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Abstract

Prosody prediction is crucial for pitch-accent languages like
Japanese in text-to-speech (TTS) synthesis. Traditional meth-
ods rely on accent labels, which are often incomplete and do
not generalize well. BERT-based models, such as f,-BERT,
enable fundamental frequency prediction without accent labels
but have been limited to single-speaker TTS. We propose GST-
BERT-TTS, a novel method for multi-speaker TTS that inte-
grates speaker-specific style embeddings from global style to-
kens (GST) into the token embeddings in BERT. The proposed
method can realize speaker-aware fundamental frequency (f5)
prediction in an accent label-free setting. Additionally, we ex-
tend fo-BERT to predict not only log f, but also energy and
duration, improving speech expressiveness. Experiments using
a Japanese multi-speaker TTS corpus demonstrate that GST-
BERT-TTS improves the prosody prediction accuracy and syn-
thesis quality compared with f,-BERT.

Index Terms: global style tokens, multi-speaker-text-to-
speech, BERT, fundamental frequency, pitch accent language,
prosody prediction

1. Introduction

Recent neural text-to-speech (TTS) models have achieved
high-fidelity speech synthesis [1-6]. Modern TTS systems typ-
ically convert text into phoneme sequences via grapheme-to-
phoneme (G2P) conversion, followed by an acoustic model and
a vocoder to generate speech waveforms. To improve text anal-
ysis and prosody prediction, BERT-based models have been in-
corporated into TTS [7-12].

For pitch-accent languages like Japanese, prosody is crucial
for intelligibility and naturalness. Conventional methods rely
on accent labels obtained from dictionaries [13, 14] or hand-
crafted rules [15], but these approaches struggle with out-of-
vocabulary words and require costly manual annotation. These
dictionary—based methods also frequently produce accent errors
when accents vary with context, making exhaustive manual cu-
ration impractical. To overcome this, data-driven accent predic-
tion has been explored [16-19], yet these methods still require
large amounts of labeled data.

A recent alternative, f,-BERT [20], predicts mora-level
fundamental frequency (f, [23]) from text input without re-
quiring accent labels, achieving superior accent correctness
compared to conventional neural TTS models. However, f,-
BERT was designed for the single-speaker TTS case and lacks
speaker-aware prosody modeling. This limitation is particu-
larly problematic in multi-speaker TTS, where prosody pre-
diction must account for speaker-dependent characteristics.
While a large-scale single-speaker dataset covering all possible
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Table 1: Comparison of existing methods and proposed ap-
proach in terms of prosody accentual label-free setting (Label-
[free) and multi-speaker adaptability (Multi-spk).

Method Label-free =~ Multi-spk
Prosody symbol control [13]

fo-BERT [20] v

Speaker embedding TTS [21] v
GST-TTS [22] v
GST-BERT-TTS (Proposed) v v
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Figure 1: Proposed GST-BERT-TTS framework which inte-
grates GST into BERT-based prosody prediction, allowing
shared style embeddings across multiple speakers to enhance
multi-speaker prosody modeling. Step 1: Train the TTS module.
Step 2: Train the BERT module using features extracted from
the TTS module. Step 3: Perform inference using both modules.

Japanese words with correct prosody could theoretically pro-
vide a solution, such a dataset is impractical to construct due to
the immense data collection requirements. Multi-speaker TTS
provides a more feasible solution by leveraging diverse speech
data, but conventional approaches struggle to model speaker-
specific prosodic variations effectively [21].

A common method for handling speaker variability is to
use one-hot speaker ID embeddings [24,25], but this approach
does not generalize well to unseen speakers. Alternatively,
global style tokens (GST) [22] offer a speaker-agnostic rep-
resentation of speaking style, making them a promising solu-
tion for multi-speaker prosody modeling. However, our pre-
liminary experiments revealed that if GST embeddings are not
properly controlled, the synthesized speech may exhibit overly
flat prosody, degrading prediction accuracy compared to models
without GST. This suggests that a more structured integration of
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Figure 2: Overview of BERT module in GST-BERT-TTS. Style
embeddings extracted from the GST module in TTS are added
to BERT embeddings. Prosodic parameters (log fo, energy, du-
ration) are predicted at the character level using a linear layer
applied to the final BERT output.

GST into prosody prediction is necessary.

To address these issues, we propose GST-BERT-TTS, a
novel method that integrates speaker-specific style embeddings
from GST into the token embeddings in BERT. GST allows
speaker-aware prosody prediction without explicit accent la-
bels, extending fo-BERT to a multi-speaker setting. Further-
more, the proposed method predicts not only log f, but also
energy and duration, enhancing speech expressiveness. Fig-
ure 1 illustrates the proposed approach, where GST embeddings
are shared across multiple speakers, allowing BERT to generate
speaker-dependent prosodic features while maintaining an ac-
centual label-free framework. Some of the speech samples used
in the experiments are available on the demo page'.

Table 1 summarizes the differences between existing meth-
ods and the proposed approach. As shown, conventional meth-
ods either rely on explicit accent labels or lack multi-speaker
adaptability. In contrast, GST-BERT-TTS is the only approach
that achieves both label-free prosody prediction and multi-
speaker compatibility.

Our contributions are summarized as follows:
¢ GST-BERT-TTS integrates GST-based style embeddings into

BERT for speaker-aware prosody prediction.

¢ We extend f,-BERT to a multi-speaker setting, enabling ac-
centual label-free prosody prediction.

* We demonstrate that incorporating GST improves log f,, en-
ergy, and duration prediction accuracy, enhancing speech ex-
pressiveness.

2. Proposed Method

The proposed method, GST-BERT-TTS, extends the log fo-

BERT framework by integrating speaker-specific style embed-
dings extracted from GSTs into the embedding layer in BERT.
Figure 1 illustrates the overall framework, which consists of
three main steps:
Step 1) Training TTS module: The TTS model is first trained
using a multi-speaker speech dataset. The GST module extracts
style embeddings from mel-spectrograms, which are then added
to the hidden representations after the encoder. The variance
adaptor predicts log fo, energy, and duration, which are then
used to regulate the length of the hidden states before being
processed by the decoder. By incorporating GST, the variance
adaptor receives speaker-adapted prosodic information.

https://ast-astrec.nict.go. jp/demo_samples/
gst_bert_tts_interspeech2025/

445

Step 2) Training BERT module: The BERT model is trained
using text and katakana input, with the corresponding prosodic
parameters (log f,, energy, duration) as output. The train-
ing dataset is constructed using G2P conversion for text and
katakana, while prosodic parameters are extracted from the
alignment module of the trained TTS model, ensuring align-
ment with katakana tokens [20]. To enable speaker-aware
prosody prediction, GST style embeddings are incorporated
into the token embeddings in BERT.

Step 3) Integrated inference: During inference, the trained
BERT model predicts prosodic parameters, which are then fed
into the variance adaptor of the TTS module, allowing multi-
speaker prosody generation without requiring explicit accent la-
bels.

2.1. Integration of GST into BERT Embeddings

To enable speaker-aware prosody prediction, GST-based
style embeddings are incorporated into the token embeddings
in BERT. Since GST embeddings and BERT embeddings differ
in dimension, a linear layer (denoted as “Adaptor” in Figure 1)
is used to transform the GST embedding s into a compatible
dimension:

s’ =W.s, s eR%, )

where W € R% 9 is a trainable weight matrix. This transfor-
mation ensures that GST embeddings are properly aligned with
BERT’s token embeddings, allowing BERT to utilize speaker-
specific prosody information effectively.

Figure 2 illustrates the detailed architecture of the BERT
module. The transformed style embedding s’ is added to each
token embedding eggrt before input to BERT:

(@)

/ !
©BERT = €BERT 1 S .

Unlike standard token embeddings, the style embedding s’
is applied uniformly across the entire sequence, ensuring that
all tokens in the input share the same speaker-adapted prosodic
representation. As shown in Figure 2, the transformed GST em-
beddings are applied before BERT processes the text, ensuring
that speaker-dependent features influence all subsequent predic-
tions.

2.2. Prosody Parameter Prediction

As illustrated in Fig. 2, the BERT encoder outputs a hidden
representation hggrr for each token. Each katakana character in
the input sequence corresponds to a set of predicted prosodic pa-
rameters y, which includes log f,, energy, and duration. These
predictions are obtained through dedicated linear layers:

}7’ = WhBERT (3)

where W € R%*%e is a trainable weight matrix that maps the
BERT hidden representation to the prosodic parameter space.

2.3. Loss Function

The proposed model is trained using a loss function com-
bining token classification and prosody parameter prediction:

L= atﬁloken + afﬁlog fo + ac['energy + ad['duratiom (4)

2.4. Style Embedding Extraction and Application

GST embeddings are pre-trained in the TTS module. For
training and inference, speaker-specific embeddings are com-
puted as the average of all utterance-level GST vectors from a



speaker:
(&)

During inference, the predicted prosody parameters (log f,, en-
ergy, duration) are applied to the variance adaptor in the TTS
module, replacing the default parameters generated within the
TTS model. Unlike standard TTS models, which use variance
adaptors trained on internal feature predictions, our method al-
lows the variance adaptor to incorporate externally predicted
prosodic parameters from BERT.

Since BERT is pre-trained on large-scale textual data, it
captures rich linguistic context, which can be leveraged for
prosody prediction. By integrating GST with BERT, our ap-
proach enables speaker-aware prosody prediction while bene-
fiting from the contextual knowledge embedded in BERT’s lan-
guage model. This allows the system to generalize better across
diverse linguistic inputs, particularly for multi-speaker scenar-
ios where prosodic variations are more complex.

3. Experiments

3.1. Dataset

We conducted the experiments using an internal Japanese
multi-speaker TTS corpus®. This corpus consisted of 170
speakers, including professional and amateur voice actors who
recorded speech in child, adult, and elderly styles, covering di-
verse speaking rates and pitch variations. The dataset contained
51,510 utterances, divided into training (48,450), development
(510), and test (2,550) sets, ensuring all speakers were repre-
sented in the test set. For additional evaluation, we used the
Hi-Fi-CAPTAIN corpus [26]. While large-scale multi-speaker
TTS corpora existed for English, such as LibriTTS-R [27] and
VCTK [28], Japanese resources remained limited. Our corpus
was designed to address this gap and facilitate speaker-adaptive
prosody modeling.

3.2. Model Setting

The proposed model followed the f,-BERT [20] config-
uration (with ConvNeXt-based acoustic model [5, 29], mono-
tonic alignment search [30, 31] and MS-FC-HiFi-GAN neural
vocoder [32]), integrating GST-based style embeddings. log f,
was analyzed by the Harvest algorithm [33]. The BERT model
had a hidden size of 768, with GST embeddings of dimension
256 added to token embeddings. All layers of BERT were fine-
tuned, and the token output layer shared weights with the em-
bedding layer. The predicted prosody parameters (log f,, en-
ergy, duration) replaced those generated by the variance adap-
tor in the TTS module. We compared GST-BERT-TTS against
two baseline methods. The first baseline was a standard TTS
model trained without explicit accent labels. We also include
a TTS+Accent baseline, which uses the identical multi-speaker
TTS architecture but is trained with explicit accent labels ex-
tracted from a Japanese accent dictionary. The second was f,-
BERT [20], a BERT-based prosody prediction model that did
not incorporate speaker-aware embeddings. The model was
trained using ESPnet2-TTS [34] on an Nvidia A100 cluster with
4 GPUs (40GB each) for 50 epochs, using a batch size of 128.
We employed ADOPT [35] as the optimizer, with the learning
rate determined empirically.

2This corpus will soon be published by the authors.
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Table 2: Mean Squared Error (MSE) of prosody parameter pre-
diction. The values represent the prediction accuracy of funda-
mental frequency (log f,), energy, and duration. The first row
shows the values predicted by the TTS system, serving as a ref-
erence for comparison.

Method log fo Energy Duration
Predicted by TTS 0.330  0.132 17.5
fo-BERT [20] 0.776 - -
fo-BERT (full params.) 0.773 0314 234
GST-BERT (log f, only) 0.302 - -
GST-BERT (full params.) 0.266  0.133 14.6

3.3. Evaluation Criteria

We evaluated the models based on prosody prediction ac-
curacy, accent correctness, and speech quality. For prosody
prediction accuracy, we calculated the MSE between predicted
and ground-truth prosodic parameters (log f,, energy, dura-
tion) on the test set. The baseline methods included f,-BERT
(full params.), which predicted energy and duration in addition
to pitch, and GST-BERT (log f, only), which predicted only
pitch using GST embeddings. Our proposed GST-BERT (full
params.) predicted all prosodic parameters. The TTS module’s
variance adaptor served as a reference. Accent correctness was
evaluated using a listening test following the four-level scoring
method from f,-BERT [20]: (4) no discernible accent issues,
(3) one accent appeared slightly incorrect, (2) one accent was
noticeably incorrect, and (1) multiple accents were incorrect.
Since our corpus focused on speaker adaptation, we used Hi-Fi-
CAPTAIN for this evaluation due to its broader text diversity,
ensuring transparency and reproducibility. Synthesized speech
was generated using the GST embeddings of one male and one
female speaker from our corpus. Speech quality was assessed
using a Mean Opinion Score (MOS) test [36], in which 20 sub-
jects rated 120 samples (20 utterances x 3 conditions x 2 speak-
ers). For synthesis, we used one male and one female speaker’s
averaged GST embeddings. Hi-Fi-CAPTAIN’s test set was cho-
sen for its diverse linguistic content.

3.4. Experimental Results

Table 2 presents the MSE results for prosody prediction,
comparing log f,, energy, and duration across models. The TTS
system’s variance adaptor serves as a reference.

The results indicate that f,-BERT [20] improves over label-
free prosody prediction but performs worse than the TTS mod-
ule. Incorporating GST significantly enhances accuracy, al-
lowing GST-BERT-TTS to outperform the TTS module in both
pitch and duration prediction. Furthermore, adding energy and
duration prediction to fo-BERT (full params.) had minimal im-
pact, whereas GST-BERT (full params.) demonstrated a syner-
gistic effect, improving overall accuracy.

Table 3 presents the accent correctness evaluation. GST-
BERT-TTS outperforms the TTS-only system and f,-BERT,
confirming its effectiveness in prosody modeling. However,
TTS + Accent achieved the highest scores overall, except in
the 4+3 category, where GST-BERT-TTS slightly surpassed it.
This discrepancy is likely due to errors in the accent dictionary
used for TTS + Accent and the mismatch between the standard-
ized dictionary-based accents and the natural accents produced
by individual speakers.



Table 3: Accent correctness evaluation. The percentages rep-
resent the cumulative proportion of samples rated at each level
[%]. Higher values indicate better performance.

Method 4[%] 443 [%] 4+3+2[%]
TTS only 34.0 75.0 97.0
TTS + Accent 73.5 88.0 100.0
fo-BERT (full params.)  47.5 85.0 97.5
GST-BERT-TTS 65.0 94.0 99.5
5
4 [ = Female =Male |
It
g3 T +
a 5 . _ -
2.01 208 220 237 275 295
1

TTSonly GST-BERT-TTS TTS+accent

Figure 3: Mean Opinion Score (MOS) evaluation results. The
error bars represent the 95% confidence intervals.

Interestingly, despite performing worse than TTS in MSE-
based evaluations, f,-BERT achieved better accent correctness.
Listening tests revealed that while fo-BERT often produced un-
natural pitch contours, it accurately placed accents. Since the
accent correctness evaluation focuses solely on accent place-
ment and not pitch quality, f,-BERT occasionally outperformed
the TTS system in this regard.

Figure 3 presents the results of the MOS test. GST-BERT-
TTS achieved a significantly higher MOS than TTS only, con-
firming its effectiveness in improving speech quality. However,
its score remained noticeably lower than TTS + Accent.

The overall low MOS scores can be attributed to the char-
acteristics of our dataset. Our corpus included professional
and amateur voice actors who recorded speech in child, adult,
and elderly styles, resulting in highly varied pitch dynamics
and speaking rates. These variations posed challenges for the
vocoder, which struggled to generalize effectively, leading to
artifacts and distortions in the synthesized speech.

MOS evaluates the overall speech quality, including factors
such as naturalness and audio clarity, rather than prosodic cor-
rectness. While GST-BERT-TTS demonstrated improved ac-
cent correctness compared to the baseline models, prosody ac-
curacy alone does not necessarily translate into higher MOS
scores. Listening tests revealed that TTS + Accent occasionally
produced incorrect accent patterns but still achieved a higher
MOS due to superior audio quality. Additionally, the relatively
small number of training samples per speaker and the use of
a vocoder trained on a multi-speaker corpus with high speaker
variability may have contributed to the observed degradation in
synthesis quality. Future improvements in model architecture,
such as increasing the depth or width of the acoustic model (e.g.,
ConvNeXt), and enhancing vocoder training strategies could
help mitigate these issues.

4. Discussion

4.1. Limitations and Future Directions

Traditional dictionary-based prosody prediction suffers
from high error rates due to context-dependent accent shifts and
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the impracticality of exhaustive manual labeling (Section 1; Ta-
ble 2). Our data-driven GST-BERT-TTS framework is designed
as a critical first step toward a scalable, accent-label-free TTS
solution by leveraging abundant multi-speaker resources.

While GST enables adaptation to unseen speakers, our ex-
periments showed that prosody prediction for unknown speak-
ers remains challenging. When the style embedding of an un-
seen speaker was used, the synthesized speech often exhib-
ited flat and monotonous prosody, suggesting that GST’s latent
space does not adequately represent unseen speaker character-
istics. This may stem from the limited number of speakers in
our training data. Increasing speaker diversity could improve
GST'’s ability to generalize across styles and lead to more nat-
ural prosody predictions. A promising direction for future re-
search is integrating our approach with large language models
(LLMs). LLMs possess extensive linguistic knowledge and can
leverage contextual information, potentially improving prosody
prediction. However, LLMs are generally not well suited for
constrained predictions, such as assigning prosodic parameters
at the level of individual katakana characters. Developing meth-
ods to bridge this gap will be crucial in adapting LLMs for
prosody modeling.

4.2. Adaptability to Speaker Diversity and Dialects

One major challenge in prosody prediction is adapting to
diverse speaker characteristics. Our dataset includes both pro-
fessional and amateur voice actors performing in varied vocal
styles. Despite this variability, GST-BERT-TTS successfully
captured speaker-dependent prosodic features, demonstrating
its robustness. Since GST encodes speaker-specific style infor-
mation, it may also be capable of modeling prosodic variations
across dialects and speaking styles. If trained with speakers who
use different dialects or unique rhythmic patterns, GST could
enable prosody prediction consistent with such variations. Fur-
thermore, our approach is not language-specific; it could poten-
tially model regional prosodic variations in languages like En-
glish, where rhythmic and intonational differences exist across
dialects.

4.3. Towards Automatic Prosody Label Generation

A long-term goal of this research is automatic prosody la-
bel generation. Existing accent dictionaries are incomplete, and
manually annotating prosody at scale is impractical. By lever-
aging our method, it may be possible to extract prosody labels
from large-scale speech corpora in an automated manner. This
would provide a data-driven approach to prosody annotation,
facilitating more comprehensive modeling without the need for
handcrafted labels.

5. Conclusion

We proposed GST-BERT-TTS for multi-speaker TTS with-
out accent labels, which integrates GST-based speaker embed-
dings into BERT, enabling speaker-aware prosody prediction
while retaining f,-BERT’s label-free approach. We further
extended f,-BERT to predict energy and duration, improving
speech expressiveness. The experimental results demonstrated
that GST-BERT-TTS improves the prosody prediction accuracy
and synthesis quality compared with f,-BERT. Specifically,
it achieved lower MSE in prosody parameter prediction and
higher accent correctness scores while maintaining competitive
MOS ratings.
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