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Fig. 3-1 Improving LSTM and CRF-based Word
Separation Models for Tibetan
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Fig. 4-2 Comparison of F1 Curves for Different Models
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Tibetan Word Segmentation Model based on LSTM and CRF
Yu YongBin'!, Lu RuiJun!, Nyima Tashi*, Qun Nuo?, Wang Hao!, Tang Qian', Peng ChenHui',
Lv ShiYi!, Xiangxiu Cairang’
(1 School of Information and Software Engineering , University of Electronic Science and Technology of China , Chengdu 610054 , China)

(2 Ministry of Education Engineering Research Center for Tibetan Information Technology « State Key Laboratory of Intelligent Information
Processing and Applications in Tibetan , Tibet University , Lhasa 850000 , China)

Abstract : This paper proposes a deep recurrent neural network Tibetan word separation model based on Long short-term memory(LSTM) and
Conditional Random Field(CRF). The soft attention mechanism is applied to improve the ability to extract the context information of Tibetan text
sequences, and the syllable expansion method is applied to improve the single syllable and semantic feature. Based on the Tibetan University’s
dataset, this paper constructs the Tibetan-News dataset from 12261 sentences to 74384 sentences. The experimental results show that, compared
with the Tibetan word segmentation models of LSTM and CRF, the accuracy, recall and F1 of the Tibetan word segmentation models based on soft
attention LSTM and CRF on Tibet-News dataset are respectively Up 2.9%, 3.5% and 3.2%. The segmentation system based on this paper is already
applied in engineering field.

Keywords : Word segmentation; Attention Mechanism; Long Short Term Memory Network; Conditional Random Field



