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Abstract In order to further improve the effect of entity relationship joint extraction, this paper proposes an end-
to-end joint extraction model (HSL). HSL model adopts a new labeling scheme to transform the joint extraction of
entities and relationships into sequence labeling problems, and uses a layered sequence labeling method to solve
the problem of triple overlap. The experiments demonstrates that HSL model can effectively deal with the problem
of triple overlap and improve the extraction effect. The F1 value on the military corpus data set reaches 80.84%,
and 86.4% on the WebNLG open data set, which exceeds the current mainstream triple extraction model, impro-

ving the effect of triple extraction.
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