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Table 5 Comparative experiment of module 1
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Table 7 Ablation experimental results

HE#L Model FAE(Y%)F value (%)
BERT + CNN 86.92
BERT + RNN 82.07
BERT + RCNN 92. 46
Ours 92.71

FAE(Y%)F value (%)

A A
Model Mg 1 Fitk 2 Js¥uN
Module 1 Module 2 Overall
- w/o KE 92.46 84.08 90. 81
—w/o Seq 92.34 85. 89 91. 08
- w/o NIL 82.33 / 82.33
Ours 92.71 87. 86 91.76

FF XA 2, YL BERT + CNNLBERT + RNN,
BERT + RCNN, BERT + Dense #l 7% 3¢ fy £ #!
BERT + seq2seq + Attention @47 X%F Lt , PEM 48 45 M
FAH,. S8 45 3k 6 T /n . BERT + seqZ2seq + At-
tention B T i £t 55 1 1 BE 2R B0, Ui BH £2 th 19 O ik
X AR IR Z AR S AR
F6 fath23tbsm

Table 6 Comparative experiment of module 2

F 7 Model FAi (%) F value (%)
BERT + CNN 79.95
BERT + RNN 77.65
BERT + RCNN 87.70
BERT + Dense 85. 89
Ours 87. 86
3.6.2 H @k FEIE oM

3 35 TS 30 R W 5 A S TR A AR A A S
P 38 3 B BR R [ PR SR A7 X B B R g L NIL
ST S5 ARG AR SEI A R ANER 7 PR, R
e —w/o KE” IR 2 BRBRL i HR G 38 L — w/o
Seq” F R 76 WA HE AR A A% B0 T L i A R AL Y
BERT + Dense;“ — w/o NIL” /R %A NIL 52K
Jepide, it — w/o KE {4 @il 256 ] 1, 25 R AR A
TR RS 2 (1 F (H N2 3.8%, Bk F {H
R FEL 0,95, Bk, HIR 36 58 45 Bl T 28 it 4 SCAR
SEARHE R SRR K 1R SCE UM BN FE 4 1 )
H — w/o Seq 4l 250 25 R AT H1 L B 2 19 F (T [%
2y 2% R F W TR 0. 7% . FWH A SCHE 1
(4 A B AR B R R AT NIL SEAR A 2R A B . A SC
T o PR A AR R S R B R R A, A SR HOR A AR —
AR AT 38 S AARHE Y 1T & A FH AR A NIL SE K
Oy FEAE e B AR F O RBE T R 2 9% . 3X 78 43 Ui
AR 1 S 2 B8 A Ut e CCKS2020 3K
SCAR SRR AT 55 .

Note:"/" indicates that there are no corresponding experimental re-

sults
4 g

AR SCHR H — ol Al A R 2R G R R 5 S
HER 5 1 R M DR b SO SR SRR IR AT 55 AR SO
TR % Y B Mt A 2 52 A Bl % 0 32 S5 AR 22 1) A A AL
PESC AR I A R AR B B 25 R AR R Y e il S
BT T CCKS2020 52 AR HE 45 1E 55 B TERE. — &
BB S 56 o3 B 26 W A SCHR Y A R HRAS T H A I
Bohn b b g 25 2R T IE W T AR SCO7 Ik AT
Rt
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Knowledge Enhanced Entity Linking Method Integrating Gener-
ative Model

QIAO Yinbo, YANG Zhihao" " , LIN Hongfei
(College of Computer Science and Technology,Dalian University of Technology,Dalian, Liaoning,116024 ,China)

Abstract: Unlinked entity classification is one of the important research contents in Entity Linking (EL) task.
The existing methods have problems such as insufficient contextual semantic information and low classifica-
tion accuracy,which lead to poor performance of entity linking tasks. A knowledge-enhanced entity linking
method integrating generative models is proposed in this study. This method divides the entity linking into
two sub-modules,namely the candidate entity sorting module and the unlinked entity classification module.
Based on the high-precision candidate entity ranking module, the high-quality knowledge expansion informa-
tion is obtained and the knowledge of unlinked entity classification tasks is enhanced. Aiming at the classifica-
tion problem mentioned by unlinked entities,a generative framework is proposed, which can achieve better
performance than the baseline model. This research method has achieved the best performance on the Chinese
short text entity linking dataset of China Conference on Knowledge Graph and Semantic Computing in 2020
(CCKS2020) evaluation task 2 (the overall F value is 91. 76 %) , which proves that the introduction of knowl-
edge enhancement and generative framework can improve the generalization ability of the model and alleviate
the problem of insufficient information in unlinked entity classification.

Key words: generative;entity linking; knowledge enhancement;entity classification;entity ranking
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