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Abstract—In this paper, in order to improve the 
error rate that occurs when Automatic Speech 
Recognition (ASR), one of the technologies widely 
applied in the field of speech recognition, is applied 
to Chinese, the study results on how to improve the 
Chinese recognition error rate by proposing a 
model to be added are described. As a result of 
testing by applying the xlsr-53 data set based on the 
Wav2vec2.0 model, it was confirmed that the 
Chinese recognition rate was improved.  
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I. INTRODUCTION  
 

With the development and dissemination of speech 
recognition technology, much attention is paid to 
improving the accuracy of speech recognition results. 
Various methods have been proposed to improve the 
accuracy of speech recognition, but there are still errors 
that need to be improved, such as homonyms and 
misrecognition, in order to be introduced into an expert 
system. A recently widely used technology in the field 
of speech recognition is automatic speech recognition 
(ASR). ASR is a technology that automatically executes 
the process of receiving voice input and outputting it as 
text. 

In the past, experts directly adjust each parameter of 
the acoustic model (AM), the lexicon (Lexicon), and the 
language model (LM) using HMM (Hidden Markov 
Model) models and perform voice recognition. come. 
However, deep learning technology, which has recently 
been attracting attention in speech recognition, has 
enabled end-to-end learning that learns a target result 
(output) from data (input) without a separate 
intermediary [3]. 

Despite the advantage of being able to output a 
model that optimizes all parameters from start to finish 
just by putting it into a deep learning model, this method 
also has limitations. This method showed better 

performance when a large amount of data was given as 
input data, especially when labeled data was given as 
input data. However, it required a lot of labor, time, and 
work to create a labeled data set, which became a very 
difficult problem for researchers. 

Fig. 1. Comparing with Traditional Method and Deep Learning 
Method 

To solve the problem that requires a lot of labeled 
data, Facebook proposed a new voice recognition model, 
Wav2vec 2.0, in June 2020. The Wav2vec 2.0 model, 
which uses self-supervised learning and shows high 
accuracy even with a small amount of label data, is 
currently being actively used in the field of automatic 
speech recognition (ASR). It is mainly used in the form 
of fine-tuning the pre-trained wav2vec 2.0 model in the 
subject you want to apply.  

This paper describes the research results on the 
improvement of the error rate that occurs when 
automatic speech recognition (ASR: Automatic Speech 
Recognition) is applied to Chinese. Basically, the 
wav2vec 2.0 model was used, and a method to improve 
the Chinese recognition error rate was proposed by 
adding Pinyin, the Chinese pronunciation symbol, to the 
Word Lexicon. And by applying the xlsr-53 data set, an 
experiment was performed to check whether the 
Chinese recognition rate was improved, and the 
experimental results were analyzed. 
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II. OVERVIEW OF SPEECH RECOGNITION 
TECHNOLOGY 

 

A. Before emergency of the Deep learning 
Traditional speech recognition technology has been 

developed based on statistics, and a representative 
model is the HMM-based model of Figure 2 using the 
Hidden Markov Model. 

 

 
Fig. 2. Speech Recognition system structure using HMM Model.[1]  

In the past, the speech recognition system was 
divided into three main parts: an acoustic model (AM), a 
lexicon (Lexicon), and a language model (LM). Unlike 
other data, voice data may include a variety of 
information in one input. This is a very attractive part 
because it can include various data such as the 
speaker's speech characteristics, intonation, 
surrounding environment, and speech space as well as 
the speech content, but it has a big difference in that it is 
continuous unlike other data.  
 

B. After emergency of the Deep learning 
 However, in modern times, a lot of data has been 
generated due to the development of the Internet and 
various electronic devices, and it was expected that 
voice patterns could be easily found based on a large 
amount of data. At that time, the deep learning technique 
advantageous for pattern matching became a big issue 
at the time, and we will try to apply it to the field of 
automatic speech recognition. Through several data 
preprocessing processes, it was possible to visualize the 
voice data with the characteristics of the waveform data 
and analyze the pattern. After applying the deep learning 
technique in the previous step, which obtained the loss 
in each of the existing three steps, the three processes 
are combined to make into one loss. 
 The data preprocessing process for converting 
voice data into visual data that can find patterns was 
somewhat complicated, but in the end, the input voice 
data was Fourier transformed and expressed as a 
frequency spectrogram, which is then weighted to a low 
frequency band similar to human speech frequency. It is 
possible to image using the vector value converted to 
Mel-spectrogram. 
 

III. DEEP LEARNING BASED ASR MODEL 
 

Recently, along with the development of the deep 
learning technology mentioned above, research to apply 
the deep learning technology to automatic speech 
recognition is being actively promoted. The 
representative ASR basic structure that takes an end-to-
end format by integrating the existing three steps into a 
decoder by applying deep learning technology is the 
‘Encoder-Decoder’ model shown in Figure 3. 

 
A. Encoder – Decoder (Sequence to Sequence) 

The basic structure of the encoder-decoder model is shown 
in same as Figure 3 The encoder compresses and expresses 
the input voice data, and the decoder plays a role in converting 
the compressed voice data into text. The encoder receives 
data and compresses information into a single vector. 
This compressed vector data is called a context vector, 
and the decoder converts the context vector back into 
text data format. Whenever an encoder receives a value, 
it is stored in the context vector. When new data is input, 
it is accumulated in the context vector and input and 
stored. After going through this process, at the end, the 
context vector accumulates and stores all input data 
before. If the input value is excessively generated in the 
context vector, the encoder compresses the input 
information and converts it into a fixed-length vector. 
Finally, the encoder result is stored in a context vector 
named h. 

Fig. 3. ASR and basic structure of Encoder – Decoder Model.  

 
The decoder converts the above context vector into 

an RNN-based language model (LM). Decoder is a 
value that comes out through the RNN-based model 
(usually LSTM) and the softmax function. (LSTM model 
- Affine layer - Softmax layer // Affine layer: This is a 
network that receives the hidden state as an input and 
outputs the number of classifications.)  
However, the encoder-decoder structure of seq2seq has 
a limitation in that the performance deteriorates when 
the input data becomes long, as mentioned in the above 
encoder structure. If the encoder does not effectively 
compress the input data, it may not include all of the key 
information, resulting in a decrease in accuracy. 
Therefore, the attention mechanism was used to 
compensate for this problem when compressing the 
input data, and it shows a very improved result. 

 

B. Self-supervised Learning 
In the case of speech recognition, in particular, the 

amount of labeled correct answer data was very small, 
which caused many difficulties. In the case of voice data, 
the acoustic data and the language model match well, 
so that the text similar to the correct answer data as 
much as possible matches the align. The self-
supervised learning method has solved this problem, 
and the initial model applied to the ASR field is the CTC 
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model. However, although CTC was meaningful in its 
early attempts in the speech domain, it did not deal with 
speech recognition as a major topic.[5] Subsequently, 
an initial version of wav2vec was introduced, which was 
a model that specialized in applying CTC to voice [6]. In 
another method, the VQ wav2vec model [6), BERT's 
MLM pre-training was introduced into the voice by 
adding a quantization module. The model based on the 
existing CTC method receives voice data continuously, 
but the biggest difference is that the model receives it 
discretely.  
 Lastly, the Wav2vec 2.0 model [7] is a voice 
recognition specialized model that applied deep learning 
technology announced in 2016 by Facebook. The 
Acoustic Model stage, which implements the 
wavelength data unique to voice as a Mel-Spectrogram 
that can be recognized by humans with the end-to-end 
technique, and the Language Model stage, which 
manages the decoded text data as an output result It is 
a model implemented by combining . This model is 
similar to the VQ wav2vec model, but it is different from 
the existing method in that it supplements the 
quantization module and changes the structure to 
enable end-to-end learning. In the case of the 
Wav2vec2.0 model, which is based on self-supervised 
learning, it is a model that shows good learning 
performance even with a small amount of labeled correct 
answer data, unlike the models that previously required 
a large amount of labeled data. Labeled data is pre-
trained, and unlabeled data is fine-tuned. 

And in December 2020, Facebook announced 
XLSR-Wav2vec 2.0 Unsupervised Cross-lingual 
Representation Learning using a multilingual dataset 
called xlsr-53 on Facebook. [10] As a result of this study, 
the learning process was simplified by learning without 
using a language model (LM), but the error rate was 
increased. That is, in the case of the end-to-end learning 
method including the existing Wav2vec 2.0 model, 
unlike the traditional voice recognition, phoneme-
mediated training and the Lexicon dictionary are omitted. 

 

IV. PROBLEM STATEMENT AND PROPOSAL 
 

Various studies related to speech recognition have 
been actively carried out, but research on 'English' is 
mostly. English is the most used language in the world, 
and since the language system has a relatively simple 
structure of 26 alphabets, it has the advantage of having 
a structure that is easy to directly experiment with 
theoretical models. In particular, in the case of a model 
using deep learning, a large amount of data is required, 
and since it is easy to experiment with a relatively simple 
language system, English is overwhelmingly more 
common than other languages. Therefore, even if the 
published speech recognition model is applied to other 
languages such as Korean or Chinese and attempts to 
verify the recognition result, the data set is insufficient. 
In particular, in the case of Korean and Chinese, the 
number and amount of publicly available labeled data 
that anyone can use for model validation are small. 
Although the multilingual data set called xlsr-53 provided 
by Facebook is insufficient, it provides data that can 
conduct speech recognition research on Chinese to 
some extent. 

 The Wav2vec 2.0 model is recognized as a good 
model that shows high performance in speech 
recognition research using deep learning, and is 
currently a universally used model in the automatic 
speech recognition (ASR) field. If this is not sufficient, 
there is a limit to the study of speech recognition for the 
corresponding language. In other words, although a 
small amount of labeled data shows good performance, 
the more high-quality labeled data is used, the better the 
speech recognition accuracy is. Considering this 
environment, this study proposes a model that can 
improve the error rate even when using a small amount 
of dataset in Chinese speech recognition, and analyzes 
the speech recognition results according to the 
proposed model.  

Many studies have already been published 
confirming that the performance of automatic speech 
recognition is improved when the vocabulary dictionary 
is well constructed in speech recognition [8]. However, 
there are few studies that have actually investigated the 
correlation between recognition rates using official 
phonetic symbols approved by the state. 

In the case of Chinese, since it has quite a lot of 
characters, there are not only officially designated 
phonetic symbols, but also the official Chinese 
pronunciation added to the Word Lexicon for Chinese, 
which is a language designated in the form of the English 
alphabet. We analyzed how pinyin, the symbol, affects 
the accuracy of speech recognition. 

In this study, as described above, the Wav2vec2.0 
model [4], which is the most widely used among the 
models applying deep learning in the automatic speech 
recognition (ASR) field, was used. The step of referring 
the Lexicon dictionary to the existing Wav2vec2.0 model 
was added as a post-processing concept after the 
acoustic model (AM). suggested.  In order to verify the 
performance of the proposed model, it is necessary to 
compare the performance with the existing model under 
the same conditions, so the error rate was compared 
and analyzed using the pre-trained wav2vec2.0. 
 

V. EXPERIMENT 
 

A. Experiment Environments 
In this study, ‘Fairseq’, that is, the Wav2vec2.0 model 

announced by Facebook, which was published on 
github, an open source code community site, is used as 
an automatic speech recognition model. In addition, the 
data set used for the experiment used 50 hours of 
Chinese data from the xlsr-53 multilingual package for 
53 languages provided on github. The Chinese data set 
used contains 7,176 sentences and 169,193 words.  

As the development environment for this experiment, 
two NVIDIA GPU RTX Quadra 8000 GPUs and 64 CPU 
cores were used. Also, as a result of performing some 
experiments using the virtualized GPU resources 
provided by Google's CoLab environment, there was no 
particular difference from the experiments in the local 
environment. 

B. Establishment of experiment model 
As shown in Figure 4, the model proposed in this 

paper to improve the speech recognition error rate is 
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based on the existing Wav2vec 2.0 model and presents 
an improved structure by adding Chinese phonetic 
symbols to the vocabulary dictionary. In addition to the 
vocabulary existing in the existing language model stage, 
as shown in Figure 6 below, In addition to the vocabulary 
existing in the existing language model stage, as shown 
in Figure 6 below, a total of 398 phonetic symbols that 
combine 23 
 

Fig. 4. Proposed Model – Add a pronounciation symbol ‘Pinyin’ put 
in  Language word dictionary. 

 
Chinese consonants and 35 vowels are included in 

the vocabulary dictionary. Chinese phonological rules 
can be broadly divided into falsification (變調), light tone 
(轻声) and ‘Er-hwa’ (儿化). In Chinese, each syllable is a 
unit with a meaning, so there is almost no phenomenon 
in which the sound changes as in Korean. (9) Therefore, 
it can be said that the method of putting all combinations 
following the alphabetical formula in the vocabulary is an 
effective method in reducing the error rate. An example 
of adding phonetic symbols to the vocabulary is shown 
in Figure  5.  

Fig. 5. Chinese pinyin Consonant vowel combination table [12] 

Figure 5 shows all Chinese alphabets with phonetic 
symbols, and syllables that cannot be pronounced or are 
not used are not marked. In the case of this material, it 
has the name ' 小學漢語拼音音節表 ', and it is a 
pronunciation chart certified by the Ministry of Education, 
a national institution of China, and is actually a 
pronunciation symbol taught in the elementary 
education course.  

In addition, considering the characteristic that tones 
are attached only to vowels as a characteristic of 
Chinese language itself, a combination table was 
created by inserting the numbers 1, 2, 3, 4, meaning 4 
Chinese characters, after all vowels. Therefore, the 
entire combination was trained to refer to a total of 1,592 

existing pronunciation possible combinations, 398 × 4 
adults. Unlike Korean, which belongs to an agglutinative 
language, in which parts of speech are changed by 
adding an additional proposition, Chinese has the 
characteristic of language isolate that parts of speech 
change depending on location. In other words, there is 
less articulation change, which is a change in 
pronunciation, compared to English or Korean.  

Data pre-processing and feature extracted vector 
values are obtained from the waveform form, which is 
the first raw data, and the vector value with the highest 
probability can be finally output as text by referring to 
Lexicon. 

Fig. 6. Example of Chinese pinyin Lexicon.   
 

C. Experiment result 
 In the previous study [10], when the wav2vec2.0 

model was run for 1 hour using the xlsr-53 data set, the 
error rate (PER: Phoneme Error Rate) was reported to 
be 18.3%. In addition, as a result of running the existing 
model on its own using the given experimental 
environment, the PER was measured to be 18.8%, and 
the sub error rate generated by the synthesis was 
measured to be 12%. The result of running the model in 
which Pinyin, the Chinese phonetic symbol, is added to 
the lexical dictionary proposed in this paper in the same 
environment is shown in Table 1.  
 
Table 1. Table of adding pronounciation symbol in dictionary result 

 

As can be seen from the results of this experiment, 
the recognition error rate was measured to be 14.6%, 
confirming that the error rate was reduced. Also, the rate 
of sub error was reduced to 8.2%. This result means that 
the error rate due to misrecognition can be reduced 
when automatic speech recognition is executed by 
including phonetic symbols (that is, pinyin) in the lexical 
dictionary. 

VI. CONCLUSION 
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In this paper, we conducted a study on how to 
improve the error rate of Chinese speech recognition 
using the Wav2vec 2.0 model, which is a representative 
automatic speech recognition model published by 
Facebook. Based on the Wav2vec 2.0 model, a kind of 
post-processing was performed so that the lexicon can 
be additionally referenced after the acoustic model (AM). 

As a result of the experiment, adding Chinese 
pronunciat 
-ion information to the lexicon of the existing model 
reduced the speech recognition error rate. was 
meaningful in the study. In this study, the xlsr-53 data 
set was used to analyze the improvement of the error 
rate of Chinese speech recognition, but the provided 
data set is relatively scarce compared to English, etc,. 
so it is thought that there is a limit to improving the error 
rate. In the future, it is expected that more improved 
results can be obtained if a richer data set is secured 
and the proposed model of this study is applied to 
training. 
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