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Chinese Keyword Extraction Method Combining Knowledge Graph and Pre-training Model

YAO Yi and YANG Fan

College of Command and Control Engineering, Army Engineering University of PLLA,Nanjing 210007, China

Abstract Keywords represent the theme of the text, which is the condensed concept and content of the text. Through keywords,
readers can quickly understand the gist and idea of the text and improve the efficiency of information retrieval. In addition., key-
word extraction can also provide support for automatic text summarization and text classification. In recent years,research on au-
tomatic keyword extraction has attracted wide attention, but how to extract keywords from documents accurately remains a chal-
lenge. On the one hand,the keyword is people’s subjective understanding,judging whether a word is a keyword itself is subjec-
tive. On the other hand,Chinese words are often rich in semantic information and it is difficult to accurately extract the main idea
expressed in the text by solely relying on traditional statistical features and thematic features. Aiming at the problems of low ac-
curacy sinformation redundancy and information missing in Chinese keyword extraction, this paper proposes an unsupervised key-
word extraction method combining knowledge graph and pre-training model. Firstly, topic clustering is carried out by using the
pre-training model,and a sentence-based clustering method is proposed to ensure the coverage of the final selected keyword.
Then.,the knowledge graph is used for entity linking to achieve accurate word segmentation and semantic disambiguation. After
that, the semantic word graph is constructed based on the topic information to calculate the semantic weight between words. Fi-
nally, keywords are sorted by the weighted PageRank algorithm. Experiments are conducted on two public datasets, DUC 2001
and CSL,and a separate annotated CLTS dataset, the prediction accuracy,recall rate and F1 score are taken as indicators in com-
parative experiments. Experimental results show that the accuracy of the proposed method has improved compared with other
baseline methods,F1 value is increased by 9. 14% compared with the traditional statistical method TF-IDF, and increased by
4. 82% compared with the traditional graph method TextRank on CLTS dataset.

Keywords Keyword extraction, Knowledge graph.,Sentence embedding.Clustering, Graph-based algorithms.Pre-trained model
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B M SE R TR R B (L8 & 2 5D 7,
mctgq =arg max Score(s,mct;) (3
SR T AR AR DL 55 nmgddMﬁﬁﬁﬂiﬁf;w&%
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participle(s) FenfEF jieba 431 X} A T s 347 43 18 A iR 1
e B U AN A G IS I ¢ 5 | R T 1 o 2 L T L
SearchKG(query) & 16 FIR I 1S o X 35 17 query #E47 2],
T 3 A 98 3 X 7 S A U ] B 5 U SR B AH 5 disambigu-
ationCquery) J& W5 & 18 query 75 0198 1 3% th 25 i) 2] 59 52 4

HEAT I B foe 283 11 L A B 55 24K amcegona o
&% 1 Entity Linking Algorithm
INPUT: Ti={s, 5, } . KG
OUTPUT :CK(candidate keywords)
1. pattern=[n,nt.nz,a.v.a+n,ad+n,v+n,-]
2. FOR s IN T; DO:

3. sw,sp<participle(s)

4 i=0.=1

5. WHILE i<<sw. length;

6. query=sw|[i]

7. query_pos<—sp[i]

8. IF query_pos IN pattern:

9. IF 1SearchKG(query_word) :

10. NE<—query

11. ELSE:

12. WHILE j<<sw. length;

13. query<—query+swl[j ]

14. query_pos<—query_pos—+sp[j]
15. IF query_pos IN pattern:

16. IF SearchKG(query)

17. j<j+1

18. ELSE.

19. query<—query[ 0: —sw[j]. length]
20. mce<—disambiguation(query)
21. CK<-mce

22. <isi<it1

23. BREAK

24. ELSE.

25. i<it+1;j<i+1

26. BREAK

27. ELSE:

28. i<it1,j<i+1

3.4 AEHE
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)RR IR R A L R TR ) 22 D) LR SR AR . 4 R
V22 1] A R 5 2 () 3 B A AR R T IR 22 ] I SO 56
P o H 0 1 1] 22 181 ) A% 5% AR B 5 07 B BE B AR B . 250
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#1 BRENGIER

Table 1  Statistics information of datasets
. Text Average text Average number
Datasets Type
number length/(word) of keywords
DUC 2001 News 308 1300 8
CSL Abstract 3000 275 4
CLTS News 200 1364 5
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Prescision= ((:"gl“ (12)
_ Cright -
Recall= (13)
standard
F,-Score — 2Prescision * Recall s
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D https://github. com/P01son6415/CSL
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Table 2 Comparison of CnKGRank and other methods on three

datasets

BT . %)

Datasets Methods Parameters  Precision Recall F1-Score
TF-1IDF K=38 9.98 9.92 9.95
TextRank W=5,K=8 10. 67 10. 61 10. 64
DUC 2001 TopicRank W=5,K=8 11.89 11.82 11. 86
MultipartiteRank K=38 12.78 12.71 12.75
CnKGRank K=38 13.47 13.39 13.43
TF-IDF K=14 10.18 11.43 10.77
TextRank W=5,K=4 8.93 10.03 9. 44
CSL TopicRank W=5,K=4 10. 31 11.58 10.91
MultipartiteRank K=4 11.06 12.42 11.70
CnKGRank K=4 12.16 13.66 12. 86
TF-IDF K=5 20. 30 19.63 19. 96
TextRank W=5,K=5 24.70 23.89 24.29
CLTS TopicRank W=5.K=5 26.50 25.63 26.06
MultipartiteRank K=5 27.80 26.89 27.34
CnKGRank K=5 29. 60 28.63 29.11
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Fig. 3 Influence of number of extracted keywords on F1 value
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