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Abstract
In this paper, we propose SC-GlowTTS: an efficient zero-

shot multi-speaker text-to-speech model that improves sim-

ilarity for speakers unseen during training. We propose a

speaker-conditional architecture that explores a flow-based de-

coder that works in a zero-shot scenario. As text encoders,

we explore a dilated residual convolutional-based encoder,

gated convolutional-based encoder, and transformer-based en-

coder. Additionally, we have shown that adjusting a GAN-based

vocoder for the spectrograms predicted by the TTS model on

the training dataset can significantly improve the similarity and

speech quality for new speakers. Our model converges using

only 11 speakers, reaching state-of-the-art results for similarity

with new speakers, as well as high speech quality.

Index Terms: zero-shot multi-speaker TTS, text-to-speech,

multi-speaker modeling, zero-shot voice conversion.

1. Introduction

Text-to-Speech (TTS) systems have received a lot of attention in

recent years due to the great advances by deep learning, which

have allowed for the popularization of voice applications such

as virtual assistants. Most TTS systems were tailored from a

single speaker voice, but there is current interest in synthesizing

voices for new speakers, not seen during training, employing

only a few seconds of speech samples. This approach is called

zero-shot multi-speaker TTS (ZS-TTS) as in [1, 2, 3, 4].

ZS-TTS was first proposed [1] by extending the Deep-

Voice 3 [5]. Also, [2] explored Tacotron 2 [6] using external

embeddings extracted from a trained speaker encoder using a

generalized end-to-end loss (GE2E) [7], resulting in a model

that can generate speech, resembling the target speaker. Sim-

ilarly, [3] explored Tacotron 2 with different speaker embed-

dings methods. The authors showed that LDE [8] embeddings

improved the similarity and synthesized a more natural speech

for novel speakers when compared to X-vector [9] embeddings.

The authors in [3] also showed that training a gender-dependent

model improves the similarity for unseen speakers.

In this context, a major issue is the similarity gap between

observed and unobserved speakers during training. In an at-

tempt to reduce this gap, Attentron [4] proposed a fine-grained

encoder with an attention mechanism for extracting detailed

styles from various reference samples and a coarse-grained en-

coder. As a result of using several reference samples instead of

one, they achieved a better similarity for unseen speakers.

Despite the recent results, zero-shot multi-speaker TTS re-

mains an open problem in particular concerning the difference

in the quality of seen and unseen speakers. Also, current ap-

proaches rely heavily on Tacotron 2, while there is potential to

improve results with the use of flow-based methods [10]. In this

context, FlowTron [11] allowed for the manipulation of multiple

aspects of speech, such as pitch, tone, speech rate, cadence, and

accent. Also, [12] proposed GlowTTS reaching similar quality

to Tacotron 2 but with an increase in speed of 15.7 times while

permitting speech velocity manipulation.

In this paper, we propose a novel method, Speaker Condi-

tional GlowTTS (SC-GlowTTS), for zero-shot learning of un-

seen speakers. Our model relies on GlowTTS [12] for the part

that converts input characters to spectrograms. SC-GlowTTS

uses an external speaker encoder based on Angular Prototypical

loss [13], to learn speaker embedding vectors, and adapts the

HiFi-GAN [14] vocoder to convert the output spectrograms to

the waveform. Our contribution is as follows:

• A novel zero-shot multi-speaker TTS approach that

achieves state-of-the-art results with just 11 speakers in

the training set;

• An architecture that enables high quality and faster than

real-time speech synthesis in the zero-shot multi-speaker

TTS setting;

• Adjusting a GAN-based vocoder for the spectrograms

predicted by the TTS model on the training dataset, in

order to significantly improve the similarity and speech

quality for new speakers.

The audio samples for each of our experiments are avail-

able on the demo web-site1. In addition, for reproducibility the

implementation is available at the Coqui TTS2, and checkpoints

of all experiments are available at the Github repository3.

2. Speaker Conditional GlowTTS Model

Speaker Conditional Glow-TTS (SC-GlowTTS) builds upon

GlowTTS, but includes several novel modifications. In addi-

tion to the GlowTTS’s transformer-based encoder network, we

explore a residual dilated convolutional network [15] and gated

convolutional network [16]; to our knowledge, used for the first

1https://edresson.github.io/SC-GlowTTS/
2https://github.com/coqui-ai/TTS
3https://github.com/Edresson/SC-GlowTTS
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In all experiments, we used RAdam [20] with batch size

128, an initial learning rate of 10−3, and Noam’s learning rate

schedule [30] with 4000 warmup steps. We use the same con-

figuration to extract the mel spectrograms from the speaker en-

coder, detailed in the Section 3.1 but with 22khz sampling rate.

We use the VCTK dataset in all our experiments using the train-

ing, validation, and test partitions as specified in Section 3.3 and

we use the validation set to choose the best checkpoint for each

experiment comparing the loss value.

In all experiments, we choose to use phonemes as input in-

stead of text. Specifically, we used the Phonemizer tool5, which

supports several languages. In addition, we add a blank to-

ken between each of the phonemes in the input sentence for

the GlowTTS-based models, as suggested by the original work6

[12].

HiFi-GAN v2 model was used as a vocoder, due to its ef-

fective speed/quality trade-off. As a starting point, we used the

model provided by the authors trained for 500k steps with the

LJ Speech [31] dataset. We first trained the HiFi-GAN model

for 75k steps with the LibriTTS dataset. Afterward, the model

is adjusted for other 190k steps using the VCTK dataset, using

the training and validation partitions as specified in Section 3.3.

[14] showed that adjusting the HiFi-GAN model with the

spectrogram of the TTS model, improves quality for a single

speaker. However, it remains an open question whether it im-

proves; (i) the quality in multi-speaker, (ii) speech similarity

for unseen speakers in ZS-TTS settings. To answer this, our

TTS models synthesize each of the sentences in the training and

validation splits of VCTK dataset. We enabled teacher forcing

to keep the alignments between predicted spectrogram frames

and the input phonemes. For SC-GlowTTS we use the MAS

to align the decoder output with the encoder output. Using

these spectrograms extracted from each model, we fine-tuned

the checkpoint initially trained with the LibriTTS dataset, for

an additional 190k steps, producing the fine-tuned HiFi-GAN

(HiFi-GAN-FT).

4. Results and Discussion

In this paper, the synthesized speech quality is evaluated using

mean opinion score (MOS) study, following [32]. MOS scores

were obtained with rigorous crowdsourcing [33]. For the MOS

calculation, 15 professional collaborators per audio were invited

from a total of 68 unique contributors (35F/33M). To compare

the similarity between the synthesized voice and the original

speaker, we calculate the Speaker Encoder Cosine Similarity

(SECS). The SECS consists of calculating the cosine similar-

ity between the embeddings of two audios extracted from the

speaker encoder. It ranges from -1 to 1, and a larger value indi-

cates a stronger similarity [3]. Following [4], we compute SECS

using the speaker encoder of the Resemblyzer [7, 34] package;

thus, allowing comparison with those studies. We also report

the MOS similarity (Sim-MOS) following the work of [2] and

[4].

We also compare the run-time of each model by calculat-

ing the Real Time Factor (RTF) on a CPU and GPU. For speed

tests we used a machine with an NVIDIA GeForce GTX Titan

V GPU, an Intel (R) Xeon (R) CPU E5-2603 v4 @ 1.70GHz

processor with 6 CPU cores and 15 Gb of RAM. The train-

ing was carried out on an NVIDIA V100 GPU. Also, RTF was

calculated considering the full synthesis run, from the input

5https://github.com/bootphon/phonemizer/
6https://github.com/jaywalnut310/glow-tts

phonemes to the output waveform. We synthesize 15 differ-

ent sentences as in [35] 10 times for each of the 11 speakers of

the VCTK test set and calculated the average.

As a reference sample for the extraction of speaker em-

beddings, we use the fifth sentence of the VCTK (i.e, speak-

erID 005.txt), since all test speakers uttered it and because it is

a long sentence (20 words). In this way, all speakers are pre-

sented in the zero-shot multi-speaker TTS model by a reference

sample with the same number of words and speech content.

For the calculation of MOS and SECS we randomly drew

55 sentences from the test-clean subset of the LibriTTS, con-

sidering only sentences with more than 20 words. We randomly

select five sentences for each of the 11 test speakers, ensuring

that all 55 test sentences are synthesized and that all the test

speakers are considered. As ground truth, we select 5 audios

randomly for each of the 11 test speakers (55 in total), only au-

dios with more than 20 words are studied.

On the other hand, for the SECS ground truth, we compared

the 55 audios chosen at random (explained above) with the ref-

erence audios used to synthesize the sentences (fifth sentence of

the VCTK dataset for each of the test speakers).

Table 1 shows the RTF in CPU and GPU, MOS with

95% confidence intervals and SECS for all of our experiments.

Speed tests show that the fastest model on both CPU and

GPU is SC-GlowTTS-Gated, followed by the SC-GlowTTS-

Res model. The SC-GlowTTS-Trans model is the slowest of the

SC-GlowTTS family, however, still much faster than Tacotron

2. Despite this, with the integration with the HiFi-GAN vocoder

all models are real time in both CPU and GPU.

SECS score of the ground truth reached 0.9222 because it

compares the sample used as a reference with other real speech

samples of the same speaker. This value is intended to show an

upper bound for SECS, i.e., a model that perfectly ”copies” the

voice of a target speaker.

The best SECS for synthesis with the HiFi-GAN vocoder

(without fine-tuning) was obtained by the SC-GlowTTS-Trans

model (experiment 2), followed by Tacotron 2 (experiment

1). The SC-GlowTTS-Res model (experiment 3) achieved the

third-best SECS being only better than SC-GlowTTS-Gated

(experiment 2). Using the HiFi-GAN-FT, the SC-GlowTTS-

Trans model also obtained the best SECS, followed by the SC-

GlowTTS-Res model. The SC-GlowTTS-Gated model reached

the third-best SECS being only better than the Tacotron 2

model. We found that the fine-tuning of the HiFi-GAN vocoder

in the spectrograms extracted from the TTS models significantly

improves SECS for the new speakers. The SECS increased

from 0.7589 to 0.7791, 0.7641 to 0.8046, 0.7440 to 0.7969 and

0.7432 to 0.7849, respectively, for the models Tacotron 2, SC-

GlowTTS-Trans, SC-GlowTTS-Res and SC-GlowTTS-Gated.

For Sim-MOS the results are similar to those of SECS.

However, there are some differences which can be explained by

the overlapping of the Sim-MOS confidence intervals between

the experiments. Improvement with the use of HiFi-GAN-FT

can also be seen in all experiments.

Finally, we compare our results with those presented by the

Attentron model. In [4], the authors reported SECS values,

also calculated by the speaker encoder that we use. Although

the authors use only 8 speakers (4F/4M) for the test and we

use 11 speakers, we believe the comparison is fair and leaves

no selection criteria undefined. The Attentron model in zero-

shot mode reached a SECS of only 0.731. Such a model uses

multiple samples to synthesize speech instead of just one, per-

forming few-shot TTS with 8 reference samples. This approach

achieves a SECS of 0.788, slightly lower than our best SECS,
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Table 1: Real Time Factor, MOS and Sim-MOS with 95% confidence intervals and the SECS for all our experiments.

Experiment - Model Vocoder RTF (CPU - GPU) SECS MOS Sim-MOS

Ground Truth – – 0.9236 4.12 ± 0.06 4.127 ± 0.06

Attentron ZS [4] WaveRNN – (0.731) (3.86 ± 0.05) (3.30 ± 0.06)

1 - Tacotron 2
HiFi-GAN 0.5782 - 0.2485 0.7589 3.57 ± 0.08 3.867 ± 0.08

HiFi-GAN-FT - 0.7791 3.74 ± 0.08 3.951 ± 0.07

2 - SC-GlowTTS-Trans
HiFi-GAN 0.3612 - 0.1557 0.7641 3.65 ± 0.07 3.905 ± 0.07

HiFi-GAN-FT - 0.8046 3.78 ± 0.07 3.999 ± 0.07

3 - SC-GlowTTS-Res
HiFi-GAN 0.3597 - 0.1545 0.7440 3.45 ± 0.09 3.828 ± 0.08

HiFi-GAN-FT - 0.7969 3.70 ± 0.07 3.916 ± 0.07

4 - SC-GlowTTS-Gated
HiFi-GAN 0.3474 - 0.1437 0.7432 3.55 ± 0.08 3.852 ± 0.08

HiFi-GAN-FT - 0.7849 3.82 ± 0.07 3.952 ± 0.07

0.8046. Despite the advantage of the few-shot approach, our

model still achieves a higher SECS than Attentron. The authors

also reported the Sim-MOS reaching 4.83 ± 0.02 for ground

truth speech, zero-shot mode Attentron reaches 3.30 ± 0.06 and

few-shot mode 3.57 ±0.05. Considering these values, our best

model was superior at 3,999 ± 0.07. Furthermore, the results

of our model are closer to the ground truth being only 0.128

smaller while in [4] the best experiment’s difference is 1.26.

For the MOS, ground truth speech reached 4.12. The SC-

GlowTTS-Gated model with the HiFi-GAN-FT vocoder was

the closest, reaching a MOS of 3.82. Moreover, as in SECS,

where the HiFi-GAN-FT vocoder improved speech similarity,

the best MOS was achieved using the same vocoder. With the

adjustment of the HiFi-GAN vocoder in the spectrograms ex-

tracted from the TTS model, the MOS for new speakers in-

creased significantly from 3.57 to 3.74, 3.65 to 3.78, 3.45 to

3.70, 3.55 to 3.82, respectively, for all models Tacotron 2, SC-

GlowTTS-Trans, SC-GlowTTS-Res and SC-GlowTTS-Gated.

Our MOS values are on par with the other state-of-the-art ZS-

TTS models such as [3, 4].

5. SC-GlowTTS performance with few
speakers

To emulate a scenario with few speakers, we reflect our test set

by selecting a subset of the VCTK dataset training set. This

new training set consists of 11 speakers, 7F/4M. We selected

1 representative for each accent, except for the “New Zealand”

accent that has only one speaker and it is in our test set, so we

added an “American” speaker instead, the chosen speakers were

229, 249, 293, 313, 301, 374, 304, 316, 251, 297 and 323. From

this new training set, we have selected random samples to use

as a validation set. As a test set, we use the same one defined in

Section 3.3.

We use the SC-GlowTTS-Trans model and train it with

the LJSpeech [31] dataset for 290k steps. This pre-training

in a single-speaker dataset was carried out to prime the en-

coder of the model in a larger vocabulary. We fine-tuned the

SC-GlowTTS-Trans model in the new training set with only 11

speakers for 70k steps and using the validation set, we selected

the best checkpoint as step 66k. In addition, using the HiFi-

GAN model trained in the LibriTTS dataset for 75k steps, we

adjusted for other 95k steps using the same technique. This

new experiment resulted in a SECS of 0.7707, a MOS of 3.71

± 0.07 and Sim-MOS of 3.93 ± 0.08. These results are com-

patible with SECS of 0.7791, MOS 3.74 and Sim-MOS 3.951 ±

0.07 achieved by Tacotron 2, which used a much larger set of 98

speakers. Therefore, our SC-GlowTTS-Trans model converges

with a 8.9 times smaller dataset, with comparable performance

to Tacotron 2. We believe that this is an important step forward

especially for ZS-TTS in low-resource languages.

6. Zero-Shot Voice Conversion

As in the original GlowTTS [12] model, we do not provide any

information about the speaker’s identity to the model encoder,

so the distribution predicted by the encoder is forced to be in-

dependent of the speaker identities. Therefore, like GlowTTS,

SC-GlowTTS can convert voices using only the model’s de-

coder. However, in our work, we condition SC-GlowTTS with

external speaker embeddings. It enables our model to resemble

the voice for speakers not seen in the training by performing

a zero-shot voice conversion. Samples of the zero-shot voice

conversion are present on the demo page7.

7. Conclusions and future work

In this work, we present a novel method, SC-GlowTTS, achiev-

ing state-of-the-art ZS-TTS results. We explored three differ-

ent encoders for the SC-GlowTTS model and showed that a

transformer-based encoder gave the best similarity for speakers

not seen in the training. Our SC-GlowTTS models are superior

to Tacotron 2. Also, when combined with an external speaker

encoder, SC-GlowTTS models can perform ZS-TTS with only

11 speakers in the training set. Finally, we found that the adjust-

ment of the HiFi-GAN vocoder in the spectrograms predicted

by the TTS model in the training and validation set can signifi-

cantly improve the similarity and the quality of the synthesized

speech (MOS) for speakers not seen in the training. As future

work, following the work of [4], we intend to extend the SC-

GlowTTS as a few-shot approach.
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