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Incorporating Part of Speech and Tonal Features for Vietnamese Grammatical Error Detection

ZHANG Zhou,ZHU Jun-guo and YU Zheng-tao
School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China

Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology,Kunming 650500, China

Abstract The BERT pre-trained language model removes the tones of the syllables when segmenting Vietnamese words, which
leads to the loss of some semantic information during the training process of grammatical error detection model. To address this
problem,an approach combining part of speech and tonal features is proposed to complete the semantic information of the input
syllables. Grammatical error detection task confronts the problem of insufficient training data due to the scarcity of labeled Viet-
namese data. To address this problem,a data augmentation algorithm is designed to generate a large number of error texts from
the correct corpus. Experimental results on Vietnamese Wikipedia and news corpus show that the proposed method achieves the
highest F, 5 and F; score on the test set,which proves it improves the detection performance. Both the proposed method and the
baseline model method have a gradual improvement with the increasing scales of the generated data,which proves that the pro-
posed data augmentation algorithm is effective.

Keywords Pre-trained language model, Vietnamese grammatical error detection, Feature fusion,Data augmentation
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Table 1 Examples of Vietnamese error types
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Table 3 Vietnamese tone tagging set
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19. if Wr =NULL do
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Table 4 Experimental data statistics
Train Set Dev Set Test Set
Right Sentences 10000 1500 900
Wrong Sentences 15000 2000 1100
Tokens 609829 85763 48097
Average Length 25.64 24.50 24.04
Conjunction 3762 410 228
Error Preposition 4461 505 283
Types/  Coordination 1362 545 306
count Word Order 5629 668 377
Syllable 4946 615 351
5.2
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Table 5 Performance comparison of different methods on validation

set and test set

( 20D

Data Set Methods P R Fo.s Fy
Bi-LSTM+ Word2Vector 53.91 41.71 50.93 47.03
Bi-LSTM+GloVe 59.62 39.08 53.95 47.21
IDCNN-+ Word2 Vector 59.25 30.11 49.65 39.93
Dev Set IDCNN-+GloVe 60.76 32.52 51.77 42.37
MHAL(Pislar et al. 2020) 67.87 54.22 64.36 60.28

mBERTH LSTM

feature(;troposed? 69.63 75.39 70.63 72.39
Bi-LSTM+ Word2 Vector 56.31 44.79 53.55 49.89
Bi-LSTM+GloVe 60.72 44.53 56.61 51.38
IDCNN-+ Word2 Vector 61.45 32.31 52.06 42.35
Test Set IDCNN—+GloVe 62.43 33.98 53.47 44.01

MHALC(Pislar et al. 2020) 64.04 57.99 62.57 60.86
mBERT+LSTM+

feature(proposed)

70.49 75.49 71.36 72.91
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Table 6 Results of mBERT model using different components

on test set
( )

Methods P R Fo.s Fy
mBERT 65.21 72.67 66.49 68. 74
mBERT+LSTM 65.78 71.69 66.82 68.61
mBERT +feature 67.25 72.24 68.19  69.66
mBERT+ LSTM+feature 70.49  75.49 71.36  72.91
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Fig. 4 Changes of model performance with different training

data scales
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