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Abstract

Spoken dialogue systems would benefit from
the ability of self-correction, namely, —revising
earlier recognition results once later utterances
are available, as humans often do in dialogue.
However, conventional automatic speech recog-
nition (ASR) frameworks mainly process user
utterances sequentially and rely only on the
preceding context. To address this limitation,
we propose Retrospective Speech Recognition
(RSR), which refines past recognition results
by exploiting its subsequent utterances. We
formulate and implement an RSR model for
a dialogue system situation where system ut-
terances can also be utilized. Each past user
utterance is processed with an interpretable
syllabogram representation, which integrates
preceding and subsequent utterances within a
shared domain between the signal and text lev-
els. This intermediate representation also helps
reduce orthographic inconsistencies. Exper-
imental results using real Japanese dialogue
speech showed that utilizing the subsequent ut-
terances improved the character error rate by
0.10 points, which demonstrates the utility of
RSR. We also investigated the impact of other
factors, such as utilization of system utterances.

1 Introduction

Spoken dialogue systems would benefit from the
ability of self-correction, namely, —revising ear-
lier recognition results once later utterances are
available, as humans often do in dialogue. If sys-
tems can correct past mis-recognitions after a se-
quence of conversations, dialogue breakdowns and
incredulity from the user can be reduced. In other
words, being able to detect and revise previous
recognition errors, even retrospectively, is crucial
not merely for ASR accuracy, but for maintaining
coherent dialogue and reliable belief updates.
However, conventional automatic speech recog-
nition (ASR) frameworks are not dialogue-oriented,
i.e., they mainly process user utterances sequen-

[ t: utterance]
index

Recognition result

Figure 1: Proposed RSR for a dialogue system situation
— utilizing subsequent context and system utterances

tially and rely only on the preceding context as
shown on the left side of Fig. 1. While preceding
utterances serve as a constraint in the recognition
process, such constraints are often implemented by
utilizing past recognition results as a prompt text
for the language models (LMs) used in ASR (Rad-
ford et al., 2022). Context embedding has also been
used instead of the raw text context (Masumura
et al., 2021; Gong et al., 2024), and only preced-
ing system utterances have also been exploited in
the dialogue system area (Lee et al., 2024b). The
context length is usually controlled by pre-defined
parameters such as window size.

To address the limitation, we propose Retrospec-
tive Speech Recognition (RSR) , which refines past
recognition results by exploiting the subsequent
utterances (right side of Fig. 1). In this work, we
formulate and implement an RSR model for a di-
alogue system situation where system utterances
can also be utilized. Each past user utterance is
processed with an interpretable syllabogram rep-
resentation (pronunciation symbols), which inte-
grates preceding and subsequent utterances within
a shared domain between the signal and text (LM)
levels. In our framework, a syllable sequence of
each utterance signal is recognized by syllable ASR
(S-ASR). Then, the recognized syllable sequences
of preceding and subsequent utterances are con-
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verted into the character sequence (ASR result) by
a syllable-to-character translation (SCT) model.

Our approach, which leverages an intermediate
representation, also mitigates orthographic incon-
sistencies. This capability is particularly important
in dialogue systems where proper nouns often play
a crucial role in understanding and maintaining
context. For example, a spelling error in a system
utterance text such as “ONF > for “E2 5> does
not matter as long as their pronunciations are the
same.

Note that the proposed RSR scheme is suitable
for spoken dialogue systems in terms of both pro-
cessing latency and dialogue flow. The latency of
RSR does not matter in dialogue systems because
sequential ASR and RSR can run in parallel, and
the RSR results can be selectively used only when
considered necessary. As for the dialogue flow, sub-
sequent utterances tend to assist RSR, since real
dialogues typically stay on the same topic for sev-
eral turns, and topic shifts are usually indicated
by discourse markers. In addition, system utter-
ances do not suffer from recognition errors, which
will help with the correct recognition of dialogue
context.

Our main contributions are as follows.

* We proposed a new formulation and a model
for RSR under the dialogue system situation.

* We demonstrated the effectiveness of the RSR
approach for real spoken dialogue data under
several conditions: with and without system
utterances and different context lengths.

2 Preliminaries

2.1 Assumption and Notations

We assume that an input signal is segmented into
utterance-wise speech signals to cut down non-
speech signal sections in advance. The segmenta-
tion is achieved on the basis of manual annotation
or automatic estimation using voice activity detec-
tion (VAD) techniques. Here, the pause length is
one of major criteria for the segmentation. Note
that a user utterance sometimes continues under
this condition.

The notations of variables related to the input
and output of ASR are as follows. We denote the
input speech features corresponding to the ¢-th ut-
terance as x; and its character sequence represen-
tation as ¢, which is the output of ASR. Here, if
the ¢-th utterance corresponds to the system, c;

Observable
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System ~HO
t—1
t—2 t t+1
User W"'—lm’f—".—lﬁhf
Xe—2 Xt Xt4+1
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Figure 2: Utterance-wise notations in this paper

is given because the system speech signal is usu-
ally generated from text by using text-to-speech
technology. We need to estimate the hidden c; cor-
responding to x; if the ¢-th utterance corresponds
to the user. Note that this problem setting is con-
sidered as semi-supervised estimation because the
c; of system utterances is partially “observed,” as
shown in Fig.2. Hereafter, the notation of y.;
means the sequence vectors [y;, ..., y;] from index
110 j. y; can be x4, ¢4, and so on.

2.2 Sequential ASR over Utterances

The sequential ASR using preceding utterances
can be generally formulated as the estimation of
c; given x1.;. Conceptually, we need to solve the
following maximum posterior problem:

¢; = argmax,, p(c¢|X1.t). (D

The modeling of the posterior probability is usually
difficult due to the long sequence of x;.

The problem of Eq. (1) is often transformed and
its acceptable solution is found by greedy search.
The typical procedure consists of three steps: as-
sume latent variables, decompose the joint prob-
abilistic density function (PDF) of the variables
and c; into a directed graph, and apply directed
greedy search for each vector. For example, cq.¢4—1
is often assumed as the latent variables, and if we
decompose it into the factorial model, as shown in
Fig. 3, we can estimate c; recursively by using the
previous estimations €1.4—1, as

¢; = argmax,, p(c¢|X¢, €1:4-1). (2)

If x; corresponds to system utterance, the estima-
tion process is skipped because c; is given.

Note that the actual implementation of the con-
ditional PDF depends on the policy of the model
designer. For example, a neural language model,
decoder architecture, and embedding vector may be
used to capture the language context ¢1.;—1 that can
be truncated to ¢;_4.t—1 by a given context-window
length d.
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Figure 3: Typical graphical model and greedy search

2.3 Utterance-wise ASR via Syllabogram

We explain the foundation of utterance-wise ASR
via syllabogram, that is, the sequence of pronun-
ciation symbols. Note that we can use phoneme
representation instead of syllabogram. This kind
of ASR models estimates c; from x; via a syllabo-
gram sequence sy as an intermediate representation.
The model assumes the following joint probability
and its decomposition:

p(st, ci|xt) = p(se|xs)p(ct]st), 3)

where p(s:|x;) and p(c|s;) represent a syllable-
based ASR (S-ASR) model and a syllable-to-
character translation (SCT) model, respectively.
Each model can be implemented by a neural
encoder-decoder architecture using Transformer.
Since SCT is a seq2seq model for symbols, we
can apply any neural models developed in the natu-
ral language processing area. Data augmentation
based on an S-ASR error simulator is applied when
training the SCT model to improve the robustness
against S-ASR error (Takeda and Komatani, 2025).

As described in Section 2.2, greedy search can
be applied to obtain an acceptable solution, as

8¢ = argmaxg, p(s¢[x¢), ()]

¢; = argmax,,p(c|8;). 5)

Note that the decoding cost function used in actual
ASR/S-ASR models is further tuned in practice.
For example, ESPnet (Watanabe et al., 2018) uti-
lizes the weighted average score of CTC, attention,
and a language model of shallow fusion.

3 Proposed Method: RSR

3.1 General Formulation

The general RSR problem is to estimate c¢; from
the first to the latest T-th utterances, [xy, ..., X7].
Here, ¢ satisfies the relationof 1 < ¢t < 7T. Asa
formality, we need to solve the following problem:

¢; = argmax,, p(c¢|x1.7). (6)

Since Eq. (6) is hard to solve and implement, we
introduce a context window to truncate the utter-
ance sequence. With context window parameters

a and b for preceding and subsequent utterances,
respectively, Eq. (6) becomes a local estimation
problem as

¢; = argmax,, p(c¢|X¢,:1, ), @)

wheret, =t —aandty, =t +b (1 <tg,tp <T).
Note that this formulation includes the sequential
ASR setting: Eq. (7) is reduced to Eq.(1) if a =
t — 1 and b = 0, except for the recursive (efficient)
structure.

3.2 Model and Solution via Syllabogram

Our solution for Eq. (7) is based on the same mod-
els of ASR via syllabogram, i.e., the S-ASR and
SCT models in Sec. 2.3. This approach provides a
framework for symbolic integration of preceding
and subsequent utterances, which makes it easy to
utilize system utterance information.

We first assume latent variables for Eq. (7) based
on the general procedure described in Sec. 2.2. The
syllabogram sequences s, ., in addition to the char-
acter sequences ¢y, .4, except for c; are assumed as
latent variables. Therefore, we consider the joint
PDF of s;,.4,, Ct,:t, and Xy, ¢, .

We decompose the joint PDF into the product of
PDFs via syllabogram as

p(Cta:tb, Sta:ty |Xta:tb) =
P(Cto:ty [Sta ity )D(Sta:ty [Xta:ty)- (8)

The former conditional PDF exactly corresponds
to the SCT model of which input and output se-
quence are the concatenated characters and syl-
labograms over utterances, respectively. The latter
conditional probability is further decomposed into
the utterance-wise PDF by assuming a feature-level
conditional independence among utterances, as

p(staitb|xtaitb) = H?;tap(sj‘xj)ﬂ ©)

where p(s;|x;) represents the S-ASR model. Note
that the s; corresponding to a system utterance is
obtained from the given character sequence c; with-
out this S-ASR process by using pronunciation
dictionaries or grapheme-to-phoneme conversion
(Bisani and Ney, 2008; Yolchuyeva et al., 2019).

There are two kinds of graphical model depen-
dent on the SCT model, as shown in Fig. 4, which
affects the inference direction of greedy search.
The forward model estimates c; recursively from
the previously estimated €;,.;—1 and 8¢,.4,, as

(10)
an

8 = argmaxsjp(sj‘xj') (J=ta,rtp)

¢ = afgmaxctp(ct’éta;tA’ éta:tb)
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Figure 4: Two kinds of graphical model
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Figure 5: Extraction of a recognition result ¢,

In contrast, the backward model estimates c; re-
cursively from the previously estimated €;1.;, and
éta:tba as

¢ = argmaXCtp(ct|ét+1;tb, Sto:ty)- (12)
We investigate which model is preferable for RSR
through experiments.

3.3 Implementation of Large SCT Process

There are two issues in the actual implementation
of alarge SCT process stemming from its character-
by-character estimation: utterance boundary and
backward inference. The first issue is that we can-
not distinguish ¢; from ¢;,,.;, because the character
sequence estimated by the SCT model does not
include landmarks for utterance boundaries. The
second issue is that the backward inference is also
required in the character-by-character estimation
within each utterance c;.

The utterance boundary issue is solved by in-
troducing a special symbol S into §;, ;, that rep-
resents a boundary of each utterance (Fig.5).
Since the SCT model automatically inserts the
utterance-boundary symbols in ¢, ;, according to

Table 1: Training set for each model

Model S-ASR
Data Paired data (audio & text)
(Japanese 10 corpora)
Size Over 12,500 hours (audio)
Model SCT
Data  Text in paired data + unpaired text

(10 corpora + BCCWIJ, Wiki40b-ja)

Size Over 400 million characters

those in 8;, ;,, we can separate the output char-
acter sequence into each utterance-wise result.
For example, if the input sequence of SCT is
[§t—1,S, 8¢, S,8t+1], the corresponding output se-
quence will become [¢;—1,S, €, S, €¢;+1]. The re-
sult of the target utterance ¢; can be extracted by
a simple string manipulation: 1) index the special
symbols in $¢, 4,, 2) split ¢, ¢, into each segment,
and 3) extract the ¢; according to the indices of S;.

The backward inference issue is solved by in-
troducing a reversed order to the input and output
sequences of the forward SCT model. The solution
is simply to use an order-reversed input and output
in both the training and inference phases. With a
symbol-order-reverse operator reverse(-), the input
and output sequences become c;, = revserse(cy,)
and sj, = revserse(sy,), respectively. The estima-
tion of ¢; is obtained by reverse(cj), where ¢j is
the output of the reversed SCT model.

4 Experiment

4.1 Data set

Training data for S-ASR: The training speech
data over 12,500 hours were generated by data aug-
mentation of a seed data set (Table 1). Ten public
Japanese speech corpora with transcriptions were
utilized: CSJ (Maekawa, 2003), S-INAS, TWM,
JEIDA-JCSD, ETL-WD, RIKEN-DLG', APP, AP-
PDIC?, SLC-3%, and JVS (Takamichi et al., 2019).
Simulated speech-rate perturbation, reverberation,
and background noise were applied to augment
the seed data set. Impulse responses measured at
540 positions in a real room (RTgg 640 ms) were
utilized to simulate various reverberations. The
background noise data consisted of MUSAN (Sny-

"https://research.nii.ac.jp/src/list.html
“https://www.atr-p.com/products/sdb.html
3https://alaginre.nict.go.jp/slc-outline.html
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Table 2: Test set

Table 3: Statistics of Hazumi

Corpus Hazumi No.
Version 1712, 1902, 1911, 2105 No.
Topic User’s hobby and experiences: No.

travel, manga, music, etc... No.
Operation Wizard of Oz No.

of user utters 16,200
of characters in whole user utters 228,242
of user utters per exchange (avg.) 1.6
of system utters per exchange (avg.) 1.0
of utters per exchange (avg.) 2.6

deretal., 2015), WHAM ! (train set) (Wichern et al.,
2019), the ProSoundEffects corpus*, and random
noises. The signal-to-noise ratio (SNR) was ran-
domly selected from —10, —5, 0, 5, 10, and 20 dB.

Training text for SCT: The training text con-
sisted of transcriptions from the paired data, BC-
CWIJ text (Kikuo et al., 2014), unpaired Wiki-40B
(ja) text (Guo et al., 2020), and Wikipedia title
data (Table 1). Japanese morphological analyzer
Mecab (Kudo et al., 2004) with the NEologd (Sato
et al., 2017) and UniDic (Ogiso et al., 2012) dic-
tionaries were used to obtain syllabogram repre-
sentation (Katakana) of text. The spellings and
representation of numbers were standardized in ac-
cordance with the transcription rules of CSJ. For ex-
ample, some alphabetical words were represented
by Katakana for the LM of C-ASR.

Test set: The test sets comprised four
Hazumi{1712, 1902, 1911, 2105} (Komatani et al.,
2023) corpora (11.5 hours in total) featuring real
recordings of human-machine interactions in a spo-
ken dialogue system using Wizard of Oz method.
The system provides topics, and users talk about
a TV show, manga, music, and other subjects on
the basis of their own experiences. Note that a
human operator listened to and responded to the
user. Therefore, the word uttered by the user could
sometimes be included in the subsequent system
utterance text with correct spellings. There were
16, 200 user utterances in total, and the number of
user utterances per exchange was 1.6. Here, an
exchange is a pair of system utterances and user
utterances in a turn. These settings and corpus
statistics are summarized in Tables 2 and 3.

4.2 Model configuration

S-ASR: Almost all configurations (e.g., the NN
architectures) were the same as the ESPnet CSJ
recipe with Transformer ASR and LM (Watanabe
et al., 2018). The number of parameters was 97M
for ASR and 50M for LM. The vocabulary size
was about 170, including silent and special sym-

*http://www.prosoundeffects.com

bols. The number of training epochs was set to 30
with a default scheduler, and the models were then
tuned further with fixed learning rates of 2.0 x 1075
and/or 2.0 x 1076, The final parameters were ob-
tained by averaging the parameters over several
epochs from each learning rate.

SCT: T5 for conditional generation (Raffel
et al., 2020) was used as the SCT model. We
trained this model from scratch with parallel text,
the default TS’s loss function, and the AdamW opti-
mizer (Loshchilov and Hutter, 2018). The number
of layers was 12, and the number of parameters
was 110M. The vocabulary size was approximately
11,100 Japanese characters, defined by JIS X 0213
(Japanese Industrial Standard for coded character
sets). The number of training epochs was set to
10 with fixed learning rates of first 10~* and then
1075, The other configurations remained default.

Other settings: The beam size during decoding
was set to 40 in S-ASR and 15 in SCT. The ex-
periments were conducted on Nvidia RTX A6000
GPUs. The statistical significance of the character
error rate (CER) differences between two methods
was assessed using the probability of improvement
(POI) in % via the bootstrap method (Bisani and
Ney, 2004) in the Kaldi toolkit (Povey et al., 2011)
under 95% confidence interval settings.

4.3 Results

The character error rate (CER) of RSR was com-
pared with those of utterance-wise and sequential
ASR under several conditions: with and without uti-
lizing system utterances and with different window
lengths (a,b) and forward/backward inferences.
Here, we present the summarized main results first
and then follow the detailed results, such as the im-
pact of window length. In the following tables and
figures, Both denotes recognition with both system
and user utterances, and User denotes that with
only user utterances. In the case of User condition,
utterance index ¢ counts up only user utterances.
Fwd. and Bwd. mean the forward and backward
inference models of SCT in Fig.4, respectively.
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Table 4: Main results: CER () in %. Pre. and Sub.
mean preceding and subsequent utterances used for
recognition, respectively.

Baseline Proposed

Utt.-wise Sequential RSR

— Pre. Sub. Pre.+Sub.

(a,b) (0,0) (9,0) (0,9)  (9,9)
Both+Fwd. 11.57 11.12 - 11.03
Both+Bwd. 11.68 - 11.18 11.07
User+Fwd. 11.57 11.30 - 11.13
User+Bwd. 11.68 - 11.23 11.12

Main Results (Table 4)

The CERs of RSR were better than those of the se-
quential model. The CER for RSR with Both+Fwd.
was 0.09 points higher than that of the sequential
setting with the Pol of 100%. As for the sequen-
tial models, the preceding utterances improved the
CERs compared to the result using subsequent ut-
terances.

Comparing the Both and User conditions, the
CER of the Both+Fwd. condition was improved
by 0.10 points over that of the User+Fwd. condi-
tion. A key finding is that the CER of RSR under
the User+Fwd. condition was improved by 0.17
compared to that of the sequential model, even if
we use only user utterances that usually include
syllable recognition errors. This demonstrates the
pure impact of subsequent utterances without a
semi-supervised estimation situation.

The forward inference of RSR performed better
than the backward inference by 0.04 points under
Both condition. In contrast, the backward the in-
ference of both sequential setting and RSR was
effective under the User condition. This may be
caused by the syllable recognition errors for user
utterances when there are almost no syllable recog-
nition errors for system utterances.

Detailed Results of Sequential ASR (Fig. 6)

We found that the CER under the sequential setting
improved as the window length became longer, but
the improvement was limited as shown in Fig. 6.
Here, the CER with window length parameter O
corresponds to that of utterance-wise ASR. For ex-
ample, the utilization of nine preceding utterances
improved CER by 0.45 points compared to the
utterance-wise ASR in the case of Both+Fwd..

The performance improvement of the back-
ward inference (Bwd.) under sequential condition

11.70
——Both+Fwd. (b = 0)
11.60 Both+Bwd. (a = 0)
User+Fwd. (b = 0)
11.50 User+Bwd. (a = 0)

11.40

\\\—’\-M/

01 2 3 4 5 6 7 8 9 10 11
Window parameter (a or b)

Character error rate in %

- -
- -
N w
o o

11.10

Figure 6: CER ({) vs. window length under sequential
condition: a =0 or b = 0.

Table 5: CER gain (1) vs. window length under RSR
(Both + Fwd.) condition. Gain is the difference between
CERs of RSR and utterance-wise ASR (11.57%).

aN\b 0 1 2 3 4 5 6 7 8 9

26 26 37 42 45 47 48 49 49 48
27 32 41 44 49 49 50 51 52 52
34 38 45 47 49 49 50 52 52 53
39 39 46 47 49 50 52 52 53 54
42 41 48 49 50 51 52 54 53 54
41 43 48 48 50 .51 51 .53 .53 .54
43 45 49 50 51 52 52 53 52 53
43 46 48 49 51 51 51 53 52 53
46 46 48 50 51 .51 51 .52 53 54

OO0 N AW —

demonstrates the effectiveness of utilizing subse-
quent utterances. In terms of the efficiency of CER
improvement over window length, the forward in-
ference was better than the backward one under the
Both condition, while the backward inference was
superior under the User condition. This tendency
is similar to what was observed in the main results.

Note that the window length of nine under the
Both condition corresponds to 3.4 exchanges by
rough estimation because one exchange includes
2.6 utterances on average. This indicates that the
context of almost three exchanges is a sufficient
length for RSR.

Detailed Results of RSR (Table 5)

Table 5 shows the detailed CER improvements of
RSR with various window parameters under the
Both+Fwd. condition. As we can see, the RSR
performance usually improved as both window pa-
rameters a and b become larger. Therefore, if there
is no computational restriction, both parameters a
and b should be set to large values.

The CERs on the diagonal were better than the
CERs on the edges, which also demonstrates the
contribution of subsequent utterances. This is be-
cause they show the RSR performances under a
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Ground truth VN

LEPTI DR

It’s TsumTsum, maybe.

Utterance-wise: (a,b) = (0,0) BOREE LTI A4 ICs stack, stack, maybe.
Sequential: (a,b) = (9,0) BOBO T A4 IUs stack, stack, maybe.
RSR: (a,b) = (9,9) VLAY LEPTYE A IU's TsumTsum, maybe.

Figure 7: Example of recognition results. The ground truth and the results of the sequential setting and the RSR

in Japanese and English are shown. Here, <% LY 2™
“stack” or “pile up” in Japanese.

(“TsumTsum”™) is the name of video game. “FH¥3” means

Index ID Input of large SCT (S¢) Text (c¢)

t—5 S30 TUVYRALNITANT—LI)FANTE—AFF Tk oI DHET7—LOFT, B
YVRAEI)TTIIAS S—EXDVEDIEHD EFTHIT?

t—4 U39 T—=L)FHTRY ) (=L FATTYV )

t—3 U400 T —RAIT—=LI)FTHTTAH

t—2 S31 NAV—FRA 3w, £5TY,

t—1 U4l v (7—)

t U2 YLYLNATAAZR

t+1 832 FIEKRRY—FVFAR RBIEE, ZORATT R,

t+2 U4 T (TV)

t+3 S33 TIREATALFITHAFVIZALAVF AT FEPSKAEFTHRIERFAS Y F LWV
T=LFTT=LFRANVI AN TANIRA T TTr—L0%2T 25008 T->TW
F A H LRIV T T4,

t+4 UM VYVUIYHRIVAYTIA(RAYFHRIAY TIRA)

t+5 S34 XAba—FFFE/ATIbov—r¥h—Y RBEMLBLDIZATS by —rh—V

ARVA I T —=LF RTIVRAHT Y
TVRAH

VRAMT 4, RUVFDT—LREDHD ETH, A

2DV ETH?

Figure 8: The preceding and subsequent sentences of the user’s utterance in Fig. 7. Characters in brackets represent
the ground truth of the syllabogram without S-ASR errors. The text c; of only system utterances is available. Here,
“A 4 v F” means “Nintendo Switch”, and “~ Y 7> means “Mario,” a character in a Nintendo game.

constant window length, i.e., a + b = const. It
is therefore better to use both preceding and sub-
sequent utterances for performance improvement
under the constraint of the fixed length (a + b).
Example of RSR results (Figs. 7 and 8)
We show an example of the recognition results by
utterance-wise ASR, sequential ASR and RSR. The
actual recognition results and the preceding and
subsequent context are shown in different figures.
Note that the example here shows that RSR suc-
ceeded in utilizing subsequent context while there
are other kinds of correctly recognized patterns.
Fig. 7 shows that only RSR estimated the correct
characters of the user’s utterance while utterance-
wise and sequential ASR failed. Here, the pronunci-
ation of “Y Y L7 and “FELFE L is the same,
but their meanings are different. Since “fE{3” is a
general verb or noun in Japanese and it appears in
text resources more frequently than “* LY A7) it
is no surprise that utterance-wise ASR failed.

The preceding and subsequent utterances of the

user utterance in Fig.7 are shown in Fig. 8. As
we can see, “Y LY I\ was recognized correctly
when the utterance of S34 (¢ + 5) was utilized
in SCT. At a glance, it seems there are no words
that co-occur with “* 25 237, The game “* A
Y Iy (TsumTsum)” was also launched as a Nin-
tendo Switch software, so the words “A - v F
(Switch)” and “~ Y % (Mario)” might enhance
the co-occurrence of “* A A\ under this con-
text. Of course, a more accurate SCT model may
estimate “* Y A\ by utilizing only preceding
utterances that include the word “”7 — 2 (game)”.

5 Related Work

There are several related works in the spoken di-
alogue system and ASR areas. Note that LM- or
text-level methods can also be incorporated into
the STC model in our approach.

Previous studies in spoken dialogue system (Lee
et al., 2024b) are usually based on sequential set-

ting, and their focus is ASR error robustness. The
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language context, i.e., the preceding system and
user utterances, is encoded into a vector and ex-
ploited in the speech decoder. The context robust-
ness was improved by introducing noise represen-
tation learning. In our study, the robustness of SCT
against ASR error was also improved by data aug-
mentation.

The neural architecture for large/long context
ASR has also typically been developed under se-
quential, real-time, or no-system-utterances set-
tings (Masumura et al., 2021; Gong et al., 2023,
2024). Therefore, the processing speed and incre-
mental processing based on RNN-T are weighted
in the ASR area. There is usually no assumption of
semi-supervised (exploiting system utterances) and
RSR settings. Although cross-context (preceding
and subsequent utterances) is exploited in the LM
score computation for CTC-based ASR (Flynn and
Ragni, 2023), system utterances were not consid-
ered. Note that this LM score framework can also
be applied in our SCT process by LM fusion. Other
approaches have utilized the past speech signals to
obtain better encoded features by applying sliding
window processing (Hori et al., 2020).

Error correction or LM-based rescoring meth-
ods in the ASR area (Lee et al., 2024a; Sun et al.,
2020) are partially related to our settings because
the models usually utilize whole recognition re-
sults but do not usually assume system utterances.
For example, the cross-context from the English
ASR results of audio recoding were exploited in T5
translation model to correct ASR errors of an utter-
ance (Lee et al., 2024a). Since error correction is
performed completely as a post-processing opera-
tion after ASR, we can incorporate error correction
methods into our RSR results.

6 Limitations

While we have demonstrated the effectiveness of
RSR through experiments in this work, there are
limitations to its application in real spoken dialogue
systems. These limitations are divided into two
main aspects: the computational cost of RSR itself
and the design of a dialogue system assuming RSR.

In the future, the specialization of model archi-
tecture and decoding algorithm of RSR will reduce
the fundamental computational cost. This is be-
cause the current implementation of the RSR model
is just based on the general framework of neural
translation (model and decoding algorithm). The
semi-supervised situation will lead to a more effi-

cient architecture and decoding algorithm from this
general framework. In addition, an SCT model that
can utilize the N-best results of S-ASR is also de-
sirable in terms of S-ASR error robustness. Knowl-
edge distillation techniques (Gou et al., 2021) will
also contribute to making the models lighter.

Moreover, the estimation of utterances that re-
quire RSR will reduce the computational load in an
actual system. If we can detect the potential mis-
recognized utterances, the number of times RSR
needs to be applied will be reduced. The confidence
score of utterance-wise ASR can be a criterion for
such detection. From the view-point of dialogue
systems, the potential importance of the utterance
in the current context will also help to make RSR
more meaningful.

The dialogue management for RSR should also
be designed to more fully utilize the RSR function
(self-correction ability). When the RSR output
differs from the sequential ASR result, it indicates
that the system has misunderstood a user utterance.
In such a case, the system may need to change
the flow of dialogue or update the system’s belief
state or dialogue context. We should also consider
the timing or scheduling of RSR and its related
modifications.

7 Conclusion

In this study, we examined how subsequent ut-
terances affect the ASR performance in terms of
the re-recognition function by investigating the im-
pact of the subsequent utterances on the basis of
the syllable-based ASR (S-ASR) and syllable-to-
character translation (SCT) processes. Experimen-
tal results utilizing dialogue speech demonstrated
the positive contribution of the subsequent utter-
ances to ASR performance.

Future work will involve a detailed modeling and
practical implementation of the re-recognition func-
tion, including an improvement of the formulation
and model, the development of a faster inference
algorithm, and an efficient implementation in the
real spoken dialogue system. We also need to inves-
tigate the impact of RSR on downstream dialogue
system behavior.
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Table 6: CER ({) in % for Hazumi corpus

Condition CER

Oven Reazon v2 13.06

4 Whisper large-v3 16.41

ASR

mode] Nue 22.29

ESPnet (CSJ recipe) 22.46

Character-ASR (Utt.-wise) 12.20
S-ASR + SCT

Ours  Utt.-wise: (a,b) = (0,0) 11.57

Sequential: (a,b) = (9,0) 11.12

RSR: (a,b) = (9,9) 11.03

No. of characters 228,242

A Comparison with Open ASR Models

We demonstrate here that the CERs of our
utterance-wise setting offer a reasonably better per-
formance as baselines through comparison with
other open ASR models. The CERs by Reazon-
speech ESPnet v2°, Whisper large v3 (Radford
et al., 2023), and Rinna Nue (Hono et al., 2024;
Hono et al.) for Hazumi were compared under
the default settings and utterance-wise situation
(Takeda and Komatani, 2025). In addition, we pro-
vided the performance of ESPnet-based character
ASR (C-ASR) trained by our training set with the
same configuration of S-ASR.

As shown in Table 6, our models including C-
ASR outperformed the open ASR models even un-
der the utterance-wise setting. This is mainly be-
cause 1) speech in the Hazumi set is a little noisy
and reverberated, and 2) many proper nous are in-
cluded in Hazumi. Moreover, deletion errors of
fillers and some content words often occurred with
these open ASR models. Although Whisper can

Shttps://huggingface.co/reazon-research/reazonspeech-
espnet-v2

Backward inference Forward inference

Figure 9: Simplified models in SCT process under se-
quential condition

11.70
e —»-w/ char.-context (b = 0)
c 11.60 w/o char.-context (b = 0)
Q ) w/ char.-context (a = 0)
L 11.50 w/o char.-context (a = 0)
£ 11.40 \
Qo |
S 11.30 =
® A"
5 11.20 ™

g
11.10 I - S
01 2 3 4 5 6 7 8 9 10 N1

Window parameter (a or b)

Figure 10: CER ({) vs. window length under sequential
condition: ¢ =0 or b = 0.

exploit preceding utterances, we can not expect a
dramatic improvement even if we exploit the pre-
ceding language context.

B Impact of Character-level Context in
SCT Process

Our question here is whether it is necessary to es-
timate the latent variables cy (¢ # t) for ¢;. The
answer can be obtained by comparing the perfor-
mance of the models shown in Fig. 4 and by Fig. 9
under sequential ASR condition. The estimation
using the models in Fig. 9 corresponds to the fol-
lowing SCT process:

13)
(14)

¢; = argmax,, p(cy|st,:¢),

¢ = argmaXCtp(Ct ’St:tb ) .

While the former conditional PDF can be imple-
mented by a reversed SCT model, the latter can
be implemented by a standard SCT model. Neigh-
boring character-level contexts are not exploited in
these models.

We found that utilizing character-level context
improved the CERs under the same conditions
(a = 0 or b = 0), as shown in Fig. 10. Both system
and user utterances were used in this evaluation.
Here, w/ char.-context and w/o char.-context cor-
respond to the models shown in Fig. 4 and Fig. 9,
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Ground truth

SAATIB ENITEELE

Yes, I’'ve been to Kobukuro’s (concert)

Utterance-wise: (a, b) = (0, 0)
Sequential: (a,b) = (9,0)
RSR: (a,b) = (9,9)

SAATIB ENITEELE
SA TR ENITEEL
SAATIB ENITEELE

Yes, I’ve been to Kobukuro’s
Yes, I’ve been to Ko-bag
Yes, I’ve been to Kobukuro’s

Figure 11: Example of recognition results. Top table shows the ground truth and the results of the sequential setting
and the RSR in Japanese and English. Here, “3 7 27 1" (“Kobukuro™) is the name of a Japanese band. “Z %3

(“Ko-bag”) is a meaningless word.

Index 1D Input of large SCT (§¢) Text (ct)

t—5 857 AYY—hFPAZTAFIAS IVF—hERPITRTEETN?
koNsa:totokaniwaikimasuka Do you go to concerts?

t—4 U8 ZURTAFIA(MFIAALFTRA)

nijimadeikimasu (ikimasuikimasu)

t—3 S58 X bhIAN e ZIAE
tatoeba For example?

t—2 U719 ZXRbhIAN
tatoeba

t—1 U8B0 IT—Favx 7 (V—VFavFVy)
e:chogkinde (u:Nchogkinde)

t U8l DyaATJIZRbMAAMFIVRA YR/ UyAT 70 MNIA4FTVR)

uNkobukurotokaikimashita (iqtanouNkobukurotokaikimashita)

t+1 859 FRTFTIVY—FAFZ NIV arsHT RETHBELESLL, BOHHoT, EH)
VTHAYR—=ANIRATAR ERCr AR R LY
namadeeNso:okikutohakuryokugaaqte Hearing the performance live is so powerful and
kando:surumitaidesune moving!

t+2 U2 V—TAXEVEVFHATAX
so:desunezeNzeNchigaimasune

t+3 U3 VS I7VFI/TI/VEA—TA
miNnafaNnanodenorimoi:desu

t+4 S60 RIVV—FTAX FKLES5TIR!
tanoshiso:desune That looks fun!

t+5 U84 DTVR/)V—FAH
uNtanoshi:desuyo

t+6 S61 TRVEVYHA IV —FFATI DEULBERIZ HELZZWVWTALZLHOD

RAE)TFTA

watashimojigsainieNso:oki:temitaimonodesu

T
I’d like to hear the performance

Figure 12: The preceding and subsequent sentences from Fig. 11 in Japanese and English. Characters in brackets
represent the ground truth of the syllabogram without S-ASR errors. The text ¢, of only system utterances is

available.

respectively. The CERs of w/ char.-context outper-
formed those of w/o char.-context by 0.02 points
when the window parameter was set to 9. The
difference between the two increases as the win-
dow length increases, which demonstrates that
character-level contextual information enhances
RSR performance with longer contexts.

C Example of RSR

Figs. 11 and 12 show the recognition results and
context utterances of a different utterance from
Fig. 11. In this example, the preceding utterances
degraded the recognition performance.

The recognition by sequential ASR failed and

output “Z % by utilizing preceding utterances,
while it was recognized correctly by utterance-wise
ASR as “3 7 2 1”7, The subsequent utterances
were utilized to recover from the failure. Since “3

7 27 1 (Kobukuro)” refers to a J apanese band, the
words “{# 2% (performance)” and “7 7 > (fan)”
might re-enhance the relationship.
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