.

Figure 4.7 provides a visual comparison of the mean SI-SDR across datasets.

DIFFWAVE (DDPM) - T=50 Model
Overall Performance by Dataset
4.0 3.89dB

Mean SI-SDR (dB)

SC09 Arabic LJSpeech
Dataset

Figure 4.7: Mean SI-SDR comparison across three datasets (DDPM, T=50)

4.5.3 Performance Analysis by SNR Level
Table 4.5 shows the SI-SDR performance across different SNR. levels.

Table 4.5: SI-SDR (dB) by dataset and SNR level (DDPM, T=50)

Dataset SNR = -5 dB SNR = 0 dB SNR = 5 dB
SC09 (English Digits) -2.53 3.64 8.47
Arabic -2.13 4.29 9.50
LJSpeech (English Sentences) -4.15 2.28 6.77

The Arabic dataset consistently outperformed the other datasets across all SNR levels,
with the best performance at SNR = 5 dB (9.50 dB).
Figure 4.8 illustrates the performance evolution as a function of input SNR.
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DIFFWAVE (DDPM) - SI-SDR by SNR Level
Comparison Across Datasets
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Figure 4.8: SI-SDR evolution with input SNR for three datasets (DDPM, T=50)

4.5.4 Success Rate Analysis

Note: A test file is considered a success if the output SI-SDR is greater than the
input SNR (improvement). If the output SI-SDR is less than or equal to the input
(no improvement or degradation), it is considered a failure.

Table 4.6 presents the success rate (percentage of tests where the output SI-SDR is
greater than the input SNR, indicating successful noise removal).

Table 4.6: Success rate by dataset and SNR level (DDPM, T=50)

Dataset Overall | -5dB | 0dB | 5 dB
SC09 (English Digits) 69.8% | 45.7% | 88.5% | 100%
Arabic 71.2% | 45.7% | 88.5% | 100%
LJSpeech (English Sentences) | 59.0% | 24.8% | 75.3% | 100%

At SNR = 5 dB, all datasets achieved 100% success rate. At SNR = -5 dB, the
LJSpeech dataset showed the lowest success rate (24.8%), indicating that continuous
speech is more challenging than isolated digits under high noise conditions.

Figure 4.9 shows the success rate comparison.
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Figure 4.9: Success rate comparison across three datasets (DDPM, T=50)

4.5.5 Perceptual Quality Metrics
Table 4.7 summarizes the perceptual quality metrics (PESQ, STOI, MOS).

Table 4.7: Perceptual quality metrics by dataset (DDPM, T=50)

Dataset PESQ STOI MOS
SC09 (English Digits) 1.363 0.666 2.23
Arabic 1.354 0.699 2.20
LJSpeech (English Sentences) 1.263 0.742 2.12

Figure 4.10 provides a visual comparison of all three perceptual metrics.

DIFFWAVE (DDPM): MOS Score
1.457

DIFFWAVE (DDPM): STOI Score
0.735 0.733

DIFFWAVE (DDPM): PESQ Score
1.376

1.478

1.4 1.381 1.458

0.710

1.254 0.7

g =
=} N

o
©
STOI Score
o
ES
MOS Score

PESQ Score
o
o

o
o

I
S

0.4

I
N

0.2

0.0

SC09 Arabic

Dataset

SC09 Arabic LJSpeech

Dataset

SC09 Arabic LJSpeech

Dataset

LJSpeech

Figure 4.10: Comparison of PESQ, STOI, and MOS across datasets (DDPM, T=50)
4.5.6 Performance Analysis by Noise Type

Best Performing Noises (at SNR = 0 dB) Table 4.8 shows the top 3 best
performing noise types for each dataset, ranked by the highest SI-SDR, values.

o4



Chapter 4: Experimental Results and Evaluation

Table 4.8: Best performing noise types at SNR = 0 dB measured by SI-SDR (dB)

(DDPM, T=50)
Dataset 1st (Highest) 2nd 3rd
SC09 running tap (11.4 dB) white (11.4 dB) doing_ the_ dishes (11.3 dB)
Arabic white (13.0 dB) running_tap (12.9 dB) | doing_ the__dishes (12.8 dB)
LJSpeech white (9.5 dB) running tap (9.1 dB) doing the dishes (8.9 dB)

Worst Performing Noises (at SNR = 0 dB) Table 4.9 shows the worst performing
noise types for each dataset, ranked by the lowest SI-SDR values.

Table 4.9: Worst performing noise types at SNR = 0 dB measured by SI-SDR (dB)

(DDPM, T=50)
Dataset | 1st (Lowest) 2nd 3rd
SC09 pink (-0.6 dB) | washing machine (0.3 dB) | walking machine (1.0 dB)

Arabic pink (-0.3 dB) | washing machine (0.5 dB) | walking machine (1.2 dB)
LJSpeech | pink (-1.2 dB) | washing machine (-0.6 dB) cooking 2 (-0.3 dB)
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4.5.7 Performance Heatmap

Figure 4.11 presents a complete heatmap of SI-SDR. for all noise types, all datasets, and
all SNR levels.
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Figure 4.11: Complete SI-SDR heatmap (DDPM, T=50): all noise types, all datasets,
all SNR levels

4.5.8 Synthetic vs Real Noises
Figure 4.12 compares the performance on synthetic versus real noises.

DIFFWAVE (DDPM): Synthetic vs Real Noises Performance
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Figure 4.12: Synthetic vs real noises performance comparison (DDPM, T=50)
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4.5.9 Processing Speed (RTF)

Table 4.10 shows the real-time factor (RTF) for each dataset. Lower RTF indicates faster
processing.

Table 4.10: Processing speed (RTF) by dataset (DDPM, T=50)

Dataset RTF

SC09 (English Digits) 0.1223
Arabic 0.1225
LJSpeech (English Sentences) | 0.1226
Average 0.1225

The average RTF of 0.1225 means the model processes audio approximately 8.2 X%
faster than real-time.
Figure 4.13 illustrates the RTF comparison.

DIFFWAVE (DDPM): Processing Speed Comparison
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Figure 4.13: RTF comparison across datasets (DDPM, T=50) - lower is faster

4.5.10 All Noises Detailed Analysis

Figures 4.14 and 4.15 show the complete performance for all synthetic and real noises.
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DIFFWAVE (DDPM): All Synthetic Noises - All Datasets
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Figure 4.14: All synthetic noises performance (DDPM, T=50)
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Figure 4.15: All real noises performance (DDPM, T=50)

4.5.11 Generalization Capability

It is important to note that the T=50 model was trained exclusively on the SC09
dataset (English digits) using only synthetic noises. Despite this limited training,
the model demonstrated remarkable generalization:

different language with distinct phonetic characteristics.

Cross-lingual generalization: The model performed well on Arabic, a completely

Cross-domain generalization: The model successfully processed LJSpeech (con-

tinuous English sentences), though trained only on isolated digits.

types never seen during training.

Table 4.11 summarizes

the training and testing conditions.

28
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Table 4.11: Training vs testing conditions (DDPM, T=50)

Aspect Training Testing (Arabic) | Testing (LJSpeech)
Language English (digits) Arabic English (sentences)
Speech type | Isolated digits Isolated digits Continuous speech

Noise type Synthetic only | Synthetic + Real Synthetic + Real
Files used 100 unseen files 100 files 100 files

These results demonstrate that the model learns a robust representation of clean speech

that is largely independent of language, speech type, and noise characteristics, making it
suitable for real-world deployment.

4.5.12 Cross-Lingual Generalization: French Language Validation

To further evaluate the cross-lingual generalization capabilities of our DDPM-based
model, we extended the evaluation to French speech. While the model was trained
exclusively on English digits (SC09), we tested it on 100 randomly selected French speech
samples from the Common Voice dataset [15]. The same experimental protocol was
applied: 14 noise types (6 synthetic and 8 real-world noises) at three SNR levels (-5 dB,
0 dB, and 5 dB), using the optimal inference step t = 5.

Table 4.12 presents the overall performance on the French dataset, alongside
a comparison with the original three datasets.

Table 4.12: Comparison of DDPM performance on French vs. original datasets

Dataset SI-SDR | PESQ | STOI | MOS | RTF | Success
(dB) Rate
SC09 (English Digits) 3.37 1.363 | 0.666 2.23 | 0.1223 69.8%
Arabic 3.94 1.354 | 0.699 | 2.20 | 0.1225 | 71.2%
LJSpeech (English Sentences) 1.63 1.263 | 0.742 | 2.12 | 0.1226 | 59.0%
French (Ours) 2.56 0.926 | 0.349 | 1.99 | 0.1248 | 82.3%

The French dataset achieved an average SI-SDR of 2.56 dB, which is lower than Arabic
(3.94 dB) and SCO09 (3.37 dB), but higher than LJSpeech (1.63 dB). This indicates that
the model generalizes reasonably well to French, despite being trained only on English.
The relatively lower performance on French can be attributed to the acoustic complexity
of French phonemes, particularly nasal vowels and certain fricatives, which are not present
in English.

Performance by SNR Level

Table 4.13 presents the SI-SDR performance on French speech across different
SNR levels.
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Table 4.13: SI-SDR (dB) on French dataset by SNR level

Dataset | SNR = -5dB | SNR = 0dB | SNR =5 dB
French -2.22 3.68 8.20

The model consistently improves with increasing SNR, achieving its best performance
at 5 dB (SI-SDR = 8.20 dB). The success rate (percentage of tests where output SI-SDR
exceeds input SNR) was 72.4%, 84.0%, and 83.5% for -5 dB, 0 dB, and 5 dB, respectively.
Noise Type Analysis on French

Table 4.14 shows the best and worst performing noise types on French speech
at SNR = 0 dB.

Table 4.14: Best and worst performing noise types on French at SNR = 0 dB

Best Noises SI-SDR (dB) | Worst Noises | SI-SDR (dB)
doing_the dishes 10.47 cooking 2 -3.65
running_ tap 7.95 pink -1.26
cooking 1 5.63 street -0.88
white 5.60 water_tap -0.87
boiler 4.27 battery charger -0.10

As with the original datasets, white noise, running tap, and doing the dishes were
the easiest noise types to remove. Conversely, pink noise, street noise, and cooking 2
were the most challenging. This pattern is consistent with observations from the English
and Arabic datasets, confirming the model’s consistent behavior across languages.

Cross-Lingual Comparison

Table 4.15 compares the average SI-SDR across all four datasets, ranking them
from highest to lowest performance.

Table 4.15: Cross-lingual SI-SDR comparison across datasets

Dataset SI-SDR (dB)
Arabic 3.94
SC09 (English Digits) 3.37
French 2.56
LJSpeech (English Sentences) 1.63

The Arabic dataset achieved the highest performance (3.94 dB), followed by SCO09
(3.37 dB), French (2.56 dB), and LJSpeech (1.63 dB). This ranking suggests that:

o Arabic benefits from its rich consonantal structure (emphatic and pharyngeal
sounds) which provides acoustic robustness.
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o French, while different from English, shares some phonetic similarities that allow
moderate generalization.

o LJSpeech (continuous English sentences) is the most challenging due to the
complexity of continuous speech.

These results demonstrate that the model’s generalization capability extends beyond
Arabic to other languages such as French, albeit with varying degrees of success depending
on phonetic similarity to the training language.

4.5.13 Summary of DDPM Results
The DDPM-based T=50 model achieved the following key results:

1. Best overall performance: Arabic dataset (SI-SDR = 3.94 dB, success rate =
71.2%)

2. Best SNR performance: Arabic dataset at 5 dB (SI-SDR = 9.50 dB)

Easiest noises: white, running tap, doing_the dishes

- W

Most challenging noises: pink, washing machine, walking machine
5. Processing speed: 8.2x real-time performance (RTF = 0.1225)
6. Optimal inference step: ¢t = 5 (consistent across all datasets)

7. Strong generalization: Cross-lingual, cross-domain, and robustness to unseen
noises

4.6 DDIM-Based Speech Enhancement Results

While the DDPM-based model (T" = 50) demonstrated robust performance and strong
generalization capabilities across different datasets, it still requires a relatively high
number of iterative sampling steps to achieve optimal speech quality. In real-world
applications, reducing the inference time and computational complexity remains a critical
challenge for diffusion models. To address this limitation and explore the trade-off
between speech enhancement quality and generation speed, we investigate the use of
Denoising Diffusion Implicit Models (DDIM). DDIM allows for non-Markovian forward
processes, enabling much faster sampling with fewer steps without requiring the model to
be retrained. The following section presents the experimental evaluation and comparative
analysis of the DDIM-enhanced speech enhancement model.

4.6.1 DDIM Parameter Optimization

To accelerate inference while maintaining denoising quality, we implemented Denoising
Diffusion Implicit Models (DDIM) [12]. Unlike DDPM which requires 50 sequential steps,
DDIM uses a deterministic, non-Markovian sampling process that can achieve comparable
quality with fewer steps.

We performed a grid search to find the optimal DDIM parameters (¢t and number of
steps) for each dataset. The search was conducted on 20 validation files from each dataset
at SNR = 0 dB using white noise. Table 4.16 summarizes the optimal parameters found.
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Table 4.16: Optimal DDIM parameters for each dataset (DDIM)

Dataset Optimal t | Optimal steps | Best SI-SDR (dB)
SC09 (English Digits) 5 10.65
Arabic 5 13.22
LJSpeech (English Sentences) 5 9.01

4.6.2 DDIM Overall Performance

Table 4.17 presents the overall performance of the DDIM model across the three datasets
using the optimized configuration (¢ = 5, steps=3).

Table 4.17: Overall performance of DDIM (t=5, steps=3) on three datasets

Dataset SI-SDR | PESQ | STOI | MOS RTF Success
(dB) Rate
SC09 (English Digits) 2.98 1.428 0.675 2.27 0.0732 67.1%
Arabic 3.30 1.332 0.707 2.18 0.0731 67.8%
LJSpeech (English Sentences) 1.59 1.255 0.759 2.12 0.0768 58.5%

Key observations:

o The Arabic dataset maintained the highest performance even under accelerated
conditions (SI-SDR = 3.30 dB, success rate = 67.8%), reinforcing its cross-lingual

robustness.

e The model retains high phonetic preservation across languages with only 3 sampling

steps.

o The real-time factor dropped significantly to &~ 0.0731, indicating faster execution.

Figure 4.16 provides a visual comparison of the mean SI-SDR across datasets for

DDIM.

DDIM (T=50, steps=3): Mean SI-SDR by Dataset
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Figure 4.16: Mean SI-SDR comparison across three datasets (DDIM, t=5, steps=3)
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4.6.3 DDIM Performance by SNR Level

Table 4.18 shows the SI-SDR, performance of DDIM across different SNR levels.

Table 4.18: SI-SDR (dB) by dataset and SNR level (DDIM)

Dataset SNR =-5dB | SNR=0dB | SNR =5 dB
SCO09 (English Digits) -2.84 3.12 8.66
Arabic -2.32 3.65 8.57
LJSpeech (English Sentences) -4.21 2.19 6.79

The deterministic sampling trajectory of DDIM consistently handles different noise
levels, where the Arabic dataset scores the highest at SNR = 5 dB (8.57 dB).
Figure 4.17 illustrates the performance evolution as a function of input SNR.

DDIM (T=50, steps=3): SI-SDR vs SNR by Dataset
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Figure 4.17: SI-SDR evolution with input SNR for three datasets (DDIM)

4.6.4 DDIM Success Rate Analysis

Table 4.19 presents the success rate (percentage of tests where SI-SDR > 0 dB) for DDIM.

Table 4.19: Success rate by dataset and SNR level (DDIM)

Dataset Overall | SNR =-5dB | SNR=0dB | SNR =5 dB
SC09 (English Digits) 67.1% 41.3% 85.7% 100%
Arabic 67.8% 41.8% 86.3% 100%
LJSpeech (English Sentences) 58.5% 23.1% 74.9% 100%

Both isolated word domains achieve a absolute 100% success rate at SNR = 5 dB,

showing that cutting down steps does not alter performance in low noise setups.

Figure 4.18 shows the success rate comparison.
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DDIM (T=50, steps=3): Success Rate by SNR

100 { —@— SC09
Arabic
—@— LJSpeech

80

60

40

Success Rate (%)

20

4 ) 0 2 4
Input SNR (dB)

Figure 4.18: Success rate comparison across three datasets (DDIM)

4.6.5 DDIM Perceptual Quality Metrics

Table 4.20 summarizes the perceptual quality metrics (PESQ, STOI, MOS) obtained via
DDIM.

Table 4.20: Perceptual quality metrics by dataset (DDIM)

Dataset PESQ | STOI | MOS
SCO09 (English Digits) 1.428 0.675 2.27
Arabic 1.332 0.707 2.18
LJSpeech (English Sentences) | 1.255 0.759 2.12

Figure 4.19 provides a visual comparison of all three perceptual metrics.
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DDIM (T=50, steps=3): All Metrics vs SNR
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Figure 4.19: Comparison of PESQ, STOI, and MOS across datasets (DDIM)

4.6.6 DDIM Performance Analysis by Noise Type
Best Performing Noises (SNR = 0 dB)

Table 4.21 shows the top 3 best performing noise types for each dataset under DDIM
acceleration.

Table 4.21: Best performing noise types at SNR = 0 dB (DDIM)

Dataset 1st (SI-SDR) 2nd (SI-SDR) 3rd (SI-SDR)

SC09 white (10.65 dB) running tap (10.42 dB) doing the dishes (10.15 dB)
Arabic | white (13.22 dB) | running_tap (12.45 dB) | doing the_ dishes (12.11 dB)
LJSpeech |  white (9.01 dB) running tap (8.84 dB) doing the dishes (8.52 dB)

Worst Performing Noises (SNR = 0 dB)

Table 4.22 shows the worst performing noise types.
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Table 4.22: Worst performing noise types at SNR = 0 dB (DDIM)

Dataset

1st (SI-SDR)

2nd (SI-SDR)

3rd (SI-SDR)

SC09

pink (-1.10 dB)

washing__machine (-0.12 dB)

walking machine (0.65 dB)

Arabic

pink (-0.85 dB)

washing machine (0.10 dB)

walking machine (0.88 dB)

LJSpeech

pink (-1.65 dB)

washing_machine (-0.95 dB)

cooking 2 (-0.54 dB)

4.6.7 DDIM Complete Performance Heatmap

Figure 4.20 presents a complete heatmap of SI-SDR. for all noise types, all datasets, and
all SNR levels.

DDIM (T=50, steps=3): SI-SDR Heatmap
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Figure 4.20: Complete SI-SDR heatmap (DDIM): all noise types, all datasets, all SNR

levels

Additionally, the separate dataset resolution breakdowns are presented in Figure 4.21.
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framework
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4.6.8 DDIM Performance on Synthetic Noises

Figure 4.22 compares the performance on synthetic noises across the evaluation domains.

DDIM: Synthetic Noises Performance at SNR=0dB
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Figure 4.22: Synthetic noises performance evaluation (DDIM)

Furthermore, a dedicated noise distribution profile for the cross-lingual Arabic dataset

is shown in Figure 4.23.
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Figure 4.23: Comprehensive performance across all noise categories on the Arabic
dataset (DDIM)
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4.6.9 DDIM Processing Speed

Table 4.23 shows the real-time factor (RTF) for each dataset. Lower RTF indicates faster
processing.

Table 4.23: Processing speed (RTF) by dataset (DDIM)

Dataset RTF

SC09 (English Digits) 0.0732
Arabic 0.0731
LJSpeech (English Sentences) | 0.0768
Average 0.0732

The average RTF of 0.0732 means the model processes audio approximately 13.7 X
faster than real-time. Figure 4.24 illustrates the RTF comparison.
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Figure 4.24: RTF comparison across datasets (DDIM) - lower is faster

4.6.10 DDIM Results on French Speech

To further evaluate the DDIM model on French speech, we applied the DDIM configu-
ration (¢ = 5, steps=3) to the French dataset using the same experimental protocol: 14
noise types (6 synthetic and 8 real-world noises) at three SNR levels (-5 dB, 0 dB, and 5
dB).

Table 4.33 presents the DDIM performance on the French dataset across different SNR,
levels.
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Table 4.24: DDIM performance on French dataset (t=5, steps=3)

SNR (dB) | Count | SI-SDR (dB) PESQ STOI MOS
-5 1400 | -2.959 £ 3.794 | 1.267 £ 0.377 | 0.318 £ 0.295 | 2.13 + 0.34
0 1400 3.392 £ 4.019 | 1.384 £ 0.468 | 0.381 + 0.328 | 2.23 £ 0.42
5 1400 8.646 £ 3.531 | 1.551 £ 0.576 | 0.439 £ 0.353 | 2.38 £ 0.51
Average 4200 3.03 1.40 0.38 2.24

The DDIM model achieves a real-time factor (RTF) of approximately 0.073 on the
French dataset, corresponding to 13.7 X faster than real-time. The model consistently
improves with increasing SNR, achieving its best performance at 5 dB (SI-SDR = 8.646
dB). The success rates were 75.5%, 86.7%, and 87.2% for -5 dB, 0 dB, and 5 dB,
respectively.

4.7 Comprehensive Comparative Evaluation: DDPM vs. DDIM

This section delivers a definitive statistical and empirical confrontation between the
baseline stochastic Markovian diffusion model (DDPM) running at 50 sampling steps
and the accelerated deterministic non-Markovian framework (DDIM) configured at an
optimized trajectory of ¢t = 5 with only 3 steps. By leveraging both high-resolution
graphical distributions and comprehensive numerical matrices, we critically analyze the
trade-offs between speech enhancement quality and computational throughput across the
SC09, Arabic, and LJSpeech datasets.

4.7.1 Macro-Level Quality and Signal Restoration Benchmarks

To establish a baseline for the comparative analysis, we first examine the global per-
formance vectors across all acoustic environments. Table 4.25 presents the macro-
level indicators, framing the overall speech reconstruction capabilities of both generative
frameworks.

Table 4.25: Owverall Comparison DDPM vs DDIM

Dataset | Model | SI-SDR | PESQ | STOI | MOS | RTF | S Rate
SC09 DDPM 3.37 1.363 | 0.666 | 2.23 |0.1223 | 69.8%
SC09 DDIM 2.98 1.428 | 0.675 | 2.27 |0.0732 | 67.1%
Arabic |DDPM | 3.94 1.354 | 0.699 | 2.20 |0.1225| 71.2%
Arabic | DDIM 3.30 1.332 | 0.707 | 2.18 |0.0731| 67.8%
LJSpeech | DDPM 1.63 1.263 | 0.742 | 2.12 |0.1226 | 59.0%
LJSpeech | DDIM 1.59 1.255 | 0.759 | 2.12 |0.0768 | 58.5%

The primary energy-based quality metric, Scale-Invariant Signal-to-Distortion Ratio
(SI-SDR), provides the baseline for measuring additive noise suppression. Figure 4.25
visualizes the absolute SI-SDR levels attained by both paradigms.
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Figure 4.25: Absolute SI-SDR performance comparison between DDPM and DDIM

To capture how the models handle varying signal degradations, Table 4.26 isolates the

DDPM vs DDIM: Mean SI-SDR Comparison
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absolute SI-SDR scores structured across the input noise spectrum.

Table 4.26: SI-SDR (dB) by Model, Dataset and SNR Level

Dataset | DDIM (-5) | DDIM (0) | DDIM (5)| DDPM (-5) | DDPM (0) | DDPM (5)
SC09 -3.08 3.56 9.41 -2.09 4.35 9.57
LJSpeech|  -4.33 1.92 7.19 -4.09 2.26 6.72
Arabic -3.21 3.30 8.84 -2.38 3.78 8.70

The exact performance degradation vector induced by collapsing the sampling steps
from 50 to 3 is mapped in Figure 4.26, while Table 4.27 provides the corresponding
mathematical delta (A = SI-SDRppny — SI-SDRpppum ).

DDIM vs DDPM: SI-SDR Difference

-0.04 dB
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Figure 4.26: SI-SDR performance reduction (A) across datasets due to DDIM
acceleration
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Table 4.27: Performance Difference (SI-SDR) by Dataset and SNR Level

Dataset | SNR (dB) | DDPM SI-SDR | DDIM SI-SDR | Difference
SC09 -5 -2.38 -3.21 -0.83
SC09 0 3.78 3.30 -0.48
SC09 8.70 8.84 +0.14
Arabic -5 -2.09 -3.08 -0.99
Arabic 0 4.35 3.56 -0.79
Arabic 5 9.57 9.41 -0.15
LJSpeech -5 -4.09 -4.33 -0.24
LJSpeech 0 2.26 1.92 -0.34
LJSpeech 6.72 7.19 +0.46

4.7.2

Acoustic Robustness Curves and Perceptual Metrics Confrontation

A robust speech enhancement architecture must maintain structural and harmonic
integrity under severe noise injection. Figure 4.27 demonstrates the cross-model response
curves plotted from —5 dB to 5 dB input SNR.
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Figure 4.27: Cross-model SI-SDR response profiles over varying input SNR conditions

Evaluating generative models purely on signal energy does not fully encapsulate human
auditory perception. Therefore, we evaluate alternative dimensions using the Perceptual
Evaluation of Speech Quality (PESQ), Short-Time Objective Intelligibility (STOI), and
Mean Opinion Score (MOS). Figure 4.28 maps these values visually, and Table 4.25 logs
their statistical baselines.
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DDPM vs DDIM: All Metrics Comparison by Dataset
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Figure 4.28: Side-by-side evaluation of multi-dimensional speech quality metrics
(DDPM vs. DDIM)

To synthesize the complete multi-metric optimization surface, Figure 4.29 maps all
quality coordinates onto a unified polar system, establishing the absolute dominance
trends across metrics.
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Figure 4.29: Holistic multi-metric radar profile comparing DDPM and DDIM
operational frameworks
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Furthermore, the operational convergence and enhancement reliability quantified as
the exact percentage of processed audio clips yielding a strictly positive enhancement

margin is contrasted via Figure 4.30.
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Figure 4.30: Overall success rate performance profile comparison (DDPM vs. DDIM)

4.7.3 Pareto Optimization and Computational Runtime Latencies

The foundational motivation for deploying the non-Markovian DDIM framework is
achieving real-time inference viability. Table 4.28 maps the Pareto optimization frontiers,
highlighting the exact trade-off between speech quality retention and execution speedups.

Table 4.28: Speed-Quality Tradeoff: DDPM vs DDIM

Dataset

DDPM SI-SDR DDIM SI-SDR Difference DDPM RTF DDIM RTF Speedup (x)
SC09 3.37 2.98 -0.39 0.1223 0.0732 1.67
Arabic 3.94 3.30 -0.64 0.1225 0.0731 1.68
LJSpeech 1.63 1.59 -0.04 0.1226 0.0768 1.60

To verify the practical acceleration margins, Figure 4.31 contrasts the absolute
execution latencies via the Real-Time Factor (RTF), while Figure 4.32 and Table 4.29
analyze the temporal variance and structural stability distributions across the evaluation

cycles.
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DDPM vs DDIM: Processing Speed (lower is faster)
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Figure 4.31: Inference execution speed and RTF optimization margin (DDPM vs.
DDIM)
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Figure 4.32: Temporal latency spread and RTF empirical distribution properties

Table 4.29: RTF Statistics by Dataset and Model

Dataset | Model | Mean RTF | Std RTF | Min RTF | Max RTF
SCO09 DDPM 0.1223 0.0160 0.1098 1.1484
SC09 DDIM 0.0732 0.0056 0.0670 0.2628
Arabic DDPM 0.1225 0.0017 0.1196 0.1399
Arabic DDIM 0.0731 0.0041 0.0686 0.0943
LJSpeech | DDPM 0.1226 0.0013 0.1199 0.1379
LJSpeech | DDIM 0.0768 0.0055 0.0685 0.0966

4.7.4 Boundary Noise Sensitivity and Dominance Profiling

To discover the edge performance limitations of both configurations, we subject the
networks to a heterogeneous mix of 14 non-stationary acoustic distortions. Table 4.30
and Table 4.31 isolates the top 3 best-performing and bottom 3 worst-performing
environmental noises at the critical SNR = 0 dB boundary.
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Table 4.30: Best Performing Noises at SNR = 0 dB (SI-SDR in dB)

Dataset | Model 1st Best 2nd Best 3rd Best
SC09 DDPM | running tap (11.4) white (11.4) doing_the_ dishes (11.3)
SC09 DDIM white (10.1) running_tap (9.8) doing the dishes (9.6)
Arabic | DDPM white (13.0) running_ tap (12.9) | doing_ the_ dishes (12.8)
Arabic | DDIM white (10.7) doing_the_ dishes (10.3) running_ tap (10.2)
LJSpeech | DDPM white (9.5) running_ tap (9.1) doing_the_ dishes (8.9)
LJSpeech | DDIM white (7.5) running tap (7.0) doing the dishes (6.7)
Table 4.31: Worst Performing Noises at SNR = 0 dB (SI-SDR in dB)
Dataset | Model | 1st Worst 2nd Worst 3rd Worst
SC09 DDPM | pink (-0.6) | washing machine (0.3) | walking machine (1.0)
SC09 DDIM | pink (-0.3) | washing machine (0.2) | walking machine (0.8)
Arabic | DDPM | pink (-0.3) | washing machine (0.5) | walking machine (1.2)
Arabic | DDIM | pink (-0.2) | washing machine (0.4) | walking machine (0.9)
LJSpeech | DDPM | pink (-1.2) | washing_machine (-0.6) cooking 2 (-0.3)
LJSpeech | DDIM | pink (-0.9) | washing machine (-0.5) | walking machine (0.1)

To conclude the empirical evaluation, Table 4.32 maps the final architectural selection
directive, indicating which configuration dominates given a specific linguistic domain and
metric priority.

Table 4.32: Best Model per Metric for Each Dataset

Metric SCO09 Arabic LJSpeech
Best SI-SDR | DDPM (3.37 dB) | DDPM (3.94 dB) | DDIM (1.59 dB)
Best PESQ DDIM (1.428) DDPM (1.376) DDIM (1.255)
Best STOI DDPM (0.666) DDIM (0.707) DDIM (0.759)
Best MOS DDIM (2.27) DDIM (2.18) DDIM (2.12)
Best RTF DDIM (0.0732) DDIM (0.0731) DDIM (0.0768)
Best Speedup 1.67x 1.68x 1.60x

4.7.5 DDIM Results on French Speech

To further evaluate the DDIM model on French speech, we applied the DDIM configu-
ration (t = 5, steps=3) to the French dataset using the same experimental protocol: 14
noise types (6 synthetic and 8 real-world noises) at three SNR levels (-5 dB, 0 dB, and 5
dB).

Table 4.33 presents the DDIM performance on the French dataset across different SNR
levels.
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Table 4.33: DDIM performance on French dataset (t=5, steps=3)

SNR (dB) | Count | SI-SDR (dB) PESQ STOI MOS
-5 1400 | -2.959 £ 3.794 | 1.267 £ 0.377 | 0.318 £ 0.295 | 2.13 + 0.34
0 1400 3.392 £ 4.019 | 1.384 £ 0.468 | 0.381 + 0.328 | 2.23 £ 0.42
5 1400 8.646 £ 3.531 | 1.551 £ 0.576 | 0.439 £ 0.353 | 2.38 £ 0.51
Average 4200 3.03 1.40 0.38 2.24

The DDIM model achieves a real-time factor (RTF) of approximately 0.073 on the
French dataset, corresponding to 13.7 X faster than real-time. The model consistently
improves with increasing SNR, achieving its best performance at 5 dB (SI-SDR = 8.646
dB). The success rates were 75.5%, 86.7%, and 87.2% for -5 dB, 0 dB, and 5 dB,

respectively.

Comparison of DDPM and DDIM on French
Table 4.34 compares DDPM and DDIM on the French dataset.

Table 4.34: Comparison of DDPM and DDIM on French dataset

Metric DDPM | DDIM
SI-SDR (dB) 3.22 3.03
PESQ 0.93 1.40
STOI 0.35 0.38
MOS 1.99 2.24
RTF 0.125 0.073
Speedup 8 13.7%

While DDPM achieves better signal quality (SI-SDR: 3.22 dB vs 3.03 dB for DDIM),
DDIM delivers significantly faster inference (RTF: 0.073 vs 0.125, corresponding to 13.7x
real-time vs 8x). This trade-off demonstrates that DDPM is the preferred choice when
maximum signal quality is required, whereas DDIM is the optimal solution for real-time
applications where speed is critical, offering a substantial speedup with a minor quality
compromise.

Critical Theoretical and Architectural Synthesis

The comprehensive empirical confrontation conducted via Figures 4.25 through 4.32 and
Tables 4.25 through 4.32 yields vital insights into generative speech processing. Standard
Markovian diffusion (DDPM) maintains the absolute upper performance bound for signal
restoration quality, achieving a peak SI-SDR of 3.94 dB on the cross-lingual Arabic
dataset. This superiority is explicitly evident in Tables 4.30 and 4.31, where DDPM
shows enhanced resilience against envelope-masking, highly non-stationary noise types
(e.g., pink noise, washing machine). This behavior is driven by its stochastic reverse
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mechanics:

Ty = \/% (:ct — %69(%,15)) + 042 (4.1)
The continuous injection of the Gaussian perturbation vector o,z across 50 sequential
passes acts as an online error-correction mechanism, allowing the network to continually
refine the continuous speech boundaries.

Conversely, compressing the reverse execution trajectory by setting o; = 0 in the non-
Markovian DDIM framework yields an exceptional computational optimization curve. As
detailed in Table 4.28 and Table 4.29, collapsing the generation chain down to 3 steps
accelerates inference throughput by up to 1.68x faster processing (bringing the mean
RTF down from 0.1225 to 0.0731). This allows the system to run approximately 13.7x
faster than real-time, satisfying the rigid latency parameters required for deployment
on edge hardware devices.

Crucially, the performance deltas analyzed in Table 4.27 confirm that the absolute
quality loss is strongly dependent on linguistic complexity. For isolated-word segments
(SC09 digits and Arabic words), the quality drops by minor margins of —0.39 dB and
—0.64 dB, respectively. Most notably, within the continuous sentence structure of the
LJSpeech corpus, the performance gap converges tightly to a negligible delta of just -
0.04 dB (1.63 dB vs. 1.59 dB). This indicates that for complex prosodic phrases with
long-term temporal structures, DDIM’s fully deterministic path successfully matches the
generative restoration power of stochastic models. These findings justify adopting the
optimized DDIM configuration for interactive deployment, as it minimizes latency with
minimal impact on perceptual and objective speech enhancement quality.

4.7.6 Phonetic Resilience and Cross-Lingual Performance

A comprehensive synthesis of the experimental results—across both the baseline DDPM
configurations and the accelerated DDIM trajectories—demonstrates that the Arabic
speech dataset consistently exhibits superior resilience against acoustic degradation com-
pared to its English counterparts (SC09 and LJSpeech), as well as French. Remarkably,
even when transition steps are drastically reduced in the DDIM framework, the Arabic
models retain a high structural fidelity.

This robust cross-lingual performance can be scientifically attributed to the following
intrinsic phonetic properties of the Arabic language:

1. High-Energy Consonantal Profiles: Arabic phonology inherently relies on
emphatic, pharyngeal, and uvular phonemes. These sounds possess significantly
higher spectral energy and sharper acoustic boundaries than the soft fricatives
and sibilants frequent in English, making them less susceptible to being completely
masked by ambient noise.

2. Vocalic Core and Formant Stability: The structural dominance of short and
long vowels (Tashkeel) ensures that the fundamental frequency (Fy) and lower
formants (Fi, F») maintain a high energy distribution in the low-to-mid frequency
bands. This acts as a natural acoustic shield during severe corruption.

3. Trajectory Efficiency in Generative Shortcuts: Because the Arabic phonemes
exhibit low acoustic ambiguity, the conditioned Mel-spectrogram guidance remains
highly informative. Consequently, during the accelerated DDIM reverse process,
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the model can accurately map the speech contours and eliminate noise artifacts in
fewer steps, preventing the generation of synthetic blurring.

Therefore, the linguistic architecture of Arabic provides an architectural advantage,
allowing the diffusion generative process to yield higher speech restoration metrics with
optimal computational efficiency.

To further validate the cross-lingual generalization capability of the model, we ex-
tended the evaluation to French speech using the Common Voice dataset [15]. The
model achieved an average SI-SDR of 3.22 dB with DDPM and 3.03 dB with DDIM
on French, which is lower than Arabic (3.94 dB with DDPM) but higher than LJSpeech
(1.63 dB). This confirms that the model’s generalization extends beyond Arabic to other
languages, with performance varying according to phonetic similarity to the training
language (English). The French results, along with the Arabic ones, demonstrate that
the model learns language-independent acoustic representations, making it suitable for
multilingual speech enhancement applications.

4.7.7 Conclusion

This chapter presented a comprehensive experimental evaluation of the proposed diffusion-
based speech denoising system. The key findings can be summarized as follows:

1. Optimal configuration: The 7" = 50 configuration with optimal inference step
t = 5 was selected as the core architecture, outperforming 7' = 200 across all six
evaluation metrics (SI-SDR, SNR, PESQ, STOI, MOS, and RTF).

2. DDPM performance: The DDPM-based model achieved the best overall per-
formance on the Arabic dataset (SI-SDR = 3.94 dB, success rate = 71.2%),
demonstrating strong cross-lingual generalization despite being trained only on
English digits.

3. DDIM acceleration: The DDIM enhancement reduced the inference steps from 50
to 3, achieving a remarkable real-time factor of 0.0732 (13.7x real-time performance)
with a minimal quality drop (—0.64 dB SI-SDR for Arabic).

4. Noise analysis: White noise, running tap, and doing the dishes were the easiest
noise types for the model to remove, while pink noise, washing machine, and walking
machine were the most challenging.

5. Generalization capability: The model demonstrated strong generalization across
languages (English to Arabic and French), speech types (isolated digits to continuous
speech), and noise conditions (synthetic to real-world unseen noises).

6. Phonetic resilience: The Arabic language exhibited superior resilience to acoustic
degradation due to its high-energy consonantal profiles and formant stability,
making it particularly suitable for diffusion-based denoising.

7. Real-world validation: Beyond controlled experiments, the model successfully
denoised genuine real-world recordings from authentic environments (office, street,
cafeteria), confirming its practical applicability.
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In summary, the proposed T' = 50 configuration with DDIM acceleration offers
an optimal balance between denoising quality and computational efficiency, making
it suitable for real-time speech enhancement applications. The strong cross-lingual
generalization across Arabic, English, and French, along with robustness to unseen noise
types, further validates its potential for deployment in real-world scenarios.

In summary, the proposed T' = 50 configuration with DDIM acceleration offers
an optimal balance between denoising quality and computational efficiency, making
it suitable for real-time speech enhancement applications. The strong cross-lingual
generalization and robustness to unseen noise types further validate its potential for
deployment in real-world scenarios.

4.8 Illustrative Denoising Examples: Single-Sample Analysis

Before presenting the denoising results, Figure 4.33 illustrates the interactive interface
used to load the pre-constructed noisy dataset and configure the denoising parameters.
The user uploads the my noisy dataset.zip file (containing 1,350 noisy samples),
selects the target noisy file from the dropdown menu, chooses the diffusion model type
(DDPM or DDIM), and sets the inference step ¢ = 5. After clicking “RUN DENOISING”,
the model processes the selected audio and displays the denoised result along with
objective quality metrics.

Model loaded on cuda Model loaded on cuda
my_noisy_dataset.zip my_noisy_dataset zip
my_noisy_dataset.zip(application/x-zip-compressed) - 41828229 bytes, last modified: 06/06/2026 - 100% done my_noisy_dataset.zip(application/x-zip-compressed) - 41828229 bytes, last modified: 06/06/2026 - 100% done
Saving my_noisy_dataset.zip to my_noisy_dataset (1).zip Saving my_noisy_dataset.zip to my_noisy_dataset (1).zip
Uploaded
nexpected token *(' /bin/bash:
noisy_dataset (1).zip -d /content/' Jbin/ba

_noisy_dataset (1).zip
line 1: syntax error near unexpected token ('
‘unzip -q /content/my_noisy_dataset (1).zip -d /content/®

Extraction complete e
Loaded 1350 noisy files sy files

Noisy file: ~ LJSpeech_noisy_009_cooking_1_snr5 wav v Noisy file: | LUSpeech_noisy_009_cooking_1_snrs.wav v

m _DD‘M DENCMSING ’
(a) Main control panel after dataset (b) Control panel with DDIM step
upload. configuration (3 steps).

|
SC09_noisy_008_running_tap_snr-5.wav
SCO09_noisy_007_pink_snr-5.wav
Arabic_noisy 001_running_tap_snr0.wav
SC09_noisy_002_washing_machine_snr0.wav
8C09_noisy_005_washing_machine_snr0.wav
LJSpeech_noisy_003_cooking_1_snr-5.wav
Arabic_noisy_000_white_snr-5.wav
LJSpeech_noisy_002_washing_machine_snr5.wav
3C09_noisy_003_doing_the_dishes_snr-5 wav
SCO09_noisy_003 walking_machine_snr-5.wav
Arabic_noisy_005_walking_machine_snr5.wav '
Arabic_noisy_000_walking_machine_snr0.wav
LJSpeech_ncisy_008_boiler_snr0.wav
Arabic_noisy_000_battery_charger_snr5.wav 1}

LJSpeech_noisy_008_cooking_1_snr5.wav

LJSpeech_noisy_004_cocking_1_snr0.wav v

(c) Dropdown menu of available
noisy files (1,350 samples).

Figure 4.33: Interactive control interface for dataset upload and model configuration.

This section provides a detailed illustration of the denoising process on a single
representative sample, for instance LJSpeech noisy 004 cooking 1 snr0.wav.
The SNR level is 0 dB, meaning the speech signal and the background noise have equal
power. This represents a moderate noise condition, suitable for evaluating the model’s
performance before testing more extreme cases (-5 dB) or easier cases (5 dB).
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4.8.1 DDPM Denoising Results

File: Arabic_noisy_@@3_cooking_2_snr@.wav
Dataset: Arabic
Noise: cooking_2 (real)
SNR: © dB

METRICS BEFORE DENOISING:
SNR: ©.286 dB
SI-SDR: ©.14 dB
PESQ: 1.995
STOI: e.77@
MOS: 2.8

DDPM Denoising (t=8)...

METRICS AFTER DENOISING:
SNR: 2.50 dB (A: +2.3@ dB)
SI-SDR: 2.5 dB (A: +1.90 dB)
PESQ: 1.214 (A: +8.119)
STOI: ©.867 (A: +0.897)
MOS: 2.88 (A: +0.08)
RTF: 9.8112 (©.1x real-time)
Time: 9.811 sec

Figure 4.34: DDPM denoising results on Arabic sample
(Arabic noisy 003 cooking 2 snr0.wav) with optimized inference step t = 8.
Metrics show SNR improvement from 0.20 dB to 2.50 dB (+2.30 dB), SI-SDR from
0.14 dB to 2.05 dB (+1.90 dB), PESQ from 1.095 to 1.214 (+0.119), STOI from 0.770
to 0.867 (+0.097). Processing time: 9.811 seconds (RTF = 9.8112).
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Figure 4.35: Waveform comparison for DDPM denoising (t = 8).
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Figure 4.36: Spectrogram comparison for DDPM denoising (t = 8).

NOISY AUDIO (Input):

P 0:00/0:01 e————— )

DENOISED AUDIO (Output):

P 0:00/0:01 e————— )

ase

ase

Improvement

+2.
+1.
+0.
+9.
+0.

30
9e
119
@97
ee

Metric Before After
SNR (dB) 8.20 2.50
SI-SDR (dB) .14 2.85
PESQ 1.895 1.214
STOI 8.770@ 9.867
MOS 2.0 2.0
RTF - 9.8112

Figure 4.37: Summary table of DDPM denoising metrics at t = 8.

Analysis: The DDPM model with ¢t = 8 achieves a clear improvement in all objective
metrics. The SNR increases from 0.20 dB to 2.50 dB, representing a gain of +2.30 dB.
Similarly, the SI-SDR improves from 0.14 dB to 2.05 dB (+1.90 dB). The STOI increases
from 0.770 to 0.867 (+0.097), indicating better speech intelligibility. The PESQ shows a
modest improvement of +0.119. The waveform comparison (Figure 4.35) shows that the
denoised signal closely follows the clean reference, while the spectrogram (Figure 4.36)
confirms effective noise suppression across all frequency bands. However, the processing
time is relatively high (9.81 seconds) due to CPU execution.
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4.8.2 DDIM Denoising Results

File: Arabic_noisy_©@3_cooking_2_snre.wav
Dataset: Arabic
Noise: cooking_2 (real)
SNR: © dB

METRICS BEFORE DENOISING:
SNR: ©.20 dB
SI-SDR: ©.14 dB
PESQ: 1.895
STOI: ©.77@
MOS: 2.ee

DDIM Denoising (t=5)...

METRICS AFTER DENOISING:
SNR: 2.15 dB (A: +1.95 dB)
SI-SDR: 1.82 dB (A: +1.67 dB)
PESQ: 1.609 (A: +0.514)
STOI: ©.851 (A: +0.080)
MOS: 2.8@ (A: +@.08)
RTF: 3.8751 (©.3x real-time)
Time: 3.875 sec

Figure 4.38: DDIM denoising results on Arabic sample
(Arabic noisy 003 cooking 2 snr0.wav) with inference step t =5 and 3
accelerated steps. Metrics show SNR improvement from 0.20 dB to 2.15 dB (+1.95 dB),
SI-SDR from 0.14 dB to 1.82 dB (+1.67 dB), PESQ from 1.095 to 1.609 (+0.514),
STOI from 0.770 to 0.851 (+0.080). Processing time: 3.075 seconds (RTF = 3.0751).

Clean Speech (Ground Truth)
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Figure 4.39: Waveform comparison for DDIM denoising (t = 5, steps=3).
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Figure 4.40: Spectrogram comparison for DDIM denoising (t = 5, steps=3).

CLEAN AUDIO (Ground Truth):

P 0:00/0:01 e———— )

see

NOISY AUDIO (Input):

P 0:00/0:01 e——— )

wee

DENOISED AUDIO (Output):

P 0:00/001 ec——— )
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Metric Before After Improvement
SNR (dB) 9.20 2.15 +1.95
SI-SDR (dB) ©.14 1.82 +1.67

PESQ 1.895 1.609 +0.514
STOI e.770 2.851 +8.0880

MOS 2.00 2.00 +0.00

RTF - 3.9751 -

Figure 4.41: Summary table of DDIM denoising metrics.

Analysis: The DDIM model achieves an SNR improvement of +1.95 dB and an SI-
SDR improvement of +1.67 dB. Notably, the PESQ score shows a substantial increase
from 1.095 to 1.609 (+0.514), indicating better perceptual quality compared to DDPM.
The STOI improves from 0.770 to 0.851 (+0.080). In terms of speed, DDIM processes
the audio in 3.075 seconds, which is 3.2x faster than DDPM (9.81 seconds). The
waveform and spectrogram visualizations confirm successful noise removal. The slightly
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lower SNR improvement compared to DDPM is compensated by significantly faster
inference and better perceptual quality (PESQ). Note: The relatively high processing
times (9.81 seconds for DDPM, 3.07 seconds for DDIM) are due to CPU-only execution,
as GPU acceleration was not available during these experiments. Under GPU acceleration
(NVIDIA Tesla T4), the same models achieve RTF values below 0.2 (real-time), as
demonstrated in previous sections.

Table 4.35: Performance comparison between DDPM (t =8) and DDIM (t =5,
steps=3) on Arabic dataset (cooking noise at 0 dB SNR, CPU execution).

Metric DDPM (t=8) | DDIM (t=5, steps=3) Advantage
SNR Improvement (dB) +2.30 +1.95 DDPM
SI-SDR Improvement (dB) +1.90 +1.67 DDPM
PESQ Improvement +0.119 +0.514 DDIM

STOI Improvement +0.097 +0.080 DDPM
Processing Time (sec) 9.81 3.07 DDIM (3.2x faster)
RTF 9.81 3.07 DDIM
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General Conclusion and Perspectives

General Conclusion

This thesis investigated the application of diffusion-based generative models for speech
denoising, with a particular focus on the DiffWave architecture. Through extensive
experimental evaluations across three diverse speech datasets—SC09 (English digits),
Arabic Speech Commands, and LJSpeech (continuous English sentences)—several mile-
stone objectives were achieved:

Model Configuration and Optimization: We trained and evaluated two
DiffWave configurations (T=50 and T=200). Despite having a higher training loss
(0.0180 vs 0.0115), the T=50 configuration significantly outperformed T=200 on
unseen test data, achieving an SI-SDR . of 10.93 dB compared to 9.94 dB for T=200.
This counter-intuitive result is explained by under-convergence of the T=200 model
due to its higher computational complexity per iteration.

Cross-Lingual Insights and Arabic Phonetic Edge: A key discovery of this
study was the distinct resilience of the Arabic language. Due to its intrinsic high-
energy pharyngeal consonants and stable vocalic core structures, the Arabic model
consistently achieved higher denoising fidelity (SI-SDR = 3.94 dB, success rate =
71.2%), outperforming the English baselines (SC09: 3.37 dB, LJSpeech: 1.63 dB).

Cross-Lingual Generalization to French: To further assess the model’s gen-
eralization capabilities, we extended the evaluation to French speech using the
Common Voice dataset. The model achieved promising results (SI-SDR = 3.22
dB), confirming its ability to generalize to unseen languages beyond Arabic. This
demonstrates that the model learns language-independent acoustic representations,
making it suitable for multilingual speech enhancement applications.

Comprehensive Noise Analysis: The model was tested across 14 noise types (6
synthetic and 8 real-world noises) at three SNR levels (-5 dB, 0 dB, 5 dB). White
noise, running tap, and doing the dishes proved easiest to suppress, while pink noise
and mechanical noises (washing machine, walking machine) presented the greatest
challenges.

Accelerated Inference via DDIM: To address the high computational latency
inherent in standard diffusion processes, the Denoising Diffusion Implicit Models
(DDIM) formulation was successfully integrated. By accelerating the inference
trajectory down to just 3 deterministic steps, the system achieved a real-time
factor (RTF) of 0.0732, corresponding to 13.7x faster than real-time. Crucially,
for continuous long-form speech (LJSpeech), this 1.68x computational acceleration
incurred a negligible quality trade-off of only -0.04 dB.
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In summary, this work successfully bridges the gap between sophisticated deep
generative modeling and practical, real-time speech processing utility, establishing that
accelerated diffusion frameworks can be efficiently deployed for cross-lingual speech
enhancement without jeopardizing auditory quality.

Key Quantitative Achievements

Best SI-SDR (T=50 on SCO09 test set): 10.93 dB

Best Cross-lingual SI-SDR (Arabic dataset): 3.94 dB

French Language Performance (DDPM): SI-SDR = 3.22 dB

French Language Performance (DDIM): SI-SDR = 3.03 dB, RTF = 0.0732
Best Performance at SNR=5 dB (Arabic): 9.50 dB

Processing Speed (DDIM): 13.7x faster than real-time (RTF = 0.0732)
Success Rate (Arabic dataset at SNR=0 dB): 71.2%

Total Tests Executed: 4,200 (100 files x 14 noises x 3 SNR)

Future Perspectives

While the outcomes of this work demonstrate highly promising benchmarks, several
directions for future research remain:

1.

Real-Time Edge Hardware Deployment: Present evaluations were conducted
on high-performance computational environments. A natural progression would
involve compiling and optimizing the 3-step DDIM model using frameworks like
TensorRT or ONNX Runtime to deploy them directly onto embedded edge hardware
(e.g., microcontrollers, smartphones, or hearing aids).

Exploration of Flow Matching and Consistency Models: Building upon
the acceleration achieved by DDIM, newer generative methodologies such as Flow
Matching or Consistency Models could be explored to potentially achieve single-step
(T=1) high-quality speech synthesis.

Expanding the Arabic Acoustic Corpus: To validate the phonetic resilience
observations on a broader scale, future studies should extend the training dataset
from isolated Arabic commands to continuous, multi-dialectal, and conversational
Arabic speech corpora.

. Expanding Multilingual Evaluation: Future work should extend the evaluation

to a wider range of languages (e.g., Spanish, German, Mandarin) to further validate
the cross-lingual generalization capabilities of diffusion-based denoising models
and investigate language-specific acoustic characteristics that influence denoising
performance.

. Joint Multi-Task Optimization: Integrating the speech enhancement diffusion

core as a front-end for downstream tasks—such as Automatic Speech Recognition
(ASR) or Speaker Identification—would evaluate how generative restoration en-
hances machine-learning linguistic understanding in noisy settings.
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Concluding Remarks

In conclusion, this thesis has demonstrated that diffusion-based generative models,
particularly the optimized T=50 configuration with DDIM acceleration, offer a powerful
and efficient solution for speech denoising. The model’s ability to generalize across
languages and noise types, combined with its real-time processing capability, makes it
a promising candidate for practical deployment in telecommunication systems, hearing
aids, and voice-enabled devices.
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