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Abstract

Voice conversion (VC) is a technique for modifying the non-linguistic features of
speech while preserving its linguistic content. This thesis focuses on noise-robust VC
for speaker identity conversion, while enabling explicit control over background noise.
Specifically, the VC model is trained solely on noisy speech data from source and
target speakers to convert the speaker identity while retaining both speech content
and background noise. The proposed VC framework, referred to as Noisy-to-Noisy
(N2N) VC, derives its name from two aspects: the first "noisy” indicates that the
model is trained exclusively on noisy speech from source and target speakers, and the
second "noisy” signifies that the background noise can either be retained or removed
during inference.

We first propose a baseline framework for the N2N-VC task, which adopts a cascade
design commonly used in conventional noise-robust VC systems. Specifically, it consists
of an off-the-shelf speech enhancement (SE) module for front-end preprocessing and
a VC module. Experimental results indicate that despite employing a state-of-the-art
SE approach, the baseline framework still suffers from significant distortion introduced
by the SE model.

To mitigate this distortion, we train the VC model to directly predict noisy speech,
which is the only available data unaffected by SE-induced artifacts in the N2N task.

Specifically, the separated noise is fed to the VC model as a condition to facilitate noisy
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speech reconstruction. Introducing noise conditioning to assist noisy speech modeling
leads to significant improvements in naturalness and speaker similarity, compared with
the baseline without noise conditioning. Moreover, the noise-conditioned VC model
can generate high-quality noise components in the converted noisy speech.

However, when the range of noise conditions in the training set is further expanded,
the noise-conditioned N2N framework even underperforms the baseline. At first, we
attribute it to the limited coverage of noise types in the noisy training set. Therefore, we
adopt noise augmentation with pre-training strategies. Nevertheless, the improvement
remains limited. Experimental results show that the performance drop is alleviated to
some extent, the noise-conditioned method still performs worse than the baseline.

To further identify the underlying causes of the observed performance degradation,
we first investigate the effect of noise sampling strategies, which was assumed to be
attributed to the performance degradation. However, the results suggest that the per-
formance degradation is primarily determined by the characteristics of the noise sources
rather than sampling strategies. We therefore conduct targeted ablation studies across
different noise categories to quantify how noise properties affect model performance.
Based on these findings, we attribute the performance degradation to two primary fac-
tors: noise bias, where the model focuses more on reconstructing the noise component
over speech, and the feature entanglement due to insufficient noise diversity.

To address these issues, we introduce a noise dropout strategy and a mutual infor-
mation (MI) approximation network into the N2N framework. Noise dropout strategy
aims to mitigate the model’s focus on the noise component during training, while the
MI approximation serves as a regularizer to enhance disentanglement between the la-
tent feature and the noise representation. Experimental results show that either the

MI approximation or noise dropout can alleviate the performance degradation. When
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combined, the N2N framework achieves the best performance and outperforms the
baseline.

In summary, this thesis proposes an N2N VC framework that directly models the
noisy speech and preserves the background noise in the converted speech. The impact
of the noise on the VC performance is analyzed, and several approaches are proposed to
improve the N2N-VC framework to achieve better performance in terms of naturalness

and similarity.






1 Introduction

1.1 Research Background

Voice conversion (VC) is a technique for converting non-linguistic features of a source
speech, i.e., speaker identity, accent, and emotion, to a target one without changing
its linguistic content. Figure 1.1 presents a typical neural-network-based VC pipeline,
which consists of multiple encoders, an acoustic conversion model, and a neural vocoder.
Specifically, a content encoder extracts linguistic representations from the source utter-
ance, whereas other encoders extract target-side conditioning signals, such as speaker
embeddings, prosodic factors, and emotional attributes, from a target reference ut-
terance. The acoustic model predicts the target acoustic features conditioned on the
source content and the target attribute representations. Finally, the vocoder synthe-
sizes the converted waveform in the time-domain from the predicted features.

With the development of VC for decades, VC techniques have been extended to
various applications such as noise-robust VC [1-4], movie dubbing [5,6], singing voice
conversion [7-10], and speech restoration [11]. Those new applications also introduce
new requirements for the VC methods. Take noise-robust VC as an example: Un-
like many existing VC methods that require both training and test speech data to
be relatively clean and high-quality, noise-robust VC deals with real-world data often
corrupted by various types of noise. Moreover, as deep learning-based VC techniques

are data-driven, web-crawled speech data are also an important training resource, al-



2 1 Introduction

.'“ Speaker Non-linguistic

"‘ Encoder Features
u”ﬂnﬂﬂﬂﬂﬂﬂﬂnnuﬂﬂﬂ PrOSOdy -

Encoder

ul][lu

h™d

Target Reference Emotion
“Nice to meet youl" Encoder

Acoustic

Model Vocoder

“How are you?"

\
'II|’|II"'|I--II| i

"How are you?"

Source Content
Representation

Figure 1.1: Querview of a neural voice conversion system

though they often contain undesired background noise that extremely degrades the
performance of the VC model in terms of speech naturalness and similarity. Therefore,
noise robustness has been recognized as a key attribute for real-world VC applications.

On the other hand, although background sound is often treated as interference in
many noise-robust VC studies, it can also be valuable to be preserved in certain tasks.
For example, recent VC techniques have been employed for data augmentation for low-
resource text-to-speech (TTS) [12-14], automatic speech recognition (ASR) [15-17],
and speaker verification [18-22]. The original speech datasets used in these tasks often
contain inherent background noise, which can enhance the model’s robustness and
should be retained as a valuable training resource after conversion.

However, preserving background sounds is still not well supported by existing VC
research. While conventional VC has been extensively studied, relatively few studies
focus on noise-robust VC, as discussed in Section 2.2.1. Nevertheless, most of these

studies treat noise as interference to be removed, and only a few can preserve back-
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ground noise during conversion. In addition, these approaches typically assume access
to clean training speech, which is often unavailable in the low-resource or in-the-wild

settings targeted by downstream applications.

1.2 Research Scope

In this thesis, a novel noisy-to-noisy (N2N) VC framework is proposed. The first
"noisy” indicates that the VC model is trained solely on noisy speech data from both
source and target speakers. The second "noisy” indicates that the method models noisy
speech directly, allowing for the retention or removal of background noise, or adding
new noise records during inference. Unlike previous methods that treat the noise as
the interference to be discarded or use clean speech data for training, the proposed VC
method models the noisy speech conditioned on the separated noise. Moreover, it is
noise-robust and capable of controlling the noise component in the converted waveform,
and does not require clean corpora for VC training.

We first proposed a naive N2N framework following the cascading design for the
noise-robust VC, which comprises an off-the-shelf speech enhancement (SE) module
and a VC module. To further improve the VC performance by reducing the distortion
introduced by the SE model, the VC module directly reconstructs the noisy speech
as the training target conditioned on the separated noise to ease the modeling diffi-
culty. However, subsequent experimental results show that the noise-conditioned N2N
framework exhibits worse performance under certain noise conditions, compared to the
baseline without noise conditioning. To understand and address this degradation, we
investigate how noise conditioning affects the modeling of noisy speech and propose sev-
eral methods to improve N2N-VC performance. The remainder of this section presents

the exact problem formulation, the research questions investigated in this thesis, and
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the in-scope and out-of-scope boundaries.

1.2.1 Problem Definition

Unlike conventional VC settings that use clean speech as the training target, N2N-
VC targets noisy speech, where background noise serves as an explicit conditioning
to the VC model. The objective is to convert speaker identity from source to target
while preserving linguistic content and maintaining robustness across diverse noise con-
ditions. During inference, the background sound can be either retained or removed,
enabling explicit control over the noise component. Notably, both training and test
data consist solely of noisy speech. To investigate the impact of introducing noise con-
ditioning into VC, we conduct a systematic analysis to quantify how noise conditions,
such as SNR level, noise category, noise diversity, and sampling strategy, affect VC

quality, intelligibility, and robustness.

1.2.2 Research Questions

The research questions (RQs) in this thesis can be summarized as follows:

e RQ1: As a cascading approach composed of an off-the-shelf SE module followed
by VC, to what extent does upstream SE quality affect downstream VC perfor-

mance?

e RQ2: Does introducing noise conditioning into the VC module improve N2N-VC

performance, compared to the baseline framework without noise conditioning?

e RQ3: What is the impact of limited noise diversity in training on N2N-VC

performance?
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e RQ4: How do specific noise factors, such as SNR level, noise category, and noise

sampling strategies, affect the N2N-VC naturalness and speaker similarity?

e RQ5: Among the proposed strategies for addressing the degradation, which ones

most effectively mitigate the observed degradation?

1.2.3 In-scope

This thesis is scoped to the N2N-VC framework implemented using DCCRN [23] as
the SE module and a VQ-VAE-based non-parallel VC method [24] with noise condi-
tioning as the VC module. The framework is trained and evaluated on multiple noisy
datasets that are constructed using English read speech with additive noise from stan-
dard corpora across various SNR levels. Experiments are conducted first at 8 kHz
and then extended to 16 kHz. The VC module is assessed on the many-to-many non-
parallel VC configurations. Objective evaluations and subjective listening tests with
statistical significance are conducted to evaluate the N2N-VC framework. Moreover,
we conduct targeted experiments on noise sampling strategies and noise categories to
investigate the effects of noise conditions on N2N-VC performance and the observed
degradation. Based on these analyses, we further propose and evaluate methods based
on data augmentation and mutual information estimation to mitigate the observed

degradation.

1.2.4 Out-of-scope

For clarity of boundary, this work does not address the reverberant scenarios, which
are left for future work. Cross-lingual, zero- and few-shot VC, emotional or style

transfer, and singing voice are not included. We do not pursue performance gains by
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swapping in more advanced SE or VC modules. Experimental results indicate that the
observed degradation is invariant to the SE module, and the noise-conditioning imple-
mentation in the VC module already adopts the most straightforward form. Increasing
architectural and conditioning complexity would likely introduce additional sources of
degradation. Targeted experiments further suggest that the degradation arises from

the limitation of the N2N task other than the VC backbone itself.

1.3 Main Contributions

The main contributions of this thesis can be summarized as follows:

e We propose a novel N2N-VC framework that directly models noisy speech by
introducing separated noise as an explicit condition. The proposed framework
improves robustness to real-world noise and can retain the background sounds

during inference.

e We establish an evaluation of N2N-VC under diverse noise settings to systemati-
cally assess conversion quality in terms of speech naturalness and speaker similar-
ity, together with the perceptual quality of the noise component in the converted

samples.

e Based on extensive experimental results, we characterize the performance bound-
aries of N2N-VC and observe consistent degradation under specific noise condi-

tions.

e To investigate the causes of observed degradation, we conduct a series of experi-
ments based on key noise-related factors, including noise diversity, noise category,

SNR levels, and noise sampling strategies, and clarify how the noise conditioning
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affects model performance.

e Building on the above findings, we propose effective methods, including noise data
augmentation and pre-training strategies, and further introduce regularization-

based methods to mitigate VC performance degradation and improve robustness.

1.4 Thesis Overview

The remaining contents of the thesis are arranged as illustrated in Figure 1.2. Chap-
ter 2 surveys related work in SE and VC, especially in noise-robust VCs and those ca-
pable of retaining the background noise. Chapter 3 presents the proposed baseline and
the noise-conditioned N2N-VC framework, where the impact of the SE performance on
the VC downstream is also assessed. Chapter 4 expands the noise conditions by varying
noise sources and sampling strategies. Performance degradation is first observed under
certain noise conditions. An initial trial to address the VC performance degradation
is proposed, which combines a pre-training strategy and noise data augmentation for
the VC model. Chapter 5 investigates the causes of degradation through targeted ex-
periments. Based on these findings, Chapter 6 proposes the methods combining noise
dropout and mutual information regularization to mitigate the degradation. Chapter

7 concludes the thesis and presents the future work.
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Figure 1.2: Thesis overview



2 Related Work

2.1 Speech Enhancement

Speech enhancement (SE) aims to improve the quality of contaminated speech signals
in terms of naturalness, intelligibility, and perceptual attributes. With the rapid devel-
opment of speech technologies such as automatic speech recognition (ASR), VC, and
speech communication, there is an increasing demand for deploying these techniques
in real-world environments. Consequently, SE has become a fundamental upstream
component in building robust speech processing systems.

In real-world scenarios, speech signals are often contaminated by various types of
interference, such as additive noise and reverberation. A typical noisy speech signal in

such environments can be formulated as:
y(t) = (t) * h(t) + n(t). (2.1)

where y(t), z(t), and n(t) are time-domain signals representing the noisy speech, clean

speech, and additive noise, respectively. h(t) represents the room impulse response

(RIR), and * denotes the convolution operation that models reverberation effects.
Given the observed noisy speech signal y(t), the objective of the SE task is to estimate

the underlying clean speech x(t). The process can be formally defined as:

L(t) = SEe(y(1)),

0 = arg Hbin d(SEq(y(1)), z(t)), (2.2)
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where SEy represents the SE method with parameters 6, and #(t) denotes the esti-
mated clean speech. The function d(-, -) denotes the predefined distance metric used to
compute the loss between the estimated and reference clean signals. The optimal pa-
rameters 6* are obtained by minimizing the distance d(-, -) to achieve a better estimated
z(t).

Early SE approaches, such as spectral subtraction [25], Wiener filtering, minimum
mean square error estimation [26-28], and subspace techniques [29], typically rely on
several assumptions. For instance, background noise is often assumed to be short-term
stationary to simplify the noise analysis and modeling. However, the mismatch between
these assumptions and real-world conditions can lead to speech distortion and reduced
robustness.

To improve the performance, many statistical model-based SE methods have been
proposed, such as non-negative matrix factorization-based methods [30-32], Gaussian
mixture models (GMMSs)-based [33-38], hidden Markov models (HMMs)-based [39-44],
and factor analysis [45,46]. These methods improve robustness in non-stationary noisy
environments, however, they often depend on carefully designed dictionaries or priors.

Recent advances in deep learning have substantially improved SE performance under
diverse and unseen noisy conditions, as well as in low-SNR scenarios. Leveraging the
power of data-driven deep neural networks (DNNs), many approaches have been pro-
posed that surpass traditional methods in most aspects, particularly in speech quality
and intelligibility.

Beyond the classification by methodological paradigm (traditional statistical meth-
ods or recent deep learning-based approaches), SE techniques can also be categorized
based on other characteristics, such as the number of microphones used for speech

signal acquisition (single-channel or multi-channel) and the processing domain of the
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speech signal (time-domain or frequency-domain). However, as discussed in Chap-
ter 1, the N2N-VC framework adopts the DNN-based single-channel SE method as the
pre-processing component. Therefore, this chapter focuses on introducing DNN-based
single-channel SE. In general, based on the training target, DNN-based SE methods

can be categorized into mapping-based methods and masking-based methods.

2.1.1 Mapping-based SE Methods

The objective of mapping-based SE methods is to learn a regression function Fy that

directly maps the noisy speech to its clean counterpart:

x = Fo(y), (2.3)

where y denotes the features of the noisy speech, such as the log power spectrum (LPS),
Mel spectrogram, and magnitude spectrogram (Mag), or the raw noisy waveform, and x
denotes the estimated clean speech in the corresponding representation. The regression
function Fy is learned by optimizing the neural network to minimize a loss function,
commonly including the mean absolute error (MAE)/mean squared error (MSE) on
LPS or Mag, complex MSE, multi-resolution short-time Fourier transform (MR-STFT),
and signal-to-distortion ratio (SDR)/scale-invariant SDR (SI-SDR).

As a pioneering work, Lu et al. [47] proposed a mapping-based SE method based on
a deep denoising autoencoder to map the Mel frequency power of the noisy utterances
to their clean counterparts, which establishes the core paradigm of noisy-to-clean re-
gression using paired data. Similarly, Xu et al. [48] proposed a DNN-based SE method
mapping the LPS features of the noisy speech to its clean counterpart. The network is
trained to minimize the MSE loss between the estimated and reference LPS features.

During inference, the magnitude spectrum derived from the estimated LPS and the
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phase of the noisy speech are combined to reconstruct the time-domain waveform.

With the advancement of deep learning, network architectures beyond MLPs with
linear layers, such as convolutional and recurrent neural networks (RNNs), have been
explored. Tan and Wang [49] proposed a convolutional recurrent network (CRN)-based
SE method that maps noisy STFT magnitudes to clean magnitudes in real time. The
model adopts a U-Net structure consisting of a convolutional encoder—decoder with
skip connections and a recurrent bottleneck. The encoder comprises five 2-D causal
convolutional layers, each followed by batch normalization [50] and an exponential
linear unit (ELU) activation. The decoder mirrors the encoder but replaces each 2-
D convolutional layer with its transposed counterpart. A two-layer long short-term
memory (LSTM) bottleneck is set between the encoder and decoder. The model is
trained to minimize the MSE between the estimated and the target STFT magnitudes.

In conventional magnitude-only prediction, the phase of the noisy speech is reused
during synthesis, which degrades perceptual quality, especially at low SNRs where
phase errors become dominant. Therefore, complex spectral mapping and time-domain
waveform mapping have been investigated, as they retain the complete information of
the signal.

Défossez et al. [51] proposed an end-to-end SE method working in the time domain.
The network adopts a U-Net—based causal DEMUCS architecture [52], which is similar
to that in [49]. The encoder comprises multiple blocks that progressively downsam-
ple the noisy speech waveform. Each block contains a 1-D convolutional layer with a
ReLU activation [53], and a “1 X 1”7 1-D convolutional layer with a gated linear unit
(GLU) [54] activation. The decoder has a similar structure but uses 1-D transposed
convolutional layer. Skip connections are implemented between corresponding encoder

and decoder blocks. The LSTM at the bottleneck conditions the current predictions
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on long-range representations, reducing inter-block discontinuities and enhancing per-
ceptual continuity. The training objective is to minimize a combination of the MAE
and the MR-STFT losses between the estimated and reference waveforms.

Tan and Wang [55] proposed a gated CRN-based method capable of complex spectral
mapping. The architecture extends their previous U-Net design [49] by introducing
dual decoders. The encoder takes both the real and imaginary parts of the noisy
spectrum as input, while the two decoders estimate the real and imaginary parts of
the clean STF'T, respectively. The network is trained by minimizing the MSE between
the real and imaginary parts of the predicted and reference clean speech. Li et al. [56]
proposed a two-stage SE method mapping the complex spectrum of the noisy speech
to its clean counterpart. In the first stage, a network is trained to predict the clean
magnitude spectrogram from the noisy magnitude, which is then combined with the
phase of the noisy speech to construct a coarse complex spectrogram. In the second
stage, a refinement network further processes this coarse spectrogram to predict the
clean complex spectrogram.

With the development of deep learning, generative modeling has become a core tech-
nique by shifting the objective from regression to distribution alignment and perceptual
quality. Many SE works also adopt the advantages of generative modeling for stronger
naturalness and robustness under complex noise.

Pascual et al. [57] proposed a speech enhancement generative adversarial network
(SEGAN). The model consists of a U-Net-structure generator that maps the noisy
utterance to the estimated clean one, and a binary discriminator judging whether the
paired inputs are real (target clean speech, noisy speech) or fake (estimated speech,
noisy speech). A least-squares adversarial loss and an MAE for the reconstruction term

are used as the loss term. In [58], the performance of SEGAN was further improved
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by incorporating a self-attention mechanism into both the generator and discriminator.
Yu et al. [59] adopted cycle-consistent GAN (CycleGAN) and an adaptive attention-
in-attention module to develop a spectrogram-domain SE framework. Li et al. [60]
proposed a perception-guided GAN for the SE task, where the discriminator predicts
perceptual quality scores directly, rather than the real/fake decision.

Lu et al. [61] proposed DiffuSE, a pioneering work that introduced diffusion prob-
abilistic model into SE task. In a subsequent extension, Lu et al. [62] introduced
conditional DiffuSE, where the noisy speech is provided as a condition at every step
of both the forward and reverse diffusion processes, yielding stronger metric gains and
better cross-domain robustness. Welker et al. [63] proposed the score-based generative
model for SE (SGMSE) operating on the complex STFT. Richter et al. [64] extended
SGMSE by starting the diffusion from the noisy recording instead of Gaussian noise
and training the forward model to transform clean speech into the noisy counterpart.
Lemercier et al. [65] proposed StoRM, a two-stage diffusion-based SE model. The first
stage adopts a mapping-based SE method, while the second stage refines the estimated
features through a short reverse-diffusion process to mitigate artifacts and preserve
speech details. Shi et al. [66] proposed a unified SE framework with a shared encoder,
a diffusion-based generative decoder, and a predictive decoder. The predictive branch
initializes the first reverse-diffusion step, and both branches are fused again at the out-
put to exploit complementary strengths. Hu et al. [67] introduced a noise-classification
module into diffusion-probabilistic SE, using noise embeddings as conditional inputs

to the reverse diffusion so that denoising is tailored to the noise type.
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2.1.2 Masking-based SE Methods

Let Y (¢, f), X(¢, f), and N (¢, f) denote the STFT representations of the noisy, clean,
and noise signals, respectively. Their relations in the time—frequency (T-F) domain

can be expressed as:

Y(t,f) = X(t, f) + N, [), (2.4)

where ¢ and f represent the frame-center time and the linear frequency (Hz), respec-
tively. The core idea of the masking-based SE method is to learn a T-F mask M(t,f)

that suppresses the noise component N (¢, f) in the noisy STFT Y (¢, f):
X(t,f) =Mt f)oY(t, f) (2.5)

where X (t, f) denotes the estimated clean STFT and ® represents element-wise mul-
tiplication.

As shown in Equation 2.5, the key challenge in masking-based SE methods lies in
defining the mask M(¢, f). Based on different assumptions about the speech-noise
mixture and corresponding modeling strategies, various masks have been proposed.

The ideal binary mask (IBM) is the most basic form in masking-based SE works [68-
71]. For each T-F bin, if speech dominates noise that the local SNR is larger than a
predefined threshold, the bin is retained; otherwise, it is suppressed. The IBM can be

formulated as:

IBM(t, f) = {1, if SNR(t, f) > 0, 26)

0, otherwise,

where 6 denotes SNR threshold and the SNR(t, f) refers to the local SNR between
X(t, f) and N(t, f), computed as:

SNR(t, f) = 101og10‘X Cohls

NGAE 27)
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However, IBM has been reported to introduce musical noise due to binary holes
and discontinuities in the T-F domain [72,73]. To address this issue, a continuous
form, referred to as the ideal ratio mask (IRM), has been proposed and modeled with
DNNs [73-78]. The IRM can provide smooth attenuation, which can substantially
mitigate the musical noise to improve the overall perceptual naturalness. The IRM is

formally defined as:

_ X(t. f)* ’
1) = () 2

where [ is a tunable parameter to scale the mask. Another continuous form of mask,

the ideal amplitude mask (IAM) [75], is also proposed to overcome the limitation of

the IBM:

X, f)
N(t, f)

Although the IRM and TAM improve upon the IBM in SE performance, they are

TAM(t, f) =

(2.9)

real-valued mask defined only on magnitudes and thus retains the noisy phase during
synthesis. To overcome this magnitude—phase inconsistency, the complex IRM (cIRM)
generalizes masking to the complex domain, enabling joint enhancement of magnitude

and phase [79,80]. The cIRM can be defined as:

X, +Y X, YX,-VX
cIRM = YIrY? +1 YZry? (2.10)

where X,., X; and Y,., Y; are the real and imaginary parts of the clean and noisy speech,
respectively. The real part of the cIRM is also called the phase-sensitive mask (PSM).
As a pioneer, Williamson et al. [79] applied the cIRM for speech denoising and
dereverberation, and later demonstrated its superiority over magnitude-domain mask-
ing [81]. Choi et al. [82] proposed a deep U-net with complex convolutions/normalization

to estimate a polar-form complex ratio mask to reflect the distribution of the cIRM.
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Hu et al. [23] proposed a deep complex convolution recurrent network (DCCRN) es-
timating cIRM-style masks, which achieves top performance in the real-time track of
DNS Challenge 2020 [83]. Hao et al. [84] developed the FullSubNet, which cascades a
full-band network using the noisy magnitude spectrogram as input and a parameter-
sharing sub-band network that ingests local spectral neighborhoods to estimate cIRM
directly. In [85], it is further improved by introducing phase-aware complex inputs,
multi-scale temporal channel-attention components, and a TCN-based full-band net-
work in place of LSTMs. Zhao et al. [86] proposed FRCRN, which augments a CRN
with frequency-axis recurrence. The model operates in the complex domain to predict
a cIRM and is optimized with a joint objective that combines time-domain SI-SNR
with MSE losses on the real and imaginary mask components.

Unlike masks defined by formulas based on clean/noise STFT pairs and used as
explicit training targets, some methods treat the mask as a multiplicative gate over
a latent representation. In these approaches, the mask range is fixed by design via
activation functions such as tanh, sigmoid, softmax, or ReLLU with normalization, while
the mask itself is learned implicitly in an end-to-end manner under reconstruction-based
objectives.

Luo et al. [87] proposed TasNet, which is an end-to-end time-domain method for
speech separation and enhancement. The model comprises an encoder mapping the
noisy waveform into a latent representation, a separation module predicting element-
wise gating masks for the latent representation, and a decoder for waveform recon-
struction. Subsequently, Luo et al. [88] introduced Conv-TasNet to further improve
the performance, which replaces the LSTM components with a temporal convolutional
network (TCN) along with residual and skip connections. Fu et al. [89] proposed

MetricGAN, which integrates GANs into mask prediction. Based on this framework,
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several variants have been developed: MetricGAN+ [90] that further improves SE per-
formance, MetricGAN-U [91] that extends the approach to a self-supervised training
manner, and CMGAN [92] that incorporates a Conformer backbone. Westhausen et
al. [93] proposed the dual-signal transformation LSTM network (DTLN) for real-time
SE task. The model includes two LSTM-based separation modules, each estimating
latent masks in an end-to-end manner. Park et al. [94] proposed an end-to-end SE
framework based on a multi-scale autoencoder that learns a latent mask over the en-

coder output.

2.1.3 Evaluation Metrics for SE

This section introduces the commonly used objective and subjective metrics for SE
tasks. These metrics are designed to capture different aspects, including perceived
quality and intelligibility. Relying on a single metric is often insufficient. Therefore, in
most cases, objective and subjective metrics are typically combined to provide a more

comprehensive and robust evaluation of the SE performance.

Objective Metrics for SE

For perceived quality, the perceptual evaluation of speech quality (PESQ; ITU-T
P.862) is a widely used metric. PESQ compares the estimated speech with its clean
reference and produces a mean opinion score-listening quality objective (MOS-LQO)
score in the range of approximately 1 to 4.5. The perceptual objective listening quality
assessment (POLQA; ITU-T P.863) is also an intrusive metric. POLQA extends PESQ
to wideband and super-wideband conditions and exhibits greater robustness to time

warping and spectral distortions. Beyond these intrusive measures, non-intrusive DNN-
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based predictors, Quality-Net [95], MOSNet [96], NISQA [97,98], and DNSMOS [99,
100], estimate MOS-like scores directly from the signal without a clean reference.

For intelligibility, the short-time objective intelligibility (STOI) is commonly adopted.
STOI measures the extent to which the estimated utterance preserves the short-time
temporal envelopes of the clean reference and outputs a score in [0, 1]. The extended
STOI (ESTOI) extends STOI by evaluating longer spectro-temporal segments with
cross-band dependencies, which is more robust in modulated noise conditions.

In addition, some metrics for downstream tasks are also used to assess SE perfor-
mance. The most common are word error rate (WER) and characteristic error rate
(CER), which are primarily designed for ASR. However, the transcription text is re-
quired. Several metrics of signal fidelity and distortion are also used, including the
signal-to-distortion ratio (SDR), acale-invariant SDR (SI-SDR), and scale-invariant
SNR (SI-SNR).

Subjective Metrics for SE

Absolute category rating MOS (ACR MOS, ITU-T P.800) is widely conducted to
assess the overall speech quality. The test set typically covers multiple speakers, noise
types, and SNRs. Listeners are provided with a single 6-12 second-long utterance at a
time and rate its quality on a five-point scale (1 — Bad, 2 — Poor, 3 — Fair, 4 — Good,
5 — Excellent).

ITU-T Recommendation P.835 evaluates perceptual quality along three aspects:
speech signal quality (SIG), background noise intrusiveness (BAK), and overall quality
(OVRL). Similar to MOS, it follows a single-stimulus paradigm with five-point cate-
gorical scales. For SIG: 1 — Very distorted to 5 — Not distorted; for BAK: 1 — Very

intrusive to 5 — Not noticeable; and for OVRL: the same scale as MOS.
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MUSHRA (ITU-R BS.1534-3) is a standardized multi-stimulus listening test orig-
inally designed for codec evaluation but now widely applied to SE when distortions
are moderate and multiple systems must be compared efficiently. In each rating task,
listeners assess multiple versions of the same utterance, which includes a labeled ref-
erence, a hidden reference, one or more degraded references by low-pass filters, and
denoised samples from systems under test. The assessing scores are continuous from

0-100, corresponding to quality levels from bad to excellent.

2.2 Voice Conversion

Voice conversion (VC) aims to convert the timbre and other speaker-specific charac-
teristics of a source utterance to those of a target speaker, while preserving the original
linguistic content. VC has been extensively studied for decades before the advent
of deep learning. Early approaches were primarily based on statistical modeling of
speech signals. Many proposed methods, such as Gaussian mixture model [101-104]
and hidden Markov model [105-109], vector quantization [110-112], and exemplar-
based sparse representation [113—-115], have established the foundation for modern
approaches. However, most statistical methods depend on parallel corpora, where
source-target sentence pairs must be carefully aligned by forced alignment or dynamic
time warping. Even minor alignment errors can lead to spectral mismatch and audible
artifacts. Their representational capacity is also limited under multi-speaker, cross-
lingual, and noisy /reverberant conditions. Moreover, most statistical approaches only
model the spectral envelope, while FO and phase are handled with simple linear trans-
forms or reused from the source, which constrains the perceptual quality in terms of
naturalness and similarity.

With the emergence of deep learning, neural network-based methods have continu-
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ously improved the naturalness and similarity of synthesized speech [116-118]. More-
over, modern deep learning approaches enable any-to-any, zero-shot, and real-time con-
version that are challenging for statistical models. A typical deep learning-based VC
framework often consists of a content encoder that extracts speaker-invariant content
representations, a decoder that conditions on speaker embeddings to predict acous-
tic features, and a neural vocoder that synthesizes the waveform. In some cases, a
speaker encoder is also introduced to enhance the representation of speaker informa-
tion and better capture speaker-specific style characteristics. According to the de-
velopment timeline of deep learning, neural network-based VC can be broadly cate-
gorized into autoencoder-based, GAN-based, text-to-speech (TTS)-based, flow-based,
and diffusion-based.

Autoencoder-based VC aims to disentangle the linguistic content and speaker iden-
tity. To prevent the information leakage between content and speaker, information
bottlenecks and regularization are adopted, such as discrete bottleneck [119-124], ar-
chitectural bottlenecks [125-129], and cycle consistency [130-134]. As a special subclass
of autoencoders, variational autoencoders (VAEs) [135-139] replace the disentangling
feature representations with distributions and introduce a prior-regularized latent space
via Evidence Lower Bound (ELBO) optimization, which differentiates them from con-
ventional reconstruction-driven autoencoders.

In the deep learning-based techniques, GANs provide a powerful framework for gen-
erative modeling, where a generator learns to synthesize samples that fool a discrimi-
nator trained to distinguish real from synthetic data. Since GAN is basically a training
strategy rather than a single architecture, it has been integrated into various VC frame-

works to improve perceptual naturalness and preserve target speaker characteristics,

such as CycleGAN-VC [140-143], StarGAN-VC [144-146], and VAE-GAN [147, 148].
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Moreover, GANs are also widely used in neural vocoders [149-155], which also play an
important role in VC frameworks.

TTS refers to techniques that map symbolic or learned linguistic representations,
such as text, phonemes, or self-supervised discrete units, to acoustic features or wave-
forms, optionally conditioned on controllable attributes like speaker identity, prosody,
style, emotion, and language. Because these controls naturally coincide with the ob-
jectives of VC, TTS has been widely adopted as a content-to-speech pipeline. In TTS-
based VC [156-159], a speaker-independent content representation is first extracted
from the source utterance, typically using an ASR model or self-supervised speech rep-
resentations. This representation is then re-synthesized in the target timbre through a
conditioned TTS back end [159-162]. Compared with previous VC approaches, TTS-
based VC achieves stronger disentanglement of linguistic content from speaker and
channel factors, resulting in state-of-the-art naturalness and flexibility. Furthermore,
it provides finer control over prosody and style, even in non-parallel and cross-lingual
settings.

Flow-based methods [163] belong to the probabilistic side of generative modeling.
Different from VAE-based approaches which optimize a variational lower bound with an
approximate posterior, flow-based models compute tractable densities and are trained
by exact maximum likelihood estimation (MLE), thereby avoiding the inference gap.
In flow-based VC [164-169], a single invertible and differentiable transformation maps
speech features to a simple latent prior, which conditions on speaker identity, prosody,
and content representations. During inference, the model first encodes the source ut-
terance into a latent code under the source condition and then decodes the same code
under the target condition to convert the target timbre while preserving linguistic con-

tent. Because flow-based VC relies purely on MLE, training is more stable than VAE-
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or GAN-based approaches. Moreover, due to the reversible and non-autoregressive
mapping, inference can be executed in parallel, enabling low latency for real-time ap-
plications.

Diffusion models [170] are also a probabilistic branch of generative modeling, which
are trained to reverse a stochastic noising process by predicting noise under a likelihood-
style objective. Diffusion models have become popular since 2021 and have been
shown to match or surpass GANs on image synthesis. [171-173]. In diffusion-based
VC [174-178], a forward process gradually mixes the clean target features with Gaus-
sian noise based on a variance schedule. Then, a DNN-based denoiser is optimized
across time steps to recover the clean target from noisy counterparts conditioned on
content, speaker, and optional prosody representations. During inference, the model
reconstructs target speaker features by iterative denoising from Gaussian noise or dis-
tilled few-step solvers conditioned on the source content and target speaker represen-
tations to preserve source content while controlling prosody. Last, a neural vocoder
synthesizes the waveform from the converted speech feature.

Despite recent DNN-based VC approaches demonstrating strong generative capabil-
ity and being capable of any-to-any, zero-shot, and real-time tasks, most of them rely
on high-quality training data and become fragile when deployed to noisy environments.
This limitation significantly constrains practical deployment. Compared to these con-
ventional VCs that have been extensively studied, research on noise-robust VC has

received comparatively less attention.

2.2.1 Noise-robust Voice Conversion

In the realm of statistic-based methods, Takashima et al. [113] proposed an exemplar-

based noise-robust VC method, in which noisy speech is represented as a weighted
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combination of parallel source/target exemplars and noise exemplars extracted from
non-speech regions. During inference, the clean target speech is reconstructed from the
target speech exemplars and weighted source exemplars while ignoring the noise exem-
plars, thereby achieving conversion and denoising simultaneously. Both clean source
and target speech data are needed for training this method. Subsequently, Takashima
et al. [1] further improved the approach by introducing compact non-negative matrix
factorization (NMF') speech bases that share a common activity matrix across source
and target to replace large exemplar bases.

With the advent of deep learning, the performance of noise-robust VC has been
further enhanced. For deep learning-based methods, there are basically two strategies
to achieve noise-robust VC. The first is a cascading framework, where an SE module
is applied as a preprocessing step to discard the noise components in a noisy mixture
before the VC module. The second is a direct mapping strategy, where the VC model
itself learns to convert noisy source speech into clean target speech, thereby performing

conversion and denoising simultaneously.

Cascading Framework

Valentini-Botinhao et al. [179] investigated an RNN-based SE method for noise-
robust TTS. An SE front end implemented by LSTMs is used to map noisy acoustic
features to their clean counterparts before training a T'TS acoustic model. The au-
thors compared two training strategies for the SE component, each corresponding to
a different training target. The first strategy trained the SE module to enhance the
vocoder features directly, including Mel-Cepstrum (MCEP), F0, and aperiodicity. The
second enhanced only MCEP from the magnitude spectrum. Then, an estimated clean

waveform was reconstructed by combining the enhanced MCEP with the noisy phase,
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from which the vocoder features were re-extracted for TTS training. Experimental re-
sults show that the second route achieves higher subjective scores comparable to those
obtained with clean training data.

Following a similar idea, Chan et al. [2] proposed an SE-assisted StarGAN framework.
A bidirectional LSTM (BLSTM)-based SE serves as a denoising front end, while the
VC back end is implemented as StarGAN-VC as the back end. The SE module takes
noisy log-Mel spectrograms as input and outputs the estimated clean spectrograms,
which are then fed into the VC module. Since both SE and VC modules are jointly
trained, paired noisy—clean utterances are required for training. Experimental results
show that the framework with joint training achieves higher subjective quality and
improved robustness on unseen noises, which outperforms the variants without the SE
module or joint training.

Miao et al. [3] proposed a noise-robust VC based on BLSTM. The method combines
two lightweight filters for pre- and post-processing. The pre-filters apply time-domain
low-pass processing on the waveform to suppress high-frequency noise introduced dur-
ing recording. The MCEPs of the filtered waveform are split into low- and high-
quefrency bands, and two BLSTM converters are trained to map each sub-band from
source to target. The outputs from both sub-bands are integrated via a weighted
fusion to smooth the band boundary. A statistical post-filter normalizes the mean
and variance of the converted MCEPs to match the target speaker * s training statis-
tics. During inference, the post-filtered MCEPs are fed to a vocoder to synthesize the
converted waveform.

Choi et al. [4] proposed a three-module cascading VC framework consisting of one
VC and two SE modules to handle background noise and reverberation separately. The

first SE module, implemented as DCCRN [23], performs denoising, while the second,
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implemented as TasNet [87], performs dereverberation. This design allows each SE
module to control noise and reverberation independently in the converted samples,
which is further investigated in the subsequent work [180]. The study further found
that the processing order of denoising and dereverberation had only a minor impact
on VC performance. The VC module is based on a VQ-VAE [24] operating on log-Mel
spectrograms. Given that the two SE modules are pre-trained and fixed, the framework

does not require clean training data for VC.

Noisy-to-clean Mapping Methods

Although using an SE method for noise preprocessing is straightforward, it can
introduce additional distortions to the denoised speech features. As a result, a direct
noisy-to-clean mapping strategy has been proposed that avoids relying on SE models.

Mottiniet al. [181] proposed a noise-robust non-parallel VC framework based on
Auto-VC [125]. The denoising training strategy is conducted to guarantee the robust-
ness against noisy and reverberant conditions. The training set is augmented by intro-
ducing systematic data exposure to additive noise and realistic room impulse responses
across SNRs and T60s. During training, the model is always optimized to reconstruct
the clean counterpart, regardless of whether the input is noisy or reverberant.

Du et al. [182] incorporated domain adversarial training (DAT) into a disentanglement-
based VC model, which is built on a zero-shot AdaIN-VC framework [183]. Each of
the two domain discriminators, judging whether the input is noisy or clean, is attached
to the content encoder and the speaker encoder, respectively, via separate gradient
reversal layers. In this way, encoders are explicitly forced to learn noise-invariant rep-
resentations of speech content and speaker identity, based on which the decoder learns

to synthesize target speech. The training set is augmented with noise recordings across
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SNRs to construct paired noisy-clean corpora. The entire model is trained in a denois-
ing manner without the SE module. During inference, the learned encoders output
noise-robust latent representations regardless of whether the source or target reference
is noisy. Compared with its non-DAT baseline, the proposed model exhibits cleaner
and better generalization to unseen noise conditions.

Xue et al. [184] proposed a two-part noise-robust VC framework based on noise-
controllable Glow-WaveGAN [185] and a flow-based conversion model [186]. In Glow-
WaveGAN, the encoder maps a raw waveform to a latent code intended to capture
only speech content and speaker identity while excluding noise information. To achieve
this, a feature-wise linear modulation (FiLM) is first adopted for the decoder switch
to specify whether the output is supposed to be a clean or noisy waveform. Then,
during training, the model sees paired clean and noisy utterances and reconstructs
both from the same latent code but with different decoder switches. In this way, noise
is factorized into a controllable condition rather than being entangled with linguistic
and speaker information. In the conversion part, a flow-based VC method is trained to
map phoneme posteriorgrams (PPG) to that noise-independent latent space. During
inference, the decoder ’ s switch is set to “clean” so that the system generates clean
converted utterances.

Chen et al. [187] proposed a noise-robust VC framework that disentangles content,
speaker, and pitch representations while enhancing noise invariance through adversarial
training. The framework consists of three encoders, extracting the content, speaker
information, and pitch representations separately. Based on these representations,
the AutoVC decoder [125] reconstructs the Mel spectrograms of the input speech,
which is then converted to the waveform by a neural vocoder. Mutual information

minimization with a vCLUB estimator [188] is applied across content, speaker, and
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pitch representations to enhance feature disentanglement. Noise robustness is achieved
by attaching a noise-decoupling discriminator to the content and speaker encoders
via gradient reversal layers. During training, the model receives paired noisy-clean
utterances as the inputs, while the reconstruction is always referenced to the clean Mel
spectrogram.

He et al. [189] proposed a noise-robust VC that targets noisy reference utterances.
A diffusion-based VC method [190] is adopted as the VC backbone, which consists of a
source encoder receiving clean source speech as the input and a diffusion acoustic model
predicting target Mel spectrograms. The source encoder includes a semantic extractor
implemented with a fixed HuBERT model and a pitch extractor by WORLD [191].
A dual-branch reference encoder is introduced to extract a noise-invariant speaker
representation. During training, one branch encodes clean reference speech and the
other encodes its noisy counterpart. Noise-agnostic contrastive speaker loss is applied to
maximize similarity between noisy—clean pairs from the same speaker while minimizing
similarity across different speakers. In this way, the reference encoder learns to extract
robust speaker representation from the target regardless of the acoustic environment.

Igarashi [192] incorporated recording quality and acoustic environment characteris-
tics of noisy source speech into conventional denoising training to improve the noise-
robust VC. Specifically, an utterance-wise or frame-wise recording quality vector an en-
vironment vector are extracted via pre-trained NISQA [193] and PaSST [194] models,
respectively. These vectors are concatenated with the source and target SSL features
and fed into the baseline S2VC model [195]. By explicitly conditioning the VC model
on degradation factors during training, the approach improves generalization to unseen
noise compared to standard denoising training. Experimental results show that frame-

wise PaSST conditioning is the most effective, which yields better objective scores and
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higher subjective naturalness and similarity than the unconditional baseline.

2.2.2 Noise-robust Voice Conversion with Noise Preservation

As discussed in Section 2.2.1, recently proposed noise-robust VC methods can be cat-
egorized into cascading frameworks and noisy-to-clean mapping approaches, depending
on whether they leverage SE methods. However, these approaches typically treat noise
components as interference to be discarded. With the growing application of VC tech-
niques to tasks, such as speech data augmentation and singing VC, there is a growing
demand to preserve informative background sounds as a resource. Consequently, some
recent studies have focused on noise-robust VC methods that are capable of retaining
background noise.

As a pioneering effort, Hsu et al. [196] proposed a method that combines noise aug-
mentation with adversarial invariance to address the entanglement between speaker
identity and recording conditions in multi-speaker TT'S. The model is formulated as
conditional generation with two latent factors representing speaker characteristics and
background noise. Two independent encoders, a speaker encoder and a residual en-
coder, are introduced to extract these latent factors. To enforce disentanglement effec-
tively, the training data are augmented with various noise categories across SNR levels
so the model observes the same speaker under multiple environments. In addition, a
noise classifier is attached to the speaker encoder via a gradient-reversal layer, which
encourages the speaker latent representation to be noise-invariant and forces noise in-
formation into the residual encoder ’ s output. Trained with standard reconstruction
objectives plus the adversarial constraint, the system learns two independent factors
controlling speaker and noise, enabling consistent clean synthesis for all speakers and

editable noise conditions. However, the quality of the generated noise remains poor:
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fine-grained details are lost, and the model tends to produce an averaged noise across
the training set, which is perceived as white noise.

In another work [197], Yao et al. proposed an end-to-end noise-robust VC frame-
work that cascades SE and VC models. The SE model is implemented as DCCRN [198§]
optimized with a power-law compressed phase-aware and asymmetric losses, which pre-
dicts clean speech and background noise separately. The clean speech is then passed
to an ASR-based extractor to obtain content representations, which are fed into the
VC module consisting of a convolutional CLSTM encoder and a HiFi-GAN-style de-
coder [152] to generate the target clean waveform. A discriminator receiving the pre-
dicted clean waveform is introduced to further improve perceptual quality. To encour-
age background preservation, the separated noise is externally superimposed onto the
reconstructed clean waveform for unified reconstruction loss computation, which en-
sures simultaneous voice conversion and noise retention. During training, the SE and
VC modules are separately trained first and then jointly fine-tuned to reduce their
mismatch.

Chen et al. [187] proposed a controllable background sounds VC framework following
the cascading approach. The SE module is implemented as an enhanced DCCRN with
a dual-branch structure and an inter-branch bridge, enabling simultaneous prediction
of speech and background noise. The VC module is based on VQMIVC [122], which
comprises three encoders for content, speaker timbre, and FO with mutual-information
minimization, and a decoder that reconstructs the target Mel spectrogram. A cycle-
consistency regularizer is further employed to enhance VC performance. During train-
ing, the SE and VC models are coupled with a unified reconstruction objective to
mitigate the cascade mismatch. It should be noted that the estimated noise compo-

nent from the SE model is excluded from the VC training process. During inference,
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the SE model separates the noisy mixture into speech and noise components, the VC
operates on the estimated speech only, and the background noise can be remixed with

the converted speech.

2.2.3 Evaluation Metrics for VC
Objective Metrics for VC

Mel-cepstral distortion (MCD) is a widely used objective metric in VC that quantifies
frame-aligned spectral-envelope error between a reference utterance and a converted

one. It is defined as:

D

10 .
MCD = =0 22(%—%) (2.11)

where ¢, and ¢, denote the d-dim Mel-cepstral coefficient (MCEP) of the reference and
converted speech, respectively, and D is the number of coefficients. Lower MCD indi-
cates closer spectral envelopes and correlates with reduced spectral distortion. How-
ever, it does not reliably predict perceived naturalness and speaker similarity. There-
fore, it is often calculated as a reference and should be complemented with subjective
listening tests.

ASR-based evaluation is widely adopted to assess the content preservation. The ASR
system first recognizes the converted speech, then its transcript is compared with the
reference text to compute WER or CER. Lower error rates indicate better preservation
of lexical content. In addition, in recent years, DNN-based estimators, such as Quality-
Net [95], MOSNet [96], and DNSMOS [99,100], are often adopted to estimate MOS-like
scores for evaluating the naturalness of the converted speech.

Automatic speaker verification (ASV) is often adopted to quantify similarity. In

practice, an off-the-shelf ASV model is used to obtain an averaged target embedding
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as the reference. Then, each converted utterance is embedded and scored with the
reference via cosine similarity or PLDA. Because ASV focuses on the features of the
speaker identity rather than perceptual quality, conversions with artifacts may still be
overestimated with high similarity scores. Therefore, subjective listening tests remain

necessary to assess similarity.

Subjective Metrics for VC

ACR MOS (ITU-T P.800) is widely used to assess the naturalness of the converted
speech. Listeners are provided with a single 6-12 second-long utterance at a time on
a five-point scale (1 — Bad, 2 — Poor, 3 — Fair, 4 — Good, 5 — Excellent). Tests should
be conducted in a quiet environment, and listeners must wear headphones.

A MOS-like speaker similarity test (SIM) [117] is often used to evaluate the similarity
of converted utterances. Listeners are provided with an original utterance from the
target speaker as a reference and a converted utterance at a time. The evaluation
score is often a four-point scale(l — Definitely the same, 2 — Maybe the same, 3 —
Maybe different, 4 — Definitely different). The SIM score is typically reported as the
percentage of responses rated 1 or 2.

Comparative MOS tests, also referred to as AB or XAB tests, are also adopted to
compare VC systems in terms of naturalness and speaker similarity. In the AB test,
listeners are presented with two converted utterances (A and B) in a single trial and
indicate which sounds more natural. In the XAB test, a reference utterance X from
the target speaker and two converted utterances from two VC systems are presented at
a time. Listeners are then asked which of the utterance sounds more natural compared
to the reference, or which sounds more similar to the reference speaker. Results are

typically reported as the percentage of preferences for each system.
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2.3 Summary of This Chapter

This chapter briefly introduced related work on single-channel SE and VC.

In single-channel SE, approaches can be broadly categorized into mapping-based and
masking-based methods depending on the training target. Mapping-based methods
directly map noisy waveforms or complex spectra to their clean counterparts, while
masking-based methods learn to estimate a time—frequency mask, such as IRM, cIRM,
and PSM, which is applied to the noisy representation.

Early studies on mapping and masking typically adopted magnitude-only objectives
and reused the noisy phase for inverse STFT reconstruction. This implicitly limited
the potential quality due to phase errors. To overcome this limitation, phase-aware
training objectives were introduced. Mapping-based methods adopted direct waveform
reconstruction or complex-valued networks for the complex domain, while the masking-
based method predicted the complex-domain masking to estimate real and imaginary
components to correct both magnitude and phase.

More recently, generative objectives have also been incorporated into the SE task,
which yields higher perceptual quality ceilings and improved robustness to non-stationary
noise. In general, mapping-based methods are more straightforward and tend to be
more robust to wide SNR variability, often achieving more aggressive noise suppression
under low-SNR conditions. By contrast, masking-based methods yield more stable
training and greater interpretability, and typically produce more natural perceptual
quality [199].

With the rapid development of deep learning, VC techniques have experienced sub-
stantial progress, particularly in perceptual quality and speaker similarity. The im-
proved generative capability has also encouraged the application of VC to new scenar-

ios, which in turn brings new challenges. Among these, noise-robust VC is of particular
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importance, as it directly affects the deployment of VC techniques in real-world en-
vironments, their use in data augmentation, and the need to leverage abundant but
low-quality web data, given the data-driven nature of deep learning.

However, compared with the extensive research on conventional VC, only a limited
number of studies have focused on noise-robust VC. Based on whether an SE model
is adopted, noise-robust VC methods can be categorized into cascading frameworks
and noisy-to-clean mapping approaches. A cascading framework consists of an SE
module followed by a VC module, while a noisy-to-clean mapping approach is often
achieved by denoising training with data augmentation. Huang et al. [200] compared
these two implementations of noise-robust VC. Their experimental results showed that
cascading frameworks typically yield higher perceptual naturalness but may suffer from
additional distortions and mismatches introduced by the SE module, whereas noisy-
to-clean mapping approaches require no extra modules, exhibit stronger generalization

to unseen degradations, and often preserve speaker identity more effectively.



3 Baseline and the Improved N2N

Frameowrk

3.1 Introduction

As mentioned in Section 2.2.1, most existing noise-robust VC methods treat noise
as interference to be removed. Only a few methods are capable of retaining back-
ground noise. However, those methods require clean speech for training, making them
unsuitable for the N2N scenario.

This chapter presents the proposed N2N framework, which does not require clean
training data and enables background noise retention during inference. First, a primi-
tive framework [201] following the conventional cascading structure is introduced, which
serves as the baseline for the N2N task. To improve the VC performance, a new strat-
egy is proposed based on the baseline, where the VC method is modified to model the
noisy speech directly. Both subjective and objective evaluations were conducted to

demonstrate the effectiveness of the proposed method.

3.2 Baseline Framework

Figure 3.1 (a) illustrates the overall workflow of the baseline framework, which fol-
lows the conventional noise-robust VC method by cascading an SE model with a VC

model. Since clean speech is unavailable for VC training, the SE module is pre-trained
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Figure 3.1: Overall workflow of the proposed N2N VC framework. (a) Baseline frame-
work [24]. (b) N2N framework [202].
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on a large-scale dataset and kept fixed during VC training to ensure stable denoising
performance. During training, the pre-trained SE model processes the noisy input to
separate speech from background noise, and the VC model is trained on the result-
ing denoised speech. During inference, the noisy speech is similarly processed by the
SE model, and the denoised output is fed into the VC model. The separated back-
ground noise can optionally be added back to the converted speech, depending on the
application requirements.

To investigate the impact of the SE model on the VC task, two state-of-the-art single-
channel SE methods are implemented: DCCRN [23] and Conv-TasNet [88]. Since
these models are used for speech-noise separation, it is essential that the power of the
estimated speech matches that of the clean target. Hence, the original SI-SNR training
loss is replaced by scale-dependent signal-to-distortion ratio (SD-SDR) loss [203] to
remain sensitive to scaling variations in the estimated speech. The SD-SDR loss is

formulated as:

2
SD-SDR = 101log;, (M> , (3.1)

Is — 5|2
where s and § indicate the target signal and the estimate of the target, respectively,

and « denotes an optimal scaling factor defined as:

B §Ts
[Is)|?°

The VC model is implemented using a self-supervised VQ-VAE-based method [24]

a (3.2)

that supports non-parallel conversion. Its structure is illustrated in Figure 3.1 (a). The
model consists of three components: an encoder, a vector quantizer, and a decoder. The
encoder comprises multiple convolutional blocks, each containing a one-dimensional
convolutional layer, a batch normalization layer, and a ReLLU activation function. The
vector quantizer employs a learnable codebook to discretize the encoder’s output by se-

lecting the nearest vectors. The decoder is a WaveRNN structured vocoder [204], which
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predicts the p-law decoded denoised waveform d based on the quantized representation
z from the quantizer, speaker code s, and the previous samples in an autoregressive
(AR) manner. The decoding process can be expressed as a conditional joint probability

distribution:
T
p(d]sz)=]]p(d|d,....d1,s,2). (3.3)
t=1

During training, the VC model is optimized by minimizing the loss:

Lyc = —logp(d | s,2) + B E(d) — sg(e)||", (3.4)
where the first term represents the reconstruction loss, and the second term corresponds
to the commitment loss. E() denotes the encoder of the VC model, sg() represents the
stop-gradient operator in the vector quantizer, and e is the nearest embedding of F(x)

indexed from the codebook. [ is the weight for the commitment loss, which is set to

0.25 as in the original VQ-VAE [205].

3.3 Improved N2N Framework with Noise-conditioning

Based on the evaluation results of the baseline framework in Section 3.5.2, it is
evident that SE evaluation metrics do not accurately reflect the contributions of SE
methods to downstream VC performance. Even a state-of-the-art SE method can
introduce unavoidable distortions, which degrade the naturalness and similarity of the
converted speech. Moreover, the residual noise in the denoised speech is also a major
factor impairing the VC performance. A key limitation of the baseline lies in its use of
distorted, denoised speech as the training target for the VC model, which exacerbates
performance degradation. Another drawback is the redundancy in converting noisy
target speech: the converted speech is generated first, then the separated background

noise is superimposed.
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Among all the signals available for N2N tasks: denoised speech, noisy speech, and
separated noise, only the noisy speech remains unaffected by distortions from the SE
model. Therefore, incorporating noisy speech as the training target is expected to
reduce distortion and improve VC performance. In this approach, the VC model is
trained to reconstruct the corresponding noisy speech. This enables loss computation
against the original noisy signal, thereby mitigating the adverse effects introduced by
the SE model. Additionally, modeling the noisy speech allows the VC model to directly
generate the noisy converted speech, thereby avoiding the two-stage generation process
used in the baseline.

Modeling noisy speech is a challenging task. To ease this process, the separated
noise is introduced as an additional conditioning input to the VC model, as shown in
Figure 3.1 (b). An embedding layer is added to transform the p-law decoded noise
signal along the time axis to a sequence of high-dimensional vectors, which is then
fed into the Gated Recurrent Unit (GRU) layer in the decoder. During training, the
VC model receives denoised speech as input and separated noise as a condition to
reconstruct the corresponding noisy speech. During inference, providing a noise signal
to the decoder results in noisy converted speech generation, whereas replacing it with a
zero vector produces clean converted speech. Based on the conditional joint probability
distribution defined for the baseline in Equation (3.3), the noise-conditioned version is

modified as follows:

T

p(y | n,S,Z) = Hp(yt | yl?"'Jyt—lanlv"'7nt7s7z>
t=1 (3.5)

st. y=d+n.

The training loss is also modified based on the original loss in Equation (3.4):

Lyc = —logp(y | n,s,2) + B E(d) — sg(e)] (3.6)
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Introducing the separated noise signal as a condition simplifies the generation of noisy
speech, enabling the decoder to more effectively learn its distribution. Additionally,

the VC model can generate the noisy converted speech directly in a single step.

3.4 Experimental Setup

Due to the original research motivation is to augment the noisy speech data for
speaker recognition of telephone speech, N2N VC was initially developed with an 8

kHz sampling rate. The following experiments in this thesis adopt 16 kHz.

3.4.1 Dataset for SE Model

Deep Noise Suppression (DNS) Challenge 2020 dataset [83] is used to train the SE
models. It comprises 500 hours of carefully selected clean speech from 2,150 multilin-
gual speakers and 70,000 noise clips spanning 150 categories. A total of 6,000 speech
recordings and 500 noise clips are randomly sampled to form the validation set, and
the remaining data are used for training. Noisy speech is generated by mixing clean

utterances with noise clips at uniformly sampled SNRs between 5 and 20 dB.

3.4.2 Dataset for VC Model

For the VC model, VCC2018 dataset [117] and PNL 100 Nonspeech Sounds [206]
are used as the clean corpus and the noise source, respectively.
The VCC2018 contains 972 utterances (81 utterances per speaker) in the training

set and 420 (35 utterances per speaker) in the test set from 12 speakers with a bal-
anced gender distribution. Of these, eight speakers (VCC2SF1, VCC2SF2, VCC2SF3,
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VCC2SF4, VCC25M1, VCC2SM2, VCC2SM3, VCC2SM4) are designated as source
speakers, and the remaining four (VCC2TF1, VCC2TF2, VCC2TM1, VCC2TM2) as
target speakers. All source and target speakers are included in the objective evalua-
tion. However, for subjective evaluation, the number of tested utterances is reduced to
ensure the perceptual quality of listening tests. Therefore, the non-parallel (SPOKE)
task of VCC 2018 [117] is adopted, with four source speakers (VCC2SF3, VCC2SF4,
VCC2SM3, and VCC2SM4) and two target speakers (VCC2TF2, VCC2TM2) forming
eight conversion pairs in total.

The PNL 100 Nonspeech sounds contains 100 environmental recordings across 20
categories. Noise clips N1-N85 (85 clips in total, from 9 categories) are used to construct
the noisy training set by mixing with the clean corpus from VCC2018 at uniformly
sampled SNR levels of 6, 8, 10, 12, 14, 16, 18, and 20 dB. The remaining clips N86-
N100 (15 clips in total, from the remaining 11 categories) are used to construct multiple
parallel test sets, with each set corresponding to a single fixed SNR level chosen from

5,0, 5,7, 10, 11, 15, 19, 20, 25, or 30 dB.

3.4.3 Methods Under Evaluation

The evaluation is organized into two categories. The first assesses the performance
of the baseline denoted as Baseline-D and Baseline-C'T, which use DCCRN and Conv-
TasNet as the SE module, respectively. The second evaluates the improvements intro-
duced by the noise-conditioned N2N framework, denoted as N2N. Upper bound refers to
the VC model trained and evaluated on the original clean corpus, representing the the-
oretical maximum performance of the N2N framework. For comparison, a VC model
trained directly on noisy speech without SE processing is also included, denoted as

Lower Bound. In general, the evaluated methods are: Upper Bound, Lower Bound,
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Baseline-D, Baseline-C'T, and N2N.

3.4.4 Evaluation Metrics

To show and compare the performance of the SE methods in Baseline, several objec-
tive metrics are computed: SI-SDR, signal-to-artifact ratio (SAR), PESQ, and STOL.
For the VC model, MCD is used as the objective evaluation metric.

In the subjective evaluation, the MOS is applied to assess the naturalness of the
converted speech. Participants rate each sample on a 5-point scale (1 = Bad, 5 =
Excellent). In the first evaluation category (baseline evaluation), six utterances are
randomly selected for each conversion pair: three with an SNR of 7 dB and three with
an SNR of 15 dB, resulting in 48 utterances per method. In the second evaluation
category (N2N evaluation), the number of utterances per conversion pair is increased
to ten, with five from each SNR level, yielding 80 utterances per method.

To evaluate speaker similarity, a SIM test [117] is conducted, where each participant
listens to a converted sample and a reference sample from the target speaker, and rates
the similarity on a 4-point scale: 1: Definitely the same; 2: Probably the same; 3:
Probably different; 4: Definitely different. The similarity score is calculated as the
percentage of responses rated 1 or 2. Four converted utterances are randomly selected
for each conversion pair: two with an SNR of 7 dB and two with an SNR of 15 dB.
This results in a total of 32 utterances per method.

Additionally, in the second evaluation category, two XAB tests are conducted to
directly compare speaker similarity: one between the Baseline and N2N, and the other
between the Upper Bound and N2N. The converted utterances used in the XAB test
are identical to those used in the MOS test.

Since the goal of this study is the N2N task, all converted samples in the subjective
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evaluation retain background noise. For Upper Bound, the clean converted speech
is superimposed with the original noise clip to construct the noisy converted speech.
Participants are instructed to disregard the noise and focus solely on speech quality.
However, as MCD is not suitable for assessing noisy speech, all methods produce clean

converted speech for objective evaluation.

3.4.5 Training Detalils

DCCRN is implemented by Asteroid [207], with the "DCCRN-CL” configuration
applied. The window length, hop size, and FFT length are set to 50 ms, 12.5 ms,
and 512, respectively. The model is trained with a batch size of 64 using the Adam
optimizer. The initial learning rate is set to le-4, and decays by a factor of 0.5 if the
validation loss does not decrease within four epochs. An early stopping mechanism is
employed to select the optimal model based on validation loss. For Conv-TasNet, a
pre-trained model provided by Asteroid is used, which is trained on the single-speaker
speech enhancement task from the Libri3Mix dataset [208].

The VC model follows the implementation in [24]. The window length, hop size, and
FFT size are set to 20 ms, 5 ms, and 1024, respectively. The model is trained with a
batch size of 64 using the Adam optimizer, with an initial learning rate of 2e-4. The
learning rate is halved after 300k steps, and training is conducted for a total of 600k

steps.
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Table 3.1: Objective evaluation results of SE methods on the noisy VCC2018 training

set.

Methods SI-SDR (dB) SAR (dB) PESQ STOI

DCCRN 21.49 22.11 3.47 0.98
Conv-TasNet 19.16 19.80 3.13 0.96
i 7.88 792
g 7.4 7.36
=7 :
' Upper Bound Baseline-D Baseline-CT

Figure 3.2: Average MCD results for Upper Bound, Baseline-D, and Baseline-C'T.

Upper Bound is evaluated on the original clean corpus as a reference.

3.5 Experimental Results

3.5.1 Evaluation Results for Baseline

As the first step, the performance of two SE methods is evaluated on the noisy
VCC2018 training set. The noisy VCC2018 training set is used instead of the test set
because the former includes a greater variety and larger number of noise clips from the

PNL100 dataset.
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Figure 3.3: MOS results with 95% confidence intervals for Upper Bound, Lower Bound,
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Figure 3.4: SIM test results with 95% confidence for Upper Bound, Lower Bound,
Baseline-D, and Baseline-C'T.

As demonstrated in Table 3.1, DCCRN outperforms Conv-TasNet across all SE

metrics, with a particularly notable advantage in PESQ, where DCCRN achieves a
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score of 3.47 compared to Conv-TasNet of 3.13. However, these improvements in
SE performance do not contribute to better VC outcomes, as shown in Figure 3.2.
Baseline-D (using DCCRN as SE model) and Baseline-CT (using Conv-TasNet as
SE model) achieve similar MCD scores of 7.88 and 7.92, respectively, indicating no
significant advantage from the better SE performance. Upper bound achieves the best
performance with an MCD of 7.36, highlighting a clear gap between it and the two
Baseline methods.

Figure 3.3 presents the MOS results for Upper Bound, Lower Bound, Baseline-D,
and Baseline-CT. Baseline-D and Baseline-C'T' achieve MOS of 3.07 and 3.08, respec-
tively, significantly outperforming the Lower Bound of 2.07. However, a noticeable gap
remains between the two Baseline methods and the Upper Bound, which achieves the
highest average MOS of 3.49. Although Baseline-C'T slightly outperforms Baseline-D
at 15 dB SNR (3.14 vs. 3.00), their overall performance is still similar.

Figure 3.4 shows the SIM test results for the same four methods. The trends are
consistent with the MOS results: both Baseline methods significantly outperform the
Lower Bound (39.4%) but fall short of the Upper Bound (53.4%). Notably, Baseline-D
achieves a higher similarity score (51.6%) than Baseline-CT (46.9%), indicating better
speaker similarity:.

In general, Baseline-D and Baseline-CT significantly outperform the Lower Bound,
but a clear gap remains compared to the Upper Bound. Although DCCRN outper-
forms Conv-TasNet across all SE metrics, its advantages do not fully carry over to the
downstream VC task: Baseline-D and Baseline-C'T exhibit comparable performance
in terms of MCD and MOS, with Baseline-D outperforming only in the SIM test.
These results suggest that even the state-of-the-art SE method can introduce distor-

tions that hinder VC performance. Based on the overall results, DCCRN is adopted
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Figure 3.5: MCD results for Upper Bound, Baseline, and N2N across multiple test sets,

each constructed at a fivred SNR level.

as the SE module for the proposed N2N framework in subsequent experiments. For

brevity, Baseline-D is hereafter referred to as Baseline.

3.5.2 Evaluation Results: Baseline vs. Noise-conditioned N2N

Figure 3.5 presents the MCD results of Baseline and N2N across multiple test sets
with SNR levels ranging from -5 dB to 30 dB, where the MCD is plotted as a function
of SNR level. The Upper Bound, trained and evaluated on clean speech, achieves
the best MCD score of 7.33. As the SNR increases, both Baseline and N2N exhibit
improved performance. Notably, N2N consistently outperforms the Baseline across all
SNR conditions, effectively narrowing the performance gap with the Upper Bound.

Figure 3.6 presents the MOS results. The Ground Truth, referring to the original
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Figure 3.6: MOS results with 95% confidence intervals for Upper Bound, Baseline, and

N2N. Ground Truth refers to the original noisy speech from the target speaker.

noisy speech from the target speaker, achieves the best average MOS of 4.43. This
indicates that the participants are capable of reliably evaluating noisy speech sam-
ples. Consistent with objective evaluations, both N2N and Baseline exhibit improved
performance as the SNR increases. Notably, N2N consistently outperforms Baseline,
achieving MOS of 3.29 and 3.46 at 7 dB and 15 dB SNR, respectively, compared to 3.02
and 3.22 for Baseline. On average, N2N attains MOS of 3,38, significantly surpassing
Baseline of 3.12 and reducing the gap to the Upper Bound of 3.52. These results prove
the effectiveness of noise conditioning in enhancing the performance of the proposed
N2N framework.

Figure 3.7 illustrates the XAB results for similarity. When comparing N2N and
Baseline, as shown in Figure 3.7 (b), N2N achieves an average similarity percentage
of 54.75%, over Baseline of 45.52%. In Figure 3.7 (a) comparing N2N and Upper
Bound, N2N attains a slightly higher preference of 54.83%, compared to 45.17% for

Upper Bound. These marginal differences suggest that the three methods yield similar
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Figure 3.7: Similarity preference scores with 95% confidence intervals.
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performance in terms of speaker similarity preference.

3.6 Summary of This Chapter

This chapter presented the baseline and the improved noise-conditioned method for
the N2N task. The baseline framework adopts the conventional cascading approach in
noise-robust VC, where an SE model is followed by a VC model. Experimental results
indicated that the SE module introduces substantial distortion to the downstream VC
model, severely limiting performance, even when state-of-the-art SE methods were
employed. To address this issue, noise conditioning was introduced into the baseline
framework to enable direct modeling of noisy speech, thereby mitigating the distortion
caused by the SE model. Experimental results demonstrated that noise conditioning
significantly enhanced VC performance and narrowed the gap in naturalness between

the baseline and the upper bound.



4 N2N Framework in Various

Noise Conditions

4.1 Introduction

In Chapter 3, a baseline and an improved noise-conditioned N2N framework are
introduced. Initial experimental results have demonstrated the effectiveness of the
proposed noise-conditioned method in enhancing VC performance. However, several
issues remain unresolved, and certain characteristics of noise conditioning within the
VC model require further investigation.

Firstly, the previously utilized clean corpus and noise clips were sampled at 8 kHz,
which may limit the reliability of perceptual evaluations. Moreover, there was a lack of
suitable metrics and evaluations specifically designed to measure the quality of noise
components in the converted speech. Additionally, a significant performance gap re-
mains between the noise-conditioned method and the upper bound, highlighting the
need for further improvement.

Moreover, the limited diversity of noise data used in prior experiments makes it
unclear whether noise-conditioned VC is suitable for scenarios involving complex or
diverse acoustic environments. However, when expanding to more realistic noisy envi-
ronments, the performance of the noise-conditioned VC method significantly degrades.
To address this issue, three data augmentation methods are proposed. Among these,

one method has demonstrated efficacy in alleviating performance degradation, as val-
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idated by experimental results presented in Section 4.5. The main contents of this

chapter can be summarized as follows:

e Two new noise datasets with greater diversity and two noise sampling strategies
are introduced to construct the training sets with more diversity of noise con-
ditions. Additionally, the sampling rate of both the corpus and noise source is

increased from 8 kHz to 16 kHz.

e The impact of different noisy training conditions on the performance of the N2N
method is investigated, and results show that the performance significantly de-

grades under certain noise scenarios.

e Pre-training of the VC model and noise data augmentation are proposed and

applied to improve the performance.

e Additional objective metrics are adopted to provide a more comprehensive eval-
uation of the N2N framework. Moreover, subjective evaluation is modified to

explicitly assess the naturalness of noise components in the converted speech.

4.2 More Diverse Noise Conditions

In the previous experiments, PNL100 was used as the noise source, which consists
of 100 noise clips across 20 categories. In this chapter, two new noise datasets: ESC-
50 [209] and DEMAND [210] are adopted as noise sources. The ESC-50 is designed for
environmental sound classification. It provides a wide range of noise types, comprising
2,000 recordings across 50 categories, with 40 clips per category. The high perceptual
clarity of these environmental sounds makes the dataset particularly valuable for this

work, which involves both noise generation and the evaluation of noise quality. In
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contrast, the DEMAND dataset includes six noise categories, further divided into 18
subcategories, while effectively representing diverse real-world environments. Each
subcategory contains a five-minute, 16-channel recording, with channel 01 used for all
subcategories in the experiments.

In addition to the noise source, the noise sampling strategies to construct the noisy
dataset are also considered. In previous experiments, noisy speech datasets were cre-
ated by superimposing uniformly sampled noise clips onto clean speech with uniformly
sampled SNR levels. As a result, each speaker in the dataset was associated with noise
clips from various categories and multiple SNR levels. This strategy is denoted as the
speaker-independent (SI) sampling strategy, as the noise conditions in the dataset are
unrelated to speaker identity.

However, in realistic scenarios, A speaker is often associated with a single acoustic
environment. To better reflect this, a speaker-dependent (SD) sampling strategy is
introduced, in which each speaker is assigned a unique noise category and a fixed SNR
level, thereby correlating noise conditions with speaker identity. To further investi-
gate the entanglement between speaker identity and noise conditions, a semi-speaker-
dependent (SSD) sampling strategy is also employed, where each speaker is assigned a
unique noise category but with multiple SNR levels.

Considering the characteristics of ESC-50 and DEMAND, the SI strategy is applied
to ESC-50, while the SD and SSD strategies are employed with DEMAND to construct
the noisy training sets. For the test set, the SI strategy and ESC-50 are employed to
ensure that the evaluations cover a wide range of noise conditions.

In the previous experiments, each utterance was superimposed with various types of
background noise at multiple SNRs, which can be considered the SI sampling strategy.

Experimental results demonstrated that the noise-conditioned method significantly im-
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proved the baseline. When trained on the noisy dataset constructed with the SI strat-
egy, the VC model is exposed to diverse noise conditions across speakers, allowing it
to learn the independence between speaker information and noise conditions in a self-
supervised manner. Under such conditions, as shown in Equation (3.5), the speaker
code s and the noise signal n are independent.

However, as shown in Section 4.5, when the noise-conditioned framework is trained
using DEMAND as the noise source and SD/SSD sampling strategies, its performance
degrades markedly, even descending below the baseline. Given the characteristics of
the noise source and the SD/SSD sampling strategy, speaker identity is entangled
with the noise conditions. As a result, the VC model encounters only limited and
fixed combinations of speaker codes s and noise signals n, leading to speaker-noise
entanglement. To address this issue, VC model pre-training and data augmentation

techniques are adopted.

4.3 Proposed Method

4.3.1 Pre-training Strategies for VC Model

Pre-training is a frequently used technique in deep learning-based model training.
By leveraging large and diverse datasets, pre-training allows models to learn useful
and generalizable feature representations, thereby alleviating data scarcity constraints
in low-resource settings, such as cases using SD/SSD strategies with limited noise
patterns. Furthermore, the pretrained model converges faster during fine-tuning, which
can reduce the overall training time and computational cost.

For the baseline VC model, pre-training is conducted using a large-scale clean speech

corpus, where the model takes clean speech as input and is optimized using a recon-
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struction loss calculated on the same clean speech. As for the noise-conditioned N2N
framework, pre-training is performed on a noisy training set constructed from a large
noise dataset using the SI sampling strategy. It should be noted that while pre-training
enhances the generalization ability of the VC model, it is not a prerequisite for the

framework.

4.3.2 Data Augmentation

As the performance degradation is attributed to the entanglement between speaker
identity and noise conditions, one of the most straightforward approaches to mitigate
this issue is to apply data augmentation to enhance the diversity of the training data.
Given that only noisy data from source and target speakers are available for VC train-
ing, three augmentation strategies are proposed and denoted as Data-Aug, Noise-Aug

I, and Noise-Aug II.

Data-Aug

Figure 4.1 illustrates the workflow of Data-Aug. In this process, a portion of the
original noisy utterances is randomly sampled and duplicated to be superimposed with
the augmented noise at various SNRs to increase the diversity of noise conditions. The
SE module then separates the augmented and original noisy utterances into estimated
speech signals and the separated background noise, which are used for VC model
training.

In general, Data-Aug is the most straightforward method for augmenting the training
set with noise. However, it may compromise the quality of the training set, as the

augmented noisy utterances must also be processed through the SE model. This can
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Figure 4.1: The workflow of Data-Aug on noise-conditioned N2N framework.

result in further distortion of both the denoised speech and the separated noise.

Noise-Aug I

To overcome the limitations of Data-Aug, an improved noise augmentation method
Noise-Aug I is proposed, as illustrated in Figure 4.2. Unlike Data-Aug, where the
augmented noise is only superimposed with the noisy speech, Noise-Aug I duplicates
both the noisy utterances and their corresponding separated noise components, and
then superimposes augmented noise clips onto them. In this way, the augmented
noisy utterances are not processed by the SE model and are only used as targets for

loss calculation during training. As a result, additional distortion introduced by the
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Figure 4.2: The workflow of Noise-Aug I on noise-conditioned N2N framework.

augmented noise can be avoided.

Noise-Aug 11

For the former two augmentation methods, although additional noise is introduced
to increase diversity, the inherent speaker-dependent noise components remain in the
augmented noisy speech, which may hinder disentanglement learning. To address this,
another augmentation strategy Noise-Aug I is proposed, as illustrated in Figure 4.3.

In this approach, a portion of the denoised utterances, rather than the original noisy
utterances, is duplicated and superimposed with the augmented noise clips to compose

the augmented noisy speeches. During training, the VC model receives either speaker-
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Figure 4.3: The workflow of Noise-Aug II on noise-conditioned N2N framework.

dependent separated noise or augmented noise, depending on whether the current

training target is the original noisy speech or the augmented noisy speech.

However, since the augmented noisy speech is based on the denoised speech, which is

already distorted, Noise-Aug Il inevitably compromises the benefit of using undistorted

noisy data as the training target. In theory, as the volume of augmented training data

increases, the performance of the noise-conditioned method will degrade toward the

baseline level. The optimal ratio of augmented data samples is empirically investigated

in Section 4.5.1.
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4.4 Experimental Setup

4.4.1 Dataset for SE Model

The same DNS Challenge 2020 dataset [83] used in the previous experiments is
adopted here with 16 kHz sampling rate. From this dataset, 10,000 clean utterances
and 8,000 noise clips are sampled to construct the validation set, while the remaining
data are used for the training set. The noisy speech is generated by superimposing a

noise clip onto a clean utterance at uniformly sampled SNR ranging from 0 to 20 dB.

4.4.2 Dataset for VC Model

In the pre-training stage of the VC model, VCTK [211] is adopted as the clean
corpus. All 110 speakers from VCTK are included in the training process, with 20
utterances randomly selected per speaker to create the validation set. For pre-training
the noise-conditioned VC model, a noisy version of VCTK is constructed. The noise
clips from the SE model validation set are used as the noise source and superimposed
onto the VCTK corpus at uniformly sampled SNRs from 0, 5, 10, 15, and 20 dB,
following the SI sampling strategy.

For the N2N task, as described in Section 4.2, VCC2018 with the same setups in
the previous experiments is used as the clean corpus, while ESC-50 and DEMAND are
used as the new noise sources. In total, six noisy training sets are constructed using

different combinations of the noise sources and noise sampling strategies.
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ESC-50 Using SI Sampling Strategy

Before constructing the noisy dataset, ESC-50 noise clips are trimmed using voice
activity detection (VAD) via WebRTC VAD1!. Among the 50 noise categories, nine
are assigned to the VCC test set, and the remained categories are adopted for the
training set. The noisy training set is created by uniformly sampling the noise clips
and superimposing them onto the clean utterances at uniformly sampled SNRs from
0, 5, 10, 15, and 20 dB.

The noisy VCC test set is constructed as a parallel dataset, where the same utterances
across speakers are superimposed with the same noise clip. Multiple noisy test sets are
created in parallel, with each test set at a single SNR level of -5, 0, 5, 10, 15, 20, and
25 dB. All methods in this chapter are evaluated on these noisy test sets, regardless of

whether the noisy training dataset adopts the SI sampling strategy.

DEMAND Using SD/SSD Sampling Strategy

When using DEMAND as the noise source, SD and SSD sampling strategies are
applied to construct the noisy training set. Specifically, a noise subcategory from
DEMAND is randomly assigned to each speaker in the VCC training set, so that each
speaker is associated with a single noise class. For the SD strategy, each utterance is
superimposed with a noise clip sampled from the assigned subcategory at a constant
SNR of 5 dB. For the SSD strategy, the process is identical except for the SNR levels:
instead of a constant 5 dB, SNR levels are uniformly sampled from 0, 5, 10, 15, and 20
dB. As a result, the SSD strategy ensures that speaker identity is associated with the
noise category but not with the SNR level, while under SD conditions, speaker identity

is associated with both the noise category and SNR level. Note that both the SD and

thttps://github.com /wiseman /py-webrtcvad
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Table 4.1: Summary of the evaluated methods.

Method VC Model Input Type Noise Source Noise Sampling Stratrgy

VQ-VAE Clean speech - -

Upper Bound
Noise-Conditioned VQ-VAE Clean speech; Original noise ESC-50 SI
Baseline-SI VQ-VAE Denoised speech ESC-50 SI
Baseline-SD VQ-VAE Denoised speech DEMAND SD
N2N-SI Noise-Conditioned VQ-VAE  Denoised speech; Separated noise ESC-50 SI
N2N-SSD Noise-Conditioned VQ-VAE Denoised speech; Separated noise DEMAND SD
N2N-SD Noise-Conditioned VQ-VAE  Denoised speech; Separated noise DEMAND SD
N2N-Data-Aug ~ Noise-Conditioned VQ-VAE  Denoised speech; Separated noise DEMAND + ESC-50 (Augmented) SD
N2N-Noise-Aug I  Noise-Conditioned VQ-VAE  Denoised speech; Separated noise DEMAND + ESC-50 (Augmented) SD
N2N-Noise-Aug I Noise-Conditioned VQ-VAE Denoised speech; Separated noise DEMAND + ESC-50 (Augmented) SD

SSD noise conditions are used exclusively for constructing the training set.

The proposed noise augmentation methods are applied to the noisy training set
constructed using DEMAND as the noise source and the SD sampling strategy. To
control variable factors during augmentation, the same noise clips from ESC-50 under
the SI sampling strategy are randomly sampled across all proposed noise augmentation

methods.

4.4.3 Methods under Evaluation

Table 4.1 summarizes the methods evaluated in this chapter. The name of each
method generally follows the format ”TypeOfModel-TypeOfTrainingSet”, except for
Upper Bound.

The " TypeOfModel” is defined according to the naming scheme used in prior exper-
iments and includes three types: Upper Bound, Baseline, and N2N. Baseline denotes
the baseline N2N framework where the original VC model is applied. N2N refers to
the improved framework, in which noise conditioning is introduced into the VC model

to directly model noisy speech. As for Upper Bound, to investigate whether noise con-
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ditioning affects the VC performance, the original VC model and the noise-conditioned
version are compared. Both the original VC model and the noise-conditioned version
are trained and evaluated on clean speech, with the latter additionally conditioned on
the original noise clips.

The term “ TypeOfTrainingSet ” refers to the specific configuration of the noisy
training set. Since the sampling strategy is associated with the noise source, the
suffixes SI, SD, and SSD are used to distinguish different training sets. SI refers
to the noisy training set constructed using the ESC-50 as the noise source with the
SI sampling strategy, while SD and SSD refer to training sets using DEMAND as
the noise source with corresponding SD and SSD sampling strategies. Three proposed
noise augmentation methods based on SD are represented as Data-Aug, Noise-Aug I,
and Noise-Aug I1.

In total, nine methods are evaluated. Upper Bound represents the theoretical best
performance of the N2N framework, which is trained and tested on the original dataset.
Two Upper Bound methods are evaluated: one using the original VC model and the
other using the noise-conditioned VC model. This comparison aims to assess the im-
pact of noise conditioning on VC performance while avoiding potential interference
introduced by the SE model. Two Baseline methods trained on different training sets
are denoted as Baseline-SI and Baseline-SD. To evaluate the performance of N2N un-
der varying noise conditions, six methods using different noisy training sets are tested
and denoted as N2N-SI, N2N-SSD, N2N-SD, N2N-Data-Aug, N2N-Noise-Aug I, and
N2N-Noise-Aug II, respectively.
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4.4.4 Evaluation Metrics
Objective Evaluation Metrics

In the previous experiments in Section 3.5.1, the impact of the SE models on the
VC downstream has been evaluated. Experimental results reveal that the objective
metrics for the SE tasks can not well reveal their impact on the VC downstream. As
a result, this chapter focuses more on evaluating VC performance. Except for MCD
measuring the overall quality of the converted speech, WER was used to measure
the quality of linguistic content, calculated using a publicly available ASR model?.
An open-source speaker verification method? is also adopted to assess the similarity
between the converted sample and its target reference. Since these objective metrics are
exclusively applicable to clean speech data, all the methods generate clean converted
speech. The quality assessment of the generated noise component and the noisy speech

is left to the subsequent subjective evaluation.

Subjective Evaluation Metrics

The subjective evaluation setup follows that of previous experiments, employing the
non-parallel (SPOKE) task of VCC2018. The non-parallel task includes four source
speakers (VCC2SF3, VCC2SF4, VCC2SM3, and VCC2SM4) and two target speakers
(VCC2TF2, VCC2TM2), resulting in eight conversion pairs in total. All subjective
evaluations are conducted via Amazon Mechanical Turk (MTurk) with 15 participants.

As the first step, the effectiveness of the pre-training strategy is assessed via a pref-
erence test. Two noisy testing sets with SNRs of 5 and 15 dB are prepared, where

32 converted utterances per test set are parallelly sampled. Participants are asked to

Zhttps://huggingface.co/facebook /wav2vec2-large-960h-1v60-self.
3https://github.com/resemble-ai/Resemblyzer.
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compare the naturalness and similarity of two samples, with one generated by a VC
model with pre-training and the other without. An original target utterance is pro-
vided as a reference for assessing similarity. For consistency with objective evaluations,
all utterances in this test are clean.

The proposed noise augmentation strategies are assessed through an extended MOS
test and a SIM test (see Section 3.4.4), both conducted on two test sets at 5 dB and 15
dB SNR. The extended MOS test includes two categories: clean MOS and noisy MOS.
Six methods are evaluated: Upper Bound, Baseline-SI, Baseline-SD, N2N-SI, N2N-SD,
and N2N-Noise-Aug II. Although N2N-SSD is also examined via objective evaluation,
it is excluded from subjective evaluation, as it mainly serves to analyze the impact of
SNR variation on the disentanglement between speaker identity and noise conditions.

The clean MOS test follows the standard procedure used in conventional MOS evalu-
ations. All methods generate clean converted speech, the naturalness of which is scored
by the participants on a 5-point scale (1 = Bad, 5 = Excellent). Each method provides
64 utterances: 32 at SNR 5 dB and 32 at SNR 15 dB.

In the noisy MOS test, participants rate the naturalness of both the speech and noise
components in a noisy converted utterance, also on a 5-point scale. To facilitate the
evaluation of the background noise, the original noise clip is provided as a reference.
Similar to the clean MOS test, 64 noisy converted utterances are randomly sampled
for each method, equally split between the two SNR levels.

The SIM test follows the previous procedure described in Section 3.4.4, where par-
ticipants rate the similarity between a converted utterance and a target utterance
on a 4-point scale. Scores of 1 or 2 are counted toward the similarity percentage.
To minimize noise-related perceptual interference, the SIM test uses clean converted

speech, following the same sampling procedure as the clean MOS test (64 utterances
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Figure 4.4: MCD results for noise-conditioned and original VQ-VAE across test sets,
each evaluated at a fired SNR.

per method). Based on MOS test results, five methods are selected for the SIM test:
Upper Bound, Baseline-SD, N2N-SI, N2N-SD, and N2N-Noise-Aug II.

4.5 Experimental Results

4.5.1 Objective Evaluation Results
Comparison of Noise-Conditioned VQ-VAE and Standard VQ-VAE

Theoretically, if speaker identity and noise conditions are independent from each
other, the noise-conditioned VQ-VAE operates in the same way as the original model
when generating clean converted speech, as indicated by Equation (3.5).

Figure 4.4 presents the MCD scores across various SNR levels for the noise-conditioned
and original VQ-VAE models. Both models are pre-trained following the process men-

tioned in Section 4.3.1. Since the original VQ-VAE is not conditioned on noise, it is
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Table 4.2: Objective evaluation results of the methods with/without pre-training on two

test sets with fized SNRs of 5 and 15 dB.

Methods Status MCD (dB) | WER (%) { Similarity

5dB 15dB 5dB 15 dB 5dB 15 dB

w/ pre-training 7.86 7.83 9.55 10.56 0.824 0.823
Upper Bound
w/o pre-training  7.84  7.84 14.57  14.93 0.821 0.823

w/ pre-training 8.76 8.39 32.92 16.02 0.772 0.798
Baseline-SI
w/o pre-training  8.89  8.64 56.62  40.59 0.757  0.766

w/ pre-training 8.58 8.33 29.22 17.01 0.786 0.798

N2N-SI
w/o pre-training  8.62  8.38 39.27  27.62 0.777  0.786
w/ pre-training 9.17 8.92 28.61 15.60 0.750 0.762
N2N-SSD
w/o pre-training  9.16  8.94 44.49  32.04 0.752  0.756
w/ pre-training 9.27 9.08 31.63 19.72 0.737 0.744
N2N-SD

w/o pre-training  9.46  9.22 45.43 31.52 0.719 0.725

trained and evaluated solely on clean data, so that its MCD remains stable at 7.85. The
noise-conditioned VQ-VAE achieves comparable MCDs around 7.85 across all SNRs,
with an average score of 7.84. These results confirm that incorporating noise as a
conditioning factor into the VC model does not degrade the quality of clean converted
speech when the speaker identity and the noise conditions are disentangled. Conse-
quently, the noise-conditioned VC model is adopted in the Upper Bound for subsequent

experiments.
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Figure 4.5: MCD results for Baseline-SD, N2N-SD, and N2N-SD with data augmenta-

tion strategies on the noisy VCC2018 test set.

Pre-training Strategies

Table 4.2 presents the objective evaluation results of the methods with and without
pre-training, assessed by MCD, WER, and similarity score on separate noisy test sets
at SNR 5 dB and 15 dB. Overall, pre-training consistently improves the performance of
all methods. The improvement is most pronounced in WER, while MCD and similar-
ity scores also show moderate gains. Among all methods, N2N-SD exhibits noticeable
improvements across all metrics, demonstrating the effectiveness of pre-training in en-
hancing model robustness. Based on these findings, all methods adopt the pre-trained

VC model in subsequent experiments.
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Figure 4.6: WER results for Baseline-SD, N2N-SD, and N2N-SD with data augmen-

tation strategies on the noisy VCC2018 test set.

Data Augmentation Strategies

Figure 4.5, 4.6, and 4.7 present the objective evaluation results of the three aug-
mentation strategies on the noisy VCC2018 test set, constructed using the SI sampling
strategy at an SNR of 5 dB. As discussed in Section 4.3.2, N2N-Noise-Aug II gener-
ates augmented data based on denoised speech, thereby compromising the advantage of
using undistorted noisy data as training targets. To investigate the impact of the aug-
mentation volume, multiple variants of N2N-Noise-Aug Il are evaluated. The number
of augmented utterances per speaker (out of 80) and their corresponding percentages
are shown on the x-axis in Figure 4.5, 4.6, and 4.7.

Among all methods, Baseline-SD achieves an MCD of 9.06, a WER of 28.89%, and
a similarity score of 0.750, outperforming both N2N-Data-Aug and N2N-Noise-Aug 1.

These results support the concerns raised in Section 4.3.2 that the speaker-dependent
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Figure 4.7: SIM scores for Baseline-SD, N2N-SD, and N2N-SD with data augmentation

strategies on the noisy VCC2018 test set.

noise component persists in the augmented data and hinders disentanglement learning.
N2N-Data-Aug achieves an MCD of 9.55, a WER of 30.58%, and a similarity score
of 0.738, which are worse than N2N-Noise-Aug I. This is due to the fact that N2N-
Data-Aug introduces additional distortions to degrade the VC performance further,
as explained in Section 4.3.2. N2N-Noise-Aug I reaches an MCD of 9.27, a WER
of 29.54%, and a similarity score of 0.741, offering limited improvement compared to
N2N-SD, which scores an MCD of 9.27, a WER of 31.63%, and a similarity score of
0.737.

In contrast, most variants of N2N-Noise-Aug II outperform Baseline-SD in both
MCD and WER, while maintaining comparable similarity scores. Specifically, the
variant & (6.25% ) achieves the best MCD of 8.91, followed by 10 (12.5% ) and 60 (75% ),
with scores of 8.92 and 8.95, respectively. For similarity, 60 (75%) ranks highest at
0.757. 5 (6.25%) and 80 (100% ) achieve second place with a score of 0.751, while 10
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Figure 4.8: MCD results for the methods under varying SNR conditions on the noisy
VCC2018 test set.

(12.5% ) ranks third with 0.749. Regarding WER, 10 (12.5%) and 60 (75%) perform
best, achieving 27.05% and 26.60%, respectively, while & (6.25%) obtains 28.50%.
Given the balance between performance gains and minimal augmentation, the variant
5 (6.25% ) is selected as the final configuration of N2N-Noise-Aug I1.

The objective evaluation results of different methods under varying SNR conditions
are summarized in Figure 4.8, 4.9, and 4.10. In general, Upper Bound achieves the
best performance across all metrics and SNR levels. A notable gap exists between
Baseline-SI and Upper Bound, which further widens at lower SNRs. N2N-ST signifi-
cantly improves upon Baseline-SI, which is consistent with previous findings demon-
strated in Section 3.5.2, highlighting the effectiveness of introducing noise conditioning
into N2N task. However, Baseline-SToutperforms N2N-SD across all metrics, indicat-
ing performance degradation when speaker identity and noise conditions are entangled.

Additionally, N2N-SSD consistently surpasses N2N-SD in all metrics. These results
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Figure 4.9: WER results for the methods under varying SNR conditions on the noisy
VOC2018 test set.

highlight that not only the diversity of noise categories, but also variation in SNRs,
contributes to disentanglement within the N2N framework.

For the proposed noise augmentation methods, N2N-Noise-Aug II improves upon
N2N-SD and yields better results than Baseline-SD in terms of MCD and similarity
across all SNRs. However, Baseline-SD still achieves a lower WER by 1.07% at 15 dB.
Despite these improvements, the performance gap remains larger compared to that

between N2N-SI and Baseline-SI, indicating room for further enhancement.
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4.5.2 Subjective Evaluation Results
Pre-training Strategies

Figure 4.11 shows the preference evaluation results comparing Upper Bound, N2N-S1,
and N2N-SD, each with and without pre-training. In general, pre-training consistently
leads to improvements in both naturalness and similarity, with observed gains ranging
from 4.38% to 15.42%. Notably, even Upper Bound, which is trained using clean speech
and original noise clips without SE-induced distortion, benefits from pre-training, high-
lighting its broader effectiveness beyond scenarios involving denoised inputs. These
findings reinforce the earlier conclusion that pre-training enhances the N2N framework

by improving the naturalness and similarity of clean converted speech.
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Figure 4.11: Preference evaluation results of the N2N frameworks with/without pre-
training for clean converted samples. Error bars show 95% confidence intervals. (a)

Naturalness. (b) Similarity.
Data Augmentation Strategies

Figure 4.12 illustrates the MOS results for methods generating clean converted

speech. Since both Upper Bound and Ground Truth (referred to as the original clean
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Figure 4.12: MOS evaluation results for methods producing clean converted speech, with

95% confidence intervals.

speech from the target speaker) are independent of noise, their MOS scores remain
constant under SNRs of 5 and 15 dB. In contrast, the noise-dependent methods show
higher MOS at 15 dB, as expected due to reduced noise interference.

Excluding Ground Truth, Upper Bound achieves the highest MOS of 3.98. N2N-SI
obtains MOS of 3.56 and 3.82 at SNRs of 5 and 15 dB, respectively, outperforming
Baseline-SI achieving 3.19 and 3.73. These results align with the objective evaluation,
demonstrating the benefit of noise conditioning in the N2N framework.

However, consistent with the objective evaluation results, VC performance of the
N2N framework deteriorates when using DEMAND with the SD sampling strategy:
N2N-SD yields MOS of only 3.20 and 3.35 at SNRs of 5 and 15 dB, which are out-
performed by Baseline-SD with 3.37 and 3.53. The proposed N2N-Noise-Aug II helps
mitigate this degradation, raising the scores to 3.26 and 3.54, with improvements of

0.06 and 0.19 over N2N-SD. However, its performance at an SNR of 5 dB remains
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Figure 4.13: MOS evaluation results for methods producing noisy converted speech,

with 95% confidence intervals: (a) MOS of the speech component. (b) MOS of the

noise component.

slightly below Baseline-SD, with a gap of 0.11.

Figure 4.13 (a) illustrates the MOS results for the speech component of the noisy
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Figure 4.14: SIM scores for methods producing clean converted speech, with 95% con-

fidence intervals.

converted samples. In general, similar trends to those for MOS for clean converted
speech in Figure 4.12 can be observed. Upper Bound achieves the highest MOS of 3.98
and 4.19 at SNRs of 5 and 15 dB. N2N-SI ranks second, with MOS of 3.8 and 3.98,
outperforming Baseline-SI by 0.12 at 5 dB, while Baseline-SI achieves a slightly higher
MOS of 4.03 at 15 dB. N2N-SD obtains the lowest MOS of 3.6 and 3.83 at SNRs of
5 and 15 dB, falling behind Baseline-SD with 3.73 and 3.98. Although the proposed
N2N-Noise-Aug II does not achieve the same level of improvement as observed in the
objective evaluation in Figure 4.5, it slightly improves over N2N-SD by 0.05 and 0.04,
respectively, but still lags behind Baseline-SD by 0.08 and 0.02.

Figure 4.13 (b) shows the MOS for the noise component of the noisy converted

samples. Overall, all methods yield similar scores of approximately 3.8 at both SNR
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levels, slightly lower than the Ground Truth score of 3.91 at 5 dB but higher than
its 3.73 at 15 dB. Note that Upper Bound, N2N-SI, N2N-SD, and N2N-Noise-Aug II
generate the noise components via the neural networks, whereas the remaining methods
use superimposed noise clips. These results demonstrate the effectiveness and reliability
of the N2N framework in generating realistic noise components.

Figure 4.14 presents the SIM scores for methods producing clean converted speech.
Overall, the trends are similar to the MOS for clean converted samples illustrated in
Figure 4.12. Upper Bound achieves the highest SIM score of 70.83%. N2N-SI obtains
SIM scores of 63.54% and 67.71% at SNRs of 5 and 15 dB, respectively, outperforming
N2N-SD with scores of 49.79% and 58.54%. N2N-SD is outperformed by Baseline-SD,
which achieves 55.21% and 63.96%. The proposed N2N-Noise-Aug II improves upon
N2N-5SD by 5.21% at 5 dB, while the improvement is less significant at 15 dB by only
0.59%. Nevertheless, Baseline-SD yields better results than N2N-Noise-Aug II at both
SNRs.

In general, the experimental results demonstrate that the N2N framework signifi-
cantly outperforms the baseline when speaker identity and noise conditions are properly
disentangled. Incorporating the pre-training strategy can further improve the perfor-
mance of the N2N framework. However, when using DEMAND and SD sampling strat-
egy, which leads to entanglement between speaker identity and noise conditions, the
VC performance of the N2N framework degrades substantially in terms of naturalness
and similarity. Although the proposed noise augmentation improves the performance
of N2N under such entangled conditions, it does not yield clear advantages over the
baseline, indicating room for further enhancement. Regarding the noise components
in the converted noisy speech, the N2N framework achieves comparable scores to the

ground truth (original noisy speech from the target speaker), demonstrating its ability
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to generate high-quality noise components.

4.6 Summary of This Chapter

In this chapter, the N2N VC framework was evaluated under a broader range of
noise conditions. The results demonstrated that the framework was effective in gen-
erating high-quality noise components. However, when the speaker identity and noise
conditions were entangled, the VC performance of the N2N framework degrades sig-
nificantly. To address this issue, a pre-training strategy was introduced and shown to
improve the model * s performance. Furthermore, three noise augmentation strategies
were proposed to mitigate the performance drop. Among them, N2N-Noise-Aug I1
enabled the N2N framework to outperform the baseline in objective evaluations. How-
ever, subjective evaluation results further indicated that there was still room for the

entanglement between speaker identity and noise conditions.



5 Analysis of N2N VC

Performance Degradation

5.1 Introduction

In the previous chapter, the VC performance of the N2N framework under various
noise conditions was examined. Two new datasets, ESC-50 and DEMAND, were intro-
duced as the noise sources. Compared to PNL100 used in Chapter 3, ESC-50 offers a
broader diversity of noise categories and a larger number of noise clips. In contrast, the
DEMAND dataset contains only 18 categories but effectively represents common real-
world noise environments. Based on the characteristics of ESC-50 and DEMAND, two
primary noise sampling strategies, denoted as speaker-independent (SI) and speaker-
dependent (SD), were also employed to construct noisy training sets with specific noisy
conditions.

Experimental results from the previous chapter revealed that using DEMAND with
the SD sampling strategy leads to notable VC performance degradation due to en-
tanglement between speaker identity and noise conditions. Although pre-training and
noise augmentation strategies were proposed to mitigate this issue, the improved N2N
framework still failed to outperform the baseline, suggesting the presence of additional
factors contributing to the degradation.

In this chapter, the phenomenon of the VC performance degradation under specific

noise conditions is further investigated. To identify the cause of this degradation, a
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series of experiments is conducted on a per-category basis to evaluate the individual
impact of each noise type on VC performance. The analysis is grounded in objective

evaluation results, based on which the causes of degradation are summarized.

5.2 Experimental Setup

In this chapter, the experimental setup largely follows that of the previous experi-
ments. The VCC2018 corpus is used as the clean speech source. ESC-50 and DEMAND
are also adopted as the noise sources. Here, F' and D are used as shorthand for ESC-50
and DEMAND, respectively. The previously defined SI and SD noise sampling strate-
gies are also employed to construct the noisy training set. The same noisy test set used
in the previous chapter is also retained for consistency.

To identify the factors contributing to performance degradation, experiments are con-
ducted to compare the performance of the Baseline and N2N methods under various
noise conditions. The Baseline refers to the original N2N framework, which cascades
an SE model and a VC model, whereas the N2N method introduces noise conditioning
into the Baseline to directly model noisy speech. Upper Bound with the same config-
uration as the previous one is included as a reference to indicate the theoretically best
performance of N2N. This chapter particularly focuses on the quality of the speech
component and how it is affected by different noise conditions in the noisy training set.
Accordingly, all methods are evaluated using clean converted samples.

To reduce the evaluation cost in terms of time and resources, only objective metrics
are considered. The MCD metric is primarily used to assess the overall quality of the

converted samples.
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5.3 Investigating the Causes of VC Performance

Degradation

5.3.1 VC Performance Degradation

In the previous experiments, SI and SD noise sampling strategies were applied to
ESC-50 and DEMAND, respectively, based on the characteristics of each dataset. In
the SI strategy, for each utterance in VCC2018, a noise clip and an SNR level between
0 and 20 dB are uniformly sampled to generate a noisy speech, thereby keeping the
speaker identity and the noise conditions uncorrelated. In contrast, the SD strategy
first assigns a noise category to each speaker in VCC2018 to associate each speaker’s
identity with a specific noise type. Then, each utterance from a given speaker is mixed
with a randomly sampled noise clip from the assigned noise category at a fixed SNR of
5 dB. The abbreviations E-SI and D-SD are used to denote the resulting noisy training
sets based on ESC-50 with SI sampling and DEMAND with SD sampling, respectively.

Figure 5.1 presents the MCD results for models trained on E-SI and D-SD. The Upper
Bound is trained and evaluated on the original clean speech data, while Baseline and
N2N are based on the denoised data. When trained on the E-SI training set, N2N-
SI outperforms the Baseline-SI. In contrast, when using the D-SD training set, noise
conditioning in N2N fails to provide performance gains. Specifically, the Baseline-SD
achieves an MCD of 9.09, whereas noise-conditioned N2N-SD achieves a subpar MCD
of 9.49. In Figure 5.1, the red frame highlights this degradation, where N2N-SD fails
to outperform the Baseline-SD.

In the previous chapter, the observed performance degradation was primarily at-
tributed to speaker-noise entanglement, which was concluded based on the character-

istics of the noise dataset and the noise sampling strategy. The DEMAND dataset
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Figure 5.1: MCD results for methods trained on the E-SI and D-SD datasets. The
red frame highlights the performance degradation observed when the N2N framework is

trained on the D-SD training set.

exhibits limited noise diversity, containing only 18 noise subcategories, each with a sin-
gle noise recording. Furthermore, the SD sampling strategy assigns each noise category
to a specific speaker, which further amplifies this lack of variability. These combined
factors contribute to the entanglement between speaker identity and noise conditions.
To address this, pre-training and noise augmentation strategies were proposed. How-
ever, the improved N2N still remains inferior to the Baseline. These results indicate
that, except for speaker-noise entanglement, additional factors beyond speaker—noise

entanglement also contribute to the performance degradation.

5.3.2 Effects of Noise Sampling Strategies on VC Performance

Sampling strategy plays a crucial role in establishing speaker-noise entanglement. In

the previous experiment, the SI and SD strategies were exclusively applied to ESC-50
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Figure 5.2: MCD results for N2N trained on the original noisy datasets using SI and

SD noise sampling strategies.

and DEMAND, respectively. To further investigate the impact of sampling strategy
independent of the dataset, this section extends the setup by applying the SI strategy
to DEMAND and the SD strategy to ESC-50. To avoid the additional distortion
introduced by the SE model resulting from the change in noise sampling strategy, the
original noisy datasets are used for training and testing, instead of using denoised
speech and separated noise as model inputs. Specifically, the noise-conditioned N2N
takes clean speech as input and raw noise as conditions.

Figure 5.2 illustrates the MCD results for N2N trained on noisy datasets using SI
and SD strategies. The Upper Bound refers to the original VC model trained solely on
clean speech without noise conditioning. The labels “ESC-50" and “DEMAND” on
the x-axis indicate the noise sources of the training data.

Theoretically, in the absence of degradation, N2N should achieve comparable MCD

to the Upper Bound. As shown in Figure 5.3, no significant degradation is observed
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when ESC-50 is used as the noise source, regardless of the sampling strategy: N2N
models trained on E-SI and E-SD achieve MCDs of 7.86 and 7.83, closely matching
the Upper Bound of 7.85. In contrast, when DEMAND is used as the noise source,
substantial degradation is observed for both strategies. The N2N trained on D-SD
and D-SI obtain MCDs of 8.02 and 8.20, respectively, both clearly inferior to the upper
bound. These results suggest that the VC performance degradation is attributed to the
characteristics of the noise dataset rather than speaker-noise entanglement established
by the sampling strategy.

Furthermore, the performance trends, where the N2N performs well when trained on
the E-SI dataset but experiences performance degradation when trained on the D-SD
dataset, are consistent with those shown in Figure 5.1, even when clean speech and raw
noise are employed. This consistency indicates that the SE model is not the primary

cause of the observed performance degradation.

5.3.3 Effects of SNR Levels on VC Performance

In Chapter 4, the SSD noise sampling strategy was employed to examine the impact
of SNR level, as SNR is a critical factor in defining noise conditions. Compared to
the SD sampling strategy, which assigns each speaker a fixed SNR and a unique noise
category, the SSD strategy introduces multiple SNR levels per speaker while keeping
the noise category fixed. Experimental results show that N2N-SSD consistently out-
performs N2N-SD across all metrics, suggesting that SNR variation may contribute to
the observed performance degradation.

This section investigates the impact of SNR levels on the VC performance of the
N2N by constructing two groups of parallel noisy training sets using different noise

sources. To eliminate the distortion introduced by the SE model due to varying SNR
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levels, the VC model is trained with clean speech and original noise clips, and evaluated
by generating clean converted speech from clean inputs.

The first group adopts ESC-50 as the noise source, which is consistent with the
previously used E-SI training set, where the N2N exhibits clear advantages over the
Baseline. For each utterance in VCC2018, a noise clip is uniformly sampled and mixed
with the clean speech at a fixed SNR level. Using this approach, ten parallel noisy
training sets are constructed. In these parallel sets, each utterance is paired with the
same noise clip across all datasets. The only difference lies in the SNR level used for
mixing, with each set a fixed SNR from 25 dB, 20 dB, 15 dB, 10 dB, 5 dB, 0 dB,
—5 dB, —10 dB, —15 dB, and —20 dB. This setup is similar to the E-SI construction,
except that each dataset contains a unique and fixed SNR level, enabling a controlled
investigation of SNR-specific effects on VC performance.

The second group adopts DEMAND as the noise source. Its construction follows
the procedure of the D-SD dataset. For each speaker in VCC2018, a noise category is
randomly assigned. Each utterance is then mixed with a randomly selected noise clip
from the assigned category at a fixed SNR. Unlike the previous D-SD set using only 5
dB, ten datasets are constructed here, each corresponding to one of the aforementioned
SNR levels.

Figure 5.3 illustrates MCD results for N2N trained on original noisy datasets using
ESC-50 and DEMAND as the noise sources. The Upper Bound, with an MCD of
7.85, is indicated by the blue dotted line for reference. As discussed in Section 5.3.2,
N2N is expected to achieve comparable MCDs to the Upper Bound if no performance
degradation occurs.

When trained with ESC-50, N2N maintains an MCD close to 7.85 for SNR levels

ranging from 25 dB to —10 dB, showing comparable performance to the Upper Bound.
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Figure 5.3: MCD results for N2N trained on the original noisy datasets using £ESC-50

and DEMAND as the noise sources, respectively.

However, degradation becomes evident at lower SNRs. At —20 dB, N2N yields an
MCD of 8.20, showing significant performance loss. This finding challenges the earlier
conclusion in Section 4.5.1, which suggested that noise conditioning does not degrade
the quality of clean converted speech when speaker identity and noise conditions are
disentangled.

For the N2N trained using DEMAND as the noise source, a similar trend is observed.
The MCDs remain comparable to the Upper Bound between 25 dB and 10 dB. Starting
from an SNR of 5 dB, N2N yields higher MCD values than the Upper Bound, revealing
signs of performance degradation.

Overall, the SNR level of the noisy training set contributes to the VC performance.
Performance degradation occurs under both ESC-50 and DEMAND, though with dif-
ferent SNR thresholds. When using DEMAND as the noise source, degradation begins

at an SNR of 10 dB, implying that factors beyond speaker-noise entanglement, such as
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Figure 5.4: Mel-spectrogram examples of the noise from keyboard and airplane cate-

gories. (a) Keyboard. (b) Airplane.

noise characteristics, may contribute more significantly. In contrast, when using ESC-
50 as the noise source, N2N shows degradation only below SNR of -15 dB, further
supporting the hypothesis that the intrinsic properties of the noise dataset are critical

contributors to performance degradation.
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Figure 5.5: Noise distribution in the E-SI dataset sorted by the number of sampled

noise clips. The red frame highlights the 20 most sampled noise categories.

5.3.4 Effects of Noise Categories on VC Performance

Besides the SNR level, another crucial aspect of the noise condition is the noise cate-
gory. The type of noise not only offers a coarse-grained classification of background in-
terference but also reflects intrinsic properties such as stationarity and temporal struc-
ture. For instance, impulsive noises like keyboard typing are typically non-stationary
and sparse in the time domain, whereas steady noises like airplane engines exhibit more
consistent spectral and temporal patterns, as demonstrated in Figure 5.4.

In Section 5.3.3, it is observed that VC performance degrades when the SNR level falls
below a certain threshold, with the threshold differing between the two noise sources:
ESC-50 and DEMAND. Since two N2N methods using different noise sources take the
same clean speech as input and differ only in the noise conditioning component, this
suggests that the modeling of the noise component plays a critical role in determining
performance.

Given that N2N is trained to reconstruct the noisy speech as a whole, and the loss
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function does not explicitly differentiate between speech and noise components, it can
be hypothesized that the difficulty in modeling the noise component becomes the pri-
mary factor affecting VC performance. Specifically, at lower SNR levels, the noise
becomes more dominant and potentially more complex, which increases the modeling
difficulty that leads to performance degradation. The fact that different noise datasets
(ESC-50 and DEMAND) exhibit different thresholds further supports the assumption
that the characteristics of the noise, such as variability, stationarity, and spectral struc-
ture, impact the difficulty of modeling and thus influence the overall VC performance.

However, there is a lack of metrics to describe the characteristics of the noise and the
associated modeling difficulty. Moreover, as both the N2N task and noise-conditioned
VC models are relatively novel, the influence of noise characteristics on VC performance
remains underexplored. To further investigate the impact of noise category on VC
performance of the N2N framework, the E-SI dataset is selected as a representative
case, as it includes a wide variety of noise types.

The distribution of noise categories in the E-SI dataset is first investigated, as il-
lustrated in Figure 5.5. The horizontal axis denotes the noise types sampled from the
ESC-50 dataset to construct the E-SI training set, and the vertical axis shows the
number of sampled noise clips per category. Figure 5.6 illustrates the t-SNE visualiza-
tion of BEATs-based [212] noise embeddings of these noise categories. Different from
the count-based histogram in Figure 5.5, Figure 5.6 characterizes acoustic similarity
between noise samples rather than the number of noise clips per category.

The red frame in Figure 5.5 highlights the top 20 sampled noise categories. Based on
these, multiple noisy training sets are constructed, each using only a single noise cate-
gory as the noise source. The N2N and Baseline are then trained on these category-

specific datasets to evaluate whether the N2N can outperform the Baseline under
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Figure 5.6: Two-dimensional t-SNFE visualization of noise feature representations across

the noise categories in the FE-SI dataset.

The representations are extracted using

BEATs [212] from 4-second segments and summarized with mean pooling and standard-

deviation pooling over time.

varying noise types. Additionally, to assess whether noise variety influences VC per-

formance, two distinct strategies are employed for constructing the noisy training sets:

e Multi-clip sampling: Each utterance from VCC2018 is mixed with a noise clip

uniformly sampled from the given noise category at an SNR of 5 dB. Conse-

quently, multiple noise clips from the category are used to construct the noisy

training set.

e Single-clip sampling: A single noise clip is uniformly sampled from the cat-
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egory and used as the sole noise source for constructing the entire training set.
To ensure sufficient training data, the sampled clip is temporally duplicated in
the time domain to form a longer recording, from which random segments are

extracted and mixed with utterances at an SNR of 5 dB.

The test set remains consistent with that used in previous experiments, as mentioned
in Section 4.4.2, where ESC-50 serves as the noise source under the SI sampling strategy.
As the use of clean speech and raw noise clips results in relatively small MCD differences
across models, denoised data are employed for both training and evaluation to enhance
sensitivity to performance variations.

Figure 5.7 illustrates the MCD results for the Baseline and the N2N trained on a
series of noisy training sets, each corresponding to a specific noise category with an
SNR of 5 dB. Within each noise category, both multi-clip and single-clip strategies are
applied.

Overall, for the same noise category, the N2Ntrained with the multi-clip strategy
consistently outperforms its single-clip counterpart. Moreover, the VC performance
degradation of the VC model is more prominent in the single-clip group. These find-
ings underscore the significance of noise diversity in the training set to enhance VC
performance. Even when all the noise components come from a single noise category,
insufficient variability in the noise can lead to feature entanglement that degrades VC
performance.

Compared to N2N, the Baseline yields similar MCD scores across both sampling
strategies for most noise categories. Since the Baseline is trained on denoised speech, its
MCD can be seen as partially reflecting the difficulty of modeling the speech component.
A higher MCD indicates lower quality of the converted samples, which may result from

greater residual noise or distortions introduced by the SE model.
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Figure 5.7: MCD results for Baseline and N2N trained on noisy datasets with individual

noise categories using different noise sampling strategies. The horizontal axis represents

the noise category involved in the training set. (a) Multi-clip noise sampling strategy.

(b) Single-clip noise sampling strategy.

However, the

difficulty of modeling the speech component alone can not fully ac-

count for the performance degradation observed in the N2N method. For instance, in
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the rain category, the Baseline achieves MCDs of 9.02 and 9.09 under multi-clip and
single-clip settings, respectively, which are comparable to those in the vacuum cleaner
category of 9.18 and 9.09, suggesting similar difficulty in modeling the speech compo-
nent. However, N2N obtains significantly higher MCDs of 9.94 and 10.67 in the rain
category, indicating clear degradation, whereas in the multi-clip setting of the vacuum
cleaner category, it achieves a lower MCD of 9.03, which outperforms the Baseline.

As shown in Figure 5.7 (b), the single-clip strategy is overly restrictive, resulting in
the N2N underperforming the Baseline across nearly all noise categories. Therefore,
the results of the multi-clip groups in Figure 5.7 (a) are considered to be further
investigated.

Although the experimental results in Fig 5.3.2 demonstrate that the N2N trained on
the E-SI dataset does not exhibit performance degradation compared to that trained
on the D-SD dataset, performance degradation is observed when individual ESC-50
noise categories are used as the sole noise source. Among the 20 most frequently
sampled categories in ESC-50, obvious performance degradation occurs in eight cases.
Specifically, when the noise source is from rain, insects, birds, pouring water, airplane,
sheep, wind, or hand saw, the N2N underperforms the Baseline, suggesting that certain
noise types are more prone to causing VC performance degradation.

Initial observations of these results indicate that stationary noise types are more
likely to contribute to VC performance degradation. For instance, the N2N exhibits
degraded performance when trained on rain and insects. The rain recordings contain
broadband noise with wide frequency coverage and evenly distributed energy, and the
insects recordings exhibit high-frequency dominance and consistently stable temporal
distribution. In contrast, the noises in can opening and crying baby demonstrate dy-

namic and complex temporal properties, trained on which the N2N outperforms the
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Baseline. However, although the noises in vacuum cleaner are wide-band and tempo-
rally stable, reflecting characteristics of stationary noise, the N2N trained on vacuum
cleaner achieves an MCD of 9.03, outperforming the Baseline of 9.13. This suggests
that stationarity alone may not fully explain the performance degradation, and other
noise characteristics may also play a critical role. However, quantifying and systemat-
ically analyzing these factors remains a challenging task.

Additionally, as mentioned above, the loss function of the VC model Ly ¢ in Equa-
tion 3.6 evaluates the reconstruction of noisy speech as a whole. The lack of an ad-
ditional loss term for speech reconstruction suggests that the model assigns equal im-
portance to speech and noise components during training. However, when the noise
component dominates the noisy speech or exhibits complex and hard-to-learn patterns,
the VC model may allocate more capacity to modeling noise, potentially at the expense
of the speech component. Considering the SNR-level analysis in Section 5.3.3 and the
observed performance variations across different noise categories, it is suggested that
the difficulty of modeling the noise component may also contribute significantly to VC
performance degradation.

Although SNR is a direct metric for quantifying noise interference in a signal and
experimental results in Section 5.3.3 show that performance degradation occurs when
the SNR falls below a certain threshold, it alone does not effectively capture the extent
of noise dominance in the N2N tasks. As shown in Figure 5.7 (a), even when all noisy
utterances are generated at a fixed SNR of 5 dB, certain noise categories still lead to
notable performance degradation.

To better assess the degree of noise dominance in the training set, three additional
objective metrics, MCD, PESQ, and STOI, are explored and computed. Specifically,

those metrics are calculated between the clean utterances and their noisy counterparts
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from the noisy training sets in Figure 5.7 (a), with E-SI and D-SD included as ref-
erence conditions. A higher MCD value reflects stronger spectral distortion and thus
greater noise dominance, while higher PESQ and STOI scores indicate lower perceived
distortion and better intelligibility, suggesting weaker noise dominance.

Figure 5.8 demonstrates the MCD, PESQ, and STOI results for the noisy training
sets. Here, MC Dy denotes the MCD between the clean utterances and their noisy
counterparts in the training sets, while M C Dy denotes the MCD of the converted
samples produced by the N2N trained on these noisy training sets. Since Figure 5.8
alone does not reveal the relationships among the metrics, Pearson correlation coeffi-
cients are calculated between M C' Dy, PESQ, STOI, and MC Dy ¢ to demonstrate the
relationship between noise dominance and VC performance.

Figure 5.9 presents the Pearson Correlation between MC Dy, PESQ, STOI, and
MCDyc. In general, MC Dy exhibits strong negative correlations with PESQ and
STOI, indicating that poorer scores reflect a higher level of noise dominance in the
noisy speech. Notably, a strong positive linear relationship is observed between M C'D
and MCDy¢, evidenced by a Pearson correlation coefficient of 0.71 and a p-value of
3e-4, indicating high statistical significance. This is because both variables are mel-
cepstral distances measured in decibels, capturing the same type of spectral envelope
distortion. A higher M C Dy reflects a greater mismatch between the noisy utterance
and its clean counterpart, suggesting increased noise dominance and greater modeling
effort allocated to the noise component.

PESQ shows a moderate negative relation with M C Dy ¢, with a correlation coeffi-
cient of —0.46 and a corresponding p-value of 0.029. This can be attributed to the fact
that PESQ penalizes not only envelope distortion but also time-domain clipping and

bandwidth limitations. Since M C Dy ¢ primarily reflects spectral-envelope mismatch,
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Figure 5.8: MCD, PESQ, and STOI results for the noisy training sets in Figure 5.7

(a), E-SI, and D-SD. MCDy¢ denotes the MCD for the converted samples produced

by the N2N. (a) MCD results. (b) PESQ and STOI results.

only the envelope-related errors captured by PESQ are relevant to the VC output,

while other penalties, such as band limitations and clipping, do not manifest in the

converted speech and thus introduce variance that weakens the linear relationship.
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For STOI, a weak negative correlation with M C' Dy ¢ is observed, with a correlation
coefficient of —0.295 and a p-value of 0.18, which does not reach statistical significance
at the 0.05 level. This result aligns with the fact that STOI focuses on modulation
fidelity in the 0-4 kHz band and is relatively insensitive to spectral colorations. As
VC errors are mainly attributed to spectral-envelope deformation rather than envelope
clipping, the correlation with STOI remains limited.

Overall, despite MCD, PESQ, and STOI can reflect aspects of noise dominance to
some extent, the experimental results indicate that M C' Dy provides a more effective

explanation of the relationship between VC performance and the level of noise domi-
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nance. A higher degree of noise dominance implies greater difficulty in modeling noisy
speech for the noise-conditioned VC model. However, the VC model adopts the loss
function defined in Equation 3.6, which evaluates the reconstruction of the noisy speech
as a whole, without any explicit term for the speech component. As a result, the model
tends to allocate more capacity to modeling the noise component instead of the speech
part, leading to degradation in the quality of the converted speech. This phenomenon
is referred to as noise bias, indicating the tendency of the VC model to prioritize noise

modeling over speech reconstruction.

5.4 Summary of This Chapter

In the previous chapter, it was observed that the noise-conditioned N2N method
suffered from VC performance degradation when trained on the D-SD (using DEMAND
as the noise source with SD noise sampling strategy) noisy training set. Based on
the characteristics of DEMAND and the SD strategy, this degradation was initially
attributed to the entanglement between speaker identity and noise conditions during
training.

In this chapter, the underlying causes of performance degradation in the N2N frame-
work were further investigated. As a first step, the impact of the SI and SD noise
sampling strategies on VC performance was assessed. Experimental results indicated
that the sampling strategies had a limited effect on performance degradation compared
to the influence of the noise source characteristics of the training sets.

Based on the E-SI dataset that included a diverse range of noise categories, the
impact of the characteristics of the noise was investigated. To this end, N2N models
were trained on noisy datasets constructed using individual noise categories from E-SI,

each implemented with two distinct noise sampling strategies. In addition to the noise
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category, the SNR level was also considered a crucial aspect of the noise condition and
was accordingly evaluated.

Experimental results indicated that the performance degradation occurred when the
SNR level dropped below a certain threshold. However, this threshold varied depending
on the noise source, highlighting the significance of noise characteristics. Moreover, the
results demonstrated that increasing noise diversity in the noisy training set enhanced
VC performance, even when all noise samples originated from a single category. A
lack of variability in noise could lead to poor generalization and feature entanglement,
which negatively impacted the VC performance.

When the SNR level was fixed at SNR 5 dB, the performance degradation still
occurred for certain noise categories used as the sole noise source. Given that the VC
model computed the loss over the noisy speech as a whole without explicitly separating
speech and noise components, the model might allocate more capacity to modeling
noise when the noise component dominated the noisy speech or exhibited complex,
hard-to-learn patterns. This phenomenon was referred to as noise bias.

However, there is a lack of metrics for directly quantifying the level of noise dom-
inance. To address this, three metrics: MCD, PESQ, and STOI, were calculated be-
tween noisy training samples and their clean counterparts. Correlations between these
metrics and the MCD of the converted speech produced by N2N were also analyzed.
The experimental results suggested that MCD is the most effective metric for capturing
the impact of noise dominance on VC performance.

In conclusion, two primary factors were identified as contributors to performance
degradation in noise-conditioned N2N framework: limited noise diversity and noise
bias. Greater noise diversity enhanced VC performance by covering a broader noise-

speech distribution and mitigating feature entanglement, while noise bias arose when
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the model overemphasized the noise component during training.



6 Improving the N2N Framework
with Mutual Information
Approximation and Noise

Dropout

6.1 Introduction

In the previous chapter, the causes of performance degradation in the N2N frame-
work were analyzed by evaluating multiple N2N methods trained on a series of noisy
datasets, each constructed using a single noise category from the E-SI dataset. Two
primary factors were identified: insufficient noise diversity and noise bias during train-
ing.

To enhance noise diversity, the most straightforward approach is data augmentation.
However, as assessed in Chapter 4, although noise augmentation can improve the VC
performance of N2N, it still fails to surpass the Baseline. One reason is that clean
speech data are unavailable in the N2N task. When denoised speech is used as the
corpus for augmentation, the resulting training targets are distorted, thereby under-
mining the advantage of the N2N framework, which is designed to use undistorted
noisy speech as its target.

Another reason concerns noise categories that possess complex or hard-to-model
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characteristics, which are more likely to cause performance degradation. Although
MCD was shown to be an effective metric for indicating the level of noise dominance
in noisy speech, this conclusion relies on the availability of clean reference speech
and on comparative experiments between N2N and Baseline. In other words, there
is currently no metric that can reliably predict whether a particular noise category
will lead to degradation at a given SNR level. Consequently, augmenting with noise
categories whose impact on VC performance cannot be reliably assessed is extremely
risky, due to the lack of clean references and comparative benchmarks.

This chapter proposes two methods to address these issues: A mutual information
approximation for feature disentanglement and a noise dropout to mitigate noise bias.
Finally, these two approaches are integrated into the N2N framework to enhance VC
performance. Both subjective and objective experiments are conducted to evaluate
the effectiveness of the proposed methods in improving VC performance. Additionally,
an ablation study is performed to highlight the individual contributions of the mutual

information approximation and noise dropout to the observed performance gains.

6.2 Proposed Methods

6.2.1 Mutual Information Approximation

The limited noise diversity has been identified in Section 5.3.4 as a primary factor
contributing to VC performance degradation. However, directly increasing noise di-
versity via noise augmentation is risky, as certain noise types can further degrade VC
performance. Moreover, as discussed in the same section, there is no established metric
for quantifying the level of noise dominance, and the threshold at which VC perfor-

mance degrades in the N2N framework remains uncertain and difficult to determine.
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To address these challenges without introducing additional noise data, an alternative
approach based on mutual information (MI) approximation is explored, aiming at mit-
igating the adverse effects of insufficient noise diversity.

MI is a fundamental metric that is used to quantify the dependency or shared infor-
mation between two random variables. Formally, the MI between variables X and Y

is defined as:
P,y
I(X; Y) = Ep(x,y) |:10g p.i(lf—):| s (61)

where p(z,y) is the joint probability distribution of X and Y, p(z) and p(y) are the
marginal probability distributions of X and Y, respectively.

However, directly computing MI is often unavailable in most deep-learning-based
cases, for it involves estimating the joint and marginal probability densities p(x,y) and
p(z)p(y) in high-dimensional spaces. To address this, Cheng et al. [188] proposed a
variational contrastive log ratio upper bound (vCLUB) to estimate an upper bound
on MI defined in Equation 6.1 using contrastive learning and a reformulation of the

log-ratio of probabilities. The vCLUB is defined as:

L}CLUB(X;Y) = Ep(ac,y) [10g Q6‘<y | l’)]

—Ep@yp(y) log qo(y | )], (6.2)

where the variational distribution ga(y | ) is the estimation to p(y | ) by an approxi-

mation network with parameters 6.
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The gap between LcLup(X;Y) and I(X;Y) is calculated as:

A = vCLUB(X; Y) — ](X, Y)

= Epeyllog go(y | 2)] — Ep@ypw[log go(y | )] — Epeyyllogp(y | ) — log p(y)]

= Ep@)p(y) {log %} —Epy) {log %}

p(x)p(y) o p(y | =) p(z)
= Even) {bg gy | z) p(x )] Er) [1 &0y ] x)p(ﬂf)}

= KL(p(z)p(y) | go(z, y)) — KL(p(z, y) || go(,))- (6.3)

Therefore, I crug(X;Y) is an upper bound of 1(X;Y) if and only if KL(p(x)p(y) || ga(x,y)) >
KL(p(x, y) qe(x,y)). Moreover, when X and Y are independent so that p(x)p(y) =
p(x,y), we have KL(p(x)p(y) || go(x,¥)) = KL(p(x,¥) | gs(x,y)) and hence A = 0.

In the N2N task, vCLUB is adopted to estimate the upper bound of MI between the
coarse content representation c¢ and the noise vectors n, to reduce their dependency,
as illustrated in Figure 6.1. The representation c is the output of the first GRU,
which encodes speaker identity and content vectors. Meanwhile, n, is the continuous
representation of the discrete noise input n obtained through an affine transformation.

Based on Equation 6.2, vVCLUB between ¢ and n, is given by:

IVCLUB(HV; C) = Ep(cmu) [log QG(C ‘ nv)]

—Ep(e)p(no) log go(c | ny)] - (6.4)

With sample pairs {(c;, n,,) Y, Iycrus(ny; ¢) has an unbiased estimation as:

N N
vCLUB = % Z Z [log qo(ci | nvz) log Cle(cj | nvz)] (6.5)

=1 j5=1

N
[1qu€ C; ’ nU’L - Z 0g do C] | USRS :|7 (66)

Mz

1
N
=1



6.2. Proposed Methods 105

Input Vectors

| |||- R

Noisy Denoised Separated
Speech y Speech d Noise n x3

Linear, ReLU X 4

Vector Qantizer

Output Vectors

i -
i 7
1
1

Embedding

Coarse GRU Approximation
— D
Coarse Content ‘ Approximation
Vectors ¢ Block

Approximation

Fine GRU . Noise Network
Vectors n,

Speaker ID s

Linear, ReLU

Decoder

|l|' Reconstructed (_______________i
Noisy Speech

Figure 6.1: Improved N2N framework with MI approzimation network

where the variational approximation gg(c | ny) is implemented with a simple neural
network consisting of a stack of CNNs and linear layers. During the training process,

the approximation network is trained first to maximize the log-likelihood:

Lyt = Epen,) [log go(c | no)] - (6.7)

After the optimization of the approximation network, its parameters are fixed, and the

VC model is subsequently trained to minimize the total loss:

Lrotar = Lyc + )\ij’LUB(nv§ c), (6.8)

where I,crup is the estimated upper bound of MI by the approximation network, and

A represents the weight used to control the disentanglement level and is set to le—3 in
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the experiments.

Although MI approximation cannot directly resolve the problem of limited noise di-
versity, it can serve as an effective regularizer to alleviate the feature entanglement issue
caused by the noisy training set’s restricted noise variation. By penalizing redundant
dependencies between ¢ and n,, MI approximation encourages the disentanglement of
speaker identity and speech content from interfering factors such as conditioned noise
signal and residual artifacts in denoised speech, even when the training data lack di-
versity. Furthermore, MI-based regularization can be integrated into the unsupervised
training process of the VC model and requires no additional training data, particularly
clean speech data from source/target speakers and original noise clips from the noisy

training set, which are typically unavailable in the N2N setting.

6.2.2 Noise Dropout Strategy

As discussed in Section 5.3.4, another key factor contributing to the degradation of
VC performance is noise bias, which refers to the tendency of the noise-conditioned
VC model to focus excessively on reconstructing noise components during training
under specific noise categories. Consequently, the VC model does not sufficiently cap-
ture speech features, which degrades the overall quality of the reconstructed speech
components.

As formulated in Equation 6.2, the VC model’s loss function primarily focuses on
reconstructing the noisy speech as a whole. A straightforward solution is to introduce
an additional loss term specifically for the reconstruction of the speech component.
However, clean speech data from source and target speakers are unavailable for the VC
task in the N2N setting, while such loss functions typically require clean utterances as

the target. Similarly, improvements achieved by incorporating a discriminator for the
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generated speech component may also be limited, as the discriminator has to rely on
denoised speech as the real sample, forcing the VC model to approximate a distorted
speech component.

Inspired by the dropout mechanism in deep learning, where a subset of neuron ac-
tivations is randomly set to zero during each forward pass to promote redundant and
robust representation learning, a noise dropout strategy is proposed to mitigate noise
bias. During training, the entire noise signal is replaced with a zero sequence with a
certain probability. This encourages the VC model to reconstruct the denoised speech
serving as the loss target, thereby shifting the model * s focus back to the speech com-
ponent.

Similar to the noise augmentation discussed in Chapter 4, it is necessary to reduce
the reliance on denoised speech as the training target. Over-reliance on denoised speech
compromises the benefits of the noise-conditioned VC model, which uses noisy speech as
the training target to alleviate the distortions introduced by the SE model. Therefore,

the dropout rate is kept low to balance the trade-off effectively.

6.3 Experimental Setup

6.3.1 Experimental Datasets and Training Details

The same training and testing configurations as described in Chapter 4 are adopted.
All audio data are sampled at 16 kHz.

The SE model is inherited from the previous experiments in Chapter 4, which is
implemented using the DCCRN model and trained on the DNS Challenge 2020 dataset
with SNRs ranging from 0 and 20 dB. The Adam optimizer is used to train the SE

model with an initial learning rate of 2e—4. An adaptive learning rate schedule is
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applied based on validation performance, with a reduction factor of 0.5 and a patience
of 3 epochs.

For the VC model, the D-SD dataset is used for training, which is constructed using
the VCC2018 training set as the speech corpus and DEMAND as the noise source with
the SD sampling strategy. The test set remains consistent with previous experiments,
where noise clips from the categories excluded from the E-SI training set are sampled
using the SI strategy and mixed with the VCC 2018 test set.

The VC model is also trained using the Adam optimizer, initialized with a learning
rate of 2e—4. The training process is conducted for 500k steps with a step-based learn-
ing rate schedule, where the learning rate is halved at steps 100k and 200k to improve
convergence. The MI approximation network follows the same training configuration
as the VC model but uses a different learning rate schedule, with the rate halved at
steps b0k and 150k. Based on the noise augmentation results reported in Chapter 4,

the noise dropout rate is empirically set as 10%.

6.3.2 Methods to Be Evaluated

The experiments involve two main frameworks referred to as the Baseline and N2N.
The difference between them is that the Baseline employs the conventional VC model
trained on denoised speech data, while N2N uses the noise-conditioned version trained
with denoised speech as input and separated noise as the condition to directly model
the noisy speech. Two suffixes, MI and ND, are used for the mutual information
approximation noise dropout strategy, respectively.

To differentiate method variations, we adopt the naming convention: TypeOfModel
ProposedMethod. The objective evaluation is conducted as an ablation study including

the Baseline, N2N, N2N MI, N2N ND, and N2N NDMI, where N2N NDMI denotes the
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Table 6.1: Objective evaluation results for the Baseline and the improved N2N incor-

porating noise dropout and MI approzimation, analyzed through an ablation study.

Methods MCD (dB) SIM WER (%)

Baseline 9.09 0.753 30.80
N2N 9.49 0.743 30.81
N2N MI 9.27 0.742 29.09
N2N ND 9.06 0.750 29.52
N2N NDMI 8.88 0.761 28.07

N2N framework incorporating both noise dropout and MI approximation. Following
the objective evaluation results, the Baseline and N2N NDMI are further assessed in

the subjective evaluation.

6.3.3 Evaluation Metrics

Both objective and subjective evaluations are conducted to validate the effectiveness
of the proposed methods. As Chapter 4 has demonstrated that the noise component
can be consistently generated with high quality, and this chapter focuses on the speech
component degradation, all noise-conditioned N2N methods generate the speech sam-
ples without background noise for evaluation.

For objective evaluation, three metrics are used: MCD, similarity score (SIM) calcu-
lated using an open-source speaker verification method! between the converted sample
and its target reference, and WER measured using a publicly available ASR model?.

For subjective evaluation, a preference test for naturalness and an XAB test for

'https://github.com/resemble-ai/Resemblyzer.
’https://huggingface.co/facebook/wav2vec2-large-960h-1v60-self.
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similarity are conducted on Amazon MTurk with 12 participants. Based on the objec-
tive evaluation results presented in Table 6.1, two systems are chosen to be compared:
Baseline and N2N NDMI. The evaluation investigates whether the proposed methods
can enhance the N2N framework to outperform the Baseline under conditions where
performance degradation is observed. Four source speakers (VCC2SF3, VCC2SF4,
VCC25SM3, and VCC2SM4) and two target speakers (VCC2TF2 and VCC2TM2) are
selected for evaluation. For each source-target pair, four converted utterances are uni-
formly sampled, resulting in 32 utterances per model.

In the naturalness preference test, listeners are presented with paired samples from
both Baseline and N2N NDMI, and asked to choose the more natural and higher-
quality sample. In the XAB similarity test, listeners are provided with a reference
sample from the target speaker and asked to select which of the two converted samples

is more similar to the reference in terms of speaker identity.

6.4 Experimental Results

6.4.1 Results for Objective Evaluation

Table 6.1 shows the objective evaluation results from an ablation study comparing
the Baseline and the improved N2N method with noise dropout and MI approximation.
N2N achieves an MCD of 9.49, which is significantly higher than the Baseline of 9.09.
Moreover, it shows lower performance in SIM, scoring 0.743 compared to the Baseline
of 0.753, while the WER remains nearly identical at 30.81 and 30.80.

When MI approximation is applied to N2N, MCD improves from 9.49 to 9.27, with
WER reduced from 30.81 to 29.09, while the SIM score remains nearly unchanged

at 0.742. In contrast, N2N ND significantly improves performance compared to the
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Figure 6.2: Preference evaluation results in terms of naturalness and similarity with
95% confidence intervals for Baseline and N2N combined with noise dropout and MI
approzimation (P-values for naturalness and similarity are provided in the accompany-

ing table).

original N2N achieving an MCD of 9.06, a SIM of 0.750, and a WER of 29.52. However,
N2N ND or N2N MI does not outperform the Baseline across all metrics except for
WER.

Finally, with the combination of noise dropout and MI approximation, N2N NDMI
achieves an MCD of 8.88, a SIM of 0.761, and a WER of 28.07, outperforming the
Baseline across all metrics. These results demonstrate that the combined use of noise
dropout and MI approximation effectively improves the N2N framework to mitigate

performance degradation.



112 6 Improving the N2N Framework with Mutual Information Approximation and Noise Dropout

6.4.2 Results for Subjective Evaluation

Figure 6.2 shows the subjective evaluation results of the preference tests on natural-
ness and similarity. N2N NDMI achieves preference scores of 55.47% for naturalness
and 55.73% for similarity, outperforming the Baseline scores of 44.53% and 44.27%,
respectively. The P-values for naturalness (0.032) and similarity (0.025) are below the
significance threshold of 0.05, indicating statistical differences. However, the respective
preference advantages are only 10.94% and 11.46%, and the lower bound of the con-
fidence intervals is close to 50%. The observed improvements, while meaningful, are
relatively limited. These results highlight that MI approximation and noise dropout
contribute to improving the N2N, yet there remains room for further enhancement of

the VC performance.

6.5 Summary of This Chapter

Based on the experimental analysis results in Chapter V, we identified two primary
factors contributing to the VC performance degradation: the limited noise diversity
leading to feature entanglement, and noise bias, where the noise-conditioned model
tended to focus excessively on modeling the noise component rather than the speech
part. To address the above issues, we proposed an MI approximation method to en-
hance the feature disentanglement and the noise dropout strategy during training to
mitigate the model’s focus on reconstructing the noise component. The objective eval-
uations were conducted in an ablation way, demonstrating the effectiveness of the
proposed methods. Specifically, employing either MI approximation or noise dropout
individually mitigated the performance degradation of the N2N framework. When both

MI approximation and noise dropout were combined, the N2N framework achieved the
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best performance and outperformed the baseline. However, the subjective evaluations
indicated that the improvements achieved through MI approximation and noise dropout

were still limited, leaving room for further improvements.



7 Conclusions

7.1 Summary of This Thesis

In this thesis, we proposed a noise-robust N2N-VC framework that enabled explicit
control of background noise in the converted output, without requiring clean speech
from either source or target speakers. We reviewed recent advances in SE and VC, and
identified open challenges in noise-robust VC while preserving the background noise.

In Chapter 3, we first revisited a baseline cascading an off-the-shelf SE front end and a
VC module, and found that SE-induced distortions could severely impair downstream
conversion, even offsetting the gains from a stronger SE model. To alleviate such
distortions, we modified the VC module to predict noisy speech directly in the N2N task
by introducing explicit noise conditioning using separated noise. Noise conditioning
consistently improved conversion quality and narrowed the naturalness gap between
the baseline and the upper bound.

In Chapter 4, we expanded the noisy conditions in the training set by using DE-
MAND as an additional noise source. However, we observed that the noise-conditioned
VC degraded and even underperformed the baseline without noise conditioning. At
first, we attributed this to the lack of noise diversity based on the characteristics of
the noise source and the employed noise sampling strategy. To improve the VC per-
formance, we introduced noise augmentation and pre-training strategies. However, ex-

perimental results indicated that noise augmentation and pre-training strategies could
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alleviate the VC performance degradation, but the gained improvement was limited.

In Chapter 5, to explore the cause of the degradation, we conducted targeted exper-
iments to assess how noise conditioning affected N2N-VC. Our analyses focused on the
noise characteristics separately in terms of noise sampling strategy, noise diversity, SNR
level, and noise category. The experimental results indicated that the degradation was
not primarily explained by the noise sampling strategy. Instead, it was largely driven
by two main factors: limited noise diversity, which promoted entanglement between
speaker-related representations and noise conditions, and noise bias, where the model
tended to prioritize reconstructing dominant noise components over the speech signal.
In particular, performance dropped markedly at low SNRs and for stationary-like noise
categories.

In Chapter 6, we proposed two regularization techniques to mitigate the performance
degradation: an MI approximation-based regularizer to promote disentanglement and
a noise dropout strategy to reduce noise bias. Experimental results showed that both
the MI regularizer and noise dropout could improve N2N-VC performance, with noise
dropout proving more effective. When both the MI regularizer and noise dropout were
combined, the N2N-VC framework could achieve the best performance and outper-
formed the baseline. However, subjective evaluations showed that the gains remained
modest, leaving scope for further improvement.

In conclusion, introducing noise conditioning with noisy speech modeling in the VC
module for the N2N task yields better performance than the baseline without noise
conditioning. However, when noise diversity in the training set is extremely limited, or
when noise dominates more in the noisy mixture, the VC performance degrades and
can even fall below the baseline. Two factors largely contribute to the noise dominance:

SNR level and noise category. In most cases, when the SNR level is lower than 5 dB and
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the noise is from a stationary-like category, the performance is likely to be degraded.
Current metrics and criteria do not adequately quantify noise dominance, underscoring

the need for better measures to assess it and to guide robustness improvements in N2N-

VC.

7.2 Future Work

Compared with conventional noise-robust VC, N2N tasks are more constrained be-
cause paired noisy—clean data are unavailable, and only noisy speech is provided. Con-
sequently, many standard strategies cannot be applied, such as denoising training and
joint optimization of SE and VC. Rather than simply swapping in more advanced SE
and VC models, a feasible alternative is to build a reliable front end for denoising and
content representation: integrate an SE module with a self-supervised representation
(SSL) encoder, pretrain them jointly on large-scale data for robustness, and then freeze
this front end during N2N-VC training.

On the conversion back end, assessing and controlling the impact of noise character-
istics on VC performance remains challenging. There is currently no reliable diagnostic
to predict whether a particular noise recording will induce noise bias. Moreover, re-
search on quantifying noise characteristics and using them as downstream conditioning
signals is limited, as most prior work treats noise as interference to be removed. De-
veloping robust evaluation protocols and noise characterization/quantization schemes

for N2N-VC is therefore an important direction for future work.
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