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Abstract

Spoken language understanding systems typically consist of a
pipeline of automatic speech recognition (ASR) and natural lan-
guage processing (NLP) modules. Although pre-trained lan-
guage models (PLMs) have been successful in NLP by training
on large corpora of written texts; spoken language with seri-
ous ASR errors that change its meaning is difficult to under-
stand. We propose a method for pre-training Japanese LMs ro-
bust against ASR errors without using ASR. With the proposed
method using written texts, sentences containing pseudo-ASR
errors are generated using a pseudo-error dictionary constructed
using grapheme-to-phoneme and phoneme-to-grapheme mod-
els based on neural networks. Experiments on spoken di-
alogue summarization showed that the ASR-robust LM pre-
trained with the proposed method outperformed the LM pre-
trained with standard masked language modeling by 3.17 points
on ROUGE-L when fine-tuning with dialogues including ASR
errors.

Index Terms: pre-trained language model, ASR-robust, spoken
dialogue summarization

1. Introduction

With the increase in demand for web conferencing and smart
devices, spoken language understanding (SLU) systems such as
spoken dialogue summarization [1] have been gaining attention.
SLU systems can be roughly classified into pipeline approaches
of automatic speech recognition (ASR) and natural language
processing (NLP) modules, as well as end-to-end approaches.
End-to-end approaches can be robust against ASR errors by
training on large corpora of the speech and transcript dataset
of the target task [2], but have been difficult to apply to low-
resource languages such as Japanese. The pipeline approaches
of ASR and NLP modules are more common because of the
availability of excellent ASR modules and pre-trained language
models (PLMs). These approaches fine-tune a PLM to adapt
to the target task and achieve high performance even when the
amount of data in the target task is relatively small. However,
because PLMs are typically learned from written texts, it is dif-
ficult to understand texts that contain serious ASR errors that
change the meaning of the spoken language.

To improve the performance of PLMs in pipelined SLU
systems, ASR-error correction (EC) methods have been pro-
posed [3, 4]. However, it is difficult to obtain a large number of
speech and transcript pairs, so approaches that can improve the
ASR-robustness of PLMs from written texts are more promis-
ing. Two types of methods for constructing a pre-training text
corpus including errors from written texts have been proposed.
One type is based on word-by-word replacement, for example,
using homophone dictionaries [3]. However, these methods
cannot take into account crucial errors such as phonetic con-
nections and contextualized errors in multiple words. In par-
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Figure 1: Pre-training tasks for language models (LMs). (a)
MILM (Masked Language Modeling) with written-text corpus.
(b) MLM+EC (Error Correction of ASR) with speech cor-
pus. (c) our MLM+PEC method with written corpus that
can learn MLM and pseudo-ASR-error correction generated
by grapheme-to-phoneme (G2P) and phoneme-to-grapheme
(P2G) conversions.

ticular, Japanese has a large number of Kanji, Hiragana, and
Katakana characters, resulting in a larger number of graphemes
than phonemes and a variety of contextualized errors. The
other type is based on sentence-by-sentence conversion by rec-
ognizing speeches generated from text-to-speech (TTS) mod-
ules [5, 6, 7, 8]. Although these methods can generate various
ASR errors, it takes a large amount of time to generate enough
data for pre-training language models.

We propose a method to pre-train Japanese language mod-
els robust against errors. Our contributions are as follows.

* We propose a method for generating pseudo ASR errors
by using grapheme-to-phoneme (G2P) and phoneme-to-
grapheme (P2G) based on neural networks, without ASR
and TTS. These G2P and P2G models take a short se-
quence of tokens as input and learn phonetic connections
over multiple graphemes.

* We introduce a method for building a pseudo-error dic-
tionary using the G2P and P2G models with a beam
search and generating sentences containing phrase-level
errors with the dictionary during pre-training.

e Our experiments on a Japanese spoken dialogue sum-
marization task in a call center show that our method
was more robust against ASR errors than using standard
masked language modeling (MLM) and error correction
of ASR.
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Figure 2: Example of making pseudo-error sentence. Phonemes
of this input grapheme sequence are /kyo:wai:teNkidesu/, and
those of generated sequence are /kyo:waitekidesu/.

2. Proposed Method

The proposed method pre-trains an LM by restoring masked
sentences with ASR-like errors generated with a pseudo-error
dictionary to clean text. In the dictionary, one key grapheme
sequence sampled from the written-text corpus is associated
with incorrect grapheme sequences that have similar phonemes.
These incorrect grapheme sequences are generated using two
sequence-to-sequence (seq2seq) models, i.e., grapheme-to-
phoneme (G2P) and phoneme-to-grapheme (P2G) models. By
sequence conversion, our method can generate ASR-like errors
more flexibly than using homophone dictionaries.

2.1. Pseudo-error Generation

Let « and & be a clean text (grapheme sequence) and a text
with noise, respectively. The training objective of a PLM with
parameters 6 is to reconstruct « from &:

T
max Z log po (z+| ).

t=1

ey

First, in standard MLM pre-training with a written-text cor-
pus, & can be generated by token masking, as shown in Fig-
ure 1(a),

& = Masking(x) 2)

In MM pre-training with a speech corpus, however, & is ob-
tained by ASR of speech s in a spoken corpus, as shown in
Figure 1(b),

& = Masking(ASR(s)), 3)

where « in Eq. (1) is a transcript of speech s. Note that this pre-
training contains ASR-error correction in addition to MLM.

Our method combines both approaches but uses a pseudo-
error dictionary instead of ASR to generate texts containing er-
rors,

& = Masking(PseudoError(x)),

where the input can be a written text with our method.

As shown in Figure 2, the procedure of PseudoError(-) for
generating a pseudo-error sentence with the pseudo-error dictio-
nary consisting of pairs of an original grapheme sequence (key)
and multiple incorrect grapheme sequences (values), involves
the following five steps. (1) One index of the original grapheme
sequence (subwords) is selected randomly as the start index. (2)
The length of subwords for G2P conversion m is selected ran-
domly from one to M, where M is a hyperparameter. (3) Since
the key subwords are defined, incorrect subwords are looked up
in the pseudo-error dictionary, and (4) one incorrect grapheme

“
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Figure 3: Example of our pseudo-error dictionary consisting
of key-values pairs. A key grapheme sequence is converted to
two phoneme sequences by using a G2P model. Then, each
phoneme sequence is converted to two grapheme sequences by
using a P2G model. Three of four obtained grapheme sequences
are incorrect in terms of homophones, punctuation insertion,
phoneme deletion, and phoneme replacement. These incorrect
sequences are used as values associated with the key grapheme
sequence.

sequence is sampled from them. (5) Finally, a pseudo-error sen-
tence is generated by replacing the original subwords with sam-
pled subwords.

2.2. Construction of Pseudo-error Dictionary

To construct a pseudo-error dictionary, G2P and P2G models
are pre-trained using a written-text corpus with phoneme labels.
As shown in Figure 3, N phoneme sequences are obtained as
hypotheses by converting one key grapheme sequence with the
G2P model. By using N-best hypotheses, obtained sequences
are similar to correct phonemes but have phoneme insertions,
deletions, and substitutions. Then, one hypothesis is converted
to N-best grapheme sequences with the P2G model. If a cor-
rect sequence is obtained, we remove it and the other sequences
are used as the values of the dictionary. Therefore, one key
grapheme sequence is associated with a maximum N X N in-
correct grapheme sequences. We note that various errors can be
generated without conversions in a full-sentence level by using
the sub-sequence level pseudo-error dictionary constructed by
G2P and P2G conversions.

3. Experiments
3.1. Datasets

We used two datasets for pre-training and a dataset for the
downstream task.

* 10GB written-text corpus. For pre-training with a
written-text corpus shown in Figure 1(a), we used 10GB
of written texts collected from web sites including
Wikipedia.

e CSJ corpus. For pre-training with a speech corpus
shown in Figure 1(b), we used the training set of Corpus
of Spontaneous Japanese (CSJ) [9] containing 233 hours
of raw speech data and 35MB of transcribed texts. We
used two ASR modules to obtain texts from the speech
data. The first one is a publicly available ASR model
based on Conformer [10] trained on the CSJ corpus ',
and the other is the inhouse model based on DNN-HMM

'https://zenodo.org/record/4065140



Table 1: Statistics of our dataset for spoken dialogue summa-
rization. These values are averages over dialogues.

input dialogue summary
# of utterances # of tok.ens # of tokens | # of tok.ens
(transcript) (ASR) (transcript)
train 58.9 435.3 418.1 78.7
dev 59.7 4353 421.8 73.1
test 58.8 434.6 414.8 77.0

[11]. The character error rates of the two models on the
CSJ corpus were 1.6 and 15.8%, respectively.

¢ Spoken dialogue summarization. As the downstream
task, we used our in-house dataset consisting of 684 sim-
ulated call-center dialogues between two speakers, the
utterances of which were manually transcribed, and sum-
maries were extracted manually from the utterances. We
split the dataset into 499, 48, and 137 dialogues for the
training, development, and test sets, respectively.

To investigate the effect of the presence or absence of
ASR errors on the accuracy of spoken dialogue summa-
rization, we conducted experiments with two settings:
the main setting used pairs of ASR utterances and tran-
scribed summary, and the sub setting used pairs of tran-
scribed utterances and transcribed summary. The ASR
texts were extracted with the Conformer-based ASR
module. The character error rate on this dataset was
16.4%. Table 1 shows the statistics of this dataset.

3.2. Baselines

We used two encoder-decoder models based on BERT2BERT
[12] as the baseline models. These models were initialized with
our Japanese BERT-base model pre-trained on 30GB of written
texts. The tokenizer was based on SentencePiece [13], and the
vocab size was 32,000.

* MLM. This baseline model, shown in Figure 1(a), was
trained with standard MLM [14] on the 10GB written-
text corpus. Following BERT, token masking with a
mask probability of 12% and keeping probability of
1.5% were carried out for input texts. This model is
different from the model pre-trained with the proposed
method in that it does not contain pseudo-errors in the
sentences of the corpus.

* MLM—MLM+EC. We also additionally trained the
first baseline model with MLM+EC shown in Fig-
ure 1(b), which is a seq2seq pre-training using masked
ASR text and transcript pairs on a speech corpus.

3.3. Implementation
3.3.1. Construction of pseudo-error dictionary

The G2P and P2G models had the same architecture. The en-
coder had two 256-dimensional bidirectional LSTM layers and
the decoder had two 512-dimensional unidirectional LSTM lay-
ers. We randomly sampled 2,170,443 and 10,000 subword se-
quences from the written-text corpus for the training and de-
velopment sets, respectively. Phoneme labels were created on
the basis of our in-house phoneme-tagging model. These mod-
els were trained with a batch size of 128 of 20,000 steps using
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Adam [15] with a learning rate of 2e-4 and 10,000 warm-up
steps, respectively. Other parameters were the default values
of OpenNMT [16]. The final accuracy scores on the valida-
tion set were 98.2 and 76.2% for G2P and P2G conversions,
respectively. To construct the pseudo-error dictionary, 207,894
subword-based N-grams that occurred at least 11 times in the
written-text corpus were used, where N = 1 to 5. In the conver-
sion between graphemes and phonemes, five hypotheses were
used, and the same candidates as the original subwords were
removed. The training time with two P100 GPUs was 9 hours.
The construction time with five P100 GPUs was 5 hours.

3.3.2. Pre-training using pseudo-error dictionary

We used two BERT2BERT models pre-trained using the pro-
posed method, corresponding to the baselines. These models
were also initialized with our Japanese BERT-base model.

* MLM+PEC. This model was pre-trained using our pro-
posed method which learns MLM and pseudo-error cor-
rection, on the 10GB written-text corpus. During pre-
training, some spans from the input sequence are ran-
domly sampled and converted into erroneous grapheme
sequences using the pseudo-error dictionary. At this
time, the total number of tokens in all spans is set to 1.5%
the input sequence, which is the same as the replacement
probability of BERT’s token masking.

We trained this model with a batch size of 256 for 29,348
steps, which was one epoch over the written-text cor-
pus, using Adam with a learning rate of 3e-5 and 3,000
warmup steps. Other parameters were the default values
of Huggingface transformers [17]. The hyperparameters
of the MLM baseline were the same as this model.

e MLM+PEC—MLM+EC. As in the MLM—MLM+EC
baseline, this LM was further pre-trained using the
CSJ corpus.  When training this model (and the
MLM—MLM+EC baseline), we changed the training
and warmup steps to 10,000 and 1,000, respectively.

3.3.3. Fine-tuning on spoken dialogue summarization

We fine-tuned the models with a batch size of 4 for 6,000 steps
using Adam with a learning rate of le-6 and 1,000 warmup
steps. On the test set, we generated texts with a beam size of 5
and blocking 5-gram repetitions. The minimum and maximum
lengths of produced summary were 10 and 256, respectively.
We used segment embeddings in the encoder that was used to
distinguish between two speakers in a dialogue.

3.4. Experimental Results

We investigated whether our proposed method can improve the
performance on the spoken dialogue summarization task. As
described in §3.1, we conducted experiments in the two settings
to investigate the effect of the presence (the main setting) or
absence (the sub-setting) of ASR errors in the input utterances
on the performance of the spoken dialogue summarization task.
We report ROUGE scores using Ginza as the tokenizer 2.

3.4.1. Can proposed method with pseudo-error correction im-
prove ASR-robustness without speech corpus?

The top rows of Table 2 in the main setting (fine-tuned on ASR)
show that the MLM+PEC method, which uses pseudo-ASR-

2https://megagonlabs.github.io/ginza/



Table 2: ROUGE scores of dialogue summarization on test set. x indicates written texts. Sasr; and Sasr, indicate ASR texts of speech
s using Conformer-based and DNN-HMM-based ASR modules, respectively. Bold (underlined) numbers indicate best score between
baselines and our models (among all models). Results were averaged over three runs.

pre-training

fine-tuned on ASR | fine-tuned on transcripts

Ist R-1 R-2 RL | R1 R2 R-L
baseline (MLM) MLM(z) 4230 28.09 42.56 | 46.88 35.35 47.80
ours (MLM+PEC) MLM+PEC(x) 46.10 30.80 45.73 | 50.53 37.88 50.33
baseline (MLM—MLM+EC) MLM(z) MLM+EC(sa6r1) | 44.75 30.40 45.16 | 51.24 38.59 51.34

ours MLM+PEC—MLM+EC) | MLM+PEC(z) MLM+EC(5asr1) | 47.07 32.00 46.45 | 51.90 38.36 51.34

baseline (MLM—MLM+EC) MLM(z)

MLM+EC(5asr2) | 47.03 32.00 46.89 | 52.39 39.58 51.66

ours MLM+PEC—MLM+EC) | MLM+PEC(z) MLM+EC(sasr2) | 48.70 33.90 48.21 | 52.17 39.62  52.67

error correction generated from written texts using the pseudo-
error dictionary, clearly outperformed the MLM baseline.

3.4.2. Can proposed method with pseudo-error correction im-
prove performance when speech corpus is available?

In the main setting, the MLM+PEC method (when not con-
ducting the second additional pre-training with speech corpus)
was comparable to the MLM—MLM+EC baselines (error cor-
rection of ASR) pre-training with the speech corpus contain-
ing transcribed texts, shown in Table 2. These results indicate
the effectiveness of the proposed method since it is difficult to
collect a large enough speech corpus. We confirmed that the
MLM+PEC—MLM+EC method performed the best in terms
of the ROUGE-L metric.

Moreover, the second MLM+EC pre-trainings were less ef-
fective when using the Conformer-based ASR, the character er-
ror rate of which was low (1.6%) on the speech corpus, than
using DNN-HMM-based ASR, which had a higher error rate
(15.8%). In the former case, the model was not sufficiently
pre-trained for error correction because there were few errors
occurred by ASR. That is, the ASR module with poor perfor-
mance in the pre-training corpus was useful for generating di-
verse ASR errors.

3.4.3. Can proposed method with pseudo error correction im-
prove summarization performance for clean text?

Our models outperformed the baselines in the sub-setting (fine-
tuned on transcribed texts). This is because MLM+PEC, which
is a more difficult pre-training task than standard MLM due to
the replacement of multiple graphemes, was also effective in
improving natural language understanding.

4. Related work

4.1. Text-level data augmentation

ASR hypotheses can be used for data augmentation [18, 19,
20, 21]. For example, to build an ASR-robust speech transla-
tion system, Ruiz et al. generated pseudo-error sentences with
a phrase-based machine translation that converts phoneme se-
quences obtained by a pronunciation dictionary of TTS system
to ASR texts [18]. Although this is similar to our proposed
method in terms of conversion through phonemes, our method
does not need ASR texts to train conversion models. Although
a pseudo-error sentence can be generated with a homophone
dictionary without using ASR hypotheses [3], the phonetic re-
lationship among multiple words cannot be taken into account.

2691

4.2. Audio-level data augmentation

Several methods using TTS and ASR have been proposed to get
texts containing ASR errors [5, 6, 7, 8]. This approach adopts
a TTS module to convert text corpus into audio files. It then
adds noise into the audio and passes the audio through an ASR
module. However, the use of TTS is time-consuming, and it
is difficult to use this approach for acquiring a large-scale text
corpus containing ASR errors.

4.3. ASR-robust PLMs and word embeddings

Several pre-training methods of LMs, including Masked Lan-
guage Modeling (MLM) [22], were proposed [14, 23, 24].
As mentioned in [5], ASR errors can deteriorate the perfor-
mance of downstream tasks, but pre-training methods of LMs
robust against ASR errors have not yet been fully investigated.
AROBERT [25], which is a concurrent work to ours, proposed
to integrate ASR ambiguities into the pre-training stages of
LMs by injecting heuristic-based phonetic similarities or ASR-
based substitution scores into the loss function of MLM. Our
proposed method is different from ARoBERT that our method
changes the input text of MLM with phonetic information,
not the loss function. Also, some studies proposed to learn
word embeddings considering phonetic information for SLU
tasks [26, 27, 28, 29].

5. Conclusions

We proposed a method of constructing language models robust
against ASR errors through pre-training using pseudo-error sen-
tences. During pre-training, pseudo-error sentences are gener-
ated using a pseudo-error dictionary created by grapheme-to-
phoneme and phoneme-to-grapheme conversions. In the speech
dialogue summarization task, the models pre-trained with our
method outperformed the standard MLM baseline based only
on token masking when the written-text corpus is used for the
pre-training. The ROUGE-L score increased by 3.17 points
when fine-tuned on dialogues involving ASR errors. By ad-
ditional MLM with ASR-error correction using the CSJ corpus
to our models, further accuracy improvement was observed.

A limitation of this study is that we did not fully evaluate
the coverage of the pseudo-error dictionary over the errors that
occurred by actual ASR modules. In the future, we will investi-
gate the performance when we use a manually maintained error
dictionary and will tackle improving the quality of the pseudo-
error dictionary. We will also verify the effectiveness of the
proposed method in tasks other than speech dialogue summa-
rization.
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