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Chinese AMR Parsing using Transition-based Neural Network

WU Taizhong', GU Min', ZHOU Junsheng', QU Weiguang', LI Bin’, GU Yanhui'
(1. School of Computer Science and Technology,Nanjing Normal University, Nanjing, Jiangsu 210023, China;
2. School of Chinese Language and Literature, Nanjing Normal University, Nanjing, Jiangsu 210097, China)

Abstract: Abstract Meaning Representation (AMR) is a domain-independent sentence semantic representation meth-
od, which abstracts the semantics of a sentence into a single directed acyclic graph. AMR parsing aims at parsing
sentences into corresponding AMR graphs. In this paper, a tentative study of Chinese AMR parsing is conducted
based on Chinese AMR features and the transition-based neural network. An incremental Chinese AMR parsing
baseline strategy utilizing transition-based decoding method is proposed. Then, semantic representation of depend-
ency paths and context information are utilized to improve the proposed model. Finally, the concept recognition in
AMR parsing is conducted by applying sequence labeling. Experiments demonstrate that the proposed model outper-
forms the baseline by yielding Smatch F1 of 0. 61 on Chinese AMR Parsing.

Keywords: abstract meaning representation; transition-based neural network; concept identification
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