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Abstract: [Objective/Significance] This paper proposes a deep recurrent neural network Tibetan word separation model based
on Long short-term memory (LSTM) and Conditional Random Field (CRF). [Methods/Processes] 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. [Limitations] Based on the Tibetan University’s dataset, this paper

constructs the Tibetan-News dataset from 12261 sentences to 74384 sentences. [Results/Conclusions] The experimental results
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BT KIS IZANFARENIZE S 7R E
TIBETAN WORD SEGMENTATIONMODEL
BASED ON LSTM AND CRF

show that, compared with the Tibetan word segmentation models of LSTM and CREF, 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
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