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Abstract: Chinese word segmentation is a crucial technology in the field of Chinese information processing.
Multi-grained word segmentation task is a new research orientation of Chinese word segmentation tasks. For this
task, we proposed a multi-grained Chinese word segmentation model based on the lattice-LSTM. Multi-granularity
dictionary information was added into our method comparing with the traditional character-based LSTM model.
With the help of lattice structure, our model has a strong ability to capture word segmentation standards with
different granularities, and is not limited to any word segmentation standard. Experiments show that the method
proposed in this paper has reached the state-of-the-art performance in the field of multi-granularity Chinese word
segmentation.
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