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Thai Sentence-Segmentation Model Based on Bi-LSTM-.and CRF
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[ Abstract] In the fiéld ‘of Natural Language Processing,clause processing/ of Southeast Asian languages such as Thai is a
challenging task. Therefore, sequence tagging model is applied to sentence segmentation and a sentence boundary automatic
recognition model based on bidirectional Long Short-Term Memory ,cycle neural network is proposed. The words or characters
in Thai sentences are transformed into vectors with different dimensions by ‘using Glove word vector technology,and then the
word vectors or character vectors are combined into a sentence/vector and are input into the model for training. On this basis, the
context information is captured through the bidirectional network structure to achieve better sentence segmentation effect. The
experimental results show that the model is very accurate in the task of sentence segmentation in Thai.
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Fig.1 Sentence structure of Thai
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Fig.2 Thai sentence segmentation model based on

Bi-LSTM network
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Table 4 Comparison of sentence segmentation effect

of three models %
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Bi-LSTM + CRF 98.20 98.30 98.20
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Table 5 Influence of sentence segmentation methods
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