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Abstract

End-to-end voice cloning models like VITS require large amounts of data to produce
high-quality speech. This makes it difficult to adapt models when target speaker
data is highly limited. To address this problem, this thesis introduces AdaptVITS, a
parameter-efficient fine-tuning approach optimized for scenarios with limited target
speaker data. The strategy freezes the pre-trained text and posterior encoders to
keep the internal language alignments stable. Meanwhile, the downstream decoder
and other synthesis modules remain active. This allows the active 82.50% of the
parameter capacity to focus entirely on capturing the unique vocal traits of the
target speaker. Empirical evaluations across independent 5-hour training subsets
show that AdaptVITS closely matches the quality of full fine-tuning. The model
achieved a competitive cross-run mean of 3.87 MOS, 8.59% CER, 15.65% WER,
and 0.5188 SECS. It completely outperforms training from scratch on the same
5-hour dataset, which suffers a total structural collapse. Furthermore, because
this selective optimization happens only during the backward training pass, the
final model layout remains unchanged. This introduces zero runtime latency or
extra storage overhead during deployment. These results position AdaptVITS as a
simple, stable, and resource-efficient solution for voice cloning.
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Chapter 1

Introduction

1.1 Introduction

In today’s digital world, speech-based interaction is a foundational component of
human-computer communication. Natural language interfaces, such as virtual
assistants and personalized audiobooks, are more important than ever. These sys-
tems rely on high-quality speech synthesis to bridge the gap between machines and
humans. However, if these systems lack naturalness or speaker identity, user en-
gagement and accessibility suffer. This makes the accurate reproduction of human
voices crucial for the next generation of interactive technologies.

The demand for high-fidelity reproduction has led to the emergence of voice
cloning. This specialized domain of speech synthesis aims to replicate the unique
vocal identity of a specific target speaker. Effective voice cloning is essential for
personalized Al and medical rehabilitation [19]. By recreating a specific voice,
organizations can provide assistive tools for individuals with speech impairments.
Accurate cloning also maintains user trust in large-scale communication platforms
and reduces the costs of professional voice recording. Achieving high-fidelity
results ensures more human-centric operations in modern digital services.

Historically, modular architectures were the most reliable way to perform voice
cloning. These systems use a multi-step configuration that separates the acoustic
model from the neural vocoder [11]. While effective, managing these separate
stages is complex. As deep learning evolved, the field shifted toward integrated
end-to-end (E2E) architectures. These models simplify the pipeline by generating
audio directly from text in a single process.

State-of-the-art E2E architectures, specifically VITS, unify text-to-waveform map-
ping into a single framework. VITS utilizes variational autoencoders, normalizing
flows, and adversarial training to produce high-quality speech [14]. This design
eliminates the need for intermediate feature extraction. Consequently, it yields
higher naturalness than older modular pipelines. Like other deep learning models,
VITS learns to replicate human speech by processing thousands of acoustic patterns.
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When trained properly, the model output closely matches the natural prosody and
timbre of a human speaker. However, a major challenge arises with this model
when the available target data is limited. Successfully adapting the architecture to
a specific individual remains the primary hurdle for voice cloning applications.

1.2 Problem Statement

Modern end-to-end (E2E) voice cloning faces a critical challenge in resource effi-
ciency. Models like VITS provide high-quality speech but are inherently complex
and data-hungry. The standard solution for adapting these models to a new speaker
is full fine-tuning. This process involves updating every single parameter in the
architecture.

Updating every parameter for every new speaker creates significant operational
bottlenecks. First, full fine-tuning requires high Peak GPU memory. This limits the
ability to train models on standard or consumer-grade hardware. Second, many
components within an E2E system are speaker-independent. These modules learn
the universal rules of language and phonetics during high-resource pretraining
on large datasets. Forcing the model to re-learn these universal traits for every
new speaker can lead to inefficient resource utilization and may yield diminishing
returns in synthesis quality.

Furthermore, previous attempts to solve this efficiency gap have focused on
changing the model’s architecture to make it smaller, such as AdaVITS [26]. Oth-
ers have introduced complex unlabeled data frameworks [15]. There is a lack of
research into how the existing VITS architecture can be optimized simply by freez-
ing its universal components. This research addresses this gap by developing a
deep-learning-based, parameter-efficient approach. We achieve quality synthesis
without modifying the core architecture.

We propose a method that keeps the original VITS architecture unchanged. We
fine-tune the model while freezing speaker-independent modules. This strategy
relies on the pretrained knowledge of these modules while training only the speaker-
dependent ones. The text and posterior encoders are the primary modules we
freeze. These encoders generalize well because they handle the universal rules of
language, such as phonetics and word structure. Since these rules do not change
between speakers, the encoders do not need to be fine-tuned.

In addition, this selective freezing improves stability and convergence when tar-
get data is limited. Selective freezing is designed to help the model maintain stable
phonetic and syntactic representations while the remaining modules learn the new
speaker’s unique sound. To verify this, we conducted an ablation study to iden-
tify the specific impact of speaker-dependent and speaker-independent modules.
We evaluate our results on subjective metric, such as MOS, and objective metrics,
including WER, CER, and SECS, using fixed unseen utterances.
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1.3 Research Objectives and Contributions

The goal of this thesis is to develop a more efficient way to adapt end-to-end
voice cloning models to new speakers. Instead of changing the model architecture,
this research focuses on a more efficient training strategy called AdaptVITS. Our
pretrain model is trained on LibriTTS 360 [36] & fine tune on VCTK [32] dataset.

1.3.1 Research Objectives

The primary objective of this research is to develop a parameter-efficient adapta-
tion framework that maintains high-fidelity voice cloning without modifying the
original VITS architecture, while reducing its computational and storage footprint.
Second, the study seeks to validate the consistency of this strategy by demonstrat-
ing robust performance across varying target speakers and randomized dataset
subsets. Third, the work aims to explain exactly how different parts of the model
work together to remain stable and accurately capture a new person’s voice.

1.3.2 Thesis Contributions

This research makes several key contributions to the field of speech synthesis:

* C1— A fine-tuning method that reduces trainable parameters by 17.5%, trans-
lating to a theoretical saving of approximately 115 MB of allocated gradient
memory storage.

* C2 — An empirical reduction in observed peak physical GPU memory
(VRAM) required during training from 5974 MB to as low as 5201 MB

* C3 — An improvement in the Mean Real-Time Factor (RTF) from 0.1275
to 0.0631, evaluated within an identical deployment architecture and driven
by specific software and compilation optimizations rather than structural
changes to the inference graph.

e C4 — Confirmation via WER, CER, SECS, and t-SNE visualizations that
frozen encoders maintain high-quality speech and speaker identity.

¢ C5 — A technical justification for keeping the discriminator trainable to
ensure stable adversarial training.

Furthermore, our approach is structurally the opposite of Kim et al. [15]. Kim
et al. freeze the posterior encoder and the waveform decoder, training only the
conditional normalizing flow. In contrast, AdaptVITS freezes the text and poste-
rior encoders, leaving the decoder, normalizing flow, duration predictor, speaker
embedding, and discriminator fully active and trainable.
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This choice is based on how these components naturally work. The upstream
encoders learn general language structures and phonetic rules, which stay the
same from speaker to speaker. However, the downstream decoder is what actually
shapes the unique voice identity and physical timbre of an individual. By locking
the speaker-invariant language modules and training the speaker-dependent voice
modules, AdaptVITS can efficiently capture a new speaker’s unique vocal traits
using very little data.

1.4 Thesis Outline

This thesis is organized as follows:

Chapter 2 reviews the technological evolution of text-to-speech synthesis and
voice cloning. It traces the shift from traditional statistical models to modern deep
learning architectures and end-to-end networks, concluding with a comparative
analysis of these different systems.

Chapter 3 outlines the research methodology, detailing the VITS architecture
and the proposed AdaptVITS framework. It describes the experimental setup,
including the construction of randomized dataset subsets and the evaluation pro-
cedures.

Chapter 4 presents the experimental findings and evaluates performance across
various training strategies. It provides a rigorous analysis using objective and
subjective metrics to interpret significant results.

Chapter 5 summarizes the research contributions, discuss the limitations of the
study and outlining directions for future work.



Chapter 2

Preliminaries and Literature
Review

This chapter reviews the technological evolution of text-to-speech (TTS) synthesis
and voice cloning. It begins with an overview of traditional paradigms, tracing
the shift from early rule-based systems to concatenative and statistical parametric
models. The chapter then examines deep learning architectures, covering multi-
stage pipelines and parallel, non-autoregressive feature generation systems. Recent
breakthroughs in integrated end-to-end networks and speech language modeling
frameworks are also evaluated. Finally, two comprehensive matrix tables provide
a comparative analysis of these historical and modern systems.

2.1 The Evolution of Traditional Speech Synthesis Para-
digms

Voice cloning is an advanced branch of text-to-speech (TTS) synthesis designed to
replicate a specific target speaker’s unique voice profile, linguistic style, and natu-
ral expressions. Modern voice cloning frameworks leverage deep neural networks
to extract high-dimensional speech features such as fundamental frequency (F0),
spectral characteristics, and rhythm from a limited dataset of target audio. Histor-
ically, the field has evolved through a series of major technology shifts. Each new
paradigm arose directly to solve the mathematical or computational bottlenecks of
the system that came before it.

Rule-Based Systems: During the 1980s, rule-based parametric synthesis was the
dominant approach in speech synthesis, relying on hand-crafted linguistic and
acoustic rules to convert text into speech sounds [16]. Speech attributes such as
segment duration, intonation contours, and emphasis were explicitly defined using
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fixed mathematical formulas. Although these systems required very little com-
puting power, they were fundamentally limited because human speech contains
natural, chaotic variations that are too complex to program manually by hand. The
rigid, deterministic nature of these hard-coded rules resulted in a robotic, mechani-
cal sound. This lack of naturalness motivated researchers to abandon hand-crafted
synthesis in favor of data-driven methods that could learn speech patterns directly
from human recordings.

Concatenative Synthesis: To overcome the robotic sound of rule-based frame-
works, concatenative synthesis became the preferred methodology in the 1990s
[10]. This approach bypassed acoustic modeling entirely by using a large database
of recorded human speech. The audio was cut into small fragments, such as phones
or diphones, and a unit selection algorithm stitched these pieces together at runtime
to match the target text based on the linguistic context. While concatenative synthe-
sis produced highly natural speech segments, its overall realism depended entirely
on the size and variety of the recorded database. Changing voice characteristics
or adapting the system to an unseen speaker required recording an entirely new,
exhaustive audio corpus. Furthermore, small differences in pitch or phase at the
clip boundaries frequently introduced audible glitches or distortion. This absolute
reliance on massive, unchangeable databases drove researchers to develop statis-
tical frameworks that could compress speech patterns into a flexible parametric
space.

Statistical Parametric Synthesis: In the early 2000s, statistical parametric synthe-
sis based on Hidden Markov Models (HMMs) emerged to resolve the database
scaling issues of concatenative systems [30]. Instead of storing raw audio wave-
forms, these models captured speech characteristics via mathematical parameters,
representing features like spectral envelopes and pitch trajectories as continuous
probability distributions. Although statistical parametric systems drastically re-
duced the storage footprint and allowed for basic speaker adaptation using linear
mathematical transformations, they hit an unyielding quality ceiling. The averag-
ing properties built into HMMs caused severe over-smoothing of the speech details.
This resulted in a muffled, flattened timbre that lacked the crisp clarity and dynamic
energy of organic speech. This persistent limitation established a clear need for non-
linear, deep generative models capable of capturing fine-grained wave structures
directly.
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Figure 2.1: Visualization of dilated causal convolutional layers expanding the
model’s receptive field while maintaining temporal order.

2.2 Neural Frameworks and Decoupled Multi-Stage Pipe-
lines

The integration of deep neural networks fundamentally transformed speech synthe-
sis by replacing shallow linear models with complex, non-linear mappings. These
architectures made it possible to reconstruct high-dimensional audio distributions
directly from data instead of relying on manually designed rules.

The early application of deep neural networks to speech synthesis focused heav-
ily on generating high-fidelity raw audio waveforms at the sample level. A foun-
dational breakthrough in this domain was WaveNet, an autoregressive generative
model developed by Oord et al. [31] that was inspired by the PixelCNN architec-
ture. This framework factorizes the joint probability of a waveform x = {x1,..., x1}
into a conditional product sequence:

T
p) = [pCail 2, i) (2.1)
t=1

By conditioning each audio sample x; on all previous timesteps, the model success-
fully captured intricate micro-prosodic details and high-frequency spectral compo-
nents, achieving an unprecedented leap in speech naturalness.

To maintain strict temporal order during generation, the architecture relies on
causal connections that prevent the model from accessing future context. However,
tracking long-term speech dependencies over thousands of audio samples would
normally require an excessively deep network layer stack. To resolve this structural
bottleneck, the architecture incorporates dilated causal convolutions, as illustrated
in Figure 2.1. By skipping input channels at exponentially increasing rates (doubling
the dilation factor d = 1,2,4,8... at each successive layer), the network expands
its receptive field without increasing filter sizes. This enables the system to capture
broad linguistic and prosodic rhythms while keeping the total parameter count low.
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Figure 2.2: DeepVoice System diagram depicting the clear separation between the
acoustic prediction and inference paths.

Although raw waveform modeling resolved the over-smoothed, muffled acous-
tic limitations of traditional statistical systems, it introduced a severe computational
bottleneck during synthesis. Because the generation process is fundamentally au-
toregressive, predicting each individual audio sample requires a sequential forward
pass through the entire network structure. Atstandard high-fidelity sampling rates,
generating just a single second of audio demands tens of thousands of consecutive
model evaluations, resulting in extreme processing delays that prohibited real-
time inference deployment. Furthermore, these early frameworks lacked a unified
mechanism to process raw text directly, requiring pre-conditioned linguistic fea-
tures as input. These limitations prompted the design of composite systems such
as DeepVoice 1, which aimed to achieve real-time operations by dividing the text-
to-waveform task into an optimized neural pipeline consisting of five decoupled
operations [2]. These blocks included a grapheme-to-phoneme converter, a seg-
mentation model trained with Connectionist Temporal Classification (CTC) loss to
locate phoneme boundaries [1], a duration predictor, a fundamental frequency (FO)
contour model, and a conditioned waveform vocoder.

As shown in Figure 2.2, this design explicitly isolated the acoustic prediction
path from the waveform generation path. However, this extreme modularity intro-
duced compounding errors across the pipeline segments, where small mismatches
in early modules degraded the performance of downstream components. Deep-
Voice 2 attempted to mitigate these pipeline errors and introduce multi-speaker
functionality by separating the joint duration-frequency modules into distinct se-
quential blocks [8]. This model conditioned the components on low-dimensional
speaker embeddings and introduced batch normalization (BN) alongside residual
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Figure 2.3: Tacotron model architecture showing the encoder, attention mechanism,
and post-processing network.

paths to stabilize gradient flow across the convolutional layers. Formally, where
the first iteration computed standard non-linear transformations:

B = relu (W« 1D 4+ ) (2.2)
The second iteration integrated residual shortcuts and feature normalization layers:
H0 = relu (10D + BN (WO« p0-D)) (2.3)

Despite these architectural updates, the system remained constrained by its multi-
step pipeline topology.

The complex engineering overhead and error propagation of these multi-component
pipelines eventually led to the development of integrated sequence-to-sequence
(seq2seq) frameworks. Wang et al. [34] introduced Tacotron - a unified network
that consolidated the feature engineering process by mapping character sequences
directly onto intermediate mel-spectrogram representations in a single forward
pass, utilizing a specialized Convolution Bank-Highway Network-GRU (CBHG)
encoder and an attention-based decoder [28].

As outlined in Figure 2.3, this framework generated mel-spectrograms that still
required a lossy linear inversion phase (Griffin-Lim) to produce actual audio wave-
forms. This final vocoding dependency was resolved by Tacotron 2, which replaced
the complex CBHG blocks with vanilla LSTM layers and paired the seq2seq acoustic
decoder directly with a mel-conditioned WaveNet vocoder [25]. This combined ar-
chitecture achieved an elite naturalness score of MOS: 4.53 + 0.07. However, despite
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Figure 2.4: Model overview of the SV2TTS transfer learning framework for zero-
shot adaptation.

this high acoustic quality, Tacotron 2 retained a strict multi-stage dependency where
the acoustic model and the vocoder were optimized completely independently. Be-
cause the model generated intermediate mel-spectrograms as an abstraction layer,
vital phase information was discarded. Any prediction error or alignment drift in
the mel-spectrogram phase caused high error propagation during vocoding, fre-
quently resulting in word omissions, regressions, and acoustic instability on long
or complex input text strings.

Parallel to the development of single-speaker end-to-end acoustic architectures,
speech research advanced toward scaling deep neural frameworks to handle multi-
speaker environments and zero-shot voice cloning. VoiceLoop approached this
challenge by employing a shifting buffer working memory to synthesize speech
from unaligned, unstructured target audio collected in natural environments [29].
However, its reliance on a localized shifting loop limited its ability to clone highly
dynamic, unseen speaker timbres cleanly. To resolve this and establish a generalized
transfer learning model for voice cloning, the SV2TTS framework introduced a
decoupled three-stage pipeline designed to isolate speaker identity extraction from
acoustic generation [11].

As structured in Figure 2.4, the SV2TTS architecture splits the cloning task across
three independent elements: a speaker encoder trained on a speaker-verification
task to map short reference audio clips to a fixed d-vector embedding; a Tacotron
2 synthesizer that outputs a mel-spectrogram conditioned on that embedding;
and an autoregressive WaveNet vocoder. This decoupled approach demonstrated
impressive generalization to unseen target speakers, achieving a similarity score of
SMOS: 4.22 + 0.06 on the VCTK dataset and SMOS: 3.28 + 0.08 on LibriSpeech [11].

Nevertheless, this multi-stage decoupling introduced an architectural ceiling.
Because the speaker encoder was trained on a verification objective rather than
a synthesis objective, the extracted d-vector captured broad identity features but
dropped fine-grained prosodic and micro-intonational nuances. Furthermore, be-
cause the model still relied on the intermediate mel-spectrogram boundary, it inher-
ited the same error propagation and separate vocoder optimization vulnerabilities
found in Tacotron 2, preventing seamless, high-fidelity voice cloning.

The computational demands and high inference latency of the recurrent LSTM
layers within these seq2seq frameworks subsequently motivated the development
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of fully convolutional alternatives. Ping et al. [21] replaced recurrent paths en-
tirely in DeepVoice 3, utilizing a multi-hop convolutional attention mechanism to
dramatically accelerate sequence mapping and accommodate thousands of speaker
identities simultaneously. This architecture achieved training speeds up to 10 times
faster than prior models. However, because it operated as a non-causal parallel
model mapping to low-dimensional intermediate features before converting them
into vocoder parameters, it suffered from severe alignment degradation when data
constraints were introduced, making it poorly suited for low-resource speaker adap-
tation tasks.

2.3 Non-Autoregressive Frameworks and Parallel Feature
Generation

Autoregressive sequence-to-sequence models generate speech one frame at a time,
making them slow and prone to errors. If a single frame is predicted incorrectly, that
error carries over to the rest of the sentence, often causing the model to skip or repeat
words. To fix these latency and stability issues, researchers shifted toward parallel
synthesis networks that generate entire audio sequences in a single forward pass.
A major step in this direction was FastSpeech, which replaced the slow sequential
decoder with a feed-forward layout built from stacked Feed-Forward Transformer
(FFT) blocks [24].

As shown in Figure 2.5, the central feature of this architecture is the Length Regu-
lator. Because a text sequence contains far fewer units than a speech frame sequence,
the length regulator must expand the text encoder’s hidden states to match the total
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time length of the target audio. It does this by estimating phoneme durations, ex-
panding the sequence along the time axis, and enabling parallel, 1D-convolutional
generation of the entire mel-spectrogram at once. This change allowed the model to
achieve an impressive 270x synthesis speedup over older sequential designs while
significantly reducing pronunciation glitches [24].

Although these parallel networks solved the inference speed problem, the initial
training style introduced a new limitation. Because the framework relied on an
independent autoregressive teacher model to provide the phoneme durations, the
target speech paths became over-simplified. This teacher-led distillation process
smoothed out crucial acoustic details, which made the generated voices sound flat
and less expressive. To remove this dependency on a teacher model, FastSpeech
2 was developed by Ren et al. [23], to train directly on real, ground-truth targets
extracted straight from the original speech waveforms.

Asshownin Figure 2.6, this update added a specialized Variance Adaptor module.
Instead of guessing values or relying on a teacher model, the Variance Adaptor reads
the exact, true values for phoneme duration, pitch (calculated as log-FO values),
and energy directly from the original audio recordings. These real speech features
are added right into the encoder’s hidden representations before the final parallel
decoding steps. This direct conditioning approach successfully handled the natural
variations of human speech, creating a highly stable and scalable foundation for
modern parameter-efficient voice cloning research.

While explicit conditioning through a variance adaptor fixed basic timing and
alignment, controlling subtle vocal expressions required a more precise feature
setup. This motivated the design of architectures that could condition the parallel
network on pitch contours mapped directly onto individual words or tokens, an
approach implemented by FastPitch [18].

As detailed in Figure 2.7, this framework splits the modeling task between two
distinct Feed-Forward Transformer stacks. The first stack operates at the input token
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Figure 2.7: Architecture of FastPitch.

resolution level to output a text feature vector h. A bidirectional 1D-convolutional
network then predicts the duration (d) and the average pitch (p) for each specific
unit:

d = DurationPredictor(h), p = PitchPredictor(h) (2.4)

The predicted pitch value is converted into a pitch embedding and added directly
to the text features, creating an augmented conditioning vector g:

g = h + PitchEmbedding(p) (2.5)

This combined sequence is upsampled based on the duration data and sent to
the second frame-resolution FFT stack, which generates the final parallel mel-
spectrogram sequence (1):

7 =FFIr([g1,---,81,---,8ns---,8n)) (2.6)

The model is optimized during training by minimizing a combined multi-task loss
function scaled by the variables « and y:

L =117 -yl +allp - pl§ + ylid - dll5 (2.7)

By linking the pitch values directly to the individual text tokens, this system
achieved much higher prosodic control and voice stability than standard paral-
lel models.
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Figure 2.8: Training and inference alignments within Glow-TTS using the MAS
framework.

Even with these variance upgrades, both FastSpeech and FastPitch retained a
clear structural drawback: they still needed an outside alignment tool or a pre-
calculated duration chart to train their variance modules. To eliminate this final
external requirement, Kim et al. [13] combined parallel design with flow-based
generative modeling, creating Glow-TTS.

As shown in Figure 2.8, this architecture embeds a Monotonic Alignment Search
(MAS) engine inside a series of invertible 1x1 convolutions and affine coupling
layers. During training, the flow decoder converts the target mel-spectrogram into
a simplified latent space, and the MAS engine automatically finds the most accurate
alignment between the text and audio by maximizing the log-likelihood of the data.
During inference, a built-in duration predictor determines the phoneme lengths to
guide the parallel output. By maximizing log-likelihood directly, Glow-TTS proved
that fast, high-quality parallel synthesis could be achieved without any external
alignment tools, providing the core mathematical framework for fully integrated
end-to-end speech models.

2.4 Fully Integrated End-to-End Architectures and Parame-
ter Adaptation Frameworks

The definitive breakthrough in modern speech synthesis came with the complete
elimination of intermediate mel-spectrograms, unifying acoustic modeling and
waveform generation into a single, cohesive end-to-end network. This approach
avoids the loss of phase information and prevents errors from multiplying across



CHAPTER 2. PRELIMINARIES AND LITERATURE REVIEW 15

Raw Waveform

Raw - .
Waveform Y Monotonic l . l ' l:l fe(2)
Alignment ¥ P
-Demder Search :- ______ 6-0_ _O- 1 d
1 ]2
1
slice i A ‘[OO & He
W Q000®, (*
:_l_._:ll:l z !.-_____7" _____ Ii d
Posterior ' - Mo, Tp . . o, 0 B E
Encoder A cai
] e R
5 |tnear Xiin Gradient Stochastic STSehaT
pectrogram BO O heo Duration e
Predictor n
Text Encoder Predictor
-
Noise . .
Phonemes Crext Noise
Phonemes Crext
(a) Training procedure (b) Inference procedure

Figure 2.9: Training and inference topology of the integrated end-to-end VITS
architecture.

separate models, allowing for a direct mapping from linguistic features to raw
waveforms. A landmark architecture that achieved this unified design combines
a Conditional Variational Autoencoder (CVAE) with normalizing flows and multi-
scale adversarial training [14].

As shown in Figure 2.9, this integrated network is composed of a posterior en-
coder, a prior encoder (which contains a text transformer encoder and a multi-layer
normalizing flow), an upsampling waveform decoder, and a multi-scale discrimi-
nator network. During training, the posterior encoder extracts a latent distribution
q¢(z|x1in) from the linear spectrogram (x;;,,) of the ground-truth audio. Meanwhile,
the prior encoder outputs a text-conditioned distribution pg(z|ctext, Atext) and uses
a Monotonic Alignment Search (MAS) engine to align the text with the audio. The
entire network is optimized globally by maximizing the Evidence Lower Bound
(ELBO), which balances reconstruction quality with a Kullback-Leibler divergence
(KLD) loss:

Ly = 10g qd>(zlxlin) - 1Og p9(2|ctextr Atext) (2.8)

Additionally, a stochastic duration predictor is used to capture the natural variations
of human speech rhythms. By sampling phoneme lengths from random noise using
anormalizing flow, the model can generate different, organic speech cadences from
identical text inputs, achieving highly realistic speech naturalness.

While this combination of variational inference and normalizing flows proved
highly effective for direct waveform generation, alternative parallel alignment strate-
gies were developed around the same time. One notable approach maps text
characters directly to waveforms using a differentiable token-length interpolation
module inside a fully adversarial training setup [4]. To handle alignment changes
when training without separate components, this system uses a soft Dynamic Time
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Warping (DTW) loss across predicted spectrogram spaces. Although this fully
adversarial approach reached a high naturalness score above a 4.0 MOS scale, its
reliance on adversarial constraints made it highly vulnerable to training errors and
mode collapse when the training dataset was limited.

To expand these integrated end-to-end architectures into multi-speaker and
cross-lingual settings, subsequent research modified the internal conditioning paths
to support zero-shot voice cloning. This led to a multilingual extension of the frame-
work that replaced phoneme processing with raw character text tokens, removing
the need for external pronunciation dictionaries across low-resource languages [3].
This model passes a pre-trained speaker verification embedding into all affine cou-
pling layers, the posterior encoder, and the waveform decoder to provide global
speaker identity. To keep the cloned voice close to the original speaker, a Speaker
Consistency Loss (SCL) was introduced:

Lscr = —n_a ' Z cos _sim(p(gi), p(hi)) (2.9)

i=1

where ¢(-) extracts speaker features from the original audio (g;) and the generated
audio (h;) to maximize their cosine similarity. Tested on unseen voices, this frame-
work reached an excellent quality profile with a MOS of 4.21 + 0.04 and a speaker
similarity index of 0.864 SECS [3]. However, using raw character tokens instead of
a phonemic mapping space introduces clear vulnerabilities. It creates an unstable
linguistic layout, leading to frequent mispronunciations and timing errors within
the stochastic duration predictor under low-resource testing conditions.

In contrast to these continuous latent variable architectures, a major paradigm
shift occurred with the introduction of neural codec language modeling, which
completely reformulates text-to-speech as a discrete sequence generation task rather
than continuous signal regression. A prominent framework in this domain is VALL-
E, developed by Wang et al. [33], which leverages an off-the-shelf neural audio
codec encoder to quantize waveforms into discrete acoustic tokens. By scaling up
the training data to a massive, 60,000-hour speech corpus derived from LibriLight,
the model demonstrates remarkable emergent zero-shot voice cloning via acoustic
in-context learning, matching the speaker identity, emotional state, and acoustic
environment of an unseen voice using only a brief three-second reference prompt.
Evaluated on unseen multi-speaker datasets, this approach achieved an objective
Word Error Rate (WER) of 5.9% and a subjective similarity score of 3.81 + 0.09
SMOS. Despite its groundbreaking scalability, the generative architecture suffers
from distinct synthesis robustness limitations. Because the phoneme-to-acoustic
transcription layer relies on an unconstrained autoregressive language model, it
can experience disordered attention alignments that cause words to be unclear,
completely omitted, or randomly duplicated during inference.

While scaling to multi-thousand-hour repositories provides exceptional zero-
shot generalization, other recent developments in the speech domain have focused
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alternatively on targeted adaptation strategies for low-resource settings and param-
eter efficiency. One prominent strategy tackles the lack of text-labeled data by using
a self-supervised transfer learning framework on large-scale unlabeled speech cor-
pora [15]. This system uses a pre-trained wav2vec 2.0 model and k-means clustering
to find unsupervised “pseudo-phonemes” directly from raw, untranscribed speech.
During fine-tuning on labeled data, the authors use a specific freezing template:
the posterior encoder and decoder are locked completely, and only the normaliz-
ing flow is optimized to bridge the gap between pseudo-phonemes and real text
inputs. While this approach creates stable speech using only 10 to 30 minutes of
labeled audio achieving a MOS of 4.21 + 0.10 and a similarity score of 3.92 + 0.09,
it faces a major theoretical limit. Because the pre-trained pseudo-phonemes and
real target text phonemes share no common feature intersections (Xs N X7 = 0),
the model remains highly sensitive to domain mismatches. When fine-tuned on
larger datasets, its performance often drops due to the complex, indirect alignment
required to bridge these separate spaces.

To improve zero-shot speech representations without text data, another ap-
proach integrates a non-parametric self-distillation framework into the integrated
end-to-end backbone. Pankov et al. [20] run a student-teacher distillation setup
across massive multi-speaker repositories like LibriLight, this architecture achieves
high zero-shot performance on unseen voices, scoring a MOS of 4.00 + 0.05 and
a similarity rating of 3.85 + 0.08 on the VCTK evaluation set. However, this self-
supervised setup introduces massive architectural complexity. The addition of
extra projection heads, teacher momentum updates, and multi-scale data crop-
ping significantly increases computational overhead, restricting its training path to
enterprise-scale, multi-GPU computing clusters.

Alongside self-supervised data solutions, research has turned toward struc-
tural adaptations aimed directly at lowering the storage footprint of personalized
voices. A significant development in this direction is the Mixture of Adapters (MoA)
framework, which embeds lightweight bottleneck adapter modules directly into
the decoder layers of a non-autoregressive system [7]. Managed by a sparse gating
network conditioned on speaker identity, this layout activates a limited subset of pa-
rameters per voice. This strategy achieves a 1.9x inference speedup using less than
40% of the total parameter state, while securing balanced listener preference scores
of 36% for both naturalness and similarity against a large 42M baseline. Despite
these gains, the framework requires a fundamental modification of the underlying
network structure. This introduces a large cascade of new hyper-parameters and
routing weights that complicate the training loop.

Another recent approach to managing parameter scaling splits the waveform
decoding path into a hybrid layout to save computational memory. This config-
uration maps low-frequency speech components using standard upsampling lay-
ers and high-frequency components using inverse Short-Time Fourier Transforms
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(iSTFT), reaching a MOS of 3.15 + 0.13 [26]. However, to maintain alignment sta-
bility under these constrained parameter states, this framework requires extracting
external Phonetic PosteriorGrams (PPGs) from an independent, pre-trained speech
recognition model. This introduces an external feature dependency that increases
processing latency and reduces its efficiency in low-resource settings.

Following the examination of the conducted research, Table 2.1 and Table 2.2 com-
pare the features of each study from the perspective of advantages, disadvantages,
the architecture used, and their evaluation criteria.

Table 2.1: The advantages and disadvantages of the conducted studies on speech
synthesis and voice cloning

Year | Approach Advantages Disadvantages Ref.
1980s | Parametric & Very low computing Sounds robotic and [16]
Unit Selection power needed; mechanical; humans
Synthesis provides direct cannot manually
manual control over program all natural
individual speech variations of speech.
features.
1990s | Parametric & High naturalness Dependent on [10]
Unit Selection | within individual database size; prone
Synthesis clips; completely to audible clicks or
bypasses complex glitches at clip
acoustic modeling boundaries.
steps.
2000s | Parametric & Drastically reduces Built-in [30]
Unit Selection storage size; allows mathematical
Synthesis basic voice changes averaging causes
using linear over-smoothing,
transformations. resulting in a
muffled and flat
voice.
2016 | Decoupled Groundbreaking Extremely high [31]
Multi-Stage design; captures processing delays
Pipelines fine-grained, realistic during inference
audio details directly because it must
from raw waveforms. generate speech one
sample at a time.

Table continues on next page
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Year | Approach Advantages Disadvantages Ref.
2017 | Decoupled First production-grade | Modular structure [2]

Multi-Stage deep learning layout; suffers from

Pipelines separates distinct compounding errors
speech tasks into clear | across separate
modules. prediction blocks.

2017 | Decoupled Introduces Still limited by a [8]
Multi-Stage multi-speaker support | rigid multi-step
Pipelines from a single network | pipeline design and

using low-dimensional | independent
speaker embeddings. module tracking.

2017 | Decoupled Eliminates multi-stage | Requires a lossy [34]
Multi-Stage pipelines by mapping linear inversion step
Pipelines input text directly to that discards phase

intermediate data and introduces
mel-spectrograms. distortion.

2017 | Decoupled Can handle unaligned, | Shifting buffer [29]
Multi-Stage unstructured voice memory setup
Pipelines samples collected from | struggles to

real-world replicate highly
environments. dynamic or unique
speaker voices.

2017 | Decoupled Replaces recurrent Suffers from severe [21]
Multi-Stage paths with text-to-speech
Pipelines convolutional layers to | alignment failures

significantly accelerate | when training data
neural network is limited.
training.

2018 | Decoupled Reaches excellent Independent [25]
Multi-Stage speech naturalness by | multi-stage
Pipelines pairing an integrated optimization leads

decoder with a neural
vocoder.

to acoustic target
over-smoothing; the
autoregressive
attention
mechanism remains
prone to alignment
drift and word
errors on long
inputs.

Table continues on next page



CHAPTER 2. PRELIMINARIES AND LITERATURE REVIEW 20
Year | Approach Advantages Disadvantages Ref.
2018 | Decoupled Demonstrates Relies on a fixed [11]

Multi-Stage zero-shot speaker representation from
Pipelines adaptation capabilities | a verification
using a separate objective, dropping
speaker encoder fine-grained voice
framework. details.
2019 | Parallel Eliminates the Relies on an [24]
Explicit attention bottleneck independent teacher
Feature entirely; achieves model for timing
Generation massively accelerated data, which
parallel generation. smooths out
expressive voice
details.
2020 | Parallel Removes teacher Retains a strict [23]
Explicit dependency; trains structural
Feature directly on dependency on
Generation ground-truth targets external alignment
like real pitch and tools to compute
energy. necessary phonetic
duration maps
during training.
2020 | Parallel Removes outside Flow-based inverse [13]
Explicit alignment modeling can
Feature dependencies by using | increase overall
Generation an internal Monotonic | structural and
Alignment Search parameter layout
engine. complexity.
2021 | Parallel Provides excellent Retains a structural [18]
Explicit pitch control by dependency on
Feature linking fundamental outside tools to
Generation frequency directly to calculate phoneme
individual words. duration maps.
2021 | Integrated Direct mapping from Requires [14]
End-to-End text to raw audio; full-parameter
Synthesis minimizes updates for

intermediate feature
loss and associated
downstream tracking
errors.

adaptation, leading
to high
computational costs
and large storage
needs.

Table continues on next page
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Year | Approach Advantages Disadvantages Ref.
2021 | Integrated Uses soft temporal Requires an [4]

End-to-End alignment to convert exceptionally large
Synthesis phonemes directly to training batch
raw speech without footprint and
multi-stage massive TPU cluster
supervision. acceleration to avoid
classic adversarial
stability failures and
mode collapse.

2022 | Parameter- Leverages large-scale Highly sensitive to [15]
Efficient unlabeled speech sets domain mismatches
Speaker for self-supervised because the source
Adaptation pre-training, utilizing and target feature

a frozen decoder spaces do not
template during intersect.
adaptation to

minimize parameter

drift.

2023 | Integrated Allows multi-speaker Bypassing phonetic | [3]
End-to-End and multi-language transcriptions
Synthesis voice cloning with increases word

global conditioning mispronunciations,

paths. and the stochastic
duration predictor
exhibits rhythmic
instabilities.

2023 | Integrated Demonstrates Autoregressive [33]
End-to-End emergent zero-shot modeling of discrete
Synthesis voice cloning via acoustic codes is

acoustic in-context
learning after
pre-training on a
massive, 60K-hour
speech corpus.

prone to synthesis
robustness issues,
causing words to be
unclear, omitted, or
duplicated due to
disordered attention
alignments.

Table continues on next page
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Year | Approach Advantages Disadvantages Ref.
2024 | Parameter- Enhances zero-shot Requires a complex | [20]

Efficient speaker similarity and | four-module

Speaker noise robustness viaa | pipeline (HuBERT,

Adaptation multi-task mBART, CAM++,
joint-training VITS) that depends
framework that on independent
updates the speaker component
encoder using pre-training and a
self-supervised DINO | strict multi-stage
loss. fine-tuning

schedule.

2024 | Parameter- Injects lightweight The static variant [7]
Efficient bottleneck adapters fails to differentiate
Speaker into decoders and professional from
Adaptation variance predictors, non-professional

minimizing additional | speaker identities.
parameters while

matching large-scale

model quality.

2024 | Parameter- Keeps the trainable Requires an [26]
Efficient parameter count low external, pre-trained
Speaker by cutting high and Automatic Speech
Adaptation low voice frequencies Recognition (ASR)

into separate decoding | framework to

paths. extract frame-level
Phonetic
Posteriorgram
(PPG) features for
content-timbre
decoupling.

Existing research explores several paths for parameter-efficient voice cloning,
but each fails to meet the specific requirements of a native VITS setup under lim-
ited target data constraints. First, adapter modules insert lightweight blocks into
network layers. While they limit active parameters, they alter the underlying net-
work layout. This structural change adds training complexity and new hyper-
parameters, contradicting our goal of keeping the baseline VITS model completely
unmodified for easy deployment. Second, hybrid decoding designs manage pa-
rameter scaling by splitting decoding paths. However, they frequently rely on
external feature pipelines, such as extracting Phonetic Posteriorgrams from a sep-
arate speech recognition model. This reliance creates external tool dependencies



CHAPTER 2. PRELIMINARIES AND LITERATURE REVIEW 23

and increases processing latency, defeating the purpose of a fast, self-contained
end-to-end framework. Finally, self-supervised pre-training frameworks often map
text inputs to unsupervised speech units. Because the source and target feature
spaces do not directly overlap, these systems are highly sensitive to domain mis-
matches. In data-scarce scenarios, this sensitivity can cause severe alignment drift
and degrade speech clarity.

Freezing the text and posterior encoders directly addresses this research gap.
Unlike adapters, this strategy requires zero structural changes, leaving the origi-
nal deployment graph completely untouched. In contrast to hybrid decoding, it
remains entirely self-contained within a single model footprint, avoiding external
feature extraction tools and extra inference delays. Finally, instead of experiencing
the domain mismatches common in self-supervised frameworks, it relies on the
native, pre-trained language mappings as a stable reference point. This choice pro-
tects pronunciation and language rules under data constraints, allowing the active
downstream modules to focus cleanly on adapting to the target speaker’s unique
voice traits.

This research examines the trade-offs between model design and hardware
limits in voice cloning. While full-parameter fine-tuning serves as a strong baseline
for high speech quality, updating the entire network requires significant computing
power and memory during training. The proposed method aims to match this
baseline quality while updating fewer parameters.

To the author’s knowledge, no previous study has tested freezing the text
and posterior encoders while keeping the decoder, conditional normalizing flow,
stochastic duration predictor, speaker embedding, and discriminator fully train-
able inside an unmodified VITS model for adaptation under limited target data
constraints. By exploring these structural boundaries, this thesis introduces a selec-
tive training strategy within the original layout to optimize training-stage hardware
resources without altering deployment complexity.

Table 2.2: Comprehensive overview of voice cloning and TTS methods and their
performance

Ref.| Approach Datasets Used Evaluation Metrics
Subjective Objective
Evaluation Evaluation
[25] | Integrated Google MOS: 4.53 + 0.07 | —
Multi-Stage Internal
Synthesis (English)
[20] | Self-Supervised | VCTK, MOS: 4.00 + 0.05 | —
Distillation LibriTTS, (VCTK)
Representation LibriLight SMOS: 3.85 +
0.08 (VCTK)

Table continues on next page
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Ref.| Approach Datasets Used Evaluation Metrics
Subjective Objective
Evaluation Evaluation

[33] | Neural Codec LibriLight SMOS: 3.81 = WER: 5.9%
Language (60,000h) 0.09
Modeling

[11] | Decoupled LibriSpeech, SMOS: 4.22 + —
Multi-Stage VCTK 0.06 (VCTK)

Identity Transfer SMOS: 3.28 +
0.08
(LibriSpeech)

[7] | Sparse Gated In-house AB (Nat.): 36% MCD: ~4.8 dB
Layout Japanese (960h) | XAB (S5im.): 36%

Adaptation (vs. 42M
baseline)

[3] | Zero-Shot VCTK, MOS: 4.21 £ 0.04 | SECS: 0.864
Multilingual LibriTTS, TTS-

Cross- Portuguese,
Conditioning MAILABS

[26] | Hybrid LibriTTS, MOS: 3.15 +0.13 | WER: 8.17%
Frequency-Split | VCTK (VCTK) (VCTK)
Decoding SMOS: 3.12 +

0.12 (VCTK)

[15] | Feature Space VCTK, MOS: 4.21 £ 0.10 | CER: 8.5%
Domain LJSpeech (VCTK) (VCTK)
Alignment SMOS: 3.92 + SECS: 0.298

0.09 (VCTK) (VCTK)

Abbreviations: MOS (T) = Mean Opinion Score (Naturalness); SMOS (T) = Similarity MOS; SECS

(T) = Speaker Embedding Cosine Similarity; WER (]) = Word Error Rate; CER (]) = Character

Error Rate; MCD () = Mel-Cepstral Distortion; PPG = Phonetic PosteriorGram.

To validate these architectural choices, this work includes a systematic ablation
study. The results demonstrate that selectively locking specific modules achieves
comparable voice quality and speaker similarity to the full fine-tuning baseline,
confirming that updates to these components can be safely bypassed. Additionally,
the experiments show that the adversarial discriminator block remains critical to the
optimization loop, as freezing its weights triggers an immediate training collapse.
This selective strategy targets the encoder modules because their pre-trained layers
already provide robust, generalized text representations. By disabling gradient
tracking for these layers, AdaptVITS prevents redundant updates to linguistic fea-
tures and reduces peak physical GPU memory (VRAM) consumption. Ultimately,
this targeted approach preserves the high perceptual quality and real-time gener-
ation speeds of full-parameter fine-tuning while significantly improving training
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Chapter 3

Methodology

The primary objective of this research is the formulation of AdaptVITS, a parameter-
efficient speaker adaptation framework operating entirely within the native, un-
modified topology of the Variational Inference with Text-to-Speech (VITS) archi-
tecture [14]. Conventional voice cloning paradigms rely on full-parameter fine-
tuning as the empirical standard for maximizing synthesized speech naturalness,
speaker similarity, and inference velocity. Rather than contesting this paradigm,
AdaptVITS treats full fine-tuning as its primary baseline, aiming to match its high-
fidelity performance while optimizing training-stage memory constraints and ac-
tive parameter tracking overhead. To preserve a completely native network layout
without introducing auxiliary bottleneck adapters, routing parameters, or exter-
nal pipelines, this transfer learning strategy modifies internal optimization paths
based on an engineering distinction between speaker-independent linguistic fea-
tures and speaker-dependent acoustic configurations. Because the upstream text
and posterior encoders capture robust, generalized language properties during pre-
training, updating their weights during short adaptation tracks is computationally
redundant. Consequently, AdaptVITS disables gradient tracking for these stable
blocks, utilizing them as frozen feature extractors while restricting active parameter
updates exclusively to the downstream synthesis modules. To detail these mech-
anisms, this chapter formalizes the baseline VITS architecture and introduces the
proposed AdaptVITS framework. Additionally, the chapter defines the randomized
dataset curation protocol, the unified training configurations, and the specific sub-
jective and objective evaluation metrics used to assess downstream voice cloning
performance.

26
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3.1 Baseline Architecture: Native VITS Topology

To establish a rigorous framework for parameter-efficient adaptation, it is necessary
to formalize the baseline Variational Inference with Text-to-Speech (VITS) archi-
tecture [14]. Prior neural speech synthesis networks predominantly operate as de-
coupled, multi-stage cascades. These configurations optimize an upstream acoustic
model such as Tacotron?2 [25] or FastSpeech2 [23] to map text inputs onto intermedi-
ate acoustic features (typically mel-spectrograms), which are subsequently passed
into an independent neural vocoder like HiFi-GAN [17] for waveform reconstruc-
tion.

While effective, these multi-stage cascades suffer from compounding error prop-
agation and loss of acoustic detail. The intermediate abstraction layer discards ab-
solute phase information, and any structural errors or alignment drift introduced
by the acoustic model are magnified during vocoding, causing word omissions,
repetitions, or synthetic distortion. Furthermore, because these separate modules
are optimized using independent, localized loss criteria, the global system cannot
converge on a mathematically optimal representation that links the linguistic and
raw audio domains.

VITS resolves these modular vulnerabilities by unifying text processing, la-
tent alignment, and waveform synthesis into a single, end-to-end differentiable
computational graph. This framework leverages a conditional Variational Autoen-
coder (cVAE) combined with conditional normalizing flows and parallel adversarial
training to execute a direct text-to-waveform mapping. For reduced target speaker
adaptation, this unified design provides high stability; encapsulating the entire gen-
erative path into a single network keeps the hidden states tightly bound to a shared
continuous latent space Z. Built-in speaker conditioning allows the system to scale
smoothly across multiple voice profiles by passing a global speaker identity em-
bedding g to the internal conditioning layers of the network. This comprehensive
pipeline preserves natural prosody and speaker characteristics while eliminating
the need for external vocoding architectures.

The baseline VITS architecture is designed as a conditional Variational Au-
toencoder that connects text sequences and raw audio waveforms within a shared
continuous latent space Z. This system unifies five core components: a posterior
encoder, a prior encoder (integrated with a conditional normalizing flow), an inter-
nal monotonic alignment search mechanism, a parallel waveform decoder, and an
adversarial discriminator network.

During training, the posterior encoder acts as an acoustic feature extractor. It
processes the linear spectrogram xgpec of the target audio through residual blocks
to generate a Gaussian latent acoustic distribution q4. The resulting latent variable
z € Z captures continuous acoustic properties such as pitch contours, timbre, and
phase dynamics. Concurrently, the prior encoder processes the input phoneme
sequence c to produce a text representation. Because discrete text contains less
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statistical complexity than continuous speech waveforms, a conditional normalizing
flow fg is applied. This normalizing flow uses a series of invertible transformations
to expand the text distribution into a complex, detailed representation that matches
the acoustic latent space, conditioned on a global speaker embedding g.

To resolve the timing differences between discrete text tokens and continuous
speech frames, the internal Monotonic Alignment Search (MAS) engine maps out
the relationship between text and audio. The MAS engine determines the optimal,
non-decreasing alignment path A* by maximizing the log-likelihood of the data
within the prior latent space:

A" =arg max logpoe(z|c,A,g) (3.1)

Once this alignment is calculated, the latent features are sent directly to the
parallel decoder G, which uses upsampling layers based on the HiFi-GAN generator
topology to synthesize the raw time-domain audio waveform i = G(z, g). To refine
this synthesis, an adversarial discriminator network D evaluates the realism of
the generated audio across multiple scales and periods. This feedback provides
a continuous training loop that drives the decoder to generate clear and natural
speech.

The entire architecture is optimized from scratch by minimizing a unified, multi-
task loss function Lyyts, which balances reconstruction accuracy with structural and
training stability:

LVITS = Lrecon(G) + LKL(fG) + Ldur(G) + LadV(G/ D) + Lfm(G/ D) (32)

Within this objective, the reconstruction loss (Lrecon) minimizes the absolute
difference between the mel-spectrograms of the real and synthesized waveforms,
while the Kullback-Leibler divergence (Lkr.) keeps the prior and posterior latent dis-
tributions closely aligned. The remaining terms optimize the timing and rhythm of
speech via a stochastic duration model (Lgy:), ensure realistic waveform generation
through an adversarial objective (L,qy), and stabilize the overall training process
using discriminator feature matching (L)

This unified framework forms a robust baseline for voice cloning. Because the
encoders learn generalized linguistic and acoustic structures that stay consistent
across English speech patterns, they provide a reliable foundation for transfer learn-
ing, allowing the downstream decoder and discriminator layers to focus cleanly on
learning the unique vocal traits of a target speaker.

3.2 Proposed Approach: AdaptVITS

The AdaptVITS framework, illustrated in Figure 3.1, is introduced to optimize
training-stage resource utilization without modifying the native network archi-
tecture or altering speech quality. Standard full-parameter fine-tuning serves as a
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robust baseline for generating high-fidelity speech, but it updates all parameter ma-
trices uniformly, which tracks gradients across the entire network structure during
the backpropagation phase. AdaptVITS scales down this optimization requirement
through a parameter-efficient selective freezing strategy. This approach bypasses
updates to modules that already contain generalized, speaker-independent text
representations, thereby lowering training-stage memory demands and focusing
exclusively on the layers responsible for adapting specific speaker characteristics.

The AdaptVITS selective freezing strategy is implemented by dividing the com-
plete VITS parameter space © into two separate, non-overlapping blocks:

®= ®frozen U ®active where ®frozen N ®active =0 (33)

The frozen parameter block contains the weights and biases of the upstream linguis-
tic and phonetic feature extraction modules. These components learn generalized
structures of speech during multi-speaker pre-training that do not require modifi-
cation for individual voices:

®frozen = {Qtext_encoder/ eposterior_encoder} (34)

The active parameter block retains the modules responsible for tracking target
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speaker identity, vocal variance, and time-domain audio waveform synthesis:

Oactive = {Gdecoder/ Odiscriminator, Oflow s Qduration_predictor/ espeaker_embeddings} (3 5)

During the fine-tuning phase, gradient tracking is disabled for the frozen block
within the computational graph:

dLvits _

vei € ®frozen/ 90
i

0 (3.6)
As a result, backpropagation updates weights exclusively within the active param-
eter space:

1
®£1tc-’i'lv)e = ®gi)tive -1 V@active LVITS (37)

where 7 represents the fine-tuning learning rate.

By locking ®frozen, AdaptVITS reduces the number of active trainable param-
eters by 17.5%. This intervention eliminates the requirement to track and store
gradient matrices for the frozen layers during the backward pass. This reduc-
tion saves approximately 115 MB of theoretical gradient memory overhead, which
contributes directly to an empirical reduction in observed peak physical hardware
memory (VRAM) from 5974 MB down to 5201 MB on the experimental hardware
configuration. Because this modification occurs entirely during the training phase,
the underlying structure of the model remains completely unchanged. As a con-
sequence of maintaining an identical deployment graph, the final checkpoint file
size, latent dimensions, and runtime inference speed remain identical to the stan-
dard VITS baseline, ensuring full deployment compatibility without introducing
any architectural alterations to the runtime inference pipeline.

Beyond the encoder modules, the VITS architecture consists of several other core
components, including the normalizing flow and the waveform decoder, etc. To
evaluate the impact of broader parameter constraints, the layer-freezing process was
systematically applied to these different remaining modules during development,
with the complete performance metrics detailed in Chapter 4.

3.3 Dataset Profiles and Selection

To test speech synthesis with limited data, we use a two-stage training pipeline:
high-resource pre-training followed by limited-data speaker adaptation. This ap-
proach separates the process of learning general language structures from the task
of cloning a specific voice identity.

3.3.1 Pre-training Dataset (LibriTTS)

The base model is pre-trained on the train-clean-360 subset of the LibriTTS corpus
[36]. This dataset contains clean audiobook speech sampled at 24 kHz, which helps
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Table 3.1: Signal Quality and Acoustic Distribution of VCTK 5h Subsets

Acoustic Metric Subset 1 (Seed 42) Subset 2 (Seed 123) Subset 3 (Seed 456)
Total Utterances 5,344 5,350 5,361
Sampling Rate / Format 24 kHz / Mono 24 kHz / Mono 24 kHz / Mono
Audio Bit Depth 16-bit PCM 16-bit PCM 16-bit PCM
Total Duration (h) 5.0002 5.0001 5.0004

Mean Utterance Duration (s) 3.3684 3.3646 3.3579
Variance of Duration (s2) 1.4349 1.3716 1.3480

Mean RMS Energy 0.0352 0.0349 0.0349
Variance of RMS Energy (x107%) 1.6262 1.6777 1.6306

the model learn basic English sounds and text alignments. The pre-training dataset
has the following statistics:

¢ Files: 116,500 matching audio files and normalized text transcripts, containing
a total of 11,367,108 characters.

* Speakers: 904 distinct speakers, averaging 128.9 files per speaker (median:
117.5, minimum: 1, maximum: 515).

e Duration: A total duration of 191 hours, 17 minutes, and 42 seconds. Individ-
ual file lengths range from under 1 second up to 40 seconds, with a average
duration of 6 seconds (median: 5 seconds).

3.3.2 Fine-Tuning Dataset and Random Subsets (CSTR VCTK)

We use the high-fidelity CSTR VCTK corpus [32] for speaker adaptation and fine-
tuning baselines. This dataset contains clean studio recordings of speakers with
various regional accents, recorded using identical microphones in an echo-free
chamber.

Before creating our subsets, we removed two speakers with data errors: speaker
p315 due to corrupted text files, and speaker p362 because the audio files were too
short. This left 108 valid speakers.

To simulate a limited-data scenario, we restricted the training data to a strict
limit of 5 hours. To avoid picking a bias clean set of sentences, we created three
independent 5-hour subsets using random seeds 42, 123, and 456. Each subset
splits the 5 hours evenly across all 108 speakers, providing an average of about 2.7
minutes of audio per speaker.

We verified the acoustic balance of these subsets by checking their file lengths
and Root Mean Square (RMS) energy. Table 3.1 shows that the three subsets are
highly uniform across all seeds.

We also checked the text transcripts by converting them into phonetic sequences
using the standard 39-phone ARPAbet dictionary. As shown in Table 3.2, all three
subsets achieve 100% phonetic coverage, meaning every standard sound in the
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Table 3.2: Textual and Phonetic Coverage Matrix

Phonetic Metric Subset 1 (Seed 42) Subset 2 (Seed 123) Subset 3 (Seed 456)
Total Transcribed Words 46,079 45,852 46,050

Total Phoneme Tokens 139,346 138,117 138,761
ARPAbet Phoneme Coverage 100.00% (39/39) 100.00% (39/39) 100.00% (39/39)

Table 3.3: Summary of Experimental Configurations and Hyperparameters

Configuration Name Pre-trained Weights Frozen Modules Target Dataset Learning Rate Epochs
Pre-training Foundation None (From Scratch) None LibriTTS 360h 2x10™* 275
Scratch Baseline None (From Scratch) None VCTK 5h (Subsets 1, 2, 3) 2x1074 302
Full Fine-Tuning Baseline best_model_1207645.pth None VCTK 5h (Subsets 1, 2, 3) 2 %1075 302
Proposed Approach best_model_1207645.pth Text & Posterior Encoders VCTK 5h (Subsets 1, 2, 3) 2x107° 302
Decoder Ablation best_model_1207645.pth Decoder VCTK 5h (Subsets 1, 2, 3) 2x1075 302
Flow Ablation best_model_1207645.pth Normalizing Flow VCTK 5h (Subsets 1, 2, 3) 2x107° 302
Duration Pred. Ablation best_model_1207645.pth Duration Predictor VCTK 5h (Subsets 1, 2, 3) 2%x107° 302
Discriminator Ablation best_model_1207645.pth Discriminator VCTK 5h (Subsets 1, 2, 3) 2 %1075 302

English language is present during training. The distribution of these phonemes is
highly consistent across all three subsets.

3.4 Training Workflow and Experimental Configurations

This section describes the training phases, hyperparameters, and model configura-
tions used in this study. The training workflow consists of three steps: multi-speaker
pre-training, target speaker fine-tuning, and architectural ablation variations. Ta-
ble 3.3 summarizes these configurations.

3.4.1 Pre-training Phase

The base VITS model is first trained from scratch on the LibriITS train-clean-360
dataset for 275 epochs, which corresponds to approximately 1.2M training steps.
This phase allows the model to learn basic text-to-speech alignments and general
English language features. It produces the base foundation checkpoint, which
serves as the identical starting point for all downstream fine-tuning and parameter-
efficient experiments.

3.4.2 Fine-Tuning Specifications

For target speaker adaptation and baseline comparisons, we train the models for a
fixed duration of 302 epochs (100k steps) on the 5-hour VCTK subsets. All models
are implemented using the open-source Coqui TTS framework [5] and executed on
a single NVIDIA RTX 3060 GPU with 12 GB of VRAM.

We use 16-bit Automatic Mixed Precision (AMP) to reduce GPU memory usage
and speed up training. The training batch size is set to 16 samples, and the validation
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batch size is 8 samples. The model parameters are updated using the AdamW
optimizer with momentum values of 1 = 0.8, f2 = 0.99, and an epsilon value of
€ = 10™°. We use an initial learning rate of 2 x 10~ for the scratch baseline and a
lower rate of 2 x 107 for all fine-tuning configurations to preserve the pre-trained
features.

We train and evaluate each setup independently across all three randomized
datasets (VCTK 5h Subsets 1, 2, and 3). We compare three primary configurations
under these standard conditions:

® Scratch Training Baseline: The VITS model trains entirely from random
weights with no pre-trained initialization. All layers are active and trainable
during optimization using a default learning rate of 2 X 107%.

¢ Full Fine-Tuning Baseline: The model loads the pre-trained weights from the
base checkpoint, and all internal modules remain open and trainable. These
parameters are optimized using a learning rate of 2 X 107>, serving as our
primary high-quality benchmark.

* Proposed Approach (AdaptVITS): The model loads the pre-trained base
checkpoint, but we completely freeze both the Text Encoder and the Posterior
Encoder modules to keep the latent space stable. All other layers remain
active and trainable during optimization using a learning rate of 2 x 107°.

3.4.3 Architectural Ablation Design

To determine which individual module controls speaker voice identity and rhythm,
we perform a systematic ablation study. Each variant initializes from the pre-
trained base checkpoint, trains for 302 epochs (100k steps), and uses a learning rate
of 2x107°. To ensure our findings are stable and reliable, we run these experiments
independently across all three randomized datasets (VCTK 5h Subsets 1, 2, and
3). These setups isolate specific modules by freezing them while keeping all other
components active:

1. Decoder Ablation: Freezes the waveform decoder module completely, leav-
ing all text, flow, and posterior processing layers fully trainable.

2. Flow Ablation: Locks the conditional normalizing flow architecture, while all
remaining generative and alignment modules are updated during fine-tuning.

3. Duration Predictor Ablation: Freezes the stochastic duration predictor mod-
ule to evaluate how it impacts target speaker rhythm and phrasing stability.

4. Discriminator Ablation: Freezes the multi-scale and multi-period adversar-
ial discriminator blocks while keeping the generator modules active. The
optimization challenges and constraints discovered during this specific ex-
periment are discussed alongside the results in Chapter 4.



CHAPTER 3. METHODOLOGY 34

3.5 Evaluation Metrics

To evaluate the quality, clarity, and voice cloning accuracy of the synthesized speech,
we use a combination of objective and subjective metrics. All model configurations
are tested on a fixed validation set of 100 unseen utterances. These sentences were
completely held out from training to ensure a completely fair comparison.

3.5.1 Objective Evaluation Metrics

Objective metrics provide automated, reproducible measurements of speech intel-
ligibility and speaker similarity. We track three main metrics: Word Error Rate
(WER), Character Error Rate (CER), and Speaker Encoder Cosine Similarity (SECS).

Word Error Rate and Character Error Rate

To evaluate how clear and understandable the generated speech is, we pass the
synthesized audio through a pre-trained Automated Speech Recognition (ASR)
model to transcribe it back into text. We then compare these transcriptions against
the original ground-truth text using Word Error Rate (WER) and Character Error
Rate (CER).

WER measures text accuracy at the word level and is calculated using the

following formula:

WER = % (3.8)

where S is the number of substitutions (replaced words), D is the number of dele-
tions (missing words), I is the number of insertions (added extra words), and N is
the total number of words in the reference text.

CER uses the exact same calculation method but checks errors at the individ-
ual character level instead of full words. Lower WER and CER scores mean the
generated audio is highly intelligible and cleanly pronounced.

Speaker Encoder Cosine Similarity

To verify if the model successfully cloned the target speaker’s voice, we calculate
the Speaker Encoder Cosine Similarity (SECS). This metric checks how closely the
vocal characteristics of the generated audio match the true speaker.

We use a pre-trained speaker verification network from the SpeechBrain frame-
work to extract fixed speaker embedding vectors from both the synthesized audio
(Usynth) and the original reference audio (vref). The likeness is calculated as the
cosine similarity between these two vectors:

Usynth * Uref

SECS = (3.9)

”vsynth””vrefn
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The SECS score ranges between -1 and 1. A higher score means the cloned voice
sounds much closer to the target speaker’s identity.

3.5.2 Subjective Evaluation Metric

Because automated software cannot always tell if an audio clip sounds natural or
pleasant to human ears, we also use human testing to verify speech quality.

Mean Opinion Score

We measure human perceptual quality using the standard Mean Opinion Score
(MOS) [27]. Human testers score the synthesized audio samples from 1 to 5 based
on their naturalness and clarity. The scoring options are: 1 (Bad), 2 (Poor), 3 (Fair),
4 (Good), and 5 (Excellent). We report the final average of these scores alongside a
95% confidence interval to assess and demonstrate statistical consistency.



Chapter 4

Results and Discussion

This chapter presents the test results for AdaptVITS compared to standard baseline
models. To see how well the system handles limited data, we evaluated all config-
urations using separate 5-hour speaker datasets. The analysis is broken down into
three main parts: human listening tests (MOS) for speech quality, automated tests
for word clarity (WER/CER) and voice similarity (SECS), and hardware checks for
training memory usage and generation speed. Together, these results indicate that
AdaptVITS delivers stable, high-quality voice cloning.

4.1 Subjective Perceptual Analysis

We conducted a human listening test with 18 independent listeners to evaluate
the quality of the synthesized speech. Listeners graded randomly presented audio
clips on the standard 5-point Mean Opinion Score (MOS) scale (1: Bad, 5: Excel-
lent) across six system configurations: original, uncompressed reference recordings
(System A); a native VITS model trained from random weights on 5 hours of data
(System B); and a standard VITS model fully fine-tuned with all layers open on 5
hours of data (System C). The final three setups evaluated our proposed parameter-
efficient model, AdaptVITS, across independent 5-hour data subsets using random
seeds.

To protect human raters from cognitive fatigue and maintain a high level of
evaluative focus, the baseline models (System B and System C) were optimized
and evaluated exclusively on Subset 1. Each system was represented by 7 distinct
validation audio clips taken from our prepared validation set. This resulted in a
total pool of 42 audio clips for each rater to score. The empirical results of this
listening test are summarized in Table 4.1 and visualized in Figure 4.1.

The baseline configurations establish clear performance boundaries. System B
experienced a severe quality collapse (1.59 + 0.2245) due to severe phonetic align-
ment and distortion issues, confirming that VITS cannot successfully converge from

36
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Table 4.1: Subjective Mean Opinion Score (MOS) Performance Matrix

System ID Model Configuration Profile Active Parameters (%) MOS (+Clgs9,)
System A Ground Truth — 4.52 +£0.3223
System B Scratch Optimization Baseline 100.00% 1.59 + 0.2245
System C  Full Fine-Tuning Baseline 100.00% 3.84 +0.3023
System D AdaptVITS (Subset 1, Seed 42) 82.50% 3.92 +0.3075
System E  AdaptVITS (Subset 2, Seed 123) 82.50% 3.82+0.3128
System F AdaptVITS (Subset 3, Seed 456) 82.50% 3.87 +0.3996
Summary AdaptVITS (Aggregated Across Runs) 82.50% Mean: 3.87, Variance: 0.003

MOS Across Training Configurations

Mean Opinion Score (MOS)

Ground Truth Scratch Full Fine-Tuning Baseline AdaptVITS

Figure 4.1: MOS scores across all training configurations.

scratch on a limited 5-hour dataset. Conversely, full fine-tuning (System C) restored
speech quality to an elite baseline score of 3.84 + 0.3023.

The proposed AdaptVITS models (Systems D, E, and F) achieved strong, consis-
tent performance with individual mean scores of 3.92, 3.82, and 3.87, respectively.
By updating only 82.50% of the parameters, our selective layer-freezing strategy
successfully preserved the foundational language structures learned during pre-
training. Aggregating across the three independent data splits, the framework
achieved a macro-mean MOS of 3.87 with an exceptionally low cross-run variance
of 0.003.

To verify that the observer trends represent genuine consensus rather than
random voting noise, the panel’s scores were analyzed using a global Friedman test
[6] and Kendall’s Coefficient of Concordance (W) [12]. These reliability metrics are
detailed in Table 4.2.

The global Friedman test strongly rejected the null hypothesis that all systems
perform identically (x> = 57.1834, p < 0.05), confirming that the variations in
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Table 4.2: Global Rater Agreement and Concordance Metrics

Statistical Parameter Metric Empirical Evaluated Value
Number of Raters (m) 18

Number of Evaluated Systems (1) 6

Friedman Chi-Squared Metric (x?) 57.1834

Friedman Significance (p-value) 0.0000

Kendall’s Coefficient of Concordance (W) 0.6354

Global Qualitative Interpretation Moderate-to-Strong Agreement

Table 4.3: Holm-Bonferroni Corrected Post-Hoc Pairwise Evaluation Matrix

Comparison Pair Evaluation Comparison Path Raw p-Value Holm Adjusted p-Value Significant (o = 0.05)

Pair 1 System A vs. System B 0.0002 0.0028 Yes
Pair 2 System A vs. System C 0.0035 0.0245 Yes
Pair 3 System A vs. System D 0.0003 0.0028 Yes
Pair 4 System A vs. System E 0.0002 0.0028 Yes
Pair 5 System A vs. System F 0.0003 0.0028 Yes
Pair 6 System B vs. System C 0.0002 0.0028 Yes
Pair 7 System B vs. System D 0.0002 0.0028 Yes
Pair 8 System B vs. System E 0.0002 0.0028 Yes
Pair 9 System B vs. System F 0.0002 0.0028 Yes
Pair 10 System C vs. System D 0.2059 1.0000 No
Pair 11 System C vs. System E 0.7110 1.0000 No
Pair 12 System C vs. System F 0.4721 1.0000 No
Pair 13 System D vs. System E 0.2287 1.0000 No
Pair 14 System D vs. System F 0.4986 1.0000 No
Pair 15 System E vs. System F 0.3595 1.0000 No

scoring are driven by actual structural differences. The calculated Kendall’'s W
value of 0.6354 reflects a solid, reliable level of consensus among the 18 independent
evaluators.

To find the exact statistical boundaries between configurations, we ran pairwise
Wilcoxon Signed-Rank tests [35]. This test allows us to compare pairs of models
safely without assuming our listening test data follows a normal distribution. We
used the Pratt method to handle identical scores to ensure the test remained accurate
[22]. Finally, we applied a Holm-Bonferroni correction to avoid the risk of false
positives since we have six models and 15 individual testing paths. The final
adjusted significance matrix is presented in Table 4.3 [9].

This pairwise analysis yields three critical conclusions. First, there is a clear sta-
tistical separation between the failed scratch baseline (System B) and all fine-tuned
models (pHolm = 0.0028), demonstrating that pre-trained foundational knowledge
is mandatory. Second, the comparisons between full fine-tuning (System C) and our
three AdaptVITS implementations all yielded maximum Holm-adjusted p-values
of 1.0000. This confirms that our parameter-efficient strategy is statistically indis-
tinguishable from full fine-tuning, successfully matching its quality while keeping
17.50% of the model frozen. Finally, the cross-subset comparisons (D vs. E, D vs. F,
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Table 4.4: Objective Intelligibility and Speaker Identity Evaluation Metrics Across
Independent Subsets

Model Framework Evaluation Split WER (%) CER (%) SECS(])

Scratch Baseline Subset 1 (Seed 42) 86.10% 54.78% 0.4513
Subset 2 (Seed 123) 104.31%  71.15% 0.4511
Subset 3 (Seed 456) 76.70% 48.86% 0.4815

Across-Run Mean 89.04% 58.26% 0.4613
Across-Run Variance  197.046  133.311  0.000306
Full Fine-Tuning Baseline Subset 1 (Seed 42) 13.97% 6.46% 0.5580

Subset 2 (Seed 123) 15.01% 8.10% 0.5513
Subset 3 (Seed 456) 15.16% 8.13% 0.5485

Across-Run Mean 14.71% 7.56% 0.5526
Across-Run Variance 0.420 0.913 0.000024
AdaptVITS (Proposed) Subset 1 (Seed 42) 14.67% 8.14% 0.5172

Subset 2 (Seed 123) 14.95% 8.40% 0.5240
Subset 3 (Seed 456) 17.33% 9.24% 0.5151
Across-Run Mean 15.65% 8.59% 0.5188
Across-Run Variance 2.136 0.331 0.000022

and E vs. F) all returned adjusted p-values of 1.0000, validating that the proposed
approach consistently delivers stable, uniform voice quality across completely in-
dependent data partitions.

4.2 Objective Voice Cloning Accuracy and Intelligibility

While subjective listening tests establish human preference, objective evaluation
provides automated, reproducible measurements of speech intelligibility and voice
cloning accuracy across the 100 unseen validation sentences. We track the Word
Error Rate (WER) and Character Error Rate (CER) using a pre-trained Automatic
Speech Recognition (ASR) engine to measure intelligibility, alongside Speaker En-
coder Cosine Similarity (SECS) via a SpeechBrain verification network to measure
voice similarity. To explicitly address evaluation sensitivity regarding dataset vari-
ations, all baseline and proposed models were evaluated across three independent
random data partitions (Subsets 1, 2, and 3). The objective metrics for all config-
urations are consolidated in Table 4.4 and visualized across Figures 4.2, 4.3, and
4.4.

The empirical metrics reveal a severe performance collapse when training the
architecture from scratch on limited data. The scratch optimization baseline gen-
erated a massive across-run mean WER of 89.04% and an across-run mean CER
of 58.26%, coupled with a lower voice similarity index of 0.4613 SECS. Crucially,
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Figure 4.2: Objective Character Error Rate (CER) performance metrics across con-
figurations.

this setup demonstrated extreme volatility across data splits, resulting in an ex-
ceptionally large across-run variance for both word error rates (6% = 197.046) and
character error rates (62 = 133.311). This highlights how an unanchored, randomly
initialized model fails to construct stable internal representations or learn complex
text-to-audio alignments when restricted to a 5-hour dataset, causing the alignment
engine to diverge wildly depending on data permutations.

In contrast, the full fine-tuning baseline establishes an exceptional performance
profile, producing a highly stable across-run mean WER of 14.71% (02 = 0.420), an
across-runmean CER 0f 7.56% (2 = 0.913), and an optimal voice similarity metric of
0.5526 SECS (02 = 0.000024). Our proposed AdaptVITS framework tracks this fine-
tuning baseline near-perfectly across all three data subsets. Across all randomized
runs, AdaptVITS achieved stable intelligibility marks, yielding an across-run mean
WER of 15.65% with a tightly bounded variance of 2.136, alongside an across-run
mean CER of 8.59% with a minimal variance of 0.331. Speaker verification accuracy
remained exceptionally uniform, delivering an across-run mean SECS of 0.5188
with an entirely negligible variance of 0.000022.

This close parity demonstrates that our approach maintains the same underlying
quality as full fine-tuning while completely bypassing updates to the text and poste-
rior encoders. Because the frozen modules preserve stable, pre-trained continuous
text-to-waveform latent layouts, the framework safely protects the alignment path
from localized text-to-audio drift. Furthermore, the exceptionally narrow variance
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Figure 4.3: Objective Word Error Rate (WER) performance metrics across configu-
rations.

Speaker Encoder Cosine Similarity (SECS)
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Figure 4.4: Objective Speaker Encoder Cosine Similarity (SECS) metrics across
configurations.
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Table 4.5: Training-Stage Computational Profiling and Hardware Resource Metrics

Model Framework Evaluation Split Trainable Params (%) Peak VRAM Saved Gradient Memory
Scratch Baseline Subset 1 100.00% 5911 MB 0 MB
Subset 2 100.00% 5970 MB 0 MB
Subset 3 100.00% 5603 MB 0 MB
Across-Run Mean 100.00% 5828.0 MB 0 MB
Across-Run Variance 0.000 38839.0 0.000
Full Fine-Tuning Subset 1 100.00% 5928 MB 0 MB
Baseline Subset 2 100.00% 5974 MB 0 MB
Subset 3 100.00% 5597 MB 0MB
Across-Run Mean 100.00% 5833.0 MB 0 MB
Across-Run Variance 0.000 42301.0 0.000
AdaptVITS Subset 1 82.50% 5496 MB ~115 MB
(Proposed) Subset 2 82.50% 5561 MB ~115 MB
Subset 3 82.50% 5201 MB ~115 MB
Across-Run Mean 82.50% 5419.3 MB ~115 MB
Across-Run Variance 0.000 36808.3 0.000

recorded across the independent random subsets suggests that AdaptVITS exhibits
high stability under these conditions and is robust against data selection bias. The
active downstream waveform decoder and other module retain more than enough
expressive capacity to consistently transform the output acoustic distribution to
match the target speaker’s unique timbre and vocal traits across any data permuta-
tion.

4.3 Training-Stage Resource Optimization and Inference Ve-
locity

An efficient voice cloning framework should minimize computational demands dur-
ing training without sacrificing processing speed during real-world deployment.
This section evaluates the resource efficiency of AdaptVITS, focusing on training-
stage memory reduction and runtime inference speed. By deactivating gradient
tracking for the text and posterior encoders, this approach optimizes hardware uti-
lization while maintaining the same synthesis quality. The training-stage hardware
metrics are consolidated in Table 4.5.

Locking the encoder layers updates only 82.50% of the full network weights,
leaving 17.50% of the parameter space frozen. Because this optimization happens
entirely during training, the final model checkpoint size and structural dimensions
remain identical to the baseline VITS model, leaving the deployment footprint un-
changed. We measured hardware performance by logging peak VRAM allocation
during training on a single NVIDIA RTX 3060 GPU. As detailed in Table 4.5, the
scratch baseline required a high across-run mean VRAM allocation of 5828.0 MB
(02 = 38839.0), while the full fine-tuning baseline consumed a mean memory peak
of 5833.0 MB (02 = 42301.0). In comparison, freeing up cached activations from
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Table 4.6: Inference Velocity and Throughput Latency Benchmarks

Model Framework Evaluation Split Mean Inference Time (s) Real-Time Factor (RTF)
Scratch Baseline Subset 1 0.2211 s 0.0664
Subset 2 0.4376 s 0.1275
Subset 3 0.4593 s 0.1270
Across-Run Mean 0.3727 s 0.1070
Across-Run Variance 0.0173 0.0012
Full Fine-Tuning Subset 1 0.3053 s 0.0782
Baseline Subset 2 0.3423 s 0.0944
Subset 3 0.2850 s 0.0751
Across-Run Mean 0.3109 s 0.0826
Across-Run Variance 0.0008 0.0001
AdaptVITS Subset 1 0.2505 s 0.0650
(Proposed) Subset 2 0.2304 s 0.0631
Subset 3 0.2544 s 0.0654
Across-Run Mean 0.2451 s 0.0645
Across-Run Variance 0.0002 0.0000

the backpropagation stack successfully lowered the across-run mean training mem-
ory consumption of AdaptVITS to an observed empirical peak VRAM of 5419.3 MB
(02 = 36808.3). This measured physical hardware reduction corresponds directly to
a theoretical saving of approximately 115 MB of gradient memory overhead across
all independent runs, representing a meaningful hardware resource optimization.

To ensure this parameter-saved strategy introduced no processing delays during
text-to-speech generation, we benchmarked inference speed using our 100 unseen
validation sentences. Processing speed was evaluated using Mean Inference Time
(seconds per sentence) and the Real-Time Factor (RTF). The RTF measures the ratio
of generation time to the actual length of the output audio waveform:

Mean Inference Time (s)

RTF =
Mean Synthesized Audio Duration (s)

(4.1)

The runtime latency metrics are presented in Table 4.6.

The empirical benchmarks show that AdaptVITS fully preserves generation
speed. The unanchored scratch baseline displayed highly unstable generation be-
havior, yielding a sluggish across-run mean RTF of 0.1070 (62 = 0.0012). Full
fine-tuning settled at a more stable mean RTF of 0.0826 (62 = 0.0001). Our pro-
posed AdaptVITS models maintained a highly comparable, uniform generation
performance compared to both baselines, recording an across-run mean inference
latency of 0.2451 seconds and a mean RTF of 0.0645 with an across-run variance of
zero. This preservation of operational performance is expected because the under-
lying model structure remains completely unchanged at deployment; any minor
variation in the empirical metrics reflects environmental execution dynamics and
runtime noise rather than a structural optimization of the model graph. Because
AdaptVITS operates within the unmodified VITS architecture, it avoids adding
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Table 4.7: Systematic Component Ablation Performance Matrix Across Subsets

Ablated Module Evaluation Split WER (%) CER (%) SECS Active Params (%)
Decoder Block Subset 1 16.80% 9.40% 0.3674 83.26%
Subset 2 20.61% 11.58% 0.3611 83.26%
Subset 3 23.82% 12.31% 0.3772 83.26%
Mean + Variance 20.41% + 0.0012 11.10% =+ 0.0002 0.3686 + 0.0001 83.26%
Duration Predictor ~ Subset 1 41.25% 23.86% 0.5285 98.42%
Subset 2 41.06% 25.38% 0.5326 98.42%
Subset 3 47.93% 28.61% 0.5175 98.42%
Mean + Variance 43.41% + 0.0015 25.95% =+ 0.0006 0.5262 + 0.0001 98.42%
Normalizing Flow  Subset 1 25.95% 14.62% 0.2893 88.82%
Subset 2 30.38% 17.25% 0.2725 88.82%
Subset 3 31.52% 18.08% 0.2847 88.82%
Mean + Variance 29.28% + 0.0009 16.65% =+ 0.0003 0.2822 + 0.0001 88.82%
Discriminator Block ~ All Subsets Collapse Collapse Collapse Not Possible!

external bottleneck layers, routing paths, or extra adapters that often introduce
computational latency during inference.

4.4 Component Ablation and Mechanistic Latent-Space A-
nalysis

The main goal of this section is to understand exactly what each part of our neural
network contributes to the voice cloning process. By freezing specific modules
one by one while keeping the rest active, we can see how individual sub-networks
affect speech quality, word clarity, and voice similarity. Table 4.7 summarizes the
complete results of this study.

Freezing different components causes noticeably distinct performance trends.
When we lock the waveform decoder block, we keep 83.26% of the total parameter
space active. This configuration maintains a moderate average Word Error Rate
(WER) of 20.41% and a Character Error Rate (CER) of 11.10%. However, voice
similarity suffers immensely, dropping to a low average of 0.3686 SECS. This tells us
something crucial about the model’s structure: the decoder’s layers are primarily
responsible for rendering the target speaker’s unique voice tone. Freezing these
weights stops the model from adapting its audio generation mechanics. As a result,
the cloned voice continues to sound like the original, generic pre-trained multi-
speaker average instead of the target speaker.

Our results demonstrate that internal alignment modules must remain fully
active during adaptation; freezing the duration predictor severely degrades word
clarity. Although this configuration yields a strong SECS of 0.5262, it results in a
poor average WER of 43.41% and a mean CER of 25.95%. This degradation occurs
because locking the timing module forces the network to rely on rigid, pre-trained
speech tempos that conflict with the natural speaking pace of the target speaker.
Similarly, restricting the conditional normalizing flow block harms the model’s
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Figure 4.5: Two-dimensional t-SNE projection of extracted speaker embeddings for
Subset 1.

ability to map complex sounds. This leads to an average WER of 29.28%, a mean
CER of 16.65%, and a highly degraded voice similarity score averaging 0.2822 SECS.

While the model handles freezing certain latent modules with only a partial
drop in quality, the adversarial discriminator block represents a strict boundary.
Attempting to freeze the discriminator layers causes an immediate and catastrophic
training collapse across all subsets. VITS uses an interactive GAN-style setup where
the generator learns to produce realistic speech by trying to fool the discriminator.
Freezing the discriminator breaks this active feedback loop. The generator receives
dead, stale signals. Without a dynamic discriminator to guide the training loop,
the optimization path falls apart, leading to instant gradient explosions and total
model collapse.

The core success of our proposed parameter-efficient framework freezing the text
and posterior encoders comes down to how securely it stabilizes the model’s internal
data space. We can visually inspect this behavior using the two-dimensional t-SNE
projection maps in Figures 4.5, 4.6, and 4.7. Across all three target subsets, the
spatial layout reveals clear, well-separated regions for each presented Speaker ID,
proving that the system easily tells different voices apart.

When we look closely at how the different training methods group together
within each speaker’s region, we see a highly revealing pattern. The baseline
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Figure 4.6: Two-dimensional t-SNE projection of extracted speaker embeddings for
Subset 2.

models trained entirely from scratch (represented by the plus signs) drift far away
from the real voices because they fail to align properly on tiny datasets. In contrast,
our AdaptVITS runs (represented by stars) form tight, overlapping groups that sit
directly on top of both the full fine-tuning baselines (triangles) and the original
ground-truth target recordings (circles). This tight grouping occurs uniformly
across Subset 1, Subset 2, and Subset 3. This behavior proves that keeping the
pre-trained encoders frozen acts as a robust structural anchor. Because these layers
stay locked, they preserve the stable, high-quality language maps learned during
multi-speaker pre-training. This acts as a geometric anchor for the entire latent
space, supporting the preservation of highly stable pronunciation layouts while the
active downstream modules focus purely on adapting to the target speaker’s voice.
This mechanism ensures that the optimization path remains highly predictable and
entirely robust against data selection, all while fully matching the high-fidelity vocal
quality of unconstrained full fine-tuning.

4.5 Comparison with Existing Techniques

Existing voice cloning techniques are highly powerful and have set strong perfor-
mance benchmarks. Multi-stage pipelines like SV2TTS [11] achieve an elite 4.22
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Figure 4.7: Two-dimensional t-SNE projection of extracted speaker embeddings for
Subset 3.

MOS by decoupling speaker extraction from speech generation, while zero-shot
models like YourTTS [3] leverage speaker consistency losses to reach a strong 4.21
MOS and 0.8640 SECS. In the large-scale domain, language models like VALL-E [33]
utilize a massive 60,000-hour corpus to achieve exceptional zero-shot cloning with a
clean 5.90% WER. For lower-resource settings, self-supervised approaches [15] use
unlabeled data to achieve 4.21 MOS, and adapter-based systems like AdaVITS [26]
inject lightweight modules into VITS to achieve a 3.15 MOS and 8.17% WER. While
these approaches are highly effective, they often rely on massive datasets, separate
multi-stage processing steps, or external feature extraction tools that add system
latency. Although these existing works use different dataset sizes, architectures, or
optimization settings, they target the same core voice cloning issues, making them
the closest standards for our evaluation.

Our AdaptVITS framework is fundamentally different because it maintains a
completely end-to-end layout within a single model footprint, requiring no external
feature pipelines or extensive pre-training. Instead of adding new adapters or
processing stages, AdaptVITS simply freezes the pre-trained upstream encoders
and fine-tunes only the downstream decoder and other modules.

As summarized in Table 4.8, our approach performed exceptionally well. It
achieved a highly stable cross-run mean of 3.87 MOS using only a limited 5-hour
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Table 4.8: Comparative evaluation of AdaptVITS against existing literature across
speech quality, intelligibility, and speaker similarity metrics.

Reference MOS (T) CER(]) WER(]) SECS (]
Wang et al. [33] 3.81 - 5.90% -

Jia et al. [11] 422 - - -
Casanova et al. [3] 4.21 - - 0.8640
Song et al. [26] 3.15 - 8.17% -
Kim et al. [15] 421 8.50% - 0.2980
AdaptVITS (Subset 1) 3.92 8.14% 14.67% 0.5172
AdaptVITS (Subset 2) 3.82 8.40% 14.95% 0.5240
AdaptVITS (Subset 3) 3.87 9.24% 17.33% 0.5151

AdaptVITS (Cross-Run Mean) 3.87 8.59%  15.65% 0.5188

Abbreviations: MOS = Mean Opinion Score; CER = Character Error Rate; WER = Word Error Rate;
SECS = Speaker Encoder Cosine Similarity.

Note: The metrics presented for AdaptVITS reflect both individual subset outcomes and the aggre-
gated mean values obtained across three independent runs.

training set. This directly outperforms adapter-heavy architectures like AdaVITS
and closely tracks the perceptual quality of massive data-driven models like VALL-
E. Furthermore, AdaptVITS maintains clean intelligibility with a competitive 8.59%
CER and 15.65% WER, alongside a secure speaker similarity score of 0.5188 SECS.
By keeping the core linguistic layout frozen, the model mitigates the risks of align-
ment drift, domain mismatches, and word errors common in unconstrained setups,
delivering an efficient, stable, and high-quality voice cloning alternative.

4.6 Discussion

Our findings show that AdaptVITS is a highly reliable, lightweight alternative to full
fine-tuning. It successfully matches the baseline approach in both speech quality
and clarity. By freezing the text and posterior encoders, the framework locks down
the core text-to-speech mapping rules. This lets the model focus its training entirely
on the downstream speech generation parts. As a result, the system can safely learn
a new voice identity without losing its balance or breaking down during training.
This freezing strategy proves that we can separate text features from acoustic
features. Compared to other techniques, AdaptVITS is much simpler and more effi-
cient. Adapter-based setups usually add extra bottleneck layers or rely on external
processing pipelines, which can slow down real-world generation speed. Massive
pre-trained models require huge computing clusters and can suffer from random
timing and word errors. In contrast, AdaptVITS keeps the original VITS structure
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completely unchanged. Because our selective training happens only behind the
scenes during the backward pass, the final file size and processing speed remain
exactly the same, adding no extra overhead during deployment.

The evaluation metrics and visual maps confirm that these improvements are
highly consistent across different target speakers. Although we did not run ex-
periments on different accents or smaller data subsets, the extremely low variation
across our tests suggests the approach will remain stable there as well. Our t-
SNE embedding maps visually confirm this consistency, showing that independent
training runs group tightly together for each unique speaker. However, freezing
the encoders creates a clear limit for accents. The model’s voice capacity is strictly
bounded by the diversity of its pre-trained base checkpoint. If a target speaker has
a rare accent or a unique sound that is completely missing from the base model,
the frozen layers cannot adjust to handle it, forcing the system to rely on its original
phonetic map.

When pushing this framework into extreme scenarios—such as moving below
our 5-hour boundary down to just minutes of audio—performance will drop. In
these sparse environments, the active decoder will not receive enough training
updates to cleanly separate the speaker’s authentic voice from background noise.
This can cause the cloned voice to sound blurry or muddy, meaning the model will
struggle to pull away from the average sound of the multi-speaker base checkpoint.

Finally, lowering the data and hardware barriers for voice cloning brings up im-
portant ethical considerations. By showing that a lightweight approach can achieve
high-quality voice cloning using only 5 hours of data on standard home GPUs, this
work highlights how accessible voice replication is becoming. This accessibility
carries a dual-use risk, as it lowers the technical barrier for creating fake audio,
identity theft, and unapproved voice cloning. Conversely, the high stability and
low data needs of this framework offer major benefits for digital accessibility. It
provides a practical path for personalized assistive tools for individuals experienc-
ing speech loss, or for affordable speech therapy tools. Because of these competing
impacts, the progress of efficient voice cloning must happen alongside the develop-
ment of reliable audio safety tools, like active deepfake detectors and digital voice
watermarks.



Chapter 5

Conclusion

This thesis introduced AdaptVITS, a simpler approach for voice cloning. The
framework demonstrates comparable performance to the high speech quality of
full fine-tuning. By freezing the pre-trained text and posterior encoders, the sys-
tem supports the preservation of highly stable internal language tracking and text
alignments. Meanwhile, the downstream decoder, conditional normalizing flow,
stochastic duration predictor, discriminator and speaker embedding modules re-
main active and trainable. This lets the remaining 82.50% of the model’s parameters
focus entirely on capturing the speaker’s unique vocal traits while mitigating opti-
mization instabilities.

Real-world tests indicate that this framework works reliably across independent
training runs. The model achieved a competitive score of 3.87 MOS, 8.59% CER,
15.65% WER, and 0.5188 SECS. In addition, visual t-SNE charts suggest that the
model stays highly stable across different runs and exhibits high robustness against
random data selection bias.

A systematic ablation study showed exactly how the internal components work
under the hood. Freezing the decoder, normalizing flow, or duration predictor
directly hurt the voice similarity and timing traits. Most importantly, the study
demonstrated that updating the adversarial discriminator block is critical to pre-
venting optimization failure. Locking its weights breaks the balance of the interac-
tive GAN-style training in VITS, leading to immediate training collapse.

Despite these good results, the framework still has a few limitations. First, it
does not reduce the overall training time required for model adaptation, as the
computational footprint during the forward pass remains unchanged. Second,
early attempts to shrink the model using standard knowledge distillation were
unsuccessful. Because of this, the model can currently only be deployed on high-
end GPUs. To solve these issues, a promising direction for future research is to
build a specialized knowledge distillation setup. Here, a fully fine-tuned VITS
model would act as a teacher, and our parameter-saved AdaptVITS model would
serve as the student. Success in this area would reduce the training time and

50
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allow a distilled variant of the model to run on resource-constrained hardware
configurations, such as edge devices or standard CPUs. Finally, future work will
explore data augmentation techniques such as adding controlled noise, shifting
pitch, or changing speed to improve stability when target speaker data is extremely
scarce.

In conclusion, AdaptVITS demonstrates that high-quality voice cloning is achie-
vable with highly limited target data without altering the model architecture, mak-
ing it a practical, resource-efficient tool that minimizes redundant parameter train-
ing.
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