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ABSTRACT
Speech synthesis systems, also known as Text-To-Speech (TTS)
systems, are increasingly frequent nowadays, with multiple ap-
plications such as voice assistants and screen readers for visually
impaired or blind people. These applications require strong real-
time capabilities to be usable in practice, which can be at the cost of
a reduced quality in the synthesized voices. Deep Learning models,
which have shown impressive results in the task of audio genera-
tion, are hardly ever used for everyday TTS because of their high
demand in computational resources. Training such models also
requires a large amount of good quality data, which is not available
for most languages. This paper explores the benefits of cross-lingual
transfer learning, both in terms of training time and amount of data
that is needed to obtain good quality models. Our contributions
are evaluated with respect to other TTS systems available for the
French language. The main observation is that good quality single-
speaker models can be trained within half a week on a single GPU,
with a limited number of good quality data, by combining transfer
learning with few-shot learning.
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1 INTRODUCTION
Speech synthesis, or Text-To-Speech (TTS), is a general Natural
Language Processing (NLP) task whose goal consists in converting
natural text to audio signals. The most common application of such
technology is the real-time, automated reading of texts, notably to
help visually impaired or blind people to use their electronic devices,
for instance to access their e-mails or messages. In this context, the
most important criterion is the capability of the audio generation
system to run in real-time. The high computational power that is
needed to apply Deep Learning (DL) models for TTS is the main
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reason why such models are not used in practice for everyday audio
synthesis. However, this real-time capability often results in poor
intonation, fluidity, and humanity (i.e., robotic aspect). But such
criteria tend to be critical if audio synthesis is used during extended
periods of time, such as for document listening. This may notably
explain why audio book applications are nowadays only based on
human speakers, and never on synthesized voices.

According to the discussion above, this paper first explores multi-
ple aspects of DL-based voice cloning in terms of training time and
real-time usability on laptop computers, rather than on powerful
dedicated servers. Our work is based on the Transfer Learning from
Speaker Verification to Text-To-Speech (SV2TTS) architecture [6],
because SV2TTS is widely available as free and open-source soft-
ware with powerful English pre-trained weights.We experimentally
show that cross-lingual transfer learning [17] can be used to effec-
tively train good quality models on a new language, in this case
French.

Our second contribution is related to few-shot learning. We
analyze how transfer learning can be used to quickly train a TTS
model for a single speaker with only a limited number of good
quality samples, given a multi-speaker TTS model trained with low-
quality or noisy data. Manymodern zero-shotmodels, such as VALL-
E [20], can clone voices with particularly good similarity and quality,
using a single 3-second sample of the voice to copy. However, such
models require a large amount of good quality audios, which is not
widely available for most languages, including French.

Finally, we introduce Deep Reader, a new audio-book mobile
application that uses Deep Learning models to read in real-time
any text document that is uploaded to the application. A client-
server infrastructure is still needed, as mobile devices may not be
powerful enough to locally run the TTS models. Nevertheless, our
application requires neither a dedicated, powerful server, nor a
cloud infrastructure, as it can be smoothly executed on laptops
with a regular Graphics Processing Unit (GPU) with at least 4GB of
VRAM. Altogether, this paper highlights promising new practical
approaches related to Deep Learning for speech synthesis, notably
to the benefit of visually impaired people.

2 RELATEDWORK
This section describes related work about the acceleration of train-
ing and inference of TTS models. It is important to notice that this
paper will only focus on the SV2TTS architecture, not on more re-
cent ones, such as VALL-E [20]. This choice is explained by the fact
that pre-trained English models for SV2TTS are available as open
data, together with their training time, which eases a comparative
evaluation. Nevertheless, the methodology adopted by our work
could be similarly investigated on other TTS architectures.
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2.1 Transfer Learning
Transfer learning [22] is a general method that is used in multiple
domains, and that consists in using the weights of a model trained
on a task 𝐴, as the initialization to train a new model on a new
task 𝐵 (this procedure is commonly referred to as fine-tuning).
Transfer learning has been widely applied to Computer Vision
(CV) and Natural Language Understanding (NLU) tasks, but less
to audio-based models. Indeed, the benchmarking of TTS models
is mostly done in English, which reduces the scientific interest
in the development of cross-lingual transfer learning. However,
the latter approach may have a huge interest to accelerate the
training of good TTS models in other languages, which is especially
important for languages with lower availability of data [17]. Our
work accordingly explores the training of a multi-speaker French
TTS architecture through cross-lingual transfer learning based on
an English pre-trained model. Then, the French model is fine-tuned
on few good-quality data from a single speaker. This technique is
known as few-shot learning.

2.2 SV2TTS for Speech Synthesis
Transfer Learning from Speaker Verification to Multi-speaker Text-
To-Speech Synthesis (SV2TTS) [6] is a Deep Learning architecture
that is based on three separate modules: (1) a Speaker Encoder that
maps one audio sample onto a 𝑑-dimensional vector (referred to
as the audio embedding), (2) a Synthesizer that combines the text
with the audio embedding, to generate the corresponding mel-
spectrogram (the mel-spectrogram is a non-linear, non-revertible
transformation of the regular frequency spectrogram), and (3) a
Vocoder that transforms the mel-spectrograms into an audio sample.

Figure 1 depicts the SV2TTS pipeline1. An important aspect is
that each of the three modules of the SV2TTS pipeline corresponds
to one DL model, and that these three models are trained sepa-
rately from each other. The three modules will now be successively
reviewed in more detail.

2.2.1 Speaker Encoder. The architecture of the Speaker Encoder
(SE) module used in the SV2TTS paper corresponds to a Long
Short-Term Memory (LSTM) network [3] with 3 hidden layers that
is trained to discriminate the audio samples from different speak-
ers [19]. The general goal of the Speaker Encoder is to generate
embeddings from given audio samples, so that all the embeddings
of one speaker are close to each other in this vector space, while the
embeddings from different speakers are distant from each other.

More precisely, the Speaker Encoder network is trained to mini-
mize the Generalized-End-to-End (GE2E) loss function [19]. The
GE2E loss function was initially designed to speed up and improve
the performance metrics when training Deep Learning models for
the task of Speaker Verification [2]. The general principle behind
GE2E is to encode 𝑁 audios from 𝑀 different speakers at once
(i.e., the training batch size is𝑀 × 𝑁 ), then to compute the average
embedding for each speaker (named the speaker centroid), and fi-
nally to reduce the distance between each audio embedding and

1Note that the standard SV2TTS architecture does not imply any fine-tuning from a
pre-trained model: The “transfer learning” term that is part of the name of SV2TTS
instead refers to a transfer from the Speaker Encoder to the Synthesizer, which enables
the multi-speaker feature.

its corresponding speaker centroid. This procedure is illustrated in
Figure 2.

2.2.2 Synthesizer. The Synthesizer used in the SV2TTS architec-
ture is based on the general Tacotron-2 architecture [14]. The
Tacotron-2 model is made of two components: (1) a text encoder,
that encodes the input embedded text using a 1-dimensional Con-
volutional Neural Network (1D-CNN) architecture coupled with
a Bidirectional LSTM, and (2) an auto-regressive decoder with an
attention mechanism, which produces the mel-spectrogram for the
input text.

The multi-speaker extension of Tacotron-2 concatenates the out-
put vectors of the text encoder (i.e., the output of the Bidirectional
LSTM layer) with the 𝑑-embedding vector of any audio sample of
the voice to be cloned, as encoded by the Speaker Encoder. Thanks
to this adaptation, the auto-regressive decoder has access to both
the text to read, and to the way the text should be read.

2.2.3 Vocorder. The SV2TTS Vocoder is Waveglow [12], a non-
auto-regressive architecture inspired by Glow [7] andWaveNet [18],
which is mainly composed of invertible 1-dimensional convolu-
tional layers. Waveglow has been trained to be a general Vocoder ,
meaning that its objective task is to maximize the probability of
the waveform, while not being specific to a single speaker. This
model can therefore be applied to convert any mel-spectrogram
to its corresponding audio sample, no matter the speaker or the
language.

2.3 Siamese Networks
Besides transfer learning and SV2TTS, our contributions also re-
sort to the concept of Siamese Networks. Indeed, the main goal
of the Speaker Encoder part is to create an embedding vector that
hopefully characterizes the speaker’s voice. To this end, SV2TTS
uses the GE2E-Loss function, which necessitates to have a batch
size that is as large as possible, because the loss is computed on
the similarity between all the inputs within each batch. However,
other methods do exist to compute such embeddings using less
computational power and less memory. In particular, the so-called
Siamese Network (or Twin Network) architecture [8] is made of a sin-
gle model that encodes two inputs independently, which produces
two 𝑑-dimensional embedding vectors, and then computes a dis-
tance metric between the produced embeddings. If the pair comes
from the same label (in the case of the Speaker Verification task,
from the same speaker), the distance is minimized, and maximized
otherwise.

3 METHODS
This section introduces the multiple refinements that have been
performed on the aforementioned Deep Learning architectures, to
speed up their training time and their associated performance. It
is important to notice that the Vocoder module of the architecture
has not been changed. Indeed, since the open, pre-trained imple-
mentation of Waveglow is a general Vocorder, it can be applied to
any mel-spectrogram without fine-tuning. Furthermore, general
Vocorder models tend to be very large, making them challenging
to train on regular computers.
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Figure 1: Overview of the SV2TTS architecture (reproduced from [6]).

Figure 2: Computation of the similarity between samples and its corresponding speaker centroid (reproduced from [19]).

3.1 Refining the Speaker Encoder
This section describes the adaptations that weremade to the Speaker
Encoder (SE) module from the original SV2TTS paper. The SE con-
verts the input audio into a hopefully meaningful representation
(the embedding), that will be subsequently used as the input for
the Synthesizer module. As explained in Section 2.2.1, the original
SE corresponds to the LSTM model with 3 hidden layers that was
originally introduced by Wan et al. in their paper about the GE2E
loss function [19].

3.1.1 Underlying Deep Learning Model. We propose to replace the
3-layers LSTM model with a simpler architecture that is based on
a 1-dimensional Convolutional Neural Network (1D-CNN). The
1D-CNN is used to downsample the input mel-spectrogram (of
variable length). The 1D-CNN is followed by a LSTM, then by a
L2-normalization (as illustrated in Figure 3). This downsampling by
the 1D-CNN has been introduced to limit the recursion steps that
were required by the LSTM layers of the original SV2TTS as much
as possible. Furthermore, thanks to the parallelization capabilities
of CNN networks, the training time is vastly improved compared
to the original 3-layers LSTM model.

3.1.2 Siamese Networks. The main difficulty in training Siamese
Networks is to correctly define the distance metric that is used to
compare the produced embeddings, and to choose the correct loss
function for distance minimization/maximization. To deal with this
challenge, we propose to add a 1-neuron Fully Connected layer
with a sigmoid activation function at the end of the network, that
takes as input the distance between the pair of embeddings, which
is illustrated in Figure 4. Classically, the distance metric would
either be the dot product or the cosine similarity, but our experi-
ments indicate that the Euclidian distance gives faster convergence
while preserving reliable results. This allows to rephrase the at-
traction/repulsion principle underpinning Siamese Networks as a

straightforward binary classification task with two possible out-
puts (same or different). This refinement allows to train the model
with the regular negative log-likelihood loss, and to directly have a
probability score between 0 and 1 for Speaker Verification, in the
place of a non-normalized distance or similarity score.

As this model compares pairs of inputs, it is common to have
vastly unbalanced data, because pairs of audio samples from dif-
ferent speakers are much more present than pairs from the same
speaker. In order to have a balanced training procedure, we propose
to randomly sample, at each step, 𝑁 audios from a given speaker,
and pair them with 𝑁 /2 audios from another speaker and with 𝑁 /2
audios from the same speaker, while preventing such pairs to hold
the same audio sample twice. This sampling procedure enforces a
balanced distribution of the two labels. Pre-loading some audios
allows a huge speed up in the training procedure by avoiding re-
dundant access to the filesystem, as multiple audios may be used
in multiple pairs.

3.1.3 GE2E Loss Data Generator. The original GE2E loss function
has not been changed in this work. Nevertheless, this loss function
can be used in multiple ways in practice. We propose to introduce
data augmentation in the generation pipeline, as a way to speed up
the training and to increase the robustness of the resulting model.

More precisely, the principle of GE2E is to have 𝑁 audios from𝑀

speakers at each batch, and to compute the similarity matrix using
the speakers’ centroids. The proposed strategy is to pre-sample, for
each speaker, 𝑁 audio files, which allows to have all the samples
for a given loop over the dataset. This simple preprocessing loop
can be repeated multiple times, allowing to have lots of pairs, and
a representative sampling for each speaker. An interesting conse-
quence is that this process creates data augmentation by design.
Indeed, the same audios are sampled multiple times across the sam-
pling loop (especially for speakers with fewer data), but appear
in multiple contexts (i.e., paired with many different samples or
speakers), which prevents overfitting and increases robustness. To
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Figure 3: 1D-CNN Encoder architecture used in both Siamese Network model and GE2E-based encoder.

Figure 4: Variant of the Siamese Network: The SimilarityLayer computes the distance metric (e.g. Euclidian), and is followed
by the 1-unit Fully Connected layer with sigmoid activation.

further exploit these benefits, data can be shuffled between each
epoch, so that the speakers’ samples do not change, but are paired
with different speakers at each epoch.

3.2 Refining the Synthesizer
This section discusses the adaptations that were brought to the
Tacotron-2 architecture corresponding to the Synthesizer module.
The model that is provided by NVIDIA on LJSpeech [4] served
as a pre-trained Tacotron-2 model. The same model architecture
and processing pipeline have been used to fully perform transfer
learning. This architecture is however inherently focused on a
single speaker. This raises the question of the effective training of
a multi-speaker model for the Synthesizer.

As explained in Section 2.2.2, the multi-speaker extension of
Tacotron-2 involves a concatenation between the output vectors
of the text encoder, with the voice embedding. Because of this con-
catenation, the shape of the inputs of the auto-regressive decoder
of Tacotron-2 module has changed. Consequently, the shape of the
weight matrices has also changed compared to the single-speaker
architecture, which prevents a direct transfer. To solve this issue,
we propose to introduce the new concept of partial transfer learning.
This procedure consists in transferring only the common parts of
the matrices of weights. Our experiments have shown that trans-
ferring the common part, and initializing the remaining weights to
zero, gives a much faster training with respect to simply skipping
the layers whose matrices of weights have a different shape.

4 RESULTS
The multiple refinements that were introduced in Section 3 are
now evaluated. In our experiments, both the Speaker Encoder and
the multi-speaker Synthesizer are trained on the Common Voice
French dataset [1], the VoxForge database [9], and the SIWIS French

Database [21]. The reference training time is 4 days on 4 GPU
for the Speaker Encoder model, and 150k steps with a batch size
of 144 across 4 GPU for the Synthesizer model [5]. The original
pre-trained Tacotron-2 English model comes from the NVIDIA
public repository [10]. The evaluation scripts, the audios and the
evaluation results have been published on GitHub2.

4.1 Training
Table 1 lists information about the training of the various modules
that are used in the SV2TTS architecture. The pre-training column
shows the pre-trained model used as initialization, meaning that
the two models with the English model are pure English-to-French
cross-lingual models, while the others are fine-tuned versions of
these cross-lingual models for French.

The two first models in Table 1 refer to the audio encoders used
in the SV2TTS models. Their embedding dimension is 256. The
Multi refers to a multi-speaker model using either the Siamese or
theGE2E-based encoders, Female refers to a model fine-tuned on the
SIWIS database, and Male refers to a model trained on the Kaggle
Single Speaker database [11]. The number after Male or Female
corresponds to the number of data used for training, which is used
to distinguish between the models in the following sections.

For the multi-speaker model using the GE2E-based SE (Multi
GE2E (1)), a first training round has been performed with only 37k
audios (around 800 speakers) for 75 epochs (37k steps lasting 28
hours). This first round aims to make the model learn the French
language. The second round of 15 epochs uses more than 260k
audios from 2000 speakers with at most 2500 samples per speaker.
The aim of the second round is to improve the cloning capabilities

2Link to the GitHub repository: https://github.com/Ananas120/nlp4disability-tts

https://github.com/Ananas120/nlp4disability-tts
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Models Pre-training Samples Epochs Batch size Training time GPU
GE2E encoder / 435712 25 256 4h 46min 3090 Ti
Siamese / 107520 50 323 8h 51min 3080 Max-Q
Multi Siamese English 74592 25 48 78h 52min 3090 Ti
Multi GE2E (1) English 36912 75 48 27h 56min 3090 Ti
Multi GE2E (2) Multi GE2E (1) 266544 15 48 59h 8min 3090 Ti
Male-100 Multi GE2E (2) 104 125 8 1h 28min 3090 Ti
Male-1000 Multi GE2E (2) 1008 50 16 2h 55min 3090 Ti
Female-24 Multi GE2E (2) 24 150 8 45min 3090 Ti
Female-250 Multi GE2E (2) 256 150 16 2h 8min 3090 Ti
Female-3000 Multi Siamese 2848 9 32 2h 21min 3080 Max-Q

Table 1: Information about the training of the French models.

of the model by increasing the number of speakers and accents,
and to avoid overfitting on over-represented speakers.

The two multi-speaker models have not been evaluated without
fine-tuning because of their high instability in the generation of
the mel-spectrograms. This is due to the poor audio quality of the
used datasets that feature background noise, bad recording con-
ditions, and long silences. Pre-processing using the noisereduce
library [13] and silence trimming techniques (by thresholding the
audio signal) was implemented to reduce the noise and the mo-
ments of silence as much as possible. However, this pre-processing
did not solve all the audio quality issues.

The exhaustive list of training hyperparameters is available on
GitHub. The number of epochs has been tuned to stop after con-
vergence for the encoders, to stop after a given amount of time for
the multi-speaker models, and experimentally tuned to give the
best quality results for the single-speaker models. The batch size
has been set to fully use the available GPU memory size, except
for the single-speaker fine-tuning, where experiments have shown
that reducing its size is needed for convergence when less data is
available.

4.2 (Comparative) Mean Opinion Score
The Mean Opinion Score (MOS) and Comparative Mean Opinion
Score (CMOS) are the classical metrics to evaluate the quality of
synthesized voices. They are both performed by human raters. The
MOS metric ranges from 0 to 5 with a step of 0.5. MOS evaluates
the overall quality of a single read sentence. On the other hand,
the CMOS metric ranges from -3 to 3 with a step of 0.5. CMOS
compares the relative quality of the read utterance to a reference
version (with the same sentence and speaker). A score of -3 means
that the reference is much better than the utterance to evaluate,
and a score of 3 means the opposite.

Table 2 lists the values of the MOS and CMOS metrics for the var-
ious models, after an evaluation by 7 French-speaking volunteers. In
this table, the reference is the Ground Truth (GT) mel-spectrogram
inverted by the Vocoder model (i.e., through the chain "human
audio → mel-spectrogram → Vocoder → audio"). The reason is
that the Vocoder has not been fine-tuned, which implies that if it
fails to correctly invert the mel-spectrogram of the original sample,
the synthesized mel-spectrogram will never reach a better audio
quality.

Model MOS CMOS
Male 3.96 (+/- 0.46) 2.13 (+/- 0.46)
Male (GT) 2.62 (+/- 0.49) 0
Male-100 1.83 (+/- 0.64) -1.03 (+/- 0.61)
Male-1000 2.04 (+/- 0.76) -0.65 (+/- 0.82)
Female 3.84 (+/- 0.31) 0.47 (+/- 0.44)
Female (GT) 3.59 (+/- 0.26) 0
Female-3000 3.07 (+/- 0.48) -0.64 (+/- 0.56)
Female-24 2.97 (+/- 0.53) -0.67 (+/- 0.61)

Table 2: Evaluation results for the MOS and CMOS metrics,
both in tabular and box-plot forms.

According to this table, the Vocoder is not able to correctly invert
the male voice (cf. the significant difference between the human and
GT scores), probably because of a deeper voice. Indeed, inverted
male voices tend to have a background noise, unlike female voices. A
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hypothesis to explain this observation is that the pre-trained version
of WaveGlow is not able to correctly invert the lower frequencies
that are more present in male voices. Nevertheless, the trained
synthesizers tend to have 1 point lower than the GT for both the
male and the female speakers. According to these metrics, the male
voice is around 3 points higher than the synthesized voices, and 1
point higher for the female voice. However, the MOS and CMOS
metrics do not tell whether a synthesized voice is pleasant or not,
nor whether it is usable in a real-world application or not.

4.3 Long-term Mean Opinion Score
The main drawback of the MOS/CMOS metrics is that voices are
evaluated on single sentences, not on longer texts or on the long-
term pleasantness to listen to the voice. This is however an impor-
tant criterion for document-reading usage of such technologies.

In this context, we propose to introduce the Long-term Mean
Opinion Score (LMOS), with the goal to evaluate and compare voices
on a single long text with a duration between 1 and 2 minutes of
audio. The goal is to evaluate neither the overall quality of the
voice, nor its similarity with the cloned voice (which is evaluated
by MOS/CMOS), but to assess whether a voice is pleasant or not,
and whether a user may listen to an entire document (like a book)
with this voice. We accordingly define LMOS as a qualitative metric
whose score ranges from 0 to 5 with a step of 0.5, and whose values
are defined in Table 3. The main difference with the MOS metric is
that a human voice may not have a good LMOS score if its rhythm
or prosody is unpleasant, while in MOS it is nearly impossible that
a model does better than its corresponding human voice based
on a single sentence. The main advantage of the LMOS metric
is that the evaluation criterion is well defined and can be used
to assess the usability of a voice in speech synthesis applications.
Furthermore, the long-term aspect allows one to ignore some sparse
errors in pronunciation or rhythm, which are much more damaging
to metrics defined on isolated sentences.

An excerpt from the French novel "20 000 lieues sous les mers"
by Jules Verne was used to make a LMOS-based comparison be-
tween the models trained in this paper, a human reader, and two
freely available online speech synthesis systems for French, namely
TTSFree [15] and TTSMP3 [16]4. 9 French-speaking volunteers
took part in the LMOS ranking5. The results of this evaluation are
reported in Table 4. These results indicate that, for long-term us-
age, models can be as pleasant to listen to than the human speaker.
However, this remains a subjective evaluation based on personal
appreciations. This subjective criterion is nevertheless the most
relevant, as far as document reading is concerned.

4.4 The DeepReader Real-World Application
This section aims to discuss some potential usages of TTS systems
based on Deep Learning, despite their relative slowness and higher
power requirements compared to regular speech synthesis systems.
To this end, a pilot application named DeepReader was developed.

4Both TTSFree and TTSMP3 are proprietary, closed-source systems. It is thus impossi-
ble to know what are the exact algorithms these two systems leverage. However, by
observing the generation time and the quality of generated audio, TTSFree is most
probably based on DL technologies, whereas TTSMP3 most probably uses regular
speech synthesis algorithms.
5Out of these 9 volunteers, 7 also evaluated MOS and CMOS.

Value Description
0 Badly read and not pleasant to listen to.
3 Well read but not pleasant to listen to.
4+ Not perfectly read but still pleasant to listen to.

I could listen to the whole document with this voice.
5 Perfectly read and very pleasant.

Table 3: Definition of the LMOS scale.

LMOS
Female-250 4.14 (+/- 0.69)
Human 4.06 (+/- 0.60)
TTSFree 3.71 (+/- 0.75)
Female-3000 3.56 (+/- 0.98)
TTSMP3 3.36 (+/- 1.09)
Female-24 3.28 (+/- 0.58)
Male-1000 2.56 (+/- 0.76)
Male-100 2.33 (+/- 1.00)

Table 4: Evaluation results for the LMOS metric, both in tab-
ular and box-plot forms.

This application is designed to read documents in real-time using
the TTS models detailed in the previous sections.

The TTS pipeline that uses the SV2TTS and WaveGlow models
are not usable for real-time speech synthesis on low-end devices, no-
tably on mobile devices. This is the reason why DeepReader adopts
a client-server software architecture. Nevertheless, the complete
inference pipeline can generate 3 seconds of audio in 1 second on
an RTX3090 Ti GPU. This aspect allows one to use SV2TTS models
in contexts where the real-time ability is not a strict requirement,
which is typically the case of audio books, for they are typically pre-
recorded. In the DeepReader system, audios are generated while
the user is listening to the earlier paragraph, which allows to listen
without any interruption.

DeepReader is therefore similar to regular audio book applica-
tions, except that it can read any kind of document (it only requires
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a proper processing function to extract the text), and does not re-
quire any human intervention, which allows to directly listen to
the document posted on the server. This may allow new potential
usages of Deep Learning models for Text-to-Speech, for anyone
who prefers to listen to a document instead of reading it. Some
examples include students with an auditory memory who prefer
to listen to their notes or course syllabi, illiterate people, as well
as people who want to learn a new language by listening to the
pronunciation of a native speaker.

5 DISCUSSION AND CONCLUSION
This paper shows that cross-lingual transfer learning allows a large
speed up in the training time for the SV2TTS architecture. Thanks
to the few-shot learning procedure, such models can produce near-
human quality audio within a week of training on single GPU, with
only a limited amount of good quality audio from a single speaker.
The important aspect is that this technique can be generalized to
any other language for which a large amount of poor quality data
and a limited amount of good quality data are available.

The Long-term Mean Opinion Score (LMOS) introduced in this
paper seems to be highly correlated with the MOS and CMOS
metrics, while evaluating the different speech synthesis systems
by taking the global quality of the generated audio over time into
consideration. Furthermore, this metric is faster to evaluate, as it
only requires listening to a single audio of 2 minutes. This contrasts
with MOS and CMOS that typically require listening to multiple
audios of 5 to 10 minutes, which is much more time consuming and
displeasing for the evaluators. The aim of LMOS is not to replace
MOS and CMOs, as the criteria differ, but to introduce new practical,
complementary evaluation criterion for speech synthesis systems.

In this work, we have only re-trained the Speaker Encoder and
the Synthesizer modules, because Vocoders tend nowadays to be-
come increasingly general (i.e., usable on any voice). However, as
shown with the male voice, it may still fail and introduce back-
ground noise, which degrades the overall quality and pleasantness
of the synthesized audios. Therefore, further work could tackle the
fine-tuning of such models, at the expense of longer training time
and increased computational power. Finally, it is worth noticing
that Deep Learning voice cloning technologies can also be helpful
to a general audience, beyond the specific case of visually impaired
people, for instance for the automated generation of podcasts or
audio books, for people with an auditory memory, for illiterate
people, or for people learning foreign languages.
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