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Abstract—Real-time speech recognition is crucial in systems
requiring quick responses, such as spoken dialogue systems and
other interactive applications. However, background noise signif-
icantly reduces recognition accuracy in real-world environments.
Voice activity detection (VAD) is a common countermeasure,
but it has significant drawbacks such as false detections and
a fundamental lack of real-time performance due to its reliance
on future audio segments. In this study, we develop a real-time
speech recognition model capable of simultaneously processing
both speech and non-speech segments. This is achieved by CTC
fine-tuning a self-supervised learning (SSL) model using speech
data where non-speech segments are explicitly tagged in the
transcription. Our experimental results demonstrate that for
speech rich in non-speech intervals that would typically require
VAD, our proposed model achieves VAD-like behavior in handling
these non-speech segments. This approach led to a recognition
performance increase of up to 9% compared to conventional VAD
methods in noisy, real-world scenarios.

I. INTRODUCTION

Recent developments in deep learning technology and the
release of large-scale datasets have improved the perfor-
mance of speech recognition systems. In particular, Self-
Supervised Learning (SSL) models such as wav2vec 2.0 [1]
and HuBERT [2] enable the creation of high-accuracy speech
recognition models. This is achieved by pre-training them with
extremely large amounts of speech data, followed by fine-
tuning with smaller amounts of data from the target domain.
This method is very effective when implementing automatic
speech recognition (ASR) for low-resource languages [3]-[6].
It has also been demonstrated that increasing the amount of
speech data used during pre-training and fine-tuning improves
the performance of the final model [7]. Thus, it is presumed
that utilizing more target-domain data during fine-tuning will
further enhance recognition accuracy and improve domain-
specificity.

However, the issue of accuracy degradation due to back-
ground noise remains. One measure used to reduce noise-
related degradation of speech recognition performance is Voice
Activity Detection (VAD). VAD functions by removing the
non-speech segments from the input speech signal and then
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feeding only speech into the speech recognition model, thereby
improving recognition accuracy. Furthermore, it has been
reported that incorporating background noise into the speech
used for pre-training and fine-tuning of the SSL model also
enhances speech recognition accuracy [8].

However, if VAD incorrectly removes a speech segment, a
non-speech segment will be input into the subsequent speech
recognition module, which can have an irreversible, negative
effect on the speech recognition results. Moreover, since the
VAD requires access to the audio signal after the targeted
speech segment, it cannot be applied in real-time speech recog-
nition systems, which, by definition, can only process past
information. Therefore, attempts have been made to integrate
VAD into ASR. For instance, Yoshimura et al. [9] utilized the
length of consecutive blank tokens (i.e., non-speech segments)
within Connectionist Temporal Classification (CTC) [10], [11].
Sashi et al. [12] combined the output probability of VAD
with the input features of the ASR model, and distilled the
knowledge of VAD into the ASR model through multi-task
learning. Improvements in recognition accuracy were reported
in these studies, but details regarding their real-time processing
capabilities or the specific handling of speech segments were
not provided.

In this study, we propose a real-time speech recognition
model that achieves VAD-like behavior by training the speech
recognition model with audio data into which non-speech
segments with noise have been inserted, and by adding non-
speech tags to the corresponding segments in the transcription.
The results of our speech recognition experiment showed a
slight decrease in accuracy for speech that did not require VAD
(i.e., speech without many non-speech intervals); however, a
significant increase in accuracy was observed for data rich in
non-speech intervals, which would have significantly benefited
from VAD. In addition, it was observed that an online speech
recognition system which did not use a GPU could process
two seconds of audio in approximately 120 ms when using
our proposed method.

The contributions of our research are as follows:
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Fig. 1. Schematic of proposed method for preparing additional training data
for the wav2vec 2.0 model. Two audio segments are combined and two non-
speech segments are inserted.

1) Development of a speech recognition model that in-
herently achieves VAD-like behavior, enabling real-time
processing with only 120 ms latency on a CPU under
various noise conditions.

2) A simple method for fine-tuning the CTC of a SSL
model, using speech data into which non-speech seg-
ments have been inserted, which are then explicitly
tagged in the transcription data.

3) Extensive experimental evaluation demonstrating a rel-
ative improvement in ASR performance of up to 9%
when processing noisy data compared to conventional
VAD-based approaches.

II. PROPOSED METHOD
A. Connectionist Temporal Classification (CTC)

Connectionist Temporal Classification (CTC) [10], [11] is
a method employed in sequence-to-sequence tasks, such as
time series prediction. In speech recognition, it is commonly
used with encoder-only transformer models. A fully connected
layer, producing an output of an arbitrary vocabulary size, is
added to the final layer of the model, outputting the probability
of each token per frame.

One of the features of CTC is that it outputs blank tokens
to represent frames that do not match any vocabulary. Blank
tokens output are not only for the boundaries of unknown
words, but also for the boundaries of non-speech segments.
In this study, we focused on the blank tokens output for these
non-speech segments. By utilizing blank tokens to represent
non-speech segments, we can construct a speech recognition
model capable of indirectly detecting potentially noisy, non-
speech intervals concurrently with ASR processing.

B. wav2vec 2.0

When constructing our ASR model, we adopted
wav2vec 2.0 [1] as the base SSL model. It extracts audio
features 25 ms in length every 20 ms. Consequently, by
training it using CTC, recognition results can be obtained
every 20 ms. Therefore, if a segment contains speech, the
recognition result is obtained every 20 ms, but if it is a
non-speech segment, a blank token is obtained.

In terms of architecture, we adopted a wav2vec 2.0 base
model with 90M parameters. This choice was made to min-
imize the computational cost of the ASR model, thereby
enabling real-time operation. The pre-trained wav2vec 2.0
model used in this study is described in more detail in the
Experiments section.

C. Data Preparation

To train the proposed model, it is essential to include
non-speech segments in the audio data. However, as existing
corpora often lack a sufficient number of non-speech segments,
the training data was created according to the following
procedure. An outline of the data preparation is shown in
Figure 1.

1) Insertion of a non-speech segments: Since it is not
always possible to insert non-speech segments into all speech,
and because forcibly dividing utterances in order to insert non-
speech segments may damage natural pronunciation and neg-
atively affect the performance of the final speech recognition
model, we used the two audio segments as a single data. When
creating the proposed model, we used data with a non-speech
segment of 3 to 5 seconds between the two speech segments,
and a non-speech segment of 1 or 2 seconds at the end.

2) Tagging of non-speech segments: To enable the speech
recognition model to recognize the inserted non-speech seg-
ments, we tagged their corresponding transcription intervals.
As shown in Figure 1, we inserted tags in the middle of the
transcription, corresponding to the period from the end of the
first speech segment until the beginning of the second speech
segment, and then from the end of the second speech segment
until the end of the transcription.

Additionally, two types of tags were inserted, according to
the level of noise added to the audio. If the Signal-to-Noise
Ratio (SNR) of the added noise was less than 20 dB, the
resulting non-speech section was considered noisy, and thus
a “[noise]” tag was inserted. If the SNR was greater than that,
a “[silence]” tag was inserted. It should be noted that these
inserted tags were added to enable the model to explicitly
distinguish and output non-speech segments. Therefore, they
do not carry any linguistic meaning, and any character string
could be used for this purpose.

III. EXPERIMENTS

We conducted speech recognition experiments in English
and Japanese to confirm the influence of linguistic features.
In this section, we will explain the pre-trained models and
datasets used in the experiment and the types of models used
for evaluation.

A. Pre-trained Models

Two pre-trained wav2vec 2.0 models were used in our
experiments. The facebook/wav2vec2-base! model was pre-
trained using 960 hours of English speech from the Lib-
riSpeech [13] dataset, whereas the rinna/japanese-wav2vec2-

Thttps://huggingface.co/facebook/wav2vec2-base
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Fig. 2. Schematic of data used for model training. Proposed method is ‘(c)
tagging’. For methods (b) and (c), two audio segments are combined and two
non-speech segments are inserted.

base’ model, highly specialized for Japanese, was pre-
trained with 19,000 hours of Japanese speech from the
ReazonSpeech v1.0 [14] dataset.

B. Training Datasets

The LibriSpeech [13] dataset used for training the English
recognition model consists of audio book recordings, with a
total recording time of 960 hours. We used the train-clean-
100 subset, which contains 100 hours of data, for training the
wav2vec 2.0 model.

ReazonSpeech v2.0 [14] consists of audio data collected
from one-segment TV broadcasts, totaling 35,000 hours of
recording time. Five subsets (tiny, small, medium, large, and
all) have been released, which are named according to the
amount of data they contain. In this experiment, we used the
‘small’ subset to train the Japanese wav2vec 2.0 model, which
contains the same 100 hours of audio data as the LibriSpeech
dataset used to train the English recognition model. The Rea-
zonSpeech dataset contains a mixture of spontaneous speech
and read speech, and contains a relatively high proportion of
noisy speech.

C. Noise Addition

The additional noise used in the experiments was babble
noise and pink noise from NOISEX-92 [15]. The babble
noise in this dataset was recorded in a dining hall with a
radius of 2 meters or more, featuring 100 people talking.
The pink noise (which sounds like a waterfall) was applied at
SNR = 50 dB to serve as a noise floor in the input audio, while
the babble noise was added in three stages of SNR = 0 dB,
5 dB, and 10 dB, to mimic real-world environments. The noise
in the dataset is publicly available, sampled at 19,980 Hz.
Therefore, each noise sample was resampled to 16,000 Hz
for input into the wav2vec 2.0 models. Note that the RMS
used for SNR calculation excludes non-speech segments, and
noise was added to the entire audio, including the non-speech
segments. While this study uses two specific noise types to
examine VAD-like behavior in clean and noisy environments,
we acknowledge that evaluating with a broader range of noise

Zhttps://huggingface.co/rinna/japanese-wav2vec2-base

types would provide more comprehensive insights into our
approach’s robustness.

D. Training of Models for Experiment

To observe the effects of inserting non-speech segments
into the training data and adding explicit non-speech tags
(e.g., [noise], [silence]) to the vocabulary, we prepared three
types of training data and trained speech recognition models
for each experiment. An overview of the data used to train
each model is shown in Figure 2.

« normal
Model trained with all audio data, including added noise.
+ w/o tag
Model trained with audio data with non-speech segments
inserted, but no additional tags are used to identify
locations of non-speech segments, in the transcription or
vocabulary.
« tagging
Model trained with audio data into which non-speech
segments were inserted, with their locations tagged in the
transcription data.

E. Training Setup

In addition to ‘unknown vocabulary’ tags (“<unk>"), three
other special tokens are included in the model’s vocabulary
during training; “[PAD]”, “<s>”, and “</s>”. When training
the English ASR model, the transcription is encoded using
characters, so the vocabulary size is 34 after adding the
proposed tags. When training the Japanese ASR model, the
base vocabulary (size 3,200, including the “<unk>” tag) was
derived from a unigram [16] language model trained with
SentencePiece [17]. After incorporating the proposed non-
speech tags and other special tokens, the final vocabulary size
was 3,205.

During fine-tuning, AdamW with 5 = (0.9,0.999) was
used as the optimization function. Training was conducted for
20 epochs, with the learning rate increasing to a maximum of
5e — 5 for the first 10% of training (warm-up), after which
it was gradually reduced using a cosine annealing schedule.
The batch size was 4, the gradient accumulation was 2, and
the execution batch size was 8. In addition, as indicated in
the paper [1], the feature extraction layer’s CNN was frozen.
The time required for fine-tuning was about 3 hours using one
Nvidia RTX 6000 Ada graphics card.

F. Model Evaluation

The models were evaluated using two types of data: the orig-
inal corpus speech (which does not include many non-speech
segments), and speech data augmented using the proposed
method. For the evaluation of the English ASR model, we
used the test-clean and test-other subsets from the LibriSpeech
corpus, and for the evaluation of the Japanese model, we used
the JNAS [18], Common Voice 8.0 [19], and ReazonSpeech
[14] corpora. We also calculated recognition results for speech
that included non-speech segments, where VAD was applied as
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TABLE I
COMPARISON OF ENGLISH ASR MODEL PERFORMANCE USING AUDIO DATA THAT DOES NOT CONTAIN NON-SPEECH SEGMENTS. EVALUATION WAS
CONDUCTED USING LIBRISPEECH’S TEST-CLEAN AND TEST-OTHER.

Model test-clean test-other
clean 20 15 10 5 0 clean 20 15 10 5 0
base.en 222 239 254 342 687 2345 573 635 849 10.03 18.19 4434
v3-turbo 1.61 146 151 1.64 247 7.15 254 264 295 3.77 6.70 18.36
normal 352 364 378 430 6.16 13.39 6.87 758 8.3I 1034 1565 27.94
w/o tag 3.74 386 4.07 455 667 14.55 722 796 891 11.08 16.79 29.71
tagging(proposed) 375 387 411 472 682 1498 737 816 9.11 1142 17.16 30.19
TABLE II

PERFORMANCE COMPARISON OF ENGLISH ASR MODELS ON
LIBRISPEECH TEST-CLEAN SUBSET INCLUDING NON-SPEECH SEGMENTS.

CER under SNR(dB)
clean 20 15 10

Baselines:
base.en 1392 682 738 747 1175 3291
v3-turbo 691 621 6.67 5.68 715 15.35
Our Models (Training Methods):
normal 443 465 499 590 8.84 18.61
w/o tag 407 421 441 5.08 754 16.14
tagging(proposed) 375 4.01 419 4386 721  16.04
VAD Preprocessing Evaluation:
normal + text_c 431 523 584 6.05 825 17.92
normal + seg_c 484 514 545 6.18 8.85 18.59

a preprocessing step. To compare with VAD-based approaches,
we applied pyannote/voice-activity-detection® [20], [21], in
conjunction with our ‘normal’ model and evaluated two VAD
processing methods:
o text_c
Speech recognition is performed on each VAD-detected
segment separately, and the results are then concatenated.
e seg ¢
VAD-detected segments are concatenated first, and
speech recognition is then performed on the combined
audio.

In addition to the models we created, we also tested the
following publicly available models.

« reazon-research/japanese-wav2vec2-base-rs35kh*
This model is based on the wav2vec 2.0 base architecture,
pre-trained on 35,000 hours of Japanese speech data from
ReazonSpeech v2.0, and subsequently fine-tuned on the
same dataset for CTC.

« whisper [22]

We used the whisper-base® (74M) model, whose parame-
ter count is similar to that of the wav2vec 2.0 base model,
and the whisper-large-v3-turbo® (809M) model, which
was the most recent model at the time of writing. For
the English recognition experiment, we used the whisper-
base.en’ model, which only recognizes English.

We used the Character Error Rate (CER) to evaluate the
models. We removed all tags from the recognition results,
employed greedy decoding, and did not use any additional
language models. To assess performance speed, we also
measured the inference speed of each Japanese ASR model

3https://huggingface.co/pyannote/voice-activity-detection
“https://huggingface.co/reazon-research/japanese-wav2vec2-base-rs35kh
Shttps:/huggingface.co/openai/whisper-base
Shttps:/huggingface.co/openai/whisper-large-v3-turbo
"https:/huggingface.co/openai/whisper-base.en
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using Real-Time Factor (RTF), with the JNAS dataset. Since
the wav2vec 2.0 model supports online inference, we also
measured the latency for recognition during online use. The
GPU used for the measurements was an RTX3090, and we
also calculated the results using a Macbook Air (M1, 8-core
CPU).

IV. RESULTS
A. English ASR performance

Results for the English ASR models are shown in Table I
(without non-speech segments) and Table II (with non-speech
segments). When non-speech segments were not included, the
whisper-large-v3-turbo model achieved the best performance in
all cases. On the other hand, when non-speech segments are
included, the Whisper model experiences significant accuracy
degradation, while our proposed ‘tagging’ model achieved the
best performance with clean data and in environments with
SNR levels above 10 dB. Comparing the test-clean in Table I
and Table II, the whisper model shows significant accuracy
degradation when non-speech segments are present, while our
proposed model maintains more stable performance. This sug-
gests that the proposed method enables the speech recognition
model to properly interpret non-speech segments, thereby obvi-
ating the need for VAD preprocessing. At higher environmental
noise levels, our model’s performance is comparable to that of
the best-performing model, and we believe its performance
can be further improved by increasing the amount of training
data. In addition, when comparing the models we trained
for this experiment, the ‘tagging’ model achieved the best
performance, demonstrating a relative accuracy improvement
of up to 21%.

B. Japanese ASR performance

The results for the Japanese ASR models are shown in
Table III (without non-speech segments) and Table IV (with
non-speech segments). The recognition accuracy of whisper-
large-v3-turbo was generally good, but when recognizing
the ReazonSpeech data, which does not contain non-speech
segments, the wav2vec 2.0 ‘rs35kh’ model achieved better
accuracy. When comparing models trained with non-speech
segments, the ‘tagging” model achieved better accuracy than
both VAD-based approaches and the ‘normal’ baseline model.
However, the ‘w/o tag’ model, trained on the same audio data
but without explicit transcription tags, unexpectedly outper-
formed the ‘tagging’ model in this specific case. However,
when the Facebook-pretrained model was used, the ‘tagging’
model consistently yielded the best accuracy. These results are
discussed in detail in Section V.
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TABLE III
COMPARISON OF JAPANESE ASR MODELS WITHOUT NON-SPEECH SEGMENTS.

Model INAS Common Voice 8.0 ReazonSpeech
clean 20 15 10 5 0 clean 20 15 10 5 0 clean 20 15 10 5 0

base 29.1T 2603 2515 2869 3492 9485 [ 2931 31.61 3627 46.62 8288 207.89 [ 7223 7522 77779 91.08 12094 19422
v3-turbo | 6.98 6.92 7.07 7.24 843 14.88 | 9.48 9.89 1001 13.06 20.25 4833 1272 1329 1429 1599 21.25 44.65
rs35kh 10.03 934 9.94 .18 1574 3261 | 15.64 1643 1825 2188 30.77 50.21 1252 1296 1355 1499 19.56 3435
normal 1741 1723 1752 1821 1997 26.68 | 2088 21.27 22.03 24.04 29.03 4099 1920 1923 1939 20.08 2210 28.31
wlo tag | 17.61 1755 17.69 18.13 1994 2626 | 2126 21.67 22.60 2446 29.05 40.68 | 21.30 21.44 21.65 2237 2429 30.21
tagging 18.35 18.23 18.53 18.71 20.07 26.67 | 21.94 2238 2320 2523 29.21 39.61 21.52 2143 21.62 2229 24.11 29.20

TABLE IV TABLE V

PERFORMANCE COMPARISON OF JAPANESE ASR MODELS ON JNAS TEST
SET INCLUDING NON-SPEECH SEGMENTS.

CER under SNR(dB)

‘ clean

20 15 10 0
Baselines:
base 31.58 2843  31.04 3240 4629 93.71
v3-turbo 8.07 7.54 8.14 9.53 13.59 27.19
Our Models (Rinna Pretrained Model):
normal 21.88 22.08 22.87 2464 2779 37.64
w/o tag 17.81 18.02 18.53 20.10 23.54 33.86
tagging(proposed) | 18.36 20.16 19.62 20.14 2340 32.00
VAD Preprocessing Evaluation:
normal + text_c 28.16 2753 2746 2882 3096 38.10
normal + seg_c 3340 3236  33.15 3334 3527 41.29
Our Models (Facebook Pretrained Model):
normal 31.68 33.59 33,57 3589 41.13 5385
w/o tag 2573 2659 2747 3021 3652 51.06
tagging(proposed) | 24.19 2487 26.15 2851 3526 49.52
VAD Preprocessing Evaluation:
normal + text_c 3596 3596 36.89 38.89 42.63 5346
normal + seg_c 36.62 36.11 3738 40.02 4539 56.01

C. Inference Speed

As shown in Table V, when using a GPU for inference with
the Japanese ASR models, the wav2vec 2.0 model demon-
strated the fastest performance in standalone operation. Al-
though their parameters were similar, it was approximately
10 times faster than the whisper-base model and about twice
as fast when used with VAD. We also measured the latency
when using the wav2vec 2.0 model online. We performed
microphone input and model inference simultaneously, running
the system as fast as possible. The reported latency (stride
width) represents the delay introduced by model inference
with a 2-second processing window. As a result, we confirmed
that 2 seconds of audio data can be processed within an ac-
ceptable timeframe. Even in environments that do not support
GPUs, processing can be completed within 120 milliseconds,
making it effective for systems that require fast responses,
such as spoken dialogue systems. Future work should include
comprehensive comparisons with other real-time ASR systems
and streaming implementations of whisper [23], [24], under
identical conditions.

V. DISCUSSION

We analyzed the difference in performance between the ‘w/o
tag’ and ‘tagging’ models when recognizing utterances con-
taining non-speech segments, examining how this difference
varied depending on the pre-trained ASR model employed.
When the rinna wav2vec 2.0 model was used, the ‘tagging’
model performed 6% better at SNR = 0 dB, but 12% worse
at SNR = 20 dB. When using the facebook wav2vec 2.0
model, however, the ‘tagging’” model consistently improved
performance across all environments, showing up to 6% better
recognition performance than the ‘w/o tag’ model. Similar
performance improvements of up to 9% were also observed

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

PERFORMANCE COMPARISON OF JAPANESE ASR MODELS: INFERENCE
SPEED AND ONLINE PROCESSING LATENCY WITH 2-SECOND WINDOW.

Model [ RTF Tatency
whisper-base 0.0I91 N/A
whisper-large-v3-turbo 0.0220
] text_c 0.0054
wav2vec 2.0 + VAD seg ¢ 0.0065 N/A
wav2vee 2.0 (GPU) | 0.0023 I5ms
) (M1) 0.0756  120ms

when using ‘tagging’ with the English ASR model, suggesting
that tagging consistently facilitates acoustic discrimination
between speech and non-speech segments when using the
facebook model.

This difference in performance likely stems from the char-
acteristics of the pre-training data: The Facebook wav2vec 2.0
model was pre-trained on the clean LibriSpeech corpus,
whereas the Rinna model was pre-trained on the noisy Reazon-
Speech data (e.g., including live TV sports broadcasts). During
pre-training, wav2vec 2.0 acquires quantized acoustic features
of 25 ms in width using contrastive loss, including from
various non-speech segments. When fine-tuned with CTC,
the model’s blank tokens can implicitly act as non-speech
indicators, serving a purpose similar to our proposed explicit
non-speech tags. This explains why the ‘w/o tag’ model
performed better with the Rinna model under certain condi-
tions, as this might have avoided conflicts with the model’s
blank token representations, particularly in noisy environments
(SNR =5 dB and 0 dB).

VI. CONCLUSION

We developed a real-time VAD-less speech recognition
model by fine-tuning an SSL. model on combined speech and
non-speech audio signals, with non-speech sections explicitly
tagged in the training data. The results of our experiments
demonstrated that our proposed method achieved superior
results compared to conventional VAD-based approaches when
processing input data that includes non-speech segments. In
addition, we found that the effectiveness of the assigned non-
speech tags varied depending on the characteristics of the
speech data used for pre-training the base model. In this study,
we constructed the proposed ASR model based on existing pre-
trained SSL models, but in the future, we will investigate the
observations obtained by using models trained from scratch,
such as Conformer [25], [26]. We also plan to apply the
obtained VAD-less speech recognition model to streaming and
take measures to mitigate performance degradation caused by
the use of streaming data [27], [28].
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