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Abstract
We propose a unified accent estimation method for Japanese
text-to-speech (TTS). Unlike the conventional two-stage meth-
ods, which separately train two models for predicting accent
phrase boundaries and accent nucleus positions, our method
merges the two models and jointly optimizes the entire model in
a multi-task learning framework. Furthermore, considering the
hierarchical linguistic structure of intonation phrases (IPs), ac-
cent phrases, and accent nuclei, we generalize the proposed ap-
proach to simultaneously model the IP boundaries with accent
information. Objective evaluation results reveal that the pro-
posed method achieves an accent estimation accuracy of 80.4%,
which is 6.67% higher than the conventional two-stage method.
When the proposed method is incorporated into a neural TTS
framework, the system achieves a 4.29 mean opinion score with
respect to prosody naturalness.
Index Terms: Accent estimation, multi-task learning, accent
sandhi, text-to-speech, Japanese

1. Introduction
Accent estimation plays an essential role in Japanese text-to-
speech (TTS). Because Japanese is a pitch-accented language,
TTS systems need to estimate accurate accent information from
text [1]. Although recent end-to-end TTS has enabled high-
quality TTS while eliminating the need for a complicated text
processing front-end [2, 3], Japanese TTS systems still require
accent estimation as a pre-processing for synthesizing natural
speech [4–6].

In the case of Japanese, the accent is represented by high
(H) or low (L) in the pitch of each mora as depicted in Figure 1.
An utterance consists of groups of intonation phrases (IPs). The
IP is the basic unit of intonation and is composed of several ac-
cent phrases (APs), where each AP contains a pitch-downstep
of at most one mora. The mora where the pitch-downstep hap-
pens is called the accent nucleus (AN). The AN is considered to
be as a word-level lexical attribute. However, it often changes
depending on context (e.g., how words are combined). Figure 1
illustrates this phenomenon (called “accent sandhi”).

To estimate the correct accent from text, conventional meth-
ods typically adopt two-step approaches that independently
predict AP boundaries and AN positions using either rule-
based [7,8] or statistical model based methods [9,10]. In partic-
ular, statistical model based approaches using conditional ran-
dom fields (CRFs) [11] achieve better accent estimation accu-
racy by modeling the temporal dependencies of accent. How-
ever, because two CRFs are independently trained for predicting
AP boundaries and AN positions, these two models cannot ex-
ploit the shared context information that is useful for predicting
accurate accent.

In this paper, we propose a unified accent estimation
method that jointly models the AP boundaries and AN positions
using neural networks. Furthermore, considering the hierarchi-
cal linguistic structure of IPs, APs, and ANs, we generalize the

IP 深刻なトピックだ環境破壊は

Sentence 環境破壊は深刻なトピックだ
Environmental Pollution is a serious topic.

AP 深刻な トピックだ環境破壊は
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Figure 1: Example of linguistic structure and accent sandhi in
Tokyo dialect when the three words “環境” (kankyō; environ-
mental), “破壊” (hakai; pollution) and “は” (wa; is) are com-
bined as “環境破壊は” (kankyōhakaiwa; environmental pol-
lution is). H, L, and the shaded circle represent the high pitch,
and low pitch, and AN, respectively. Note that the Japanese ac-
cent does not necessarily contain an accent nucleus (e.g.,環境,
破壊).

proposed approach to simultaneously model the IP boundaries
with accent information. Because our entire model is jointly
optimized within a multi-task learning framework (i.e., solving
multiple tasks with a single model) [12], it is able to exploit a
general representation to predict more accurate IP, AP, and AN
information.

We verify that our proposed method achieves accent esti-
mation accuracy of 80.4%, which is 6.67% higher than that of
the CRF-based conventional method [10]. Furthermore, we find
that the synthetic speech with our joint estimation method has
improved naturalness with respect to prosody1.

2. Related work
Multi-task learning based approaches are not new, and the ef-
fectiveness of the approaches has been verified on different NLP
tasks, such as named entity recognition [13], question answer-
ing [14], and the front-end of TTS system [15–17]. However,
as discussed by Standley et al. [18], the overall performance
of multi-task learning depends on the relationship between the
jointly trained tasks. Therefore, to maximize the performance
of accent estimation within the multi-task learning framework,
we propose to jointly solve three tasks by considering the hier-
archical linguistic structure of IP, AP, and AN.

In addition, there are other studies that estimate accent from
text. For example, a neural network based model is proposed
to expand the dictionary for the Japanese accent [19]. In this
method, the model estimates the accent as a sequence of three
states, upstep, downstep, and neutral, from surface and phonetic

1In this paper, we evaluate the naturalness based on the Tokyo di-
alect (i.e., the standard Japanese)
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information. Because this method primarily focuses on word
accent estimation, it cannot estimate the accent sandhi for words
not in a dictionary. Hida et al. [20] recently proposed to use a
pre-trained language model [21] for polyphone disambiguation
and accent estimation. However, their method does not consider
the relationship between AP and AN tasks during the training
process.

Other works have attempted to simultaneously estimate the
accent with other linguistic information such as phonemes and
word boundaries [22, 23]. In particular, a neural machine trans-
lation model based on the Transformer [24] enables the accurate
estimation of multiple target information from text [23]. How-
ever, such models tend to require a large amount of training
data (e.g., 5 million sentences) to model complex relationship
between text and multiple targets including phonemes.

In contrast with those existing methods, our method prop-
erly handles accent sandhi by modeling the temporal dependen-
cies of IP, AP and AN simultaneously. Furthermore, because
we focus on the accent estimation task, our model can be trained
with a relatively small volume of data (e.g., less than 0.1 million
sentences).

3. Method
3.1. Task definition

In this study, we formulate the accent estimation task as a se-
quence labeling problem. Because the APs have linguistic de-
pendencies with IPs, we include the IP boundary prediction in
the accent estimation task in the methods presented in the rest
of our paper.

We assume the input linguistic features x =

[x1, x2, ..., xN ]T , where N denotes the number of
moras, are given. Our goal is to estimate the tar-
get label sequences for the IPs, APs, and ANs:
yIP =

[
yIP
1 , yIP

2 , ..., yIPN
]T

, yAP =
[
yAP
1 , yAP

2 , ..., yAP
N

]T
,

and yAN =
[
yAN
1 , yAN

2 , ..., yAN
K

]T
, respectively, where K is

the number of APs. Each target label is defined as follows:

yIP
n ∈ {0, 1}

yAP
n ∈ {0, 1}

yAN
k ∈ {0, 1, ...,M}

where the binary value in the IP/AP labels represent whether
the n-th mora is a phrase boundary or not, the numbers in the
AN label represent the AN’s location in the k-th AP, and M
represents the maximum number of the AN’s locations. We use
yAN
k = 0 as a special AN label representing that the AP does

not contain an AN. The number M is set at 20 according to the
statistics of our dataset. Note that the input features, IP labels,
and AP labels are defined at mora-level, whereas the AN labels
are defined at AP-level 2.

3.2. Pre-processing

To obtain mora-level linguistic features x, we tokenized the in-
put text and extracted the word-level features using the Japanese
text analyzer MeCab [25] and the Japanese dictionary Uni-
dic [26]. The details of the word-level features are as fol-
lows: (1) surface (word surface); (2) part-of-speech (POS) tag;
(3) goshu (word category, e.g., a Japanese word or loan-word);
(4) cType (word conjugation type); (5) cForm (word conjuga-
tion form); (6) aType (location of the AN when read as a sin-

2One can represent ANs as mora-level labels [19] or phoneme-level
labels [23]. However, these approaches cannot guarantee the linguistic
restriction that an AP contains at most one AN [10].

concat

concat concat

concat

Figure 2: Overview of the proposed model. The model consists
of embedding layers, an encoder, and three decoders for pre-
dicting IP, AP, or AN labels.

gle word); (7) aConType (accent sandhi type); (8) aModType
(accent sandhi type depending on the cForm). The word-label
features were expanded to mora-level features and used as the
input of our model.

3.3. Model

Let Y = {yIP,yAP,yAN} be the set of all target labels. We
model the conditional joint distribution of target labels based on
the hierarchical linguistic relationship of IPs, APs, and ANs (as
depicted in Figure 1), as follows:

p(Y |x) = p(yAN|yAP,x)p(yAP|yIP,x)p(yIP|x), (1)

where each term represents a conditional probability distribu-
tion for the AN, AP, and IP labels, respectively. In our method,
the conditional distributions are parameterized using neural net-
works.

Figure 2 shows an overview of the proposed model. The in-
put categorical linguistic features that were extracted from text
are first converted to a continuous representation using a set of
embedding layers. All the embeddings are then concatenated
and converted to hidden context features by the encoder, which
consists of three stacked bi-directional long short-term memory
(Bi-LSTM) layers that model the temporal dependencies of text.
The output of the encoder is used as the input for the decoders.

The decoders predict the conditional probability of the tar-
get label sequence given the encoded context features. To model
the conditional dependencies in Equation (1), the output of the
decoders for IPs and APs are concatenated with the encoder
output to compose the input of the decoders for APs and ANs,
respectively. For the IPs and APs, the decoders use CRFs to
compute the output probability. In addition, the decoder for the
ANs employs an autoregressive (AR) model. To align mora-
level features to AP-level predictions while considering tem-
poral correlations of ANs, the decoder for the ANs uses two
uni-directional LSTM layers with attention mechanism [27].

In the training stage, the entire model is optimized to max-
imize the log-likelihood given the training data. The log-
likelihood can be computed as a sum of three log probabilities
based on Equation (1). It should be noted that maximizing the
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Table 1: Objective evaluation results on each task. F1 and Accuracy are mora-level F1 score and sentence-level accuracy, respectively.

IP AP AN
Model Encoder Decoder Task F1 Accuracy F1 Accuracy F1 Accuracy

(a) [10] - CRF AP - - 98.67% 90.16% - -
(b) [10] - CRF AN - - - - 97.00% 74.51%

(c) Bi-LSTM CRF IP 95.18% 78.44% - - - -
(d) Bi-LSTM CRF AP - - 99.28% 90.77% - -
(e) Bi-LSTM AR AN - - - - 95.04% 78.29%

(f) Bi-LSTM CRF, AR AP+AN - - 99.25% 90.62% 96.95% 79.49%
(g) Bi-LSTM CRF, CRF, AR IP+AP+AN 95.20% 78.31% 99.30% 90.96% 97.33% 80.98%

Table 2: Comparison on each task combination. The scores are
the sentence-level accuracy on multiple tasks.

System Components IP+AP+AN IP+AP AP+AN

(A) (a), (b), (c) 59.89% 72.16% 73.73%
(B) (c), (d), (e) 61.82% 72.42% 75.36%
(C) (c), (f) 64.64% 72.73% 79.00%
(D) (g) 65.58% 72.82% 80.40%

log-likelihood is equivalent to simultaneously solving the three
tasks (i.e., IP, AP and AN predictions) while sharing the em-
bedding and the encoder parameters. In the prediction stage,
the optimal target labels can be computed by:

Ŷ = argmax
Y

p(Y |x). (2)

However, because it is computationally expensive to search all
possible combinations of target labels [28], we predict the IP,
AP and AN labels in order, as follows:

ŷIP = argmax
yIP

p(yIP|x), (3)

ŷAP = argmax
yAP

p(yAP|ŷIP,x), (4)

ŷAN = argmax
yAN

p(yAN|ŷAP,x). (5)

Though this approach is sub-optimal, we empirically find it
works well.

4. Experiments
4.1. Experimental setup

4.1.1. Database

For the experiments, we collected the recorded speech of ap-
proximately 89,061 Japanese utterances. The prosody informa-
tion (i.e., IPs, APs, ANs) was manually annotated by a linguistic
expert. We split the dataset into three subsets of 80,061, 4,500,
and 4,500 utterances for the training, validation, and test sets,
respectively.

4.1.2. Model details

To evaluate the proposed method, we investigated seven mod-
els with different task configurations, as listed in Table 1. As
the baseline system, we used two CRF-based models for pre-
dicting APs and ANs (i.e., model (a) and (b)) [10]. For the
other five models, we prepared three groups as follows: (1) the
single-task based models, i.e., model (c) to (e); (2) the dual-task

based models, i.e., model (f); (3) the triple-task based model,
i.e., model (g). The model (c) to (g) used the same architec-
ture except for the decoders, where the number of decoders was
adjusted by the target tasks. For the model (c) to (g), we set
the embedding sizes for the input linguistic features as follows:
(1) mora: 256, (2) surface: 512, (3) POS tag: 128, (4) goshu:
64, (5) cType: 256, (6) cForm: 128, (7) aType: 64, (8) aCon-
Type: 64, (9) aModType: 64. Note that we heuristically de-
termined the embedding sizes. The encoder consists of three
Bi-LSTM layers with 512 dimensions. For the decoders of
the APs and ANs, we used the embedding layer for the hi-
erarchical conditioning, setting the decoder output embedding
size for IPs and APs to 32, with a dropout p = 0.5. The de-
coder for ANs has two uni-directional LSTM layers with 512
dimensions. This decoder also has an embedding layer to in-
corporate the previous output of the decoder, with an embed-
ding size of 32 and a dropout p = 0.5. In the training stage,
the decoders were trained with the teacher forcing. We trained
models (c) to (g) for 30 epochs with a mini-batch size of 128
utterances. We used the Adam optimizer [29]: the parameters
were (α, β1, β2, ε) = (10−3, 0.9, 0.99, 10−7). The baseline
models were trained using the publicly available code3 by the
authors of [10].

4.2. Objective evaluation

Tables 1 and 2 shows the sentence-level accent estimation accu-
racy on a single-task basis and multiple-task basis, respectively.
The findings are summarized as follows.

Single task vs. Multiple tasks A comparison of models (a)–
(e) with models (f) and (g) in Table 1 and systems (A) and
(B) with systems (C) and (D) in Table 2, provides evidence
of the improvement in performance achieved by the multi-task
learning framework. As shown in Table 1, models (d) and (e)
achieved sentence-level accuracies of 90.77% and 78.29% on
the AP and AN tasks, respectively. However, when the mod-
els are combined as system (B), the accuracy on AP+AN is re-
duced to 75.36%. The gap (−2.93%) can be regarded as the de-
crease caused by the discrepancy between the single-task based
models. On the other hand, model (g) (i.e., system (D) in Ta-
ble 2) achieved the sentence accuracy of 80.98% and 80.40%
on the AN and AP+AN tasks, respectively, and the decrease in
performance has been substantially reduced to −0.58%. This
confirms that the multi-task learning framework works to learn
a more general representation by optimizing multiple tasks si-
multaneously.

Baseline vs. Proposed model As shown in Table 1, our pro-
posed model (i.e., model (g)) outperformed the baseline mod-
els [10] (i.e., models (a) and (b)) on all tasks. Moreover, our

3https://sites.google.com/site/suzukimasayuki/
accent
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Table 3: MOS test results with 95% confidence intervals. Note
that Reference denotes the speech samples synthesized using
human-annotated prosody information.

System MOS

(A) 4.15± 0.06
(B) 4.15± 0.06
(C) 4.32 ± 0.05
(D) 4.29± 0.06

Reference 4.47± 0.04

single-task based models (i.e., models (d) and (e)) achieved
higher scores than the baseline models. This confirms that the
combination of the multi-task learning framework and the Bi-
LSTM encoder is more effective to improve the performance of
accent estimation.

Effectiveness of task extension In addition, we compared
model (f) and (g) to analyze the effectiveness on the task exten-
sion of IPs. Table 1 shows that model (g) outperformed model
(f) on all tasks. This result confirms that the task extension is
beneficial to the generalization of the model, as conformed in
the other multi-task learning based approaches [30, 31].

4.3. Application to TTS

4.3.1. TTS setup

To verify the effectiveness of the proposed method in TTS sce-
narios, we integrated the proposed method into the text process-
ing front-end of a FastSpeech 2 based TTS system [32]. Audio
samples are available online4.

The TTS system consists of two models: (1) a feed-forward
Transformer-based acoustic model that predicts acoustic fea-
tures from a phoneme sequence with additional prosody in-
formation (i.e., IPs, APs, and ANs), and (2) a Parallel Wave-
GAN vocoder that generates speech waveforms from acoustic
features [33]. The detailed model structure and training condi-
tions of these two models were the same as those in [34]. As
a database, we used the same corpus described in the Section
4.1.1. The speech corpus was recorded by a single Japanese pro-
fessional speaker. The speech signals were sampled at 24 kHz,
and each sample was quantized to 16 bits. The total amount of
the training data size was 116 hours.

4.3.2. Subjective listening tests

To analyze the performance of TTS systems with the proposed
accent estimation, naturalness mean opinion score (MOS) lis-
tening tests were performed. For the test, we compared the four
systems in Table 2. We randomly selected 70 sentences from
the test set. We then synthesized the speech samples using the
TTS system with the predicted prosody information for each
system. Furthermore, we also synthesized the speech using the
human-annotated prosody information. In total, we used 350
utterances in the test. We asked 17 native Japanese speakers to
judge the naturalness of the prosody of speech samples with the
following five-scale responses: 1 = Bad; 2 = Poor; 3 = Fair;
4 = Good; and 5 = Excellent. Note that we showed the texts
of the speech samples to the raters to help accurately judge the
naturalness of prosody.

Table 3 shows the performance on different systems. The
results confirm that the the multi-task learning based methods
(i.e., systems (C) and (D)) achieved significantly higher nat-

4https://6gsn.github.io/demos/mtl accent/

�

Figure 3: MOS test results for each succeeded task combination.
N: the number of samples, *: small significant differences with
p ≤ .05, no tag: highly significant differences with p ≤ .001.
Note that p is the p-value of the Mann–Whitney U-test statistic.

uralness than the single-task based methods, including CRF-
based conventional method (i.e., system (A)) and neural net-
work based method (i.e., system (B)).

Furthermore, Figure 3 presents the naturalness for each
succeeded task configuration. The labels in Figure 3 denote
which tasks succeed for each sample in the test set. For ex-
ample, IP refers to the sample synthesized using correct IPs
with the wrong APs and ANs. Note that we omit the three
groups of the samples from Figure 3 as follows: (1) IP+AN,
(2) AN, (3) X (i.e., failed on all tasks) because the number of
samples was not enough (i.e., two, three, three, respectively) to
find statistical significance compared to other types of samples.
The results showed the following significant facts: (1) the sam-
ples for which the models were able to complete the all tasks
(i.e., IP+AP+AN) have a higher naturalness than others; (2) the
samples for which the models were able to complete the AN
tasks (i.e., IP+AP+AN and AP+AN) have a higher naturalness;
(3) the samples for which the models were able to complete the
IP+AP tasks have higher naturalness than those for which only
the single task (i.e., IP and AP) could be completed. The result
confirms that the AN task had the most significant impact on
perceptual quality. Furthermore, the result also demonstrated
that a model that can succeed not only on a single task but also
on as many multiple tasks as possible is more suitable as a front-
end for TTS.

5. Conclusion
We proposed a novel Japanese accent estimation method based
on multi-task learning. We merged the models that are required
to estimate the Japaneses accent and jointly optimized the over-
all model. In the objective evaluation, the proposed method
achieved a sentence-level accuracy of 80.4% on accent estima-
tion; this accuracy is 6.67% higher than that of the baseline sys-
tem [10]. Moreover, subjective evaluations in the TTS scenarios
verified that the proposed method achieved significantly better
perceptual quality than the conventional single-task based meth-
ods. Future work includes utilizing a learned representation on
massive unlabeled data to improve the accent estimation accu-
racy.
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