
Reducing Orthographic Dependency on Paired Data
by Probabilistic Integration via Syllabogram
for Japanese Dialogue Speech Recognition

Ryu Takeda∗ and Kazunori Komatani∗
∗SANKEN, The University of Osaka, Japan

E-mail: {rtakeda, komatani}@sanken.osaka-u.ac.jp Tel: +81-6-6879-8416

Abstract—Character end-to-end ASR (C-ASR) models fail to
recognize the spelling of words that are absent from paired
data (audio and text). This orthographic dependency on the
paired data can be resolved by using a cascade of syllable
ASR (S-ASR) and syllable-to-character translation (SCT) models
once the pronunciations of the text are given as syllabograms
in model training. However, this method’s performance suffers
from errors that propagate from each model. We propose a
probabilistic integration of the two models and robust training
of the SCT model. The former provides a global score for better
estimations based on S-ASR and SCT models during the block-
wise beam search. The latter introduces a pronunciation error
generator using a mask token to increase robustness against S-
ASR errors. Experimental results using real Japanese dialogue
corpora showed that our model outperformed the naive cascading
with no probability, C-ASR, and other open models. We also
showed that the integration of recognition results from C-ASR
and S-ASR with SCT outperformed each isolated model.

I. INTRODUCTION

A. Background and Motivation
Our purpose is to develop a vocabulary-portable automatic

speech recognition (ASR) for spoken dialogue systems. Such
an ASR should recognize not only well-known words but
also specialized words, such as technical terms, local in-group
words and new words, in order to be portable across various
scenarios and domains. Several open neural ASR models have
shown high performance in general, but they often ignore
fillers and hesitations – key cues in dialogue that reflect
user traits, internal states, and turn-taking behavior [1]–[4].
It is partly due to the use of rough labels (i.e., inaccurate
transcriptions) during training.

Character end-to-end ASR (C-ASR) models often fail to
recognize the spellings of words that are absent from paired
data (audio and text), which reduces portability. Although they
can be augmented with a language model trained on a large
amount of unpaired text, recognition still often fails due to the
direct and strong association of acoustic features with spelling
characters learned from the paired data. This issue is caused by
the orthographic dependency on the paired data: For example,
a word “YouTube/ユーチューブ” that appears only in the
unpaired text may be misrecognized as frequent characters in
the paired data “優中部” because their pronunciations are the
same (Fig. 1 left). Such dependency becomes serious in sev-
eral languages, like Japanese, whose writing system includes

����� ���	��
�	

�������	

���	����


������

��
���
��

���������	�


��������	�
	�
�������	
�	����
��

���������	���
������	�����
�

��������	��
����
�����

��������	��

�����	��
�	

��
���

���
��

����� �����������

��
���
��

���	��
�	�
����
�����

� ��
���
�� �

��	��������������������
������������	�

���������	�


��������	�
	����	�����������

��
�	�����
��	��	����
�
���

����������� ���	��
�	

�� ��
���
�����������
���������
����������������������	�����������������	���

���������	���

� ��
���
�� �

���
����

����
���

��		��
������������ ����
�!��� ���������������
�"


Fig. 1. Orthographic dependency (left) and our focus (right)

ideograms (Kanji), phonograms (Alphabet), and syllabograms
(Hiragana/Katakana). The variety of meaningful characters re-
sults in many homophones (words with different orthographies
/ meanings), which are often related to named entities [5].
Thus, misrecognized text have different meanings from the
user’s intentions. Context information or domain knowledge
could resolve such ambiguities, and could be given as unpaired
text information.

One promising solution to the orthographic dependency
problem is to cascade the syllable ASR (S-ASR) and syllable-
to-character translation (SCT) models. In this approach, the
pronunciations of unpaired texts are represented as a sequence
of interpretable syllabograms (pronunciation symbols). The S-
ASR model first recognizes a sequence of syllabograms from
the entire audio utterance, and then the SCT model “translates”
the sequence into corresponding spelling characters (Fig. 1
right). The advantage of this role-specific approach is that
each model can be designed and trained independently without
encountering out-of-character issues, except for the syllabary.
S-ASR depends only on a pronunciation system and is in-
dependent of any target domain or spelling, which enhances
ASR portability. We can flexibly design, fine tune, or replace
the SCT model for each application domain by utilizing the
latest neural architectures, token units and small/large amounts
of unpaired text.

However, such an approach based on two separate models
usually suffers from error propagation between the models.
Since the output of S-ASR usually includes recognition errors,
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the SCT model may translate several misrecognized syllabo-
grams into incorrect spelling characters. In addition, the local
best estimation made by each model is not always the globally
optimal estimation for the entire process.

We propose 1) a probabilistic model to integrate the S-
ASR and SCT models and 2) a robust training method for
the SCT model. The former provides a global score for better
estimations on the basis of two-layer probabilistic models, i.e.,
S-ASR and SCT, during the block-wise beam search. The
score from a language model (LM) is also added (shallow
fusion) to assess the validity of the estimated characters by
the SCT model. The latter introduces a pronunciation error
generator that modifies the input syllabograms of training
data by simulating deletion, insertion, and substitution errors
of S-ASR, which may improve the robustness of the SCT
model. The effect of replacing such errors with a mask token
is demonstrated through experiments. We also integrate the
ASR results from C-ASR and our approach to improve the
performance further on the basis that C-ASR works well for
words in paired data and our approach works well for words
only in unpaired text.

The following are our contributions:
• We confirmed the effectiveness of a probabilistic inte-

gration via syllabograms for Japanese dialogue speech to
resolve the orthographic dependency on the paired data

• We investigated the impact of LM-fusion and mask token
training of the SCT model on the character error rate
(CER).

• We performed a comprehensive evaluation of our and
open ASR models over open Japanese corpora. Our model
parameters have been publicly released1.

B. Related Work

The studies on utilizing unpaired text are categorized into
LM fusion, speech generation, context biasing, and neural
architecture extension. These techniques do not compete with
our work; instead, they can further enhance the performance
of our approach. There are several LM fusions depending on
the network connectivity [6]: shallow fusion [7], deep fusion
[8], and cold fusion [9]. Text-to-speech technologies have
been used to generate speech signals from unpaired text data
to increase paired data [10], [11]. Specific architectures for
vocabulary extension [5], [12] and context bias [13]–[16] have
also been studied.

Several studies have explored two-layer approaches using
intermediate representations in cross-lingual ASR [17], [18]
and streaming Chinese ASR [19], not Japanese ASR. In
those studies, error propagation was mitigated by using the
confidence vector of each phoneme from phoneme ASR [17]
or error simulation training of the syllable-to-character con-
version model [19]. Recognition methods such as these are
typically based on a 1-best search (cascade / end-to-end), and
their neural architectures also differ from ours, e.g., RNN-T

1examples – https://github.com/ouktlab/espnet asr models, and model pa-
rameters – https://huggingface.co/ouktlab

vs. transformer encoder-decoder with external LM fusion. In
addition, our experiments additionally examined the utilization
of the mask-token in the SCT model training.

II. BASELINES

A. Character End-to-End ASR with LM Shallow Fusion

Character end-to-end ASR (C-ASR) directly estimates a
character sequence c1:L = [c1, ..., cL] of length L from a
sequence of speech feature vectors x1:T = [x1, ...,xT ] of
length T . Each feature vector at frame t, xt ∈ RD, is a D-
dimensional vector. Neural networks are used to model the
posterior probability p(c1:L|x1:T ) through supervised training
using paired data.

The character-level LM pc(c1:L) is fused during decoding
to utilize unpaired text resources. In the hybrid CTC/attention
model [20], the following score function Jw2c is evaluated in
order to obtain the best estimation ĉ1:L

ĉ1:L = argmaxc1:LJw2c(c1:L|x1:T ), and (1)
Jw2c(c1:L|x1:T ) = wc,1 ln pctc(c1:L|x1:T )

+wc,2 ln patt(c1:L|x1:T ) + wc,3 ln pc(c1:L), (2)

where pctc, patt, and pc represent the probabilities from the CTC
model, attention model, and character-level LM, respectively.
wc,i(i = 1, 2, 3) represents the mixture weight, and their sum
equals 1.

B. Syllable ASR and Syllable-to-Character Translation

The cascading method estimates c1:L from x1:T via a
syllabogram sequence s1:M = [s1, ..., sM ] of length M as an
intermediate representation. It requires two models: an S-ASR
model p(s1:M |x1:T ) and an SCT model p(c1:L|s1:M ). Since
the lengths M and L are usually different, the SCT model is
assumed to be an encoder-decoder architecture in this paper.

A simple decoding can be achieved through the following
cascaded estimation:

ŝ1:M = argmaxs1:MJw2s(s1:M |x1:T ), and (3)
ĉ1:L = argmaxc1:LJs2c(c1:M |ŝ1:M ), (4)

where Jw2s and Js2c represent the actual score functions of S-
ASR and SCT, respectively. Here, we assume that Jw2s has the
same form as Jw2c except that the mixture weights in Jw2s are
denoted as ws,i(i = 1, 2, 3), and a syllabogram-level LM ps is
used instead of pc. As for Js2c, the score function is defined
as the log probability, i.e., ln p(c1:L|s1:M ).

III. PROPOSED METHOD

A. Probabilistic Integration: Formulation

S-ASR and SCT models are integrated via syllabograms,
which are considered to be latent variables from a probabilistic
perspective to clarify the global score function. Here, the
conditional joint probability p(c1:L, s1:M |x1:T ) is the ideal
score function. Since we are interested in not only c1:L but also
s1:M in terms of pronunciation recognition for the dialogue
system, we estimate both c1:L and s1:M from x1:T based on
the joint probability.
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Fig. 2. Block-wise beam search (top) and error generation process for SCT
training (bottom)

We decompose the joint probability by considering the
recognition process as follows:

p(c1:L, s1:M |x1:T ) = p(c1:L|s1:M )p(s1:M |x1:T ) (5)

where p(s1:M |x1:T ) and p(c1:L|s1:M ) represent the S-ASR
and SCT models, respectively. Since this decomposition still
considers several possibilities of s1:M using the same S-ASR
and SCT models, its recognition performance is expected to
be better than that of the cascading method.

B. Block-wise Beam Search and Score Function

We use a block-wise beam search to find an approximate
estimation of c1:L because it is difficult to evaluate the
marginalized probability in Eq. (5) over the latent variables.
Here, s1:M and c1:L are estimated sequentially in a block
(utterance)-wise manner by applying an N -best beam search
in each stage. This process is illustrated in Fig. 2 (top). For
example, the N -best hypotheses, {sn1:Mn

}Nn=1, are estimated
in the S-ASR stage. Then, K-best hypotheses, {ck,n1:Lk,n

}Kk=1,
are estimated in the SCT stage for each hypothesis sn1:Mn

.
Finally, the hypothesis with the highest score is selected as
the best estimation, ĉ1:L.

Our score function based on Eq. (5) with character-level LM
shallow fusion becomes

Jw2sc(c1:L, s1:M |x1:T ) = v1Jw2s(s1:M |x1:T )

+v2Js2c(c1:L|s1:M ) + v3 ln p(c1:L), (6)

where vi (i = 1, 2, 3) are weights and their sum is 1. Note that
the cascade approach corresponds to the setting of performing
a 1-best search in each stage.

C. Training Strategy for Robust SCT Model

The SCT training uses a parallel corpus that includes
pairs of character sequences and corresponding syllabogram
sequences. Adding errors to the input sequences makes the
SCT model robust, as it enables the model to learn from
erroneous inputs in advance. Our main concern is the impact
of simulation strategies and mask-token replacement on ASR
performance.

We introduce an error generator that consists of an S-ASR
error simulator and a masking error simulator, and we apply it

to each syllabogram in the input, as shown in Fig.2 (bottom).
The former generates {deletion, insertion, and substitution}
errors, while the latter replaces several tokens with a mask
token. Three parameters control the error properties. The
parameter θe controls the simulated error rate of S-ASR. For
substitution and insertion errors, the corresponding token is
replaced with a different syllabogram. While θc represents the
probability that a correct syllabogram is incorrectly masked,
θm represents the probability that an erroneous syllabogram is
correctly masked. We can disable the masking error simulator
by setting θc = 0 and θm = 0. All errors from the S-ASR
error simulator, except deletion errors, are correctly masked
by setting θm = 1; i.e., it is equivalent to full mask-token
replacement.

D. Integration of ASR results from C-ASR and S-ASR with SCT

The integration of the ASR results from C-ASR and S-ASR
with SCT is expected to improve performance even further.
This is because C-ASR works well for words in the paired data
while S-ASR with SCT works well for words only in unpaired
text. We focused on their recognition scores because they are
correlated with the uncertainty of the recognition results to
some extent.

Our criterion is based on the following score difference
between the two models

g =
Jw2c(ĉ

c
1:Lc

|x1:T )

Lc
− α

Jw2sc(ĉ
sc
1:Lsc

, ŝ1:M |x1:T )

Lsc
− β, (7)

where ĉc1:Lc
, ĉsc1:Lsc

, and ŝ1:M represent the recognition results
with top score from C-ASR and S-ASR with SCT models,
respectively. α and β are parameters for score-range and offset
adjustment, and they are determined by using the development
set. Each model’s score is normalized by the recognized char-
acter length Lc or Lsc. ĉc1:Lc

is accepted as a final recognition
result if g > 0, and ĉsc1:Lsc

is accepted otherwise. Note that
each length-normalized recognition score is less than or equal
to 0 because it is basically the log probability of a discrete
random variable.

IV. EXPERIMENT

The experiment investigated the performance of the follow-
ing methods on human-machine dialogue speech recorded in
real environments: our approach and C-ASR trained under the
same conditions including training set, each process in our
approach, and open ASR models. The open ASR models were
Reazonspeech ESPnet v22, Whisper large v3 [21], and Rinna
Nue [22], [23] with the default settings. These models were
trained on over 10,000 hours of audio data.

A. Data Set

Training paired data for C-ASR and S-ASR: The training
speech data (approximately 12,500 hours in total) mainly
consisted of seed paired corpora and their augmented ver-
sions (Table I). The seed corpora, totaling 900 hours, mainly

2https://huggingface.co/reazon-research/reazonspeech-espnet-v2

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 551



TABLE I
TRAINING SET FOR EACH MODEL

Model C-ASR, S-ASR LM, SCT
Data Paired data (audio & text) Text in paired data + unpaired text
Size Over 12,500 hours (audio) Over 400 million characters
Corpus 10 corpora (over 900 hours) 10 corpora + BCCWJ, Wiki40b-ja
Others + Data augmentation + Text standardization

consisted of ten public Japanese speech corpora with tran-
scriptions: CSJ [24], S-JNAS, TWM, JEIDA-JCSD, ETL-WD,
RIKEN-DLG3, APP, APPDIC4, SLC-35, and JVS [25]. The
augmented data were generated by applying transformations to
the seed corpora, such as speech-rate perturbation, convolution
with impulse responses, and addition of non-speech signals
to improve robustness to noise. Impulse responses that were
measured at 540 positions in a real room (RT20 640 ms) were
used. The non-speech signal data primarily consisted of MU-
SAN [26], WHAM! (train set) [27], and the ProSoundEffects
corpus6. We also included 20 hours of additional pure tone
signals, white/brown/pink noise, babble noise, and recorded
environmental noises. The signal-to-noise ratio (SNR) was
randomly selected from −10,−5, 0, 5, 10, and 20 dB.

Training text data for SCT and LMs: We used tran-
scriptions from the paired data, BCCWJ text [28], unpaired
Wiki-40B (ja) text [29] and Wikipedia title data (Tab. I). The
syllabograms (Katakana) of the wiki text were obtained using
the Japanese morphological analyzer Mecab [30] with the
NEologd [31] and UniDic [32] dictionaries. The spellings of
words and representations of numbers were standardized to
some extent in accordance with the transcription rule of CSJ.
For example, alphabetical words were represented by Katakana
for LM of C-ASR.

Development set (dev set): The dev set consisted of
dialogue recordings in CSJ [24] that were not used for model
training to determine the stopping epoch for SCT model
training and some weight parameters of each score function.
We selected eight stereo recordings, totaling 90 minutes of
speech involving 16 persons.

Test set: Our main open test sets consisted of four
Hazumi{1712, 1902, 1911, 2105} [33] corpora (11.5 hours in
total), as they are real recordings of human-machine interac-
tions in a spoken dialogue system. The system provides topics,
and users talk about a TV show, manga, singers, and other
subjects on the basis of their own experiences. Users uttered
words that were not in our training paired data (mis-
matched), making these corpora reasonable for evaluating
our approach to the orthographic dependency problem. In
addition, ASR models had to be robust since reverberations and
background noises were present in the audio signals. We also
used a situated spoken dialogue corpus1 (PASD-1), and clean
and noisy eval sets from the CSJ [24] for comparison. These
sets also included words that were matched or mismatched to

3https://research.nii.ac.jp/src/list.html
4https://www.atr-p.com/products/sdb.html
5https://alaginrc.nict.go.jp/slc-outline.html
6Pro Sound Effects Library. http://www.prosoundeffects.com

the training paired data or unpaired text. The properties of each
data-set are summarized in Table II. The noisy CSJ sets were
generated by convolving impulse responses from RWCP-SSD
[34] with the CSJ eval sets and adding non-speech signals from
ESC-50 [35] and WHAM! (test set) [27] at a SNR of 20 dB.
Note that the speech signals in Hazumi, CSJ, and noisy CSJ
were segmented into utterances, while those in PASD-1 were
not. We eliminated the tsu and uec sets from PASD-1 due to
strong channel interference.

B. Configuration of Model

C-ASR and S-ASR of the baseline and proposed method:
The loss function and architectures of C-ASR and S-ASR were
identical, following the ESPnet CSJ recipe with transformer
ASR and LM [36]. This is because conformer ASR was
not robust against unseen noises [37]. The vocabulary sizes,
including silence and special symbols, were approximately
3,700 for C-ASR and 170 for S-ASR. SpecAug were used to
improve robustness. The number of training epochs was set to
30 with a default scheduler, and the models were then tuned
with fixed learning rates of 2.0 × 10−5 or/and 2.0 × 10−6.
The final parameters were obtained by averaging parameters
over several epochs from each learning rate. The numbers of
parameters of ASR and LM were 97M and 50M, respectively.

SCT in the proposed method: T5 for conditional gener-
ation [38] was used as the SCT model. We trained this model
from scratch with parallel text, the default T5’s loss function
and the AdamW optimizer [39]. We experimented with 6 and
12 layers and selected 12 for its the better performance. The
number of parameters was 110M. The number of training
epochs was set to 10 with fixed learning rates of first 10−4

and then 10−6, and the final parameters were obtained by
averaging parameters over five epochs. The vocabulary size
was approximately 11,100 Japanese characters, defined by JIS
X 0213 (Japanese Industrial Standard for coded character sets).
The other configurations were the default ones.

Other parameters in the proposed method: The error
simulator parameter, θe, was set to 0.15, similarly to masked
LM settings [40]. If the mask error simulator was enabled, θc
was set to 0.05 and [0.15, 0.50, 0.85, 1.00] were tested as θm.
The LM architecture in Eq. (6) and its tokenizer followed the
GPT-NeoX small model [41], and the LM was trained from
scratch using the same settings as SCT model training. The
number of training epochs was set to 10 with fixed learning
rates of first 1.0 × 10−4 and then 1.0 × 10−6, and the final
parameters were also obtained by averaging parameters over
five epochs. The number of parameters was 153M. α in Eq. (7)
was set to 3.17 to minimize the deletion error for the dev set
with β = 0.

Decoding and other parameters: The relative weights
in C-ASR and S-ASR were determined using the CER for
the dev set; (wc,1, wc,3) = (0.21, 0.30) and (ws,1, ws,3) =
(0.19, 0.35). By minimizing the deletion error for the dev set,
the SCT model trained with θm = 1.00 was selected, and
the SCT v2 and LM weights v3 were set to 0.75 and 0.02,
respectively. The beam size was set to 40 in C-ASR and S-ASR
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TABLE II
FEATURES OF OPEN TEST SETS

Hazumi: Our target - real spoken dialogue data
Mismatched with the paired training data

Style Dialogue (Human-Machine)
Type Non-task
Topic User’s experience: travel, TV, manga, singer, ...

CSJ eval sets: standard Japanese ASR evaluation data
Matched with the paired training data

Style Solo speech (not dialogue)
Type Technical research presentation
Topic Acoustic signal and language processing

PASD-1: other situated dialogue data
Mismatched with the paired training data

Style Dialogue (Human-Human)
Type Task specific
Topic Schedule managing, travel guide, ...

TABLE III
MAIN RESULTS: CHARACTER ERROR RATE (%) UNDER SAME TRAINING DATA CONDITION.

Corpus Hazumi

Set 1712 1902 1911 2105 Total

Baseline B1: C-ASR (with transformer LM) 14.6 12.2 10.7 11.6 12.15
B2: Cascade: S-ASR(1-best) + SCT(1-best) 13.5 12.1 10.7 11.6 11.88

Proposed

P1: S-ASR(5-best) + SCT(1-best) 13.5 12.2 10.6 11.3 11.80
P2‡: S-ASR(5-best) + randSCT(1-best) 13.4 11.6 10.2 11.0 11.44
P3‡: S-ASR(5-best) + maskSCT(1-best) 13.3 11.7 10.3 10.9 11.45
P4†: S-ASR(5-best)+maskSCT(1-best) + LM 13.1 11.6 10.3 10.8 11.37
P5†: S-ASR(5-best)+maskSCT(5-best) + LM 13.1 11.6 10.2 10.8 11.36
P6: Integration (B1+P5) (α, β) = (3.17, 0) 12.7 11.1 9.6 10.4 10.84
C1: Integration (B1+P5) (α, β) = (1, 0.095) 13.7 11.7 10.2 10.9 11.51

# of characters 227,526

and 15 in SCT. The experiments were conducted on Nvidia
RTX A6000 GPUs.

C. Results

Table III presents the results under the same training condi-
tions, and Table IV lists the open ASR model conditions7. The
statistical significance of the CER differences between two
methods was assessed using the probability of improvement
(POI) in % via the bootstrap method [42] in the Kaldi toolkit
[43] under the 95% confidence interval settings.

Table III shows that our probabilistic approach (P1) outper-
formed the baselines: C-ASR (B1) and cascade 1-best search
(B2). The total CER of 5-best search (P1) was 0.35 and 0.08
points lower than that of C-ASR (B1) and cascade (B2), with
POIs of 99 % and 95%, respectively. Thus, simple cascade
approach falls into local estimation.

Table III also shows experimental comparisons of different
implementations of mask tokens (P1, P2, and P3). Here, SCT,
randSCT, and maskSCT denote the SCT models trained with no
error simulator, only the S-ASR simulator, and full mask-token
replacement, respectively. randSCT (P2) also outperformed P1
by 0.36 points with a POI of 100%. Since no significant
difference was observed between randSCT (P2) and maskSCT
(P3) with a POI of 56% (‡), full mask-token replacement is
sufficient and simple for robust SCT model training.

The effectiveness of LM-fusion (P4, P5) is shown in the
middle part of Table III. The LM-fusion (P4) further improved
CER over that of P3, with a POI of 100%, and the additional
K-best search in SCT (P5) improved CER over 1-best search
in SCT (P4) with a POI of 90% (†). The probabilistic propa-
gation for SCT process slightly contributes to CER.

Finally, the integration of S-ASR with C-ASR (P6) outper-
formed the C-ASR (B1) and S-ASR with SCT approach (P5)
from the bottom part of Table III. The CER of the Integration
(P6) improved by 0.52 and 1.04 points in total compared with
C-ASR (B1) or S-ASR with SCT (P5) alone, respectively.
These results indicate that the two approaches complement

7All recognition results of each ASR model were standardized with best
effort by unifying the representations of numbers and by adjusting the
orthographic variants to the transcriptions of each set.

TABLE IV
COMPARISON WITH OPEN END-TO-END ASR MODELS:

DELETION ERROR RATE / CHARACTER ERROR RATE IN %

Corpus Hazumi CSJ Noisy CSJ PASD-1

O1: Reazon v2 8.79 / 13.06 9.83 / 14.53 11.09 / 18.99 11.7 / 17.7
O2: Whisper [21] 9.84 / 16.41 9.56 / 13.35 11.45 / 18.58 17.7 / 24.0
O3: Nue [22] 17.33 / 22.29 19.86/ 25.85 22.20 / 33.70 34.5 / 44.1
O4: ESPnet (CSJ) 7.32 / 22.46 1.31 / 4.06 8.40 / 27.77 5.6 / 26.8
B1: C-ASR 4.78 / 12.15 1.31 / 3.72 1.90 / 5.93 4.3 / 11.3
B2: Cascade 4.50 / 11.88 1.41 / 4.25 2.06 / 6.56 4.5 / 11.6
P5: S-ASR with SCT 4.17 / 11.36 1.38 / 4.02 1.95 / 6.19 4.5 / 11.4
P6: Integration 3.67 / 10.84 1.16 / 3.58 1.70 / 5.75 3.9 / 11.3
# of characters 227,526 115,742 115,742 19,230

each other. We found that the integration based on the simple
score difference (C1) setting (α, β) = (1, 0.095) degraded
performance, where β = 0.095 minimized the deletion error
for the dev set with α = 0. Therefore, the parameter settings
(α, β) and the score criterion itself were important to improve
CER further.

From Table IV, we found that the open models had many
deletion errors and our approach (P5 and P6) outperformed
them. In particular, our integration (P6) performed best, and
the performance on even PASD-1 was not degraded com-
pared with C-ASR (B1) or S-ASR with SCT (P5) alone.
The deletion errors of Reazon (O1), Whisper (O2), and Nue
(O3) were generally above 8%, with several non-filler words
misrecognized (deleted). These experiments did not allow for
context information over several utterances, which may have
negatively affected the performance of Whisper and Nue. Note
that Reazon was able to recognize several words that our model
missed, suggesting that a combination of these models could
be beneficial in practice.

Table IV also shows the noise robustness of our model (P5)
by comparing its performance with that of ESPnet with the
CSJ recipe (O4) for CSJ and noisy CSJ sets. On the other
hand, S-ASR with SCT (P5) performed similarly to or slightly
worse than C-ASR (B1), likely due to the lower accuracy of
the SCT model. This performance gap could be reduced by
having a deeper SCT model correctly learn technical terms
from the CSJ corpus, as the CER (Katakana) of S-ASR on the
noisy CSJ sets was below 3.0%.

The limitations of our method are that 1) the evaluation
was limited to a specific language (Japanese) and 2) the
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network architectures were not optimized. Regarding language
dependency, we believe that research like ours is essential for
language localization. As for a practical implementation as
spoken dialogue systems, integration with streaming ASR will
be effective in terms of the tradeoff between the recognition
accuracy and the processing latency.

V. CONCLUSION

We proposed a probabilistic integration of S-ASR and SCT
models via syllabograms to mitigate orthographic dependency.
Experimental results on Japanese dialogue sets demonstrated
the effectiveness of our approach compared with C-ASRs.
As for future work, we aim to replace unreliable recognized
syllabograms from S-ASR with mask tokens to propagate the
uncertainty to the SCT model. We will also investigate the
ASR performance for spoken dialogue data recorded in the
real babble noise environment.
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