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Chinese-Vietnamese cross-danguage event detection method based
on event type awareness
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Abstract: In view of the lack of parallel corpus for Chinese-Vietnamese cross-language event detection the difficulty of Vi—
etnamese labeling the need to unify the cross-Hanguage semantic space and the large ambiguity and limitations of trigger
words this paper proposes an event-type-aware-based Chinese—-Vietnamese cross-language event detection method. First an
event-type-aware attention mechanism is constructed to highlight event features integrate Chinese and Vietnamese language
differences into position part of speech and named entity information and achieve confrontation training between tagged
Chinese and unlabeled Vietnamese through gradient reverse layer ( GRL) . The language independent event type features
learned from a large number of Chinese news texts are integrated into the joint feature extractor to detect Chinese Vietnam—
ese cross language non-irigger word events. It alleviates the data scarcity and the limitation of trigger words in Vietnamese.

The accuracy of the proposed method is 4.32% higher than that of the best baseline model.
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2008—2020 3.3
7 1 o
21 20 1 . : ‘ '
143 061 ] 236 Tab.1  Comparison of experimental results of
different joint feature extraction networks
<sentence S Acc/%  Recall/% F,
4 CNN 44.64 45.81 0.452 2
RNN 37.41 35.75 0.365 6
Bi4LSTM-ATT 45.23 42.69 0.439 2
CNN-LSTM-ATT 47.66 44.64 0.461 0
32.27 30.56 0.313 9
(n 51.98 49.87 0.509 0
A (1) 49.73 47.26 0.484 6

Fig.4 Chinese-Vietnamese comparable corpus scale
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Tab.2 Impact of language discriminator on accuracy

Chinese  Vietnamese  Chinese  Vietnamese

Epoch
5 ( with Q) (with Q)  ( without Q) ( without Q)
30 5 0.493 0.293 0.482 0.093
’ 7 0.587 0.371 0.575 0.125
’ ’ 10 0.669 0.405 0.689 0.086
13 0.684 0.426 0.782 0.167
16 0.712 0.459 0.803 0.142
19 0.731 0.462 0.837 0.098
° 21 0.773 0.482 0.859 0.257
24 0.791 0.509 0.874 0.182
30 0.319 27 0.805 0.516 0.883 0.195
30 0.816 0.529 0.895 0.210
3
Tab.3  Impact of unlabeled corpus size on accuracy
() 5 6 7 8 9 10 1 12 13 14
VI 1% 4329 4389 4484 4526 46.83 4791 4824 4956  51.06 51.98
30 o
7 0
6

Fig.6 Comparable corpus scale and accuracy rate

in Vietnam
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k 20 30

4
Tab.4 Hyper parameters of the model

6 0.000 1
B 0.9
o 0.35
k 25
A 0.01
Ir, 0.000 5
lr, 0.000 5
dropout 0.2
Q -0.01 0.01
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