534 4 5 4 ) L7/ R N /A N O S Vol.34 No.4
2020 47 H Journal of Hunan University of Technology July 2020

do0i:10.3969/j.issn.1673-9833.2020.04.010

JEF BERT Al TextRank SeHEHEIRIT)
Sefk R )7k
B}, SRIEIEC, R0, ROk

(LR Tolk R BB, Wm BRI 412007;
2. iR ol k2 B REAE BB R AN B AR R A S SR S, IR R 412007)

i ZE. & —# T BERT (bidirectional encoder representations from transformers ) #= TextRank % 4%
PRI AR R Ty & o B BERT FDI %035 5 AR A JI N LR 341 55, AT SEARIRAR L TF LAe ik it S5 4h A0 X
15 XIKE A, BERIE LA HOR RIG IR KR40 4R . R A TextRank % 4% 73 3% B K3 7%
B AR FARLGE G R IE 13 809 AT &, W SURARME L S0 Ak, AR BE R 2R . 4 1 CCKS2019 +F
MAE S =0 B xR AR BATIRAE, K REAM, PR F R0 TR BOR Y ZAL T 4l ki 107
%, AR AR R ARRAE N,

KA Eik4E4E; BERT )45 5 44 & L5 H7; TextRank; X418 32 B

FESES: TP39I MEAARERS: A MERS: 1673-9833(2020)04-0063-08

Blxx#gz: & &, k42, E LA, F . AT BERT #» TextRank ¥ 423532 G L4375 % [1]. 31
Ik KFFH, 2020, 34(4): 63-70.

Entity Linking Via BERT and TextRank Keyword Extraction
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Abstract: This paper proposes a method based on BERT (bidirectional encoder representations from
transformers) and TextRank keyword extraction for entity linking. BERT pre-training language model is introduced
into the entity linking task for an analysis of the correlation between entity reference context and related information
of candidate entity, thus enhancing the result of entity linking by improving the effect of semantic analysis. By using
TextRank keyword extraction, an enhancement can be achieved of the subject information of the comprehensive
description information of the target entity, with the accuracy of text similarity measurement increased, and the effect of
the model optimized as well. Based on the verification of the model effect by the data set of CCKS2019 evaluation task
II, the experimental results show that the proposed method, which can effectively solve the entity linking problem, is
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characterized with an entity linking effect which is significantly superior to that of other entity linking methods.

Keywords: entity linking; BERT pre-training language model; semantic analysis; TextRank; keyword

extraction
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