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Abstract

Speech recognition for Japanese dialects is challenging, and recognition accuracy tends to be lower compared
to standard Japanese. Previous research proposed a three-step learning method based on the self-supervised
learning (SSL) model XLS-R as the base model, incorporating three multi-task learning tasks: SSL, ASR, and
dialect identification (DID). While this achieved improved recognition performance for dialect speech, it faced the
issue of degraded recognition performance for standard Japanese. This study proposes an adaptation method to
construct a single speech recognition model, based on the prior model, that is suitable for both Japanese dialects
and standard Japanese. We explored the use of diverse speech corpora, including ReazonSpeech based on TV
broadcast audio and CEJC based on everyday conversational speech, in addition to the standard Japanese speech
corpus CSJ and the dialect speech corpus COJADS used in prior research, aiming for knowledge sharing between
dialects and standard Japanese. As a result, we confirmed improved recognition performance for both dialects and
standard Japanese by including both in the final step of a three-step learning method. We also examined the impact
of differences in corpus type and domain on recognition performance.

Keywords: automatic speech recognition, dialect identification, Japanese dialects, self-supervised learning
model

1. Introduction

In recent years, research on automatic speech
recognition (ASR) systems utilizing large-scale
pre-trained models based on self-supervised
learning (SSL) has been actively pursued. SSL
is a method for acquiring latent audio represen-
tations from unlabeled speech data. SSL mod-
els such as wav2vec2.0 (Baevski et al., 2020) are
known to achieve high performance when fine-
tuned on a small amount of labeled data for tasks
like ASR. In particular, XLS-R (Babu et al., 2021)
is a pre-trained speech foundation model based
on wav2vec2.0, trained on large-scale multilin-
gual speech data, demonstrating excellent perfor-
mance across various language tasks.

Recent studies across languages such as Nor-
wegian, German, and Chinese have emphasized
the importance of dialect-aware ASR systems.
(Parsons et al., 2025) showed that prosodic fea-
tures, particularly pitch dynamics, play a cru-
cial role in dialect classification. Their work
demonstrated that fine-tuning Whisper models
on low-pass filtered audio enhances sensitivity
to prosodic contours, improving classification ac-
curacy even on unmodified speech. Similarly,
(Blaschke et al., 2025) introduced a benchmark
dataset for German dialects and revealed that
Whisper models tend to normalize dialectal input
toward standard German, highlighting the chal-
lenge of preserving dialectal variation. (Xu et al.,
2025) proposed a multi-stage training strategy

combining SSL and large language models (LLMs)
for Chinese dialect ASR, achieving state-of-the-art
performance on multiple dialect datasets.

The number of dialect speakers in Japan is ag-
ing and declining, leading to the loss of valuable
cultural and linguistic resources. Therefore, re-
search on dialect speech recognition technology
has the potential to contribute to the preservation
of linguistic resources and the promotion of re-
gional culture.

(Miwa and Kai, 2023; Kamiya et al., 2024)
proposed a three-step fine-tuning method for
Japanese dialect ASR using XLS-R as the base
model. By incorporating three learning tasks—
SSL task, ASR task, and dialect identifica-
tion (DID) task—along with standard Japanese
speech, they demonstrated improved recognition
performance for dialect speech. However, adapt-
ing to dialect speech led to a decline in recognition
performance for standard Japanese speech.

Inspired by these cross-linguistic approaches,
this paper proposes an adaptation method us-
ing the multilingual self-supervised learning model
XLS-R to construct accurate speech recognition
models for both Japanese dialects and standard
Japanese. To build a universal ASR model
through knowledge sharing between dialects and
standard language, we examined methods for uti-
lizing diverse speech corpus data. This includes
not only Japanese dialect speech corpus and
standard-language speech corpus used in prior re-
search, but also large-scale speech corpus col-
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lected from TV audio and speech corpus primarily
consisting of everyday conversations.

(Takahashi et al., 2024) attempted to build a
Japanese dialect ASR model using the pre-trained
model Whisper (Radford et al., 2022), which
achieves state-of-the-art performance for many
major languages, to build a Japanese dialect ASR
model, and compared it with XLS-R-based mod-
els. However, its recognition performance for di-
alect speech was inferior to the XLS-R-based mod-
els by (Miwa and Kai, 2023; Kamiya et al., 2024),
leaving challenges in refining adaptation methods
for dialect speech.

This paper describes an adaptation method us-
ing the multilingual self-supervised learning model
XLS-R to construct accurate speech recognition
models for both Japanese dialects and standard
Japanese. To build a universal ASR model
through knowledge sharing between dialects and
standard language, we examined methods for uti-
lizing diverse speech corpus data. This includes
not only Japanese dialect speech corpus and
standard-language speech corpus used in prior re-
search, but also large-scale speech corpus col-
lected from TV audio and speech corpus primarily
consisting of everyday conversations.

2. Related Work

2.1. Self-Supervised and Multilingual
Models for Dialect Speech
Recognition

XLS-R (Babu et al., 2021) is a model that learns au-
dio representations based on the SSL architecture
wav2vec2.0 (Baevski et al., 2020), trained on mul-
tilingual audio data comprising 128 languages and
436,000 hours. By fine-tuning with a small amount
of labeled data, it can be applied to various speech
tasks such as speech recognition, translation, and
speaker identification. Furthermore, it is known
to be particularly effective for tasks involving low-
resource languages due to the rich knowledge it
acquires across languages.

Recent work by (Parsons et al., 2025) investi-
gated the role of prosody in dialect identification
using Whisper embeddings. Their experiments
showed that models trained on low-pass filtered
audio, which emphasizes pitch contours, outper-
form those trained on unmodified or monotonized
audio. This suggests that prosodic features are
computationally exploitable for dialect modeling
and may be beneficial for Japanese dialect ASR
as well.

(Blaschke et al., 2025) introduced a multi-
dialectal dataset for German ASR and dialect-to-
standard speech translation. Their analysis re-
vealed that Whisper models often produce outputs

closer to standard German, even when trained on
dialectal input. This highlights the challenge of pre-
serving dialectal variation in ASR outputs and the
need for models that can flexibly handle both di-
alectal and standardized forms.

(Xu et al., 2025) proposed a four-stage training
strategy combining SSL-based speech encoders
and LLMs for Chinese dialect ASR. By pretraining
on 300,000 hours of unlabeled dialectal speech
and fine-tuning with 40,000 hours of labeled data,
they achieved state-of-the-art performance. Their
findings underscore the effectiveness of combin-
ing SSL models with LLMs and multi-stage train-
ing for low-resource dialect scenarios, which may
inform future Japanese dialect ASR research.

2.2. Multi-step Fine-Tuning for Japanese
Dialects

(Miwa and Kai, 2023; Kamiya et al., 2024) ap-
plied the aforementioned SSL model to ASR
tasks for various dialects. Using both stan-
dard Japanese speech (CSJ: Corpus of Sponta-
neous Japanese) and dialect speech (COJADS:
Corpus Of JApanese Dialect Speech), they pro-
posed a three-step fine-tuning method employing
self-supervised learning (SSL), automatic speech
recognition (ASR), and dialect identification (DID)
across three learning tasks and two adapters.
(Kamiya et al., 2024)

Their approach demonstrated improved recogni-
tion performance for dialect speech, but also re-
vealed a decline in recognition performance for
standard Japanese, indicating a loss of standard-
language knowledge.

Building on these insights and the findings from
cross-linguistic studies, our work explores how di-
verse corpus types and shared training strategies
can mitigate performance trade-offs and enable
robust recognition across both dialectal and stan-
dard Japanese speech.

3. Three-step Fine-Tuning Approach

Figure 1 shows the data used at each step, the
learning tasks, and the parameters adjustable dur-
ing training (red). AdaptS and AdaptD represent
adapters for standard Japanese and dialects, re-
spectively.

3.1. 1st Step: SSL + ASR Learning on
Standard Japanese Speech

Based on the SSL model XLS-R, the first training
stage involves multitask learning of SSL and ASR
using standard Japanese speech. During train-
ing, only the standard Japanese adapter is trained,
while most other model parameters are fixed. This
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stage aims to acquire knowledge about standard
Japanese speech and adapt the multilingual SSL
model for the Japanese ASR task.

3.2. 2nd Step: SSL + ASR + DID
Learning on Dialect Speech

In the second stage of training, we perform multi-
task learning for SSL, ASR, and DID using dialect
speech. During training, only the dialect adapter
is trained, while the majority of parameters in the
other models are fixed. This stage aims to acquire
knowledge about Japanese dialect speech.

3.3. 3rd Step: ASR + DID Learning on
Dialect or Dialect and Standard
Japanese Speech

In the final training stage, we perform two-task
learning for ASR and DID using dialect speech.
Training fixes the adapter and trains only the
parameters of the Transformer layer on dialect
speech.

Table 1 shows the speech recognition perfor-
mance of the model created by this method for
dialect speech and standard Japanese speech.
The three-step learning demonstrated a positive
effect on dialect recognition performance, but
recognition performance for standard language de-
creased, indicating a loss of standard-language
knowledge accompanying adaptation to dialect
speech. It should be noted that the difficulty in rec-
ognizing dialect speech (COJADS; mainly elderly
speakers and free conversation) stems not only
from its dialect nature but also from factors such
as speakers being elderly and the data being free
conversational speech.

3.4. Improved 3rd step

This paper describes efforts to construct a single
ASR model adapted to both Japanese dialects and
standard Japanese, based on and improved from
the three-step learning approach of prior research.
Key challenges in the prior research methods in-
clude a decline in recognition performance for stan-
dard Japanese when adapting to dialects, and sig-
nificant differences in domains such as utterance
styles and linguistic features between COJADS
and CSJ. To address these issues, experiments
were conducted on three approaches: a method
using both standard Japanese and dialect data for
training in the final step, a method using Reazon-
Speech as the standard Japanese dataset, and
a method using CEJC as the standard Japanese
dataset (Figure 2).

0

LN

AdaptS

AdaptS

LN

FC×2

MHSA

Linear

CNN

Standard
Data(CSJ)

1st-step: 
ft(SSL&ASR)S

LN

AdaptS

AdaptS

LN

FC×2

MHSA

AdaptD

AdaptD

Linear Linear

CNN

Dialect 
Data(COJADS)

2nd-step: 
ft(SSL&ASR&DID)D

LN

AdaptS

AdaptS

LN

FC×2

MHSA

AdaptD

AdaptD

Linear Linear

CNN

Dialect 
Data(COJADS)

3rd-step: 
ft(ASR&DID)D

Transformer×24S
S
L
 m

o
d
e
l p

a
ra

m
e
te

rs

Figure 1: Three-step learning from SSL models
for Japanese dialect ASR (Kamiya et al., 2024) (ft
(task) denotes fine-tuning on the single or multiple
tasks listed in parentheses.)
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Figure 2: Three-step learning from SSL models for
Japanese dialect and Standard Japanese ASR

4. Datasets and Experimental
Methods

4.1. Datasets

The dataset used in the experiment is shown in
Table 2.

4.1.1. COJADS

Data from both standard Japanese and dialects
are used for 3 steps of learning. The Corpus of
Japanese Dialects (COJADS) (National Institute
for Japanese Language and Linguistics (NINJAL),
2021) was used as the dialect corpus. COJADS is
a major Japanese dialect corpus consisting primar-
ily of multi-speaker conversational audio, contain-
ing a large amount of natural dialects commonly
found in spoken language. It includes examples
with low recording quality and transcriptions with
low accuracy. Transcriptions are written solely
in katakana (grapheme corresponding to syllable).
Approximately 62 hours of training data and 0.83
hours of evaluation data were used. In this exper-
iment, the COJADS dataset was divided into 17
regions, and the regional labels were used as su-
pervisory signals for multi-task learning, including
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Fine-tuning Method / Adapter Training Module CER[%]
Datasets usage 1st step: 2nd step: 3rd step: CSJ COJADS
One-step / COJADS only none - - - 15.0 32.6
Three-step /
CSJ (1st)+COJADS (2nd&3rd)

none CNN+Q+TF CNN+Q+TF TF 11.1 28.8

yes AdaptS - - 4.4 48.2
Three-step / yes AdaptS AdaptD - 14.2 35.1
CSJ (1st)+COJADS (2nd&3rd) yes AdaptS AdaptD TF 11.2 29.2

Table 1: Comparison of speech recognition accuracy for XLS-R models trained with multi-step learning
for Japanese dialect ASR tasks (Kamiya et al., 2024). (CER: Character Error Rate, Q: Quantizer, TF:
Transformer module, Adapter internal output dimension 1024)

Training Validation Testing
Dataset Utterances Speakers Time[h] Utterances Speakers Time[h] Utterances Speakers Time[h]
CSJ 151783 918 227.4 3590 30 5.82 1272 10 1.83
COJADS 141425 304 61.5 2033 231 0.86 1962 36 0.83
Reazon 152102 - 261.6 8463 - 14.5 - - -
CEJC 418973 918 141.5 52755 876 17.7 - - -

Table 2: Dataset statistics for dialect and standard Japanese ASR training

Training Validation Testing
Region Utterances Speakers Time[m] Utterances Speakers Time[m] Utterances Speakers Time[m]

0 1057 2 28.0 8 2 0.2 75 1 1.7
1 7305 22 191.9 154 14 3.8 171 3 4.4
2 9083 20 237.7 85 16 2.1 91 2 3.2
3 4115 10 99.9 60 9 1.4 62 1 1.2
4 35335 59 926.6 570 47 14.9 247 3 6.1
5 1145 4 26.0 10 2 0.2 59 1 1.4
6 6844 10 142.5 93 8 2.0 68 1 1.1
7 10854 10 306.1 163 8 4.4 59 3 1.3
8 5566 20 143.2 68 15 2.0 112 3 2.7
9 25874 61 664.9 299 38 7.4 247 7 5.6
10 3012 7 81.0 44 6 1.0 175 2 4.3
11 999 5 27.4 15 3 0.3 52 1 2.5
12 4296 12 113.8 68 10 1.8 98 1 2.3
13 14465 29 378.6 222 23 5.4 90 2 3.1
14 9141 22 259.2 132 20 3.5 66 2 1.5
15 651 2 13.7 12 2 0.3 118 1 3.2
16 1683 9 50.3 30 8 0.8 172 2 4.3

Table 3: Detailed breakdown of each dataset by region for COJADS (Region numbers correspond to
those in the map in Appendix A.)

dialect identification (DID). The distribution of the
number of utterances, speakers, and total audio
duration for each region is shown in Table 3.

4.1.2. CSJ

For the standard language corpus, we used
the Corpus of Spontaneous Japanese (CSJ)
(Maekawa, 2003). This dataset consists primar-
ily of lecture recordings made in a clean environ-
ment, with transcription notation strictly standard-
ized. For this study, we use the katakana tran-
scription to enable simultaneous training and com-
parison with COJADS. Approximately 230 hours of

academic conference lectures were used as train-
ing data, and approximately 6 hours as evaluation
data. The evaluation utilized the eval1 dataset de-
fined within the corpus.

4.1.3. ReazonSpeech

In a subset of our experiments, the medium-v1
version of the ReazonSpeech audio corpus (Yin
et al., 2023) was used as the standard-language
corpus. The ReazonSpeech audio corpus is an
audio corpus created from TV recording data and
its subtitles, containing diverse speech styles such
as news, variety shows, and documentaries. It
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can be considered to contain substantial informa-
tion on dialectal speech features. For this study,
the medium-v1 dataset, containing 300 hours of
data, was used as the standard-language dataset.
Of this, 262 hours were used as training data
and 15 hours as validation data. The Reazon-
Speech corpus uses subtitles from TV broadcasts
as labels, which include hiragana, kanji, symbols,
and other characters. For simultaneous training
with COJADS, this study required labels using only
katakana. Therefore, an ASR model was created
through three-step learning using data concatenat-
ing all CSJ and COJADS. This model was used
to transcribe ReazonSpeech data into kana char-
acters, and the resulting automatic transcription
was directly used as labels. Some data contained
poorly transcribed examples and such data was ex-
cluded from the training set.

4.1.4. CEJC

The Corpus of Everyday Japanese Conversation
(CEJC) (Koiso et al., 2022) is an audio corpus pri-
marily focused on everyday conversation. It is an
audio corpus targeting conversations that naturally
arise from the participants’ own motivations and
purposes within everyday situations, and it con-
tains a well-balanced collection of conversations
from diverse situations involving speakers of vari-
ous genders and ages. It is also considered to con-
tain a significant amount of information on dialectal
speech features. Unlike ReazonSpeech, it allows
for the creation of accurate katakana text labels. In
this study, approximately 140 hours of CEJC were
used as training data, and approximately 18 hours
were used as validation data.

4.2. Experimental Methods

4.2.1. Three-step Learning with
Standard-Language Speech Data

Previous studies employed a three-step learning
process aimed at adapting ASR to Japanese di-
alects during the final learning step, resulting in
degraded recognition performance for standard
Japanese (Table 1). To address this issue, we
conducted learning using both standard Japanese
and dialect data in the final step. Three data
combination methods were considered: (1) Us-
ing the entire standard language (230h) and di-
alect (62h) datasets; (2) Allocating equal amount
of training time to standard language and dialect
(standard language 60h, dialect 62h); (3) Adjusting
standard-language data to match the data volume
per dialect region (standard language 3.7h, dialect
62h=3.7×17). The combined data was used in the
final step of the three-step training process.

4.2.2. Three-step Learning with
ReazonSpeech as Standard-Language
Speech Data

In the 1st step and the 3rd step, the Corpus
of Spontaneous Japanese (CSJ) was used as
the standard-language dataset for experiments
conducted thus far. This section describes a
model created using the newly developed Reazon-
Speech audio corpus as the standard-language
data, rather than CSJ. ReazonSpeech is an au-
dio corpus utilizing TV broadcast audio and sub-
titles as data, containing diverse dialectal features
from various speakers and data in various speech
styles, including dialogic speech. Therefore, for si-
multaneous learning with COJADS, which primar-
ily uses discourse audio, we considered that using
ReazonSpeech as standard-language data would
enable more effective learning than using CSJ,
which mainly uses lecture audio and only provides
dialectal features from a limited set of speakers.

4.2.3. Three-step Learning with CEJC as
Standard-Language Speech Data

In the 1st step and the 3rd step, the experiments
thus far have used the Corpus of Spontaneous
Japanese (CSJ) and ReazonSpeech as standard-
language datasets. This section describes a newly
created model using the CEJC speech corpus as
standard-language data. CEJC is a speech cor-
pus primarily focused on everyday conversation,
containing a well-balanced collection of conversa-
tions across diverse situations involving multiple
speakers of various genders and ages. Speech
in multi-person conversational styles is expected
to contain diverse dialectal features. Therefore,
for simultaneous learning with COJADS, which pri-
marily uses discourse audio, we considered that
using CEJC as standard-language data would en-
able more effective learning than using CSJ, which
mainly uses lecture audio and only provides dialec-
tal features from a limited set of speakers. Fur-
thermore, by utilizing the pronunciation data within
the CEJC dataset, accurate katakana text labels
can be created. This was expected to improve
recognition performance compared to using Rea-
zonSpeech.

4.3. Experimental Conditions
Experiments were conducted using the fairseq
toolkit (Ott et al., 2019). We employed the
wav2vec2.0 model defined as large size, consist-
ing of 7 CNN layers and 24 Transformer layers,
and utilized XLS-R pre-trained on 128 languages
and 436,000 hours of audio. In experiments us-
ing adapters, adapters were inserted into all Trans-
former layers. The learning rate was set to 3e-
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5 when training the Transformer layers and 5e-4
when not training them. When not including SSL
training, the quantizer for extracting quantized rep-
resentations and the linear layer for the SSL task
were removed. The number of updates was per-
formed between 25k and 40k.

5. Results and Discussion

5.1. Three-step Learning with
Standard-Language Speech Data

Table 4 shows the results of fine-tuning all param-
eters and fine-tuning using an adapter. The model
that achieved the lowest CER for dialect speech
was the one trained using an adapter with 3.7h
of standard-language data (CSJ). Using both stan-
dard language and dialect simultaneously in the
final training step enabled generalization perfor-
mance for both, and depending on the proportion
of training data, recognition performance for each
further improved.

Compared to the recognition performance of
Japanese dialect ASR models using the Whis-
per model described in (Takahashi et al., 2024),
the model obtained by this method demon-
strated superior recognition performance for di-
alect speech. This is likely because, while the
Whisper model tends to misrecognize speech fea-
tures specific to spoken language—such as fillers
and hesitations—and unknown words frequently
appearing in dialect speech as existing words,
the XLS-R-based model trained to capture these
speech features more faithfully.

Table 5 shows the recognition performance for
each COJADS dialect region using the proposed
model trained with 3.7 hours of standard Japanese
data, which achieved the best performance for di-
alect speech in this study. The table indicates that
recognition performance varies across dialect re-
gions, with some regions being recognized with
relatively low CER, while others remain difficult to
recognize with higher CER. In particular, Region 7
and Region 16 exhibit high CER, suggesting that
these dialects may be difficult to recognize due to
differences in phonology and vocabulary, as well
as the influence of recording conditions. Com-
pared with the baseline model trained only on the
CSJ dataset using only one-step ASR training pro-
cedure, the proposed method improves CER for all
dialect regions. These results indicate that the pro-
posed method consistently improves recognition
performance for dialect speech across different re-
gions.

Base model / Fine-tuning CER [%]
(Final step data) CSJ COJADS
XLS-R/Three-step learning
adapter-based (full) fine-tuning
(CSJ:0h, COJADS:62h) 11.2 (11.1) 29.2 (28.8)
(CSJ:3.7h, COJADS:62h) 5.5 (6.6) 28.5 (28.8)
(CSJ:60h, COJADS:62h) 4.3 (4.7) 29.2 (28.7)
(CSJ:230h, COJADS:62h) 3.7 (3.7) 29.4 (29.3)
Whisper/One-step learning
full fine-tuning
(CSJ:0h, COJADS:62h) 10.3 36.1
(CSJ:230h, COJADS:62h) 4.5 34.2

Table 4: Comparison of recognition accuracy
when including standard-language learning data in
the final step of three-step learning.

Region Baseline Proposed model
0 47.4 16.5
1 58.2 29.0
2 45.7 17.6
3 69.7 30.9
4 43.0 23.9
5 56.3 29.1
6 56.6 29.9
7 78.2 59.2
8 50.5 25.0
9 55.3 32.5
10 45.7 23.4
11 43.8 21.0
12 35.9 15.9
13 44.6 24.7
14 56.3 34.3
15 48.8 37.3
16 55.4 40.6

Average 50.0 28.5

Table 5: Breakdown of regional COJADS perfor-
mance for baseline and proposed XLS-R-based
models (CER [%])

5.2. Three-step Learning with
ReazonSpeech as
Standard-Language Speech Data

The results of experiments using ReazonSpeech
are shown in Table 6. Using ReazonSpeech
as the standard-language data improved recog-
nition performance for dialect speech after com-
pleting the 1st step of three-step fine-tuning com-
pared to conventional methods (in Table 1), indi-
cating high compatibility between ReazonSpeech
and COJADS as datasets. However, after com-
pleting the third step of learning, recognition per-
formance declined compared to the conventional
method using CSJ, even after implementing mea-
sures to balance the data time allocation for stan-
dard language. One reason for this outcome is the
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accuracy issue of the model transcribing Reazon-
Speech data into kana characters (ReazonSpeech
corpus has not perfect katakana transcription, but
only imperfect kanakanji transcription). For this
transcription to create kana labels for Reazon-
Speech, we used the ASR model currently offering
the best CSJ recognition performance within our
research methodology. However, since no adap-
tive learning was performed specifically for Rea-
zonSpeech, the training data contained a signifi-
cant amount of incorrectly transcribed data. Com-
paring the kana labels from the ASR model’s
recognition results with the kana-kanji text labels
provided for ReazonSpeech, and evaluating a por-
tion of the dataset, yielded a recognition accuracy
of 25.1% CER (Substitution:6.4%, Deletion:5.4%,
Insertion:13.3%). Using such inaccurate labels is
considered the primary reason recognition accu-
racy did not improve. If more accurate transcrip-
tion of kana-kanji labels using kana characters be-
comes possible, using ReazonSpeech as the stan-
dard language in this method is expected to im-
prove recognition performances compared to con-
ventional approaches.

Another issue is that the TV broadcast subti-
tle data underlying the ReazonSpeech text data
sometimes fails to faithfully reflect parts of the spo-
ken content, including speech-specific fillers and
hesitations. Meanwhile, the main task here is an
ASR task for dialects and standard Japanese us-
ing an XLS-R-based model, which requires accu-
rately capturing speech-specific acoustic features.
While using the recognition results from the ASR
model as labels may have mitigated this mismatch,
it has made it difficult to assess the accuracy of
the newly assigned kana labels due to these is-
sues. How to incorporate the vast ReazonSpeech
dataset for kana learning or dialect learning re-
mains a future challenge.

ASR Learning Method CER [%]
(Fine-tuning Data) CSJ COJADS
Multi-step adapter-based fine-tuning
1st step (Reazon:260h) 7.2 40.3
2nd step (COJADS:62h) 15.6 34.6
3rd step
(Reazon:3.7h, COJADS:62h) 9.0 28.8
(Reazon:260h, COJADS:62h) 6.1 29.4

Table 6: Comparison of recognition accuracy
when using ReazonSpeech as standard-language
learning data in a three-step learning approach.

5.3. Three-step Learning with CEJC as
Standard-Language Speech Data

Table 7 shows the results of experiments us-
ing CEJC as the standard-language dataset.

The results indicate that when using CEJC as
the standard-language dataset, similar to Rea-
zonSpeech, recognition performance for dialect
speech improved after completing the first step
of three-step fine-tuning. However, after com-
pleting all 3 steps of training, recognition perfor-
mance decreased compared to the conventional
method using CSJ. CEJC was expected to im-
prove recognition performance because, as con-
versational speech, it has a higher domain match
rate with COJADS than ReazonSpeech. Unlike
ReazonSpeech, it allows for the creation of accu-
rate katakana text labels, and transcriptions faith-
fully include fillers and hesitations. However, con-
trary to expectations, incorporating CEJC into the
training data did not yield any noticeable effect.
Reasons for this outcome include the relatively
small amount of CEJC data, the use of CEJC data
as training without accounting for overlapping ut-
terances within the data, and the inclusion of ut-
terances from speakers without dedicated micro-
phones in the training data. Since how data is se-
lected during this preprocessing step significantly
impacts recognition performance, it is expected
that using more refined CEJC data for training
could lead to improved recognition performance
compared to this experiment.

ASR Learning Method CER [%]
(Fine-tuning Data) CSJ COJADS
Multi-step adapter-based fine-tuning
1st step (CEJC:140h) 9.6 45.3
2nd step (COJADS:62h) 15.6 34.3
3rd step
(CEJC:3.7h, COJADS:62h) 10.8 29.0
(CEJC:140h, COJADS:62h) 8.8 28.8

Table 7: Comparison of recognition accuracy
when using CEJC as standard-language learning
data in a three-step learning approach.

6. Conclusion

This paper introduces a method for construct-
ing a speech recognition model adapted to both
Japanese dialects and standard Japanese, based
on the multilingual self-supervised learning model
XLS-R. Compared to previous models that em-
ployed multi-task learning including dialect identi-
fication and introduced adapters for dialects and
standard Japanese to improve learning efficiency,
we investigated a method that simultaneously uti-
lizes both dialects and standard Japanese in the
final training step. We also explored methods uti-
lizing new standard Japanese datasets: the Rea-
zonSpeech audio corpus and the Corpus of Every-
day Japanese Conversation (CEJC). Using both di-
alect and standard Japanese in training enhanced
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the generalization performance of the three-step
fine-tuning model. Depending on the proportion
of standard Japanese in the training data, we
achieved improved recognition performance for
both dialect and standard Japanese. Future chal-
lenges include exploring methods for accurately
transcribing ReazonSpeech data into kana char-
acters, improving preprocessing methods for the
CEJC dataset, and investigating ways to incorpo-
rate richer datasets into training. Our goal is to
further enhance recognition performance for both
standard Japanese and dialects.
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A. Regional Division of the COJADS
Dialect Dataset

In this study, the COJADS dialect data were di-
vided into 17 regions and labeled accordingly. The
details of this regional division are shown in Fig-
ure 3. The figure visualizes the locations where
speech data were recorded for each prefecture in
Japan and indicates which dialect region each lo-
cation corresponds to. These regional labels were
used as supervisory labels for DID (Dialect Identi-
fication) in the multi-task learning setup.

B. Perplexity of Language Model on
Dialect Regions

In this appendix, we show the perplexity of a BERT
language model, fine-tuned from the pre-trained
bert-large-japanese-char-v2 model (Tohoku NLP
Group, 2023) using standard Japanese texts, for
texts from each dialect region in COJADS. This al-
lows us to evaluate how well a model trained on
standard Japanese adapts to dialectal variations
and provides a quantitative view of linguistic differ-
ences between standard Japanese and regional
dialects.

Table 8 shows that, overall, the perplexity for di-
alect regions is high when using a language model
trained on standard Japanese, indicating that the
model is not well adapted to regional dialects. Re-
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Figure 3: The 17 dialect regions of COJADS and
the locations where speech data were recorded

gions 1 (western Tohoku), 15 (Kagoshima), and 16
(Okinawa) exhibit particularly high perplexity, re-
flecting substantial differences in vocabulary and
expression from standard Japanese. Although the
dialect for the region 4 is similar to the standard
Japanese, the perplexity is large. It is the reason
that the contents of dialect and standard Japanese
are elderly people’s daily conversation and aca-
demic presentation, respectively. In contrast, the
perplexity for the standard Japanese corpus (CSJ)
is low, showing that the model performs well on
standard Japanese. These results provide a quan-
titative illustration of the linguistic differences be-
tween Japanese dialects and standard Japanese.

Region Perplexity
0 88.5
1 146.1
2 91.9
3 60.0
4 60.9
5 75.0
6 76.6
7 92.2
8 68.2
9 84.6
10 58.1
11 62.4
12 99.9
13 84.5
14 75.5
15 140.2
16 143.6

Average 91.4
CSJ 9.5

Table 8: Perplexity of the BERT language model
fine-tuned on standard Japanese for each CO-
JADS dialect region and for standard Japanese
(CSJ).
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