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Abstract Dependency parsing aims to identify syntactic dependencies between words in a sentence. Dependency parsing can pro-
vide syntactic features and improve model performance for tasks such as information extraction,automatic question answering and
machine translation. The training data size has an significant impact on the performance of the dependency parsing model. The
lack of training data will cause serious unknown word problems and model over-fitting problems. This paper proposes various da-
ta augment strategies for the problem of low-resource dependency parsing. The proposed method effectively expands the training
data by synonym substitution and alleviates the unknown words problem. The data augment strategies of multiple Mixups effec-
tively alleviate the model overfitting problem and improve the generalization ability of the model. Experimental results on the uni-
versal dependencies treebanks(UD treebanks) dataset show that the proposed methods effectively improve the performance of
Thai, Vietnamese and English dependency parsing under small-scale training corpus conditions.
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Fig.1 Schematic diagram of Thai dependency parsing
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Fig. 2 General framework
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Fig. 3 Biaffine model framework
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Fig. 4 Synonym substitution directly with same part-of-speech
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Table 2 Dependency parsing data information of Thai, Vietnamese

and English

EE AR BAATCHD A E (A
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Table 3 Model parameters

% Li:1 4 1
Embedding size 100 Words dropout 0.2
LSTM size 400 Embedding dropout 0. 33
Arc MLP size 500 LSTM dropout 0.33
Label MLP size 100 Arc MLP dropout 0.33
LSTM depth 3 Label MLP dropout 0. 33

Early_stop_count 20 MLP depth 1
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Table 4 Experimental results of different languages and strategies

EE &K dev_UAS dev_LAS test_UAS test_LAS
Raw 78.29 70.42 79.46 70.52
Direct 82.01 73.83 81.38 72.76
E_Mixup 81.24 73.06 81.50 72.84
%53 B_Mixup 81.10 72.95 81.78 72.70
M_Mixup 80. 45 72.55 81.78 73.33
E-+B_Mixup 80. 96 73.00 82.84 73.73
B+ M_Mixup 80.08 71.72 81.12 71.16
E+M_Mixup 81.13 73.26 82.07 73.07
Raw 70.70 66.97 69. 49 66. 26
Direct 69.77 66. 04 68.77 65.39
E_Mixup 71.31 67.46 70.10 66. 74
fra. B_Mixup 71.90 68. 41 69.90 66. 83
M_Mixup 71.70 68.12 69.82 66.52
E-+B_Mixup 71.19 67.67 69. 85 66. 68
B+ M_Mixup 71.02 67.49 69.75 66.57
E-+M_Mixup 71.24 67.64 69.61 66. 28
Raw 86.77 83.84 88. 26 85.71
Direct 87.99 84. 86 89.17 86. 47
E_Mixup 88.10 85.05 88.97 86.15
% B_Mixup 88.28 85.53 88.67 86.06
M_Mixup 88.83 86. 26 88. 26 85.53
E-+B_Mixup 88.61 85.75 89. 00 86. 36
B+ M_Mixup 88.13 84.94 88.50 86.15
E+M_Mixup 87.69 84. 83 88.67 86.41
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Table 5 Experimental results of Thai with different «
a dev_UAS dev_LLAS test_UAS test_LLAS
0.5 80. 22 71.44 80. 87 70.93
1 81.02 72.09 81.52 72.07
8 81.24 73.06 81.50 72.84
20 80. 68 72.07 81.32 72.41
50 80. 65 73.17 81.24 72.33
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Table 6 Dictionary size and training data size

] 37 3 K/ WHHELRA  NEREHEE
i) A7) A7)
178 1399 1515
314 1399 4474
434 1399 4719
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Table 7 Experimental results of Vietnamese under direct

substitution condition

Direct dev_UAS dev_LLAS test_UAS test_LLAS
178 69.77 66.04 68.77 65.39
314 70.38 66.75 69.09 65.65
434 70.55 66.81 69.12 65.70
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