Interspeech 2022
18-22 September 2022, Incheon, Korea

Adversarial and Sequential Training for Cross-lingual Prosody Transfer TTS

Min-Kyung Kim and Joon-Hyuk Chang

Department of Electronic Engineering
Hanyang University, Seoul, Republic of Korea

kmk9266@gmail.com,

This study presents a method for improving the perfor-
mance of the text-to-speech (TTS) model by using three global
speech-style representations: language, speaker, and prosody.
Synthesizing different languages and prosody in the speaker’s
voice regardless of their own language and prosody is possi-
ble. To construct the embedding of each representation condi-
tioned in the TTS model such that it is independent of the other
representations, we propose an adversarial training method for
the general architecture of TTS models. Furthermore, we in-
troduce a sequential training method that includes rehearsal-
based continual learning to train complex and small amounts of
data without forgetting previously learned information. The ex-
perimental results show that the proposed method can generate
good-quality speech and yield high similarity for speakers and
prosody, even for representations that the speaker in the dataset
does not contain.

Index Terms: text-to-speech, cross-lingual, prosody, adversar-
ial training, continual learning

1. Introduction

Recent end-to-end text-to-speech (TTS) systems [1-2] have
achieved good results in terms of generating human-like speech.
TTS models have exhibited the ability to transfer style represen-
tations such as speakers [3-4], language [5], and prosody [6].
By extending such models, many researchers have investigated
multispeaker multilingual [7-8] and multispeaker prosody [9]
models. Because these representations are prone to entan-
glement, these are learned separately by models. In [7], the
speaker’s identity was preserved during language conversion by
using the L1 consistency loss term. In [10], the adversarial
loss was applied to extract language-independent speaker em-
bedding and speaker-independent language embedding.

In previous works, transfer learning methods have been em-
ployed to adapt to new speakers or languages by using a small
amount of data [4], [11-12]. One of the methods for speaker or
language adaptation is fine-tuning the pre-trained model. This
approach can reduce training costs and improve speaker-speech
quality by using a limited amount of data. However, when
the model is fine-tuned to adapt to new speakers, previously
learned information can disappear; this is referred to as the
catastrophic forgetting problem. Continual learning approaches
have been utilized to solve this problem [13]; these are catego-
rized into three types: regularization-based [14], data-rehearsal-
based [15-16], and parameter-isolation-based [17]. In [18], con-
tinuous speaker adaptation based on a data-rehearsal-based con-
tinual learning method was proposed using only one speaker
sample per batch. In [19], continual learning of multilingual
TTS synthesis was proposed to add new languages by employ-
ing random sampling and weighted sampling based on data re-
play. These methods can continually add new information with
small amounts of data to a well-trained pre-trained TTS model
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and successfully preserve the previous information.

In this paper, we introduce novel methods for synthesiz-
ing speech, including three global speech-style representations:
language, speaker, and prosody. Synthesizing different lan-
guages and prosody while maintaining speaker identity regard-
less of their own language and prosody is possible. Our contri-
butions are summarized as follows:

* We design a general architecture for TTS, including lan-
guage, speaker, and prosody representations.

* We propose an efficient method for training each repre-
sentation disentangled with other representations using
adversarial training.

* We present a novel sequential training of the rehearsal-
based continual learning technique, which trains repre-
sentations one-at-a-time even when the amount of data
is unbalanced and small, and the representation is com-
plex.

2. Methodology
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Figure 1: Baseline model architecture for synthesizing speech
with three global representations.

2.1. Baseline

Fig. 1 presents the baseline model architecture for synthesiz-
ing speech with three global representations: language, speaker,
and prosody. The model comprises two parts: a speech synthe-
sizer and representation embeddings. The speech synthesizer is
based on Tacotron 2 [2], which is an attention-based sequence-
to-sequence model that predicts a mel spectrogram from an in-
put text sequence. The representation embeddings conditioned
on the speech synthesizer indicate embeddings that express
the speech style, including language, speaker, and prosody.
The language, speaker, and prosody embeddings represent lan-
guage, speaker, and prosody information, respectively. During
training, the speaker and language embeddings are obtained as
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Figure 2: (a) Model architecture with adversarial training. (b)Block diagram of sequential training in the order of language, speaker,
and prosody. One sample per representation’s label from datasets of previously learned representations is randomly included in a
mini-batch, and the rest of the mini-batch consists of the data used for learning the representations.

the outputs of each encoder, as in [20], and the prosody embed-
ding is the output of the global-style token layer proposed in
GST-Tacotron [6].

The objective function to train the baseline can be formu-
lated as a mel spectrogram L1 loss on a mini-batch as follows:

1 B
Lmer = 35 > _|Yi = Yil, (1

where B, Y, Y and are the mini-batch size, ground-truth mel
spectrogram, and predicted mel spectrogram, respectively.

2.2. Adversarial training

For models that can make speakers pronounce different lan-
guages and prosody, embeddings corresponding to each speech
representation must be extracted from the training data. How-
ever, representations in audio data are prone to entanglement,
and the embeddings can represent or contain other representa-
tions, as explained in the following example. Language embed-
dings can be expressed as speaker embeddings when few speak-
ers are present for one language. Moreover, if a few speakers
have various forms of prosody, prosody embeddings may be
described as the speaker’s embedding. We propose domain ad-
versarial training [21] to train each representation separately,
thereby avoiding the capture of other information, as illustrated
in Fig. 2(a). We first denote the speaker classifier for lan-
guage embeddings, language classifier for speaker embeddings,
speaker classifier for prosody embeddings, and language classi-
fier for prosody embeddings as Gspk, Gian, Gspkp, and Gzanp,
respectively.

The domain adversarial training objective of language em-
bedding ! to form an independent speaker embedding can be
expressed as follows:

NS
LiADvspk _ Z §5J> log (Gi]p)k(Ali)),

J

(€3

where N and § are the number of speakers and ground truths
of the speaker label, respectively, and A is the gradient reversal
operation. Similarly, the domain adversarial training objective
of speaker embedding s to build an independent language rep-
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resentation is defined as follows:

N;
L;ADVlan I Z Z,EZ) 10g (Gl(zzm(ﬁ‘sl))y (3)

where N; denotes the number of languages used. Here, prosody
is treated as the rest of the representations because its variabil-
ity is unexplained and not easy to label among the three global
representations. The domain adversarial training objective of
prosody embedding p is formulated as follows:

Ns
L2V = =375 10g (G, (Api))
’ “

Ny
=i log (G2, (Apo)).

z
To this end, the domain adversarial training objective is written
as follows:

B
1 ADV, ADV,
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where A1, A2, and A3 represent hyperparameters. Overall, the
total loss for cross-lingual prosody transfer is formulated as fol-
lows:

Liotat = Lmet + Ladv. (6)

2.3. Sequential training

Obtaining data from bilingual expressive speakers is both ex-
pensive and challenging. Moreover, balancing the data for each
language, speaker, and prosody representation is challenging. If
the data are unbalanced, the model is inevitably trained to focus
mainly on expression data, and learning low-resource data be-
comes challenging. To solve this, we introduce a method for
sequentially training complex information by exploiting contin-
ual learning [14-19], which is a method used to upgrade one
model gradually and handle multiple tasks. We chose to learn
three complex representations by sequentially upgrading from



Tabel 2: Results of MOS: (a) and (b) audios used for evaluation were synthesized in intra-lingual and cross-lingual speakers’ prosody,
respectively.

(a)

Speaker similarity

Naturalness Prosody similarity

Intra-lingual  Cross-lingual Intra-lingual Cross-lingual Intra-lingual Cross-lingual

EN KR EN KR EN KR EN KR EN KR EN KR

Baseline 319 322 275 261 344  3.67 331 298 321 341 295 312
ADV 312 323 278 264 352 372 335 321 328 345 289 341
ADV-SEQ1 3.07 319 269 262 361 370 340 315 319 340 288 320
ADV-SEQ2 3.06 291 265 260 346 3.62 320 302 344 342 319 342

()

Speaker similarity

Naturalness Prosody similarity

Intra-lingual  Cross-lingual Intra-lingual Cross-lingual Intra-lingual Cross-lingual

EN KR EN KR EN KR EN KR EN KR EN KR

Baseline 286 312 265 261 325 341 325 294 291 271 265 3.14
ADV 291 310 266 262 341 352 332 292 321 312 278 327
ADV-SEQ1 272 291 265 259 348 343 334 313 312 279 264 285
ADV-SEQ2 2.83 290 2.1 2.51 320 331 319 271 319 315  3.02 3.30

a cross-lingual model to a cross-lingual multi-speaker prosody
model. This model can create the representation we choose to
learn at the corresponding stage and reduce training costs once
we have a pre-trained model.

Motivated by [18], in which a method for adapting to a
new speaker without forgetting previously learned speakers was
proposed, we randomly included one sample of the previous
stage data in the mini-batch to sequentially learn a represen-
tation of the corresponding stage without forgetting previously
learned representations. Fig. 2(b) shows an example of the pro-
posed sequential learning in the order of the language, speaker,
and prosody. In the first step, learning is performed by using
datasets of a single speaker corresponding to each language. In
the next step, training is conducted using the multi-speaker data
and part of the data used in the previous step. When the prosody
data are trained in three steps, all datasets, including the lan-
guage, speaker, and prosody, are used together. However, the
data learned in the previous step randomly consisted of only
one sample per speaker label in a mini-batch.

3. Experiments

3.1. Datasets and experimental setup

Table 1: Datasets

Language Dataset Speaker Hours
L 1 11
English Libri-TTS 24 4
2013 Blizzard Challenge dataset 1 10
NEU1 1 10
Korean NEU2 6 20
EXP 1 12

The details of the dataset used for the training are listed in Table
1. We trained the models using the English dataset from LJ [22],
Libri-TTS [23], and the 2013 Blizzard Challenge dataset [24].
In addition, we used proprietary Korean datasets denoted by
NEU, NEU2, and EXP. Blizzard and EXP are datasets of an-
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imation and expressive style utterances, whereas LJ, Libri-TTS,
NEUI, and NEU2 are public emotional utterances. When se-
quential training was performed, the datasets were divided into
the following to learn the representations at each stage: 1) lan-
guage: LJ and NEU1, 2) speaker: Libri-TTS and Korean NEU2,
and 3) prosody: Blizzard and EXP datasets. Only 2-12 s of ut-
terance audio clips were included. All audio clips were down-
sampled to 16 kHz and converted into an 80-dimensional mel
spectrogram.

All adversarial classifiers were 2-layer fully-connected lay-
ers with 256 hidden units. The model was jointly trained with a
batch size of 256. We used the Adam optimizer with an initial
learning rate of 10~ 3. Hyperparameters A1, A2, and Az were
increased from 0 to 0.05. We used the Griffin-Lim [25] algo-
rithm as a vocoder that transforms the mel spectrogram into a
waveform because we considered that evaluating the differences
between the baseline and proposed models is sufficient.

To assess the performance, we trained the following six
methods:

* Baseline: The general architecture and process of the
baseline are illustrated in Fig. 1.

¢ ADV: Training baseline with adversarial training

¢ SEQI: Training baseline with sequential training in the
order of language, prosody, and speaker

* SEQ2: Training baseline with sequential training in the
order of language, speaker, and prosody

* ADV-SEQI: Training baseline with adversarial training
and sequential training in the order of language, prosody,
and speaker

* ADV-SEQ2: Training baseline with adversarial training
and sequential training in the order of language, speaker,
and prosody

When the speaker and language datasets were used as previ-
ously trained data in the sequential training method, one sample
corresponding to each label was randomly imported and used
in the mini-batch. Similarly, in the case of prosody data, it was
randomly consisted of 1/4 of the mini-batch.
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Figure 3: t-SNE visualization of embeddings. Embedding space
of (a) baseline model and (b) ADV model. Starting from the
left, the images show prosody embedding according to the lan-
guage ID and the speaker ID. Each color represents different
language and speaker ID.

3.2. Experimental results
3.2.1. Mean opinion score (MOS)

We determined the crowd-sourced MOS speech naturalness,
speaker similarity, and prosody similarity to evaluate the syn-
thesized speech, as shown in Table 2.

Naturalness: We evaluated the naturalness of the synthe-
sized speech sentences. The overall score achieved in this study
was lower than that obtained in previous studies because we
used the Griffin-Lim algorithm as a vocoder. In the intra-lingual
case, the baseline model showed scores similar to those of our
methods. However, in most cross-lingual cases, our methods
showed high performance.

Speaker similarity: We assessed the speaker similarity
of the synthesized speech sentences. ADV and ADV-SEQI
showed higher speaker similarity than the baseline in most
cases. ADV-SEQ1 exhibited a somewhat higher performance
when synthesized in other representations that the speaker did
not have in the training data. This improvement may be at-
tributed to the fact that SEQ1 was performed by using the
speaker dataset in the previous step.

Prosody similarity: We evaluated the prosody similarity of
the synthesized speech sentences. Similar to speaker similar-
ity, ADV-SEQ2, which was the last to learn the prosody data,
showed the highest performance.

Overall, the test results showed that learning by adversar-
ial training increased naturalness and similarity. ADV-SEQ1
and ADV-SEQ2, which involved sequential learning, exhibited
higher performance in terms of similarity when the representa-
tion that was learned at the end and the speaker in the dataset
did not contain was transferred.

3.2.2. Adversarial training

We investigated the latent space for the language, speaker, and
prosody embeddings generated by our model. We visualized
the language, speaker, and prosody embeddings with the base-
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Figure 4: AB preference results: (a), (b) results of speaker sim-
ilarity when there the amount of speaker data is small and (c),
(d) results of prosody similarity with low-resource prosody data.
(a), (c) were evaluated in the inter-lingual case, whereas (b), (d)
were assessed in the cross-lingual case.

line and ADV by applying the t-distributed stochastic neighbor
embedding (t-SNE) algorithm [26]. As shown in Fig. 3(a), the
prosody embeddings for the language and speaker labels are
easily entangled in case of the baseline. This implies that the
prosody embeddings are related to other representations. Once
our method is used, prosody embeddings are mixed to form
representations that are unrelated to the speaker and language
spaces, as shown in Fig. 3(b). This demonstrates that adversar-
ial training effectively constructs representations and disentan-
gles them from other representations.

3.2.3. Sequential training

We conducted an AB preference test to determine whether se-
quential training is practical when fewer data points correspond
to each representation, namely, speaker or prosody. For the ex-
periments depicted in Fig. 4(a), (b), 0.2 h of audio per speaker
were included in the speaker dataset. Moreover, 1 h of audio
per speaker was included in the prosody dataset, as shown in
Fig. 4(c), (d). Our proposed method performed better than the
baseline model in both the cross-lingual and intra-lingual cases.
This indicates that sequential training with a few data points
corresponding to the representation can capture the representa-
tion that we attempt to transfer to other representations.

4. Conclusions

‘We proposed a cross-lingual prosody TTS synthesis method that
can disentangle three global representations of speech, namely,
language, speaker, and prosody, and synthesize speech by com-
bining these representations. Experiments showed that adver-
sarial training can effectively extract the disentangled language,
speaker, and prosody embeddings. Moreover, sequential train-
ing is also practical when the amount of data corresponding to
the representations is small and unbalanced. In future work, we
plan to investigate methods for adding new speakers and lan-
guages based on pretrained models without forgetting the pre-
viously learned representations.
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