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Abstract. Voice cloning technology has made significant strides in recent years, with applications ranging from 

personalized virtual assistants to sophisticated entertainment systems. This study compares nine voice cloning 

models, focusing on both zero-shot and fine-tuned approaches. Zero-shot voice cloning models have gained 

attention for their ability to generate high-quality synthetic voices without requiring extensive training data for 

each new voice and for their capability to perform real-time inference online. In contrast, non-zero- shot models 

typically require additional data but can offer improved fidelity in voice reproduction. The study comprises two 

key experiments. The first experiment evaluates the performance of zero-shot voice cloning models, analyzing 

their ability to reproduce target voices without prior exposure accurately. The second experiment involves fine-

tuning the models on target speakers to assess improvements in voice quality and adaptability. The models are 

evaluated based on key metrics assessing voice quality, speaker identity preservation, and subjective and 

objective performance measures. The findings indicate that while zero-shot models offer greater flexibility and 

ease of deployment, fine-tuned models can deliver superior performance. 
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Аннотация. Технология клонирования голоса сделала значительные шаги вперед в последние годы, с 

применением от персонализированных виртуальных ассистентов до сложных развлекательных систем. 

В данном исследовании проводится сравнение девяти моделей клонирования голоса, сосредотачиваясь 

на подходах нулевого и тонкой настройки. Модели клонирования голоса с нулевым обучением 

привлекают внимание своей способностью генерировать высококачественные синтетические голоса 

без необходимости в больших объемах обучающих данных для каждого нового голоса, а также 

возможностью осуществлять онлайн выводы в режиме реального времени. В отличие от них, модели, 

не относящиеся к нулевому обучению, обычно требуют дополнительных данных, но могут обеспечить 

улучшенную точность воспроизведения голоса. Исследование включает два ключевых эксперимента. 

Первый эксперимент оценивает эффективность моделей клонирования голоса с нулевым обучением, 

анализируя их способность точно воспроизводить целевые голоса без предварительного ознакомления. 

Второй эксперимент включает тонкую настройку моделей на целевых спикеров для оценки улучшений 

в качестве голоса и адаптивности. Модели оцениваются на основе ключевых показателей, 

оценивающих качество голоса, сохранение идентичности спикера, а также субъективные и 

объективные показатели производительности. Результаты показывают, что, хотя модели с нулевым 

обучением предлагают большую гибкость и простоту использования, модели с тонкой настройкой 

могут обеспечить более высокую производительность. 

Ключевые слова: клонирование голоса; клонирование с нулевым обучением; тонкая настройка; синтез 

речи; адаптация говорящего. 
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1. Introduction 

Voice cloning technology has advanced rapidly, enabling the creation of synthetic voices that closely 

mimic human speech. This technology has significant applications in personalized virtual assistants, 

entertainment, and communication. The core challenge in voice cloning is to produce synthetic 

voices that are indistinguishable from human voices while preserving the unique characteristics of 

the target speaker. 

Two primary methodologies have emerged in voice cloning: zero-shot cloning and fine-tuning. 

Zero-shot models, such as XTTS 2 [1], StyleTTS [2], YourTTS [3], OpenVoice [4], VoiceCraft [5], 

Vall-E-X [6], and Natural Speech 3 [7], can generate voices without extensive speaker-specific 

training data, offering flexibility and scalability. However, maintaining voice quality and identity 

without prior exposure to the target speaker remains challenging. Fine-tuning models, including 

VITS [8] and RVC [9], improve voice fidelity by adapting pre-trained models with additional data 

from the target speaker, although they require more data and computational resources. 

This study focuses on models that excel in flexibility, scalability, and efficiency in zero-shot and 

few-shot scenarios. Older models like WaveNet [10], Deep Voice [11], SV2TTS [12], TortoiseTTS 

[13], Tacotron [14], and Glow-TTS [15] are excluded due to their high computational demands, 

extensive data requirements, and complexity. 
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This paper evaluates nine voice cloning models through two key experiments. The first experiment 

tests the zero-shot capabilities of the models, assessing their performance in replicating voices 

without prior exposure. The second experiment involves fine-tuning the models on target speakers 

to evaluate enhancements in voice quality and adaptability. Evaluation metrics include speaker 

embedding cosine similarity (SECS [16]) for identity preservation, Mel cepstral distortion (MCD1 

[17]) for spectral similarity, F0 mean absolute error (F0 MAE [17]) for pitch accuracy, F0 Pearson 

correlation coefficient (F0-PCC [18]) for pitch contour correlation, and universal target mean 

opinion score (UTMOS22 [1]) for subjective quality. 

The paper is organized as follows: Section 2 provides a detailed description of each voice cloning 

model. Section 3 outlines the experimental setup and presents the experiments and results. Only 

original manuscripts that have not been previously published nor in other editions, neither in the 

Internet, are accepted for publication in Proceedings of ISP RAS. The authors of the articles can be 

ISP RAS staff or representatives of other organizations. Only manuscripts in Russian or English are 

allowed to be published. As a rule, the volume of published articles should not be less than 8-9 

pages, and shouldn’t exceed 20 pages. 

2. Overview of Voice Cloning Models 

In recent years, various voice cloning models have emerged, each offering unique approaches and 

capabilities. This section provides an overview of the voice cloning models discussed in the 

introduction, highlighting their key features and processes. 

Variational Inference Text-to-Speech (VITS): The VITS model is designed to generate speech 

directly from text. It incorporates a stochastic duration predictor to capture natural speech rhythms, 

enabling the production of authentic and fluid voice waveforms. This end-to-end approach supports 

high-quality voice cloning by accurately translating text into speech with precise timing and natural 

intonation. However, VITS is not a zero-shot model and requires training on target voices 

beforehand. 

Retrieval-based Voice Conversion (RVC): The RVC model is a system for converting one 

speaker's voice into another's. It leverages a retrieval-based approach to map and synthesize voice 

characteristics from a database of target voices. This method enables high-quality voice 

transformation by accurately capturing and replicating speaker-specific traits. Unlike zero-shot 

models, RVC needs to be trained on a set of target voices to effectively perform voice conversion. 

OpenVoice: OpenVoice uses simply a short audio clip from the reference speaker to generate speech 

in multiple languages. It provides flexible control over voice styles and enables zero-shot cross-

lingual cloning, though it requires a TTS model trained for the target language. 

StyleTTS 2: StyleTTS 2 generates high-quality, natural-sounding speech using style diffusion 

techniques. It models voice styles as latent variables, enabling it to clone voices with no need for 

specific reference recordings. By leveraging large pre-trained speech language models and 

innovative training methods, StyleTTS 2 excels in producing expressive and accurate voice clones, 

including effective zero-shot speaker adaptation. 

VoiceCraft: VoiceCraft excels in speech editing and zero-shot text-to-speech generating. It uses a 

Transformer decoder and an innovative token rearrangement method to generate high-quality, 

natural-sounding speech by efficiently reconstructing and infilling speech tokens. It analyzes and 

replicates the vocal characteristics of a target speaker, capturing emotional tone and subtle vocal 

nuances to produce realistic and engaging speech. 

YourTTS: YourTTS builds on the VITS model, excelling in zero-shot voice cloning and multi- 

speaker text-to-speech with minimal data. It performs well across various languages and can adapt 

                                                           
1 https://pypi.org/project/pymcd/ 
2 https://github.com/sarulab-speech/UTMOSv2 
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to new voices with less than one minute of audio. However, it may occasionally face issues with 

speech duration and mispronunciations. 

VALL-E-X: VALL-E X is a cross-lingual neural codec model that excels in zero-shot text-to- 

speech and speech-to-speech translation. It generates high-quality speech in a target language from 

a single utterance in a source language, preserving the speaker’s voice and emotion. The model 

avoids the need for paired cross-lingual data and effectively addresses foreign accent issues, making 

it suitable for diverse multilingual applications. 

XTTS-2: XTTS 2 is a multilingual zero-shot text-to-speech (TTS) model trained in 16 languages. 

Building on the Tortoise model, XTTS 2 enhances voice cloning, speed, and multilingual 

capabilities. It achieves high-quality results in prosody and style mimicking, including whispering, 

with minimal fine-tuning data. XTTS 2 is notably faster than previous models like VALL-E. 

Natural Speech 3: NaturalSpeech 3 generates high-quality, natural-sounding speech by separating 

and controlling speech attributes like content, prosody, and timbre. Its novel factorized diffusion 

approach allows for detailed and accurate speech synthesis, achieving superior performance and 

human-level quality on diverse datasets. 

WaveNet: WaveNet generates raw audio waveforms using an autoregressive model, achieving high 

naturalness. However, it requires substantial computational resources and has slow inference times. 

Deep Voice: Deep Voice uses a modular pipeline to produce human-like speech but requires 

extensive speaker-specific training data. Modern models overcome this limitation by utilizing less 

data, enabling more flexible and scalable voice cloning. 

SV2TTS: SV2TTS employs a three-stage pipeline for voice cloning but struggles with voice quality 

and identity preservation without extensive fine-tuning. 

Tortoise TTS: Tortoise TTS excels in expressive speech synthesis but demands significant 

computational resources and data for adaptation. Its complexity and inefficiency make it impractical 

for zero-shot applications requiring minimal data. 

Tacotron: Tacotron generates speech from text with high naturalness but relies on the Griffin-Lim 

[19] algorithm, which can introduce artifacts. It requires substantial training data, limiting its 

effectiveness in zero-shot learning scenarios that require rapid adaptation. 

Glow-TTS: Glow-TTS offers efficient parallel synthesis but lacks built-in support for speaker 

adaptation, necessitating additional modifications and data. Its focus on general TTS tasks rather 

than speaker-specific scenarios reduces its suitability for robust zero-shot application. 

Table 1 provides an overview of the voice cloning models discussed, highlighting their zero-shot 

capabilities and the number of parameters. 

3. Experimental setup and results 

The experiments aim to evaluate the performance of nine voice cloning models – XTTS 2, 

StyleTTS 2, YourTTS, VITS, OpenVoice, RVC, VoiceCraft, Vall-E-X, and Natural Speech 3 – 

using both zero-shot and fine-tuning approaches. The goal is to assess each model's ability to 

reproduce target voices with high quality and fidelity. 

3.1 Experimental Setup 

The experiments utilize the VCTK corpus [20], which includes speech data from 109 English 

speakers with various accents. The experiment is structured as follows: 

 Zero-Shot Experiment: We select 30 speakers from the VCTK dataset, using 5 audio 

samples per speaker, each ranging in duration from 7 to 10 seconds. Models requiring text 

input are evaluated with additional sentences from the remaining speakers of the same 

dataset, consisting of 6-15 words on average. Audio-to-audio models are tested using audio 

samples instead sentences from the same speakers’ set, containing audios in the range of 5– 

10 seconds. 
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 Fine-Tuning Experiment: Each model is fine-tuned on the same 30 speakers using 10 

minutes of audio per speaker (excluding test samples). The fine-tuning process involves 

training for 100 epochs on a single NVIDIA RTX 3060 12GB GPU. After fine-tuning, the 

models are tested on the same data from the zero-shot experiment. 

Table 1. Comparison of Voice Cloning Models with Zero-Shot Capability and Parameters. 

Model Zero-shot 
Fine- 
tune 

ability 
Params 

Text Ref 
+ Audio 

Ref 

Promt + 
Text Ref 
+ Audio 

Ref 

Audio 
Orig + 

Audio Ref 

Audio 
Ref + 

Speaker 
ID 

XTTS 2   518M     

StyleTTS 2    218M     

YourTTS   94M     

VITS ✕  39M     

OpenVoice  ✕ 32M     

RVC ✕  27M     

VoiceCraft   830M     

Vall-E-X   300M     

Natural 
Speech 3  ✕ 1B     

3.2 Evaluation Metrics 

Models are evaluated using: 

 Speaker Embedding Cosine Similarity (SECS): Measures the retention of the speaker's 

identity. Values close to 1 are better, as they indicate a greater similarity of the speaker's 

identity. 

 Mel Cepstral Distortion (MCD): Assesses spectral similarity between synthesized and 

reference voices. Lower values are better, suggesting a closer match to the reference voice 

and thus better spectral quality. 

 F0 Mean Absolute Error (F0 MAE): Measures the accuracy of pitch reproduction. Lower 

values are better, as they indicate a more accurate pitch reproduction. 

 F0 Pearson Correlation Coefficient (F0-PCC): Assesses correlation between generated 

and reference pitch. Higher values are better, with a value of 1 indicating a perfect 

correlation, demonstrating that the model effectively captures and replicates the pitch 

dynamics of the original voice. 

 Universal Target Mean Opinion Score (UTMOS2): Evaluates subjective voice quality. 
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Values closer to 4 are better, indicating good voice quality and naturalness. 

3.3 Results 

In this section, we present the results of our two experiments: 

 Zero-Shot Voice Cloning: Table 2 shows the performance of 7 out of 9 models capable of 

zero-shot voice cloning. 

 Fine-Tuning: Table 3 details the results for 7 out of 9 models fine-tuned with 10 minutes 

of audio per speaker, comparing their performance to the zero-shot results (OpenVoice and 

Natural Speech 3 do not have available implementations for fine-tuning). 

We analyze the results for male (M) and female (F) voices separately, as presented in the tables. In 

the zero-shot experiments, the SECS scores indicate that most models effectively preserve speaker 

identity, with scores ranging from 0.75 to 0.78 for male voices and 0.72 to 0.8 for female voices. 

Natural Speech 3 and XTTS 2 perform particularly well in this regard. However, spectral fidelity, 

as measured by MCD (Mel Cepstral Distortion), shows significant disparities. Natural Speech 3 

achieves the lowest MCD (9.7 dB for males), indicating better spectral accuracy, while VoiceCraft 

exhibits much higher distortion, with MCD values reaching 24 dB for males and 23.7 dB for females. 

Female voices generally suffer from higher MCD values across all models, indicating greater 

spectral distortion and less natural-sounding results compared to male voices. Pitch accuracy, 

reflected by F0, varies widely among the models. VoiceCraft shows the highest pitch at 196.4 Hz 

for males, indicating a significant difference of pitch, while Natural Speech 3 the lowest pitch at 

55.9 Hz. For female voices, F0 values also vary, with XTTS 2 producing the highest pitch at 113.8 

Hz and Natural Speech 3 the lowest at 72.5 Hz. The F0-PCC (F0 Pearson Correlation Coefficient) 

scores, which measure pitch contour accuracy, are moderate across the board, with values around 

0.3 to 0.4 for both genders. It suggests that while some pitch dynamics are captured, the models 

struggle with accurate pitch reproduction. UTMOS2 scores reflect these trends, with Natural Speech 

3, StyleTTS 2, and OpenVoice achieving the highest perceived quality for male voices (up to 3.6), 

while female voices generally score lower, reaching the highest result of 3.6 for StyleTTS 2. 

In the fine-tuning experiments, SECS scores remain high, showing continued voice resemblance. 

XTTS 2 and YourTTS maintain good scores, but there is no significant improvement over the zero- 

shot scenario. Fine-tuning does lead to notable improvements in MCD for some models, especially 

XTTS 2, which reduces MCD from 16.6 dB to 9.1 dB for males, indicating better spectral fidelity. 

However, not all models benefit equally; VoiceCraft’s MCD remains high, particularly for females, 

and Vall-E-X experiences a drastic increase in MCD for females, rising from 12.8 dB to 43.9 dB, 

indicating worsened spectral accuracy. Pitch accuracy shows mixed results post fine-tuning. XTTS 

2 improves pitch consistency, reducing F0 from 134.2 Hz to 87.7 Hz for males, aligning better with 

typical pitch ranges. However, Vall-E-X exhibits worsened F0 accuracy, particularly for females. 

F0-PCC values remain stable, indicating little improvement in pitch contour accuracy, and UTMOS2 

scores show minor gains, with XTTS 2 and YourTTS performing slightly better. 

When comparing models across both experiments, XTTS 2 shows significant improvements in 

spectral fidelity, with MCD reducing by 7.5 dB (from 16.6 dB to 9.1 dB for males), and in pitch 

accuracy, with F0 improving by 46.5 Hz (from 134.2 Hz to 87.7 Hz for males). YourTTS exhibits 

moderate gains, reducing MCD by 6.9 dB (from 17.3 dB to 10.4 dB for males) and showing slight 

improvements in UTMOS2 scores, increasing by 0.1 points for males (from 2.98 to 3.08). After fine-

tuning UTMOS2 decreased to 3.43 for males (down from 3.56) and 3.22 for females (down from 

3.58) for StyleTTS 2. VoiceCraft performs worse post fine-tuning, with MCD reducing by 7.7 dB 

for males (from 24 dB to 16.3 dB) but no significant improvements in F0 accuracy, which changes 

by only 0.3 Hz for males (from 196.4 Hz to 196.1 Hz). UTMOS2 scores for VoiceCraft increase by 

0.15 points for males (from 2.81 to 2.96), but there is still room for improvement. Vall- E-X 

experiences a drastic worsening in spectral fidelity for female voices, with MCD increasing by 31.1 

dB (from 12.8 dB to 43.9 dB), and F0 accuracy declining by 25.8 Hz (from 85.3 Hz to 59.5 Hz). 
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Table 2. Results of voice cloning for zero-shot models. 

Model SECS( ) MCD( ) F0( ) F0-PCC( ) UTMOS2( ) 

XTTS 2 
M: 0.78 
F: 0.77 

M: 16.6 db 
F: 21 db 

M: 134.2 Hz 
F: 113.8 Hz 

M: 0.4 
F: 0.4 

M: 3.07 
F: 2.76 

StyleTTS 2 
M: 0.75 
F: 0.75 

M: 10.7 db 
F: 12.9 db 

M: 91.4 Hz 
F: 92.2 Hz 

M: 0.34 
F: 0.3 

M: 3.56 
F: 3.58 

YourTTS 
M: 0.77 
F: 0.76 

M: 17.3 db 
F: 17.8 db 

M: 126.6 Hz 
F: 97.6 Hz 

M: 0.4 
F: 0.4 

M: 2.98 
F:2.56 

OpenVoice 
M: 0.75 
F: 0.72 

M: 19.1 db 
F: 15.4 db 

M: 111.2 Hz 
F: 110.3 Hz 

M: 0.4 
F: 0.3 

M: 3.51 
F: 3.23 

VoiceCraft 
M: 0.77 
F: 0.75 

M: 24 db 
F: 23.7 db 

M: 196.4 Hz 
F: 99.4 Hz 

M: 0.3 
F: 0.4 

M: 2.81 
F: 2.6 

Vall-E-X 
M: 0.75 
F: 0.76 

M: 16.2 db 
F: 12.8 db 

M: 84.8 Hz 
F: 85.3 Hz 

M: 0.3 
F: 0.3 

M: 3.06 
F: 2.89 

Natural 
Speech 3 

M: 0.78 
F: 0.8 

M: 9.7 db 
F: 9.4 db 

M: 55.9 Hz 
F: 72.5 Hz 

M: 0.3 
F: 0.3 

M: 3.58 
F: 3.41 

Table 3. Results of voice cloning for fine-tuned models. 

Model SECS( ) MCD( ) F0( ) F0-PCC( ) UTMOS2( ) 

XTTS 2 
M: 0.77 
F: 0.76 

M: 9.1 db 
F: 12.2 db 

M: 87.7 Hz 
F: 92.6 Hz 

M: 0.3 
F: 0.4 

M: 3.31 
F: 2.87 

StyleTTS 2 
M: 0.67 

F: 0.7 
M: 15.4 db 
F: 11.8 db 

M: 34.1 
F: 79.3 

M: 0.4 
F: 0.4 

M: 3.43 
F: 3.22 

YourTTS 
M: 0.77 
F: 0.74 

M: 10.4 db 
F: 14.1 db 

M: 88.1 Hz 
F: 95.4 Hz 

M: 0.3 
F: 0.5 

M: 3.08 
F: 2.88 

VITS 
M: 0.53 
F: 0.58 

M: 25.8 db 
F: 21.8 db 

M: 111.9 Hz 
F: 154.8 Hz 

M: 0.4 
F: 0.4 

M: 3.02 
F: 3.27 

VoiceCraft 
M: 0.76 
F: 0.73 

M: 16.3 db 
F: 13.5 db 

M: 76.8 Hz 
F: 101.4 Hz 

M: 0.3 
F: 0.4 

M: 2.96 
F: 2.7 

Vall-E-X 
M: 0.67 
F: 0.75 

M: 33.2 db 
F: 43.9 db 

M: 26.8 Hz 
F: 60 Hz 

M: 0.3 
F: 0.3 

M: 2.26 
F: 2.65 

RVC 
M: 0.72 
F: 0.71 

M: 9.9 db 
F: 10.7 db 

M: 58.9 Hz 
F: 114.2 Hz 

M: 0.3 
F: 0.3 

M: 2.87 
F: 2.68 
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4. Conclusion  

This study presents a comparison of nine voice cloning algorithms across zero-shot and fine-tuning 

scenarios. Zero-shot models demonstrate flexibility and satisfactory performance without the need 

for extensive data, making them highly suitable for rapid deployment. However, these models face 

challenges in maintaining spectral accuracy, as evidenced by elevated MCD values, particularly for 

female voices. 

Fine-tuning introduces significant improvements in spectral fidelity and pitch accuracy for some 

models, notably XTTS 2 and YourTTS. XTTS 2 shows a reduction in MCD and an improvement in 

F0 for males, while YourTTS reduces MCD and slightly improves UTMOS2 scores. However, the 

impact of fine-tuning is mixed for other models. For instance, StyleTTS 2 experiences a mixed effect 

on perceived quality with a UTMOS2 increase for males but a slight decrease for females. 

Meanwhile, VoiceCraft and Vall-E-X exhibit worsened spectral fidelity and pitch accuracy post 

fine-tuning, especially for female voices. 

Overall, fine-tuning successfully enhances certain aspects of voice cloning for specific models and 

presents opportunities for further refinement to extend these improvements to other models as well. 
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