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ABSTRACT

This paper compares the performance of three text-to-speech 
(TTS) models released from June 2021 to January 2022 in 
order to establish a baseline for Brazilian Portuguese. Those 
models were trained using dataset for Brazilian Portuguese. 
The experimental setup considers tts-portuguese dataset 
to fine-tune t he f ollowing T TS m odels: V ITS end-to-end 
model; glowtts and gradtts acoustic models both using hifi-
gan vocoder. Performance metrics are arranged into objective 
and subjective metrics. As subjective metrics, the naturalness 
and intelligibility are measured based on the mean opin-
ion score (MOS). Results shows that gradtts+hifigan model 
achieved naturalness of 4.07 MOS, close to performance of 
current commercial models.

Index Terms— text-to-speech; naturalness; intelligibility; 
Brazilian Portuguese

1. INTRODUCTION

Intelligent virtual assistants such as Amazon Alexa, Apple 
Siri, Microsoft Cortana and Google Assistant are machine-
learning powered software capable to improve customer-
machine interactions, making them more realistic and similar 
to human beings [1, 2]. They are composed of two comple-
mentary systems: automatic speech recognition (ASR), and 
text-to-speech (TTS). In case of a TTS model, it receives text 
(or phonemes) as input and produces synthesized speech as 
output with desired features like emotion, intonation, rhythm, 
etc [3].

A comprehensive TTS or end-to-end model is divided into 
two modules: acoustic model and neural vocoder. An acous-
tic model converts input text (or their equivalent phonemes) 
into mel-scalograms, which is a time-frequency representa-
tion. Some examples of this model are: dctts [4] and tacotron 
2 [5]. On the other hand, neural vocoder converts a mel-
scalogram into a synthesized speech. Some examples of this 
model are: griffin-lim [6], wavenet [7] and hifigan [8].

During the last years, TTS models have strongly improved 
their performance in terms of naturalness and intelligibility 
of synthesized speech. In [9], a survey focused on recent 
TTS models highlight a timeline of acoustic models, neural

vocoders and end-to-end models released from the last five
years (from 2016 to 2021). From here, the state of the art in-
dicates that some TTS models such as VITS [10] (end-to-end
model), glowtts [11] and gradtts [12] (acoustical models) both
with hifigan vocoder [8], achieved very promissory results for
English datasets like LJSpeech and VCTK.

Despite Brazilian Portuguese being the 6th most spoken
language worldwide (around 230 million native speakers),
current TTS models are designed for English language [3]. In
this way, and according to [1] and [3], Brazilian Portuguese is
considered a low-resources language to develop TTS models
due to the lack amount of high-quality speech corpora (with
transcription) to train current deep learning models, becoming
a great challenge for scientific community. However, some
recent works as [13] and [3] expose the lack of TTS models
trained with Brazilian Portuguese dataset as well as the lack
of reported performance metrics to establish a baseline for
comparison.

Thus, the aim of this work is to establish a baseline of
TTS models for Brazilian Portuguese and compare their per-
formance with the state of the art and commercial models.
This comparison is based on widely known metrics such as
naturalness and intelligibility of synthesized speech.

The remainder of this paper is organized as follows. Sec-
tion 2, related works, describes the most relevant contribu-
tions on this topic. Section 3, experimental setup, describe all
resources uses for model training, such as hardware specifica-
tions, datasets and implemented TTS models. Sections 4, per-
formance evaluation, expose and compare the performance
metrics obtained. Section 5, discussion, discourse about the
obtained results and drawbacks. Finally, Section 6, conclu-
sion, encloses the article and determines the fulfillment of the
objectives and also defines some directions for future works.

2. RELATED WORKS

According to the current literature in TTS models for Brazil-
ian Portuguese, [9] mention two main approaches on speech
synthesis for Brazilian Portuguese: stochastic and neural. On
the stochastic (or statistical parametric) approach, the speech
is synthesized from a set of predicted acoustical features such
as fundamental frequency, spectrum or cepstrum [9]. Exam-
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ples are the Hidden Markov Models (HMM) implemented in
[14], [15] and [1].

On the other hand, neural approach uses neural network
based models instead parametric models in order to simplify
acoustic features. The main advantages are a high voice qual-
ity in terms of naturalness and intelligibility, as well a few
of human preprocessing. Thus, in the literature it was found
two works. Firstly, in [13], it was trained a tacotron 2 [5]
acoustic model with griffin-lim vocoder [6] using Common
Voice dataset. Secondly, in [3], it was compared the perfor-
mance between: a) dctts [4] acoustic model achieving a score
of 3.03 MOS (mean opinion score), from 1-bad to 5-excellent;
and b) tacotron 2 [5] acoustic model with wavenet [7] vocoder
achieving 4.02 MOS, being the best reported performance for
Brazilian Portuguese.

Despite these preliminary works, it is not clear which is
the best open dataset for Brazilian Portuguese, how wide is
the phonetic spectrum, and mainly which current TTS mod-
els have the better performance in terms of naturalness and
intelligibility. In this regard this resarch paper contributes in
order to outline a baseline of neural-based TTS models for
Brazilian Portuguese.

3. EXPERIMENTAL SETUP

This section describes the resources used for all experiments
and it is organized as follows: hardware and software envi-
ronment, datasets, models, and model training.

3.1. Hardware and software environment

All experiments were run on a cloud instance with the follow-
ing features: 8 vCPU with 61GB memory, 1 GPU Tesla V100
video card with 16GB memory, Linux operational system, us-
ing Python v3.9 and PyTorch v1.10.

3.2. Datasets

A high-quality TTS model such as [5, 10] needs to be trained
by using a dataset with the following minimum features: 10
hours of recordings per speaker, sampling rate of 22.05kHz,
16 bits of resolution, and noise-controlled (NC). Despite
Brazilian Portuguese is considered a low-resource language
for TTS applications, the available open datasets used to
establish the baseline are listed in Table 1, which describes
the number of speakers (M - male, F - female), duration (in
hours), if NC exists, and the number of bits. All datasets
mentioned in Table 1 have a sampling rate of 22.05 kHz.

Although laps-bm [16] dataset has low duration, it has a
phonetically-balanced text corpus, which is highly desired to
train TTS models with wide phonetic coverage by reducing
errors during speech synthesis. Constituição [16] dataset con-
tain more audio recordings but a phonetically-unbalanced text
corpus, and containing very long sentences (28s on average)
which might difficult the model convergence. On the another
hand, tts-portuguese [3] and globo [17] datasets have enough

Table 1. List of audio corpora (with transciption) available
for Brazilian Portuguese. NC is noise-controlled.

ref dataset speakers duration NC bits

[16] laps-bm 1M 1hrs no 16
[16] constituição 25M,10F 9hrs no 16
[3] tts-portuguese 1M 10hrs no 32

[17] globo 1M 20hrs yes 16

audio recordings, however, it is necessary to compare their
phonetic richness for Brazilian Portuguese.

In this way, we computed the percentage occurrence of
each Brazilian Portuguese phoneme along tts-portuguese and
globo text corpora. So, Figure 1 show the corresponding pho-
netic distribution using histograms for tts-portuguese (in pur-
ple bars) and globo (in pink bars). From this, we can ver-
ify that tts-portuguese has a broader phonetic coverage than
globo dataset despite a few hours of recordings.

3.3. Models

As commented above, some acoustic models such as dctts
[4] and tacotron 2 [5] were trained for Brazilian Portuguese
datasets in [13] and [3]. In the last three years, recent TTS
models were released such as described in [9] among acous-
tic models, neural vocoders and end-to-end models.

We have chosen the best three TTS models based on the
following criteria: i) open-source; and ii) the highest reported
MOS score for English datasets. According to this criteria,
we decided to compare the following three models: a) glowtts
acoustical model with hifigan vocoder, which achieved 4.01
MOS for LJSpeech dataset [11]; b) VITS end-to-end model
which achieved 4.43 MOS for LJSpeech and 4.38 MOS for
VCTK dataset [10]; and c) gradtts acoustical model with hifi-
gan vocoder, which achieved 4.44 MOS for LJSpeech [12].

Glowtts [11] is a flow-based generative model that does
not require external aligners between text and speech as pre-
processing. To do this, glowtts combine the properties of flow
and dynamic programming to search the most probable mono-
tonic alignment.

VITS [10] is a parallel end-to-end TTS that use variational
inference augmented with normalizing flows and adversarial
training processes, which improves the expressive power of
generative modeling.

Finally, gradtts [12] is a model with score-based decoder
producing mel-spectrograms by gradually transforming noise
predicted by encoder and aligned with text input by the mono-
tonic alignment search.

3.4. Model training

In this section is presented the training process of the glowtts,
VITS and gradtts models. In addition, in Figure 2 is illustrated
the training curves of each model.
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Fig. 1. Phonetic histogram obtained from tts-portuguese (in purple bars) and globo (in pink bars) text corpora.

• glowtts+hifigan: this experiment considered a pre-
trained glowtts acoustic model with hifigan neural
vocoder using tts-portuguese dataset during 300k steps
and 15k steps, respectively. The fine-tuning process
considered a synthetic dataset previously generated
from a commercial TTS model divided into 70% for
training, 15% for validation and 15% for tests. The
fine-tuning process took 100k steps (approx. 2.3 days)
for glowtts model. Figure 2a shows the glowtts average
loss function during fine-tuning.

• VITS: this second experiment considered a pre-trained
VITS end-to-end model using LJSpeech dataset (En-
glish) during 1M steps and fine-tuned using tts-portuguese
dataset and phonemizer for Brazilian Portuguese. The
dataset was divided into 70% for training, 15% for val-
idation and 15% for tests, taking 128k steps (approx.
7.3 days) for fine-tuning. Figure 2b shows the VITS
average loss function during fine-tuning.

• gradtts+hifigan: finally, the third experiment consid-
ered a pre-trained gradtts acoustic model with hifigan
neural vocoder using LJSpeech dataset (English) dur-
ing 2.5k epochs. The fine-tuning process considered
tts-portuguese dataset during 1.5k epochs (270k steps,
approx. 1.8 days) for gradtts model using the same sets
for training, validation and tests than VITS model. Fig-
ure 2c shows the gradtts prior loss function during fine-
tuning.

4. PERFORMANCE EVALUATION

This section describes the performance measure of each fine-
tuned TTS model. This evaluation was divided into objective
and subjective metrics.

4.1. Objective metrics

Objective metrics listed in Table 2 are divided into two as-
pects a: a) robustness: it quantifies how synthesized speech
is correctly transcribed by listeners, such as character error
rate (CER), word error rate (WER) and word information lost
(WIL) [18, 19]; and b) latency: it measures the latency to
synthesize speech, such as the real time factor (RTF) in [12].

Table 2. Objective metrics to compare TTS models based on
robustness (WER and WIL) and latency (RTF).

models WER WIL RTF

glowtts+hifigan 32.3% 47.2% 0.05478
VITS 27.2% 39.2% 0.04605

gradtts+hifigan 17.1% 28.8% 0.04484

4.2. Subjective metrics

Subjective evaluation was performed using the mean opinion
score (MOS), obtained from 5 hearing-healthy people through
an online form1. For this experiment, a set of 30 sentences not
used for training were randomly selected and synthesized for
each model. After that, each volunteer assessed two important
aspects of synthetic speech: naturalness and intelligibility.

Naturalness measures the degree of similarity of the syn-
thesized speech with the speech produced by a human being.
On the another hand, intelligibility is related to the degree of
understanding of each heard sentence. Both naturalness and
intelligibility are measured by scoring each synthesized au-
dio file on a five-point scale as follows: 1-bad, 2-poor, 3-fair,
4-good and 5-excellent. Similar assessments were conducted
in related works as [3]. In addition, the listener transcribed

1The authors would like to thanks Alana AI for the financial support and
all collaborators that participated on the audio assessment.
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(a) glowtts (b) VITS (c) gradtts

Fig. 2. Convergence of training curves: average loss for a) glowtts (left); b) VITS (center); and prior loss for c) gradtts (right).

the heard sentence in order to compute the percentage of cor-
rect/mistaken words (i.e. the WER).

Fig. 3. Naturalness and intelligibility depicted as blue and
black boxplots of the following TTS models: glowtts+hifigan
[11], VITS [10] and gradtts+hifigan [12] models.

Figure 3 shows the boxplots for naturalness (blue) and in-
telligibility (black) of glowtts+hifigan, VITS and gradtts+hifigan
models, representing the median value and quartiles. From
Figure 3, we obtained the following naturalness metrics: a)
glowtts+hifigan achieved 2.20±0.98 MOS, b) VITS achieved
3.20±0.62 MOS, and c) gradtts+hifigan achieved 4.07±0.53
MOS. In terms of intelligibility, it is also possible to note a
better performance by gradtts+hifigan. finally, a baseline of
4 MOS for speech naturalness was established through a red
dashed line for Brazilian Portuguese.

5. DISCUSSION

Firstly, in Section 3.2, we perform a brief study about the
features of open datasets for Brazilian Portuguese such as:
constituição and laps-bm datasets [16], tts-portuguese [3] and
globo [17]. From this, we concluded that tts-portuguese is
the best open dataset to train a TTS model for Brazilian Por-
tuguese mainly due to its phonetic coverage and duration of
recording, sampling rate, bit resolution, etc.

Secondly, in Section 3.3, we selected three models:
glowtts+hifigan [11], VITS [10] and gradtts+hifigan [12].
These models achieved more than 4.0 MOS of naturalness
for English datasets. Third, in Section 3.4, these models were
fine-tuned using tts-portuguese dataset. Figure 2a, 2b and 2c
showed that all loss function converged, but VITS model took
more than 3 times to converge than others.

Section 4.1, objective metrics demonstrated that gradtts+
hifigan model has the highest robustness by achieving the
lower WER and WIL. In addition, gradtts+hifigan also
achieved the lowest latency measured trough the RTF, despite
there are no significant statistical differences. In addition, in
Section 4.2, subjective metrics measured the level of natu-
ralness and intelligibility of synthesized speech based on the
MOS scale. Results showed that gradtts+hifigan achieved
the highest average naturalness of 4.01 MOS (with an up-
per bound of 5.0 MOS). This result is close to naturalness
reported by commercial models. In addition, in terms of in-
telligibility, gradtts+hifigan achieved close to 4.0 MOS. It is
important to emphasize that performance also depends on the
quality of original recordings.

6. CONCLUSION

This work aimed to establish a baseline of text-to-speech
models for Brazilian Portuguese, which is considered a
low-resource language for this application. Along this
study, we fine-tuned and compared the performance of
glowtts+hifigan in [11], VITS in [10], and gradtts+hifigan
in [12] using tts-portuguese dataset in [3]. Results showed
that gradtts+shifigan model achieved the highest naturalness,
intelligibility, robustness and latency. Obtained results are
close to current commercial TTS models for Brazilian Por-
tuguese. In this way, a minimum baseline of 4 MOS for
naturalness was established.

As future work, the authors are interested in: a) fine-tune
recent neural vocoders with better performance than hifigan;
and b) propose a novel text corpus for Brazilian Portuguese
with wide phonetic coverage and long duration.
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