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An Event Extraction Method in Specific Domains Combining Knowledge Graph

FANG Rui, CUI Liangzhong

(Naval University of Engineering, Wuhan 430033, China)

Abstract: Intensive use of specialized terminology in specific fields increases the difficulty of understanding and extracting event elements.

Therefore, a event extraction method KG-PMEE that integrates knowledge graph and pre trained model is proposed. In the specific field of

equipment, embedding entity information from the knowledge graph into the model training process enhances the pre trained model’s under-

standing of professional terminology and contextual information, and improves the model’s adaptability in the target domain. The experiment

shows that the proposed method has an F1 value improvement of 2.97% compared to the baseline model ERNIE on the equipment domain data-

set, and its performance has also been improved on the publicly available dataset ACE2005, verifying the effectiveness of introducing knowl-

edge graph information in improving domain event extraction performance.

Key Words: event extraction; knowledge graph; pre—trained model; specific domain; deep learning
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Table 2 Experimental environment

Table 4 Experimental results on domain datasets

Fz2 KIOINE F4 ETEHHEELHTEER (%)

SR IREE e & Ay K2 (P) B (R) F1{H
BIERG Windows 10 LSTM-CRF 67.39 65.96 66.67
CPU Intel(R) Core(TM) i7-8700K FLAT-Lattice 71.01 59.96 65.02
WAEIGB 16 Soft-Lexicon 79.66 68.71 73.78
T8 S NVIDIA GeForce RTX 3090 PaddleNLP 75.58 74.57 75.07
WAFIGB 24 ERNIE 81.92 73.78 77.64
Pi 2 S Python 3.9 CK-BERT 80.85 68.71 74.29
JF R AHESR Pytorch 1.13.0+cull6 LERT 80.97 73.78 77.21
KG-PMEE 82.04 79.53 80.61

Table 3 Hyper—parameter settings
x3 BSERE

ZH i
embedding size 768
hidden size 768
learning rate 2e-5
batch_size 10
dropout 0.1
epoch 50
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Fig.7 Performance indicators of different batch_size
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Table 5 Experimental results on the ACE2005 dataset

F&5 FEACE2005#iBE FHLKER (%)
] Kt (P) A (R) FI{H
LSTM-CRF 42.14 33.23 37.16
FLAT-Lattice 45.61 33.28 38.48
Soft-Lexicon 60.22 50.08 54.68
PaddleNLP 44.79 55.47 49.56
ERNIE 52.28 52.68 52.48
CK-BERT 56.64 51.61 54.01
LERT 51.24 53.60 52.40
KG-PMEE 60.60 68.90 64.50

Table 6 Experimental results of event elements in domain datasets

Fx6 THHEEREGHEZNIRER (%)
FIEER Kt (p) A (R) F1{&
Fisf ] 91.30 85.71 88.42
s, 83.91 73.00 78.07
Btk 70.83 80.95 75.56
KL 89.58 86.43 87.98
RZH 74.58 71.54 73.03
0.84
0.6
é 0.4
0.2
0.04

0 1 2 30 0 50
Epoch

Fig.8 Performance metrics on domain dataset
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Table 7 Ablation experiment results of knowledge graph
F7 MIREEHMIBER (%)

B KA P)  HEERR) F1{H
KG-PMEE (none) 78.30 75.60 76.90
KG-PMEE(HowNet) 82.40 78.30 80.30
KG-PMEE(CnDbpedia) 82.40 78.00 80.20
KG-PMEE (equipment) 83.10 81.70 82.40

f 26 7 0] O, 51 A SR IR i RE A — e R AR T
KG-PMEE ## &4 € ; HowNet . CnDbpedia £ 4y 38 ] Z13H [&]
ik XA PERE A — S B (B RCRAETE 22 5 5 R
S A RN LG XSS R R B T o S, R W R R Y
PR PR % BE A R0 B AR T B 45 8L DT FE SF - U
55t AR AT AR
3.6.2 TIL4EM

AT 58 UE AT DL A e A 1R 5 A S ) T S 6 2
MR8 FR . Hr, no_vm Fm Al AT WL 451 5 197
B IHLA 5 use_vm R (8 AT LR 51 S 0 1 2 S HLa o
P e AT AL e P AT LR A S TR A R R A R F LR
D7 T AR 5, AT UL R B AT AR AR TR g v D BL L £
HCRAE T 5 YA A OC 1Y SERAE B 9 FR RS2 Tt
HAFTEFE AR BIER

Table 8 Visible matrix ablation experimental results

*=8 TFIILIEREERENER (%)
R KA (P) HMFE(R) FL{if
no_vm 82.20 76.00 79.00
use_vm 83.10 81.70 82.40
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