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Abstract. In this work, we introduce a framework for cross-lingual
speech synthesis, which involves an upstream Voice Conversion (VC)
model and a downstream Text-To-Speech (TTS) model. The proposed
framework consists of 4 stages. In the first two stages, we use a VC
model to convert utterances in the target locale to the voice of the tar-
get speaker. In the third stage, the converted data is combined with the
linguistic features and durations from recordings in the target language,
which are then used to train a single-speaker acoustic model. Finally, the
last stage entails the training of a locale-independent vocoder. Our eval-
uations show that the proposed paradigm outperforms state-of-the-art
approaches which are based on training a large multilingual TTS model.
In addition, our experiments demonstrate the robustness of our approach
with different model architectures, languages, speakers and amounts of
data. Moreover, our solution is especially beneficial in low-resource set-
tings.

Keywords: neural text-to-speech · multilingual synthesis · voice con-
version · synthetic data · normalising flows

1 Introduction

Polyglot Text-To-Speech (TTS) systems, which rely on training data from mono-
lingual speakers in multiple language variants (from here on referred to as locale),
enable speakers in the training corpus to speak any language present in the same
training corpus [28,10,14,29]. Such State-Of-The-Art (SOTA) models are able to
achieve impressive results in cross-lingual synthesis scenarios, in terms of the
high-quality naturalness and accent generated in the synthesised audios. During
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training, the model learns to decorrelate the embedding spaces of speaker and
language conditionings, which enables inference-time-synthesis of {speaker, lan-
guage} pairs unseen during training. Such a training paradigm is the mainstream
methodology of building Polyglot TTS systems, which is referred to as Standard
Polyglot hereinafter. One major drawback of Standard Polyglot is that the model
needs to have significant capacity to be able to disentangle speaker and language
characteristics [29,4]. This means the deployment of such models on low-resource
devices is extremely challenging. Moreover, existing studies [29,19] have revealed
that this approach can be sensitive to data composition.

In this work, we address the issue of deploying large Polyglot models in
computationally-constrained settings, by proposing a framework based on a
high-capacity Voice Conversion (VC) model, working in conjunction with a low-
capacity, single-speaker, monolingual acoustic model. The key point of this solu-
tion is the decoupling of speaker-language disentanglement and TTS tasks, which
are realised in a single model with Standard Polyglot approaches. Specifically, we
shift the demanding task of speaker-language disentanglement to the upstream
VC model. In addition to its ability to deliver disentanglement, the robustness
of our VC model makes it much less sensitive to the composition of the training
corpus, thus easing the burden of scaling the framework to new speakers and
locales. Extensive evaluations show that, when compared to the SOTA Standard
Polyglot approach [14], our framework yields significantly better naturalness and
accent similarity and on par speaker similarity. Moreover, the robustness of our
framework is confirmed in experiments with varying model architecture, target
speaker, target locale, and dataset size. To sum up, the contributions of this
work are as follows:

1. We propose a new paradigm for cross-lingual TTS based on an upstream VC
model and a downstream monolingual TTS model

2. We demonstrate, through extensive evaluations, that it beats SOTA and is
robust with regard to data composition as well as architecture type and size

3. We demonstrate that the proposed approach is especially effective under
low-resource constraints, enabling the use of lightweight architectures

2 Related work

The idea of using synthetic data to support TTS tasks was explored before.
Some works rely on VC as a data augmentation technique, for improving signal
quality in low data regimes [21,5] or for style transfer tasks [2]. Most closely
related to our work, authors in [4] presented a system which uses synthetic data
for accent transfer tasks, but they have an upstream TTS model, while we ex-
plore VC techniques, and their downstream acoustic model and vocoder pair is
more heavy-weighted than ours, as their focus is solely on reliability. Other ap-
proaches present so-called Accent Conversion (AC) techniques on disentangling
speaker and accent [25,30], but they usually work in an in-lingual fashion (e.g.
by converting a British English speaker to sound like an American English one);
in contrast, this work focuses on more generic cross-lingual applications.
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The idea of relying on cross-lingual VC to enable Polyglot TTS has already
been investigated as well, but previous works [17,23] mainly present results on
legacy VC and TTS models, whereas we do so using modern, SOTA architec-
tures. Moreover, we rely on mel-spectrograms alone for both VC and TTS mod-
els, instead of using a diverse set of features, such as phonetic posteriorgrams
(PPG), as was done in [23,31]. Other approaches [3] position the VC model for
speaker identity conversion after the TTS model, which is not ideal for latency. In
addition, some works [23,31] specifically target bilingual scenarios with various
restrictions (e.g. in [23] the system is designed for one specific target speaker),
whereas our approach can be scaled to any target speaker-language combina-
tion. Solutions presented in [26] can also be scaled to any speaker-language pair,
but the main differences with our work are the following: (1) we show robust-
ness under varying assumptions, thus making our experimental validation more
comprehensive; (2) we specifically focus on computationally-constrained appli-
cations; (3) we show that our approach to vocoder training works well in a
locale-independent fashion, further highlighting the scalability of the proposed
solution.

3 Proposed approach

3.1 Framework

Supporting
speakers

data

Source 
speakers

data

Target
speakers

data

VC model Synthetic data
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to target speaker)

Acoustic model

Vocoder

Waveform (target
speaker in target
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Fig. 1: High-level diagram of the proposed framework, where → means training,
while 99K stands for inference.
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We propose a 4-stage approach for building a Polyglot TTS system (VC-based
Polyglot), with the goal of synthesising cross-lingual speech from a target speaker
in a target locale. In addition, we define source speakers as the speakers whose
native locale is the target locale; whereas the locales of supporting speakers are
not the target locale. Our approach consists of the following steps.

1. Train a many-to-many VC model, using training data from source, target
and supporting speakers.

2. Convert source speakers’ identities in the original audio files to that of the
target speaker, by using the trained VC model from 1, thus creating the
synthetic dataset.

3. Use the synthetic dataset from 2 to train a single-speaker, monolingual acous-
tic model, to produce speech with target speaker identity in the target locale.

4. Train a speaker-specific locale-independent vocoder using original data from
the target speaker.

When building the synthetic dataset in 2, we use original phoneme durations
(from source speakers) instead of re-running forced alignment, as the latter leads
to the acoustic model cutting off utterances and producing unnatural prosody.
Then, at inference time we discard the upstream VC model and chain the trained
acoustic model and vocoder, to output waveforms. Note that 2 and 3 can be
repeated for generating synthetic data in multiple target locales, without the
need to re-train the VC model. Figure 1 illustrates how different components
interact with each other at training and inference times.

Note that the framework configuration described above is not the only possi-
ble option. For example, in 3, we empirically find that adding supporting speakers
in VC model training does not improve (nor does it degrade) synthesis quality in
the target locale for downstream models. Also, in 4, early results show that using
source speakers alongside original data from the target speaker is only beneficial
for some target locales. Moreover, an alternative solution for 4 would be to train
the vocoder in a locale-specific fashion, by generating synthetic waveforms w
from synthetic mel-spectrograms m using a powerful universal vocoder (such as
the one from [7]), and training on (m,w) pairs. We adopt the locale-independent
procedure described in 4 because doing so renders more perceptually expressive
speech.

3.2 Model description

For our upstream VC model, we initially considered normalising flows [1,12] and
Variational Auto-Encoder (VAE) [8] based architectures. However, given that the
latter is particularly sensitive to the dimension of the auto-encoder bottleneck
[16], which clashes with our requirement for robustness, we decided to adopt the
flow-based VC approach. The main reason for selecting an upstream VC model
instead of a TTS one is that the former operates on speech-to-speech mappings,
which are easier to learn than the more ill-defined text-to-speech ones. This, in
turn, leads to more natural synthetic data than their TTS counterparts [1].
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Fig. 1: Overview of our VC approach using normalised flows (a) followed by phoneme conditioning component (b), Flow step (c) and
Coupling block (d). Green line denotes phoneme conditioning for text-conditioned VC models. Blue line denotes the phoneme-based prior
used for text-free VC models.

VC approach. Two variants of VC with this topology are investi-
gated: 1) text-conditioned VC, where text information is provided to
the model at both training-time and inference-time, 2) text-free VC,
where text information is only required at training-time.

2.1. Text-conditioned VC: fixed prior

Text-conditioned VC is most similar to the original Flow-TTS im-
plementation [11]. The model topology is shown in Figure 1, with
arrows arranged according to training-time. During training-time the
model ‘encodes’ input mel-spectrograms (x) into the latent vector z,
as shown in Equation 1:

z = f(x; phsource, spksource, f0source, vuvsource), (1)

where phsource denotes phoneme conditioning coming from the
phoneme encoder (the green arrow in Figure 1a, phsource = µphone

from Figure 1b for the source phoneme sequence), spksource is
a pre-trained utterance-level speaker embedding [21], f0source is
normalised interpolated log-f0 and vuvsource is a binary ‘voiced
or unvoiced’ flag denoting whether a frame is voiced or unvoiced.
Sentence-level mean normalisation is applied to interpolated f0 to
disentangle speaker identity (i.e., relating to the speaker’s average
f0) from sentence prosody, thus separating f0 conditioning from
speaker embedding conditioning. Providing this conditioning infor-
mation allows the network to learn to remove these factors from z in
order to better maximise the likelihood of the prior distribution (c)
during training:

logPX(x|c) = logPZ(z|c) + log

����det
@(f)�1(x)

@x

����, (2)
where:

c ⇠ N(µprior,�prior). (3)

For text-conditioned VC a uniform prior of µprior = 0,�prior =
1 is applied for all frames regardless of the speech content. To per-
form VC, source speech is encoded according to Equation 1, and
then converted to the target speaker using Equation 4:

xconverted = f�1(z; phsource, spktarget, f0source, vuvsource),
(4)

where ztarget denotes the speaker embedding of the target speaker.
This is similar to the conversion approach applied in [16].

In previous work on Flow-TTS and Glow-TTS, the phoneme
alignment is learnt during training using either attention [11] or
monotonic alignment search (MAS) [10]. However, here pre-trained

phoneme alignments are instead used to label the data, as was done
in [22] for attention-free TTS, simplifying the training process.
2.2. Text-free VC: context-dependent prior

This approach is more similar to that of Glow-TTS [10, 13]. The
model is shown in Figure 1, with the blue line in Figure 1a used
instead of the green line. Unlike the text-conditioned approach, text-
free VC does not pass information relating to the phonetic context
to the flow steps. Instead, a phoneme-dependent prior distribution
(c) is used in Equation 2 to train the speech encoder. As a result,
the model learns to represent phonetic context within z, meaning no
prior knowledge of the text being read is required to perform VC.
Therefore Equations 1 and 4 for this scenario become:

z = f(x; spksource, f0source, vuvsource), (5)

and
xconverted = f�1(z; spktarget, f0source, vuvsource). (6)

We explore two options to train the text-free VC approach: 1)
use a pre-trained phonetic prior, 2) jointly-train the prior alongside
the flow. Following informal listening, we observed that for both of
these approaches fixing �prior = 1 for the model prior, alongside
the predicted context-dependent µprior , lead to better convergence
of the model for VC.
2.2.1. Pre-trained phoneme prior
The contextual phoneme prior is pre-trained using an attention-free
TTS model. This is based on the model presented in [22] and is
shown in Figure 2. The only change to this topology from the
previously published work is that the phoneme encoder output was
adapted to be a variational encoder. Therefore, the vector output by
the phoneme encoder is of size 160 (80-dimensional mean vector
plus 80-dimensional log standard deviation vector). The training
schedule to apply a phoneme encoder KLD loss during training
matches that used to train the prosody encoder VAE (see [22] for
further details). For this investigation µphone from this pre-trained
model is used as the prior mean (µprior) to train the flow.
2.2.2. Jointly-trained phoneme prior
This method is closest to the Glow-TTS and SC-Glow-TTS ap-
proaches [10, 13]. Here, the flow-based speech encoder is trained
together with the phoneme encoder that determines the mean of
the prior (µprior). The structure of the phoneme encoder is shown
in Figure 1b (µprior = µphone). There is no additional loss that
constrains the phoneme encoder output in any way, instead relying
fully on Equation 2.

Fig. 2: The many-to-many non-parallel VC model used to generate synthetic
datasets. The green line denotes phoneme conditioning, while the blue line the
phoneme-based prior.

In particular, the VC model we rely on is the text-conditioned non-parallel
many-to-many VC model with fixed prior described in [1] and depicted in Fig-
ure 2. The VC model topology is based on Flow-TTS [13] and modified to ac-
cept F0 (interpolated and normalised at the utterance level) and V/UV (binary
voiced/unvoiced flag) conditionings. Phoneme embeddings are also enriched with
accent one-hot encodings, while speaker embeddings are extracted using a pre-
trained utterance-level encoder [24]. At training time the model learns to max-
imise the likelihood

logPX(x|c) = logPZ(z|c) + log

∣∣∣∣det
∂z

∂x

∣∣∣∣ (1)

of the prior distribution

c ∼ N(µp, σp), µp = 0, σp = 1 (2)

for all frames regardless of the speech content, where z is the encoded latent
vector and x is the input mel-spectrogram. As done in [1], we rely on pre-trained
phoneme alignments instead of using an attention mechanism.

As our main acoustic model we chose FastSpeech 2 (FS2) [18], which con-
sists of feed-forward transformer-based encoder with explicit duration, energy,
and F0 predictors. In order to reduce latency and model size, we remove the
self-attention mechanism in the decoder, thus making it fully-convolutional. To
validate the robustness of our acoustic model, we compare it with higher and
lower capacity models. The former is based on gated convolutions and recurrent
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units (ED) [20], while the latter is LightSpeech (LS) [11], a scaled-down version
of FS2 (in two variants, as described in Section 4.3).

With low-resource embedded devices in mind, we selected MultiBand Mel-
GAN [27], which is able to generate high quality speech with only 0.95 GFLOPS,
as the vocoder in our pipeline. To address audio artefacts typical to GAN-based
vocoders, we standardise input features in the range of [−1, 1]. Empirically, we
find this solution equivalent to, but more suitable than, commonly used fine-
tuning techniques [22,9]. The practical reason for this is that no ground-truth
waveforms corresponding to synthetic mel-spectrograms are available.

4 Experiments

4.1 Evaluation setup

For evaluations, we use MUltiple Stimuli with Hidden Reference and Anchor
(MUSHRA) [6] tests with a scale of 0 to 100, through crowd-sourcing platforms,
to perceptually assess naturalness, speaker similarity and accent similarity of our
syntheses, as done in [29,19]. We opted for MUSHRA tests, rather than more
popular Mean Opinion Score (MOS) tests, due to the highly comparative nature
of our work. In general, a MUSHRA test explicitly provides the listener with the
same utterance synthesised with all of the systems to be compared, anchored by
the upper and lower references. This form of testing therefore allows the listener
to make direct comparisons when making their judgements, thus resulting in
meaningful rank amongst systems.

For each evaluation, we use a test set of 200 utterances, unseen during train-
ing. Each of the 60 listeners evaluate a random set of 50 utterances for each
evaluation. When evaluating speaker similarity, testers are given a reference sys-
tem, which consists of target speaker ’s recordings. Hence, the upper anchor is
always equal to 100. Recordings from source speakers are instead used as the
lower anchor. When evaluating naturalness and accent similarity, source speak-
ers’ recordings are used as the upper anchor, while the lower anchor is a system
based on phoneme-mapping, whereby an input from the target locale is trans-
lated into the locale of the target speaker using hard-coded rules for mapping
phones between locales (based on linguistic proximity). The phoneme-mapped
input is then fed into a Tacotron 2 [22] model trained on the target speaker ’s
data.

To ensure the integrity of our evaluation results, we apply filtering methods
to exclude potential cheaters, i.e., we remove submissions from listeners who
scored all systems at extreme or default values for more than 5 times. Moreover,
to check the statistical significance of our test results, we use a pairwise two-
sided Wilcoxon signed-rank test corrected for multiple comparisons with the
Holm-Bonferroni method, as done in [20].

Results in Tables 1 - 5 are reported in terms of average MUSHRA scores1,
along with the Closing The Gap (CTG) percentage, which summarises the im-
1 We use boldface for the highest score per aspect if the gap between baseline and

proposed system is statistically significant.
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provement of the VC-based Polyglot approach with respect to (w.r.t.) Standard
Polyglot. In particular, CTG is calculated by

CTG =
nv − ns

ns
× 100,where

ni = 100−
(
i− l

u− l
× 100

)
, i ∈ {s, v},

with s and v representing the mean MUSHRA score for the Standard and VC-
based approaches, respectively, and l and u corresponding to lower and upper
anchors. All CTG percentages and Difference in CTG (DCTG) scores presented
are for p ≤ 0.05, unless otherwise specified by n.s..

4.2 Data composition

Our default training dataset D1 consists of 124 speakers in 7 locales2 (fr-CA,
en-GB, es-MX, en-US, es-US, fr-FR and de-DE). This dataset totals to roughly
720 hours of studio-quality recordings with 24 kHz sampling rate. We extract
80-dimensional mel-spectrograms with frame length of 50ms and frame shift of
12.5ms, which is then used to train the VC model and the Standard Polyglot
acoustic model. For the experiment on varying dataset size, we also test the
proposed approach on a smaller dataset D2 ⊂ D1, which consists of data from
a subset of speakers in fr-CA, es-MX and en-GB and totals to 150 hours.

4.3 Experiment designs and results

In this section, we describe the design and results of all experiments we run. Note
that in all our evaluations, we compare our VC-based Polyglot approach (VC-
based) to the Standard Polyglot approach (Standard) described in Section 1. In
particular, Table 1 shows the evaluation results using different acoustic model
architectures. Then, we further demonstrate the effectiveness of the VC-based
approach by changing the en-US target speaker S1 to en-GB speaker S2 in Table
2, changing the target locale to fr-CA in Table 3, and changing the dataset to
D2 in Table 4. Finally, Table 5 shows that the VC-based approach renders even
more superior performance when downsized. As for the training setup, we use
the same hyper-parameters as described in [18,11,20]. Note that for the VC-based
Polyglot approach, we train one single-speaker monolingual acoustic model for
each target locale.

The goal of Experiment 1 (Table 1) is to assess the quality of the VC-based
approach against the Standard baseline. To this end, we rely on dataset D1,
target speaker S1, target locale es-MX and FS2 as model architecture. Table 1
shows the superior performance of our proposed approach in all of the evaluated
aspects for the FS2 architecture. Replicating the same experiment with ED as
acoustic model results in the same conclusions, except for the on-par performance
in speaker similarity (more discussions on this in Section 4.4).
2 We use the ISO 639-1 nomenclature to denote locales.
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Table 1: MUSHRA and CTG scores for models evaluated in Experiment 1, for
dataset D1, speaker S1 and locale es-MX.

Model Approach Naturalness↑ Speaker
similarity↑

Accent
similarity↑

Upper 82.60 100.00 82.25

FS2

VC-based 69.60 66.38 71.06
Standard 64.08 64.82 66.26

CTG 29.8% 4.4% 30.0%

ED

VC-based 70.21 67.86 70.49
Standard 65.24 68.05 66.27

CTG 28.6% −0.6%n.s. 26.4%

Lower 42.62 22.37 20.70

In Experiment 2 (Table 2), we focus on evaluating the robustness of the
approach when changing the target speakers (S1 to S2). Table 2 shows that
when we switch to target speaker S2, the VC-based approach is still better than
the Standard one in all aspects other than speaker similarity.

Table 2: MUSHRA and CTG scores for models evaluated in Experiment 2, for
dataset D1, speaker S2 and locale es-MX.

System Naturalness↑ Speaker
similarity↑

Accent
similarity↑

Upper 80.24 100.00 82.48

VC-based 70.34 67.60 71.85
Standard 69.86 68.69 70.54

CTG 4.5% −3.5%n.s. 10.9%

Lower 34.47 28.37 19.64
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With results from Experiment 3 (Table 3), we show the robustness of our
approach when the target locale changes. In particular, Table 3 reveals that the
VC-based approach is still better across all aspects, when changing the target
locale to fr-CA.

Table 3: MUSHRA and CTG scores for models evaluated in Experiment 3, for
dataset D1, speaker S1 and locale fr-CA

System Naturalness↑ Speaker
similarity↑

Accent
similarity↑

Upper 75.76 100.00 76.52

VC-based 74.11 70.69 70.99
Standard 73.67 67.00 67.60

CTG 24.6% 11.2% 38%

Lower 54.89 50.11 63.71

Furthermore, in Table 4 we show the robustness of the proposed approach
when scaling down the size of the dataset. For this purpose, we repeat the ex-
periment but switch to a smaller dataset D2. As can be seen in Table 4, the
proposed approach is preferred across the board.

Table 4: MUSHRA and CTG scores for models evaluated in Experiment 4, for
dataset D2, speaker S1 and locale fr-CA.

System Naturalness↑ Speaker
similarity↑

Accent
similarity↑

Upper 78.64 100.00 80.27

VC-based 71.07 72.43 75.84
Standard 66.66 68.57 73.97

CTG 36.8% 12.3% 29.9%

Lower 61.55 44.80 44.30

Finally, to demonstrate the effectiveness of our proposed approach when scal-
ing down model capacity, in Experiment 5 we repeat the previous experiments
(with both es-MX and fr-CA as target locales), but use a “slimmed down" ver-
sion of FS2 [18], i.e. LS [11]. To further test it in a more extreme scenario,
we again downsize LS, thus producing LS-S, by reducing the size of all hid-
den layers from 256 to 192 and removing one convolutional layer from both
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the encoder and the decoder. Table 5 reports the results in terms of the Dif-
ference in CTG (DCTG), which indicates how much more we close the gap
with the smaller models w.r.t. the bigger ones. The DCTG score is computed as
DCTG(CTGs, CTGb) = CTGs −CTGb percentage points (p.p.), where CTGs

is the CTG score for smaller models and CTGb is the one for bigger models. Each
cell of the table indicates the CTG score for a specific model in the target locale,
representing the improvements gained from using the proposed approach. Over-
all, we can see that the VC-based approach outperforms the Standard baseline
by a wider margin when lightweight architectures are employed.

Table 5: (D)CTG scores in Experiment 5 for 4 MUSHRA tests, dataset D1,
speaker S1 and locales es-MX and fr-CA.

Locale Model Naturalness↑ Speaker
similarity↑

Accent
similarity↑

es-MX

FS2 32.87% −2.71% 25.42%
LS 42.27% −1.91% 41.24%

DCTG 9.40 p.p. 0.80 p.p.n.s. 15.82 p.p.

fr-CA

FS2 28.89% 4.37% 16.42%
LS 28.23% 4.98% 45.19%

DCTG −0.66 p.p. 0.61 p.p. 28.77 p.p.

es-MX

FS2 27.55% −0.98% 30.90%
LS-S 38.33% −0.23% 35.08%

DCTG 10.78 p.p. 0.75 p.p.n.s. 4.18 p.p.

fr-CA

FS2 30.49% −0.44% 25.97%
LS-S 39.49% −0.64% 35.54%

DCTG 9.00 p.p. −0.20 p.p.n.s. 9.57 p.p.

4.4 Discussion

As presented in Section 4.3, the proposed solution is preferred overall, while the
only aspect where there is a non-statistically significant gap between VC-based
Polyglot and Standard Polyglot (where the latter got more votes) is speaker sim-
ilarity. We attribute this to the choice of the upstream VC model. In particular,
although flow-based models are not widely-known to suffer from the speaker-
accent trade-off, where speaker similarity degrades as accent similarity improves
(and vice-versa), we believe that more powerful density-based models, such as
those based on diffusion [15], have the potential of closing this gap in terms of
speaker similarity.
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We also hypothesise that the increase in naturalness scores can be attributed
to the fact that in the VC-based Polyglot models the generated prosody follows
that of the source speaker(s). In particular, many prosodic features are language-
specific and inheriting them from source speakers (i.e. native speakers of the
target language) shows to be beneficial. Future work will focus on assessing the
impact of prosody transfer in this cross-lingual scenario.

Furthermore, we observe that the proposed approach is robust to variations in
data composition: when comparing the data generated using VC models trained
on vastly different datasets, there is no statistically significant preference. In com-
parison, previous works with the Standard Polyglot approach explicitly report
how the mixture of training data has a significant impact on final performance
[29].

5 Conclusions

In this paper, we proposed a novel paradigm for building highly robust Poly-
glot TTS systems. The introduction of a powerful upstream VC model success-
fully lifted the burden of learning disentangled speaker-language representations
from the downstream acoustic model. This, in turn, allowed for effective use of
high-performance architectures targeting low-powered devices. In summary, our
proposed approach is able to simultaneously (1) outperform the current SOTA
Polyglot TTS systems in terms of naturalness and accent similarity, while main-
taining on-par performance in speaker similarity, (2) improve model robustness
w.r.t. training data composition and (3) enable the use of lightweight archi-
tectures for speech synthesis on resource-constrained devices. Such results are
backed by controlled experiments using different model architectures, languages,
speakers and dataset sizes.

For future work, we will test how well our proposed approach scales in more
diverse scenarios. In addition, we believe that by employing more advanced VC
techniques, there would be further improvements in the downstream task, espe-
cially in terms of speaker similarity.
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