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A cross-domain Chinese word segmentation model based on

feature transfer

ZHANG Tao-zheng, ZHANG lJia-jian

(School of information and communication engineering, Communication University of China, Beijing, 100024, China)

Absrtact: Chinese word segmentation is one of the common tasks in natural language processing.
In cross-domain Chinese word segmentation tasks, the different distributions between two different
domains and the lack of enough training data often result the low performance. For this problem,
we propose a cross-domain Chinese word segmentation model based on feature transfer, which
introduces transfer learning, adversarial learning and orthogonal constraints to reduce the
interferences between shared and private features. This model can learn from the knowledge of
source domain with large amount of data under the premise of small amount of data and cross-
domain. Experimental results show that the scheme achieves excellent performance.

Key words: transfer learning; adversarial learning; orthogonal constraints; Chinese word
segmentation
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