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Tibetan word segmentation method based on BiLSTM_CRF model
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Abstract: Tibetan word segmentation is one of the key technologies to realize Tibetan speech synthesis and Tibetan speech
recognition. This paper proposes a Tibetan word segmentation method based on bidirectional longshort+term memory with
conditional random field ( BILSTM_CRF) model. Firstly the corpus of manual word segmentation is input into BiLSTM
model after word vector training. Then the past input features acquired by forward long-short-term memory network ( LSTM)
are added with the future input features acquired by backward LSTM. The nonlinear operation is carried out in the linear
layer and the softmax layer to obtain the rough prediction information. The constraint correction is finally carried out in the
conditional random field ( CRF) model to obtain a Tibetan word segmentation model optimized by word vector and CRF
model. The experimental results show that the proposed method can achieves 94.33% on word segmentation accuracy

93.89% on recall rate and 94.11% on F value.
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