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Research on Method of Personal Relation Extraction under SDAs
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Abstract For the lack of corpus issue in personal relation, this paper studied the methods of automatic tagging based on
HUDONG pedia;for poor ability to express feature issue in shallow machine learning models,we proposed the method
of personal relation extraction under deep learning model SDAs and focused on the effect of personal relation extraction
with combination features and effect of personal relation extraction with different depths in SDAs network. F factor can
reach 73.75% through experiment analysis.
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