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Abstract

Chinese Parataxis Graph is an event-centered single-root directed semantic represen-
tation graph, which is of great value in semantic computation and application. In the
task of semantic analysis and evaluation of the Chinese Parataxis Graph in CCL-2024,
in order to overcome the difficulties that the Chinese Parataxis Graph is a single-rooted
directed graph, contains implicit event words, and its semantic relation types are very
rich, resulting in too many relation types. This paper proposes a method to transform
this task into relational extraction. In this method, the labels are expanded into for-
ward labels and reverse labels. Secondly, the input is expanded by adding the implicit
event words to the input, and there is no need to predict the implicit event words.
Finally, it is subdivided into relational extraction tasks without implicit event words
and with implicit event words. Experimental results show that the F1 value of the
proposed method on the official blind test set is 64.44%, which is 33.41%higher than
the baseline model, which proves the effectiveness of the proposed method.

Keywords: Relational Extraction , Semantic analysis , roBERTa , Chinese
Parataxis Graph
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