0 'H‘ :ﬁ‘ *fh ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 191100176

ETHEBEBENZLEAEWIAEE

mWEH BSEE FER
BOoRHl R K F I HHLF R R 210003

W E MAARKGENLR ATART AL R LI E LA Ao b 545 8, 0 X A2 8 7T 4% A 569, 7T a2 8 97 i 3L &
MU ELRN, ZHEAERBENO TR LB TERA, FHRIAAIIEGTRAMRMRE, B-LSTM-CRF(Bi-Long Short Term
Memory with Conditional Random Field Layer) M % & 2k 48 45 f 2 Z 35 4 % 55 4R 47 3 649 o A0 55 9] 8, {2 R 48 i = 3R ) 1B 49 52
BRTREHX—FR, LPRE-—FATHBIEZN S FRTRAMANL L, FALIAY G L FRRA FH) 257 kAT E,
B oA X RINIRE — ANk 2 S A %51 % Leh Top N M Rie k., R 6 A £id Wik & H 9l 4 5 ¢ Bi-LSTM-
CRFBABBREANART@AGAY G L ER  REBLEERSARKBSRH TP RGAY G L ER, TREREAN, %
AR FTAZ Hi A ok A 5 R4S M bk 5 4R A AL 2 ARG IE B o # & MRR(Mean Reciprocal Rank) 32 & %) 91. 32 % , 48 vt R 4% J 34 47
A EL MRRBAT 23.08% ., FHHEL LN, S FRTREH AT ZRRIFHRE THEHBEPRARBTEEGZKR. K
K 2 38 T IR R A5 M KT AT RO B R R AR IE R 09 T AE .

KB . BTREHE R RKETICRCAR-FHRENG WL 2 FRTREHAL R HBIESR

hEESES TP311;TP391

MeTCa : Multi-entity Trusted Confirmation Algorithm Based on Edit Distance

SUN Guo-zi, LYU Jian-wei and LI Hua-kang

School of Computer Science and Technology, Nanjing University of Posts and Telecommunications, Nanjing 210003, China

Abstract With the development of We-media,every individual can publish and forward information on the internet at will. The
information may have real records,but it may also be hearsay or even contents being intentionally tampered with. The data on the
Internet has serious redundancy and weak credibility problems, thus resulting in low availability of existing network media data.
Although the Bi-LSTM-CRF network can solve the problem of the accuracy of named entity recognition in data, it cannot meet
the requirement that the identified entity is credible. In this paper,a multi-parameter fusion credible confirmation algorithm based
on multi-source weakly trusted data is proposed, which is verified by identifying instances of person named entities. This paper
uses distributed spiders to crawl Top N pages with the same mailbox address on multiple search engines. Afterwards, Bi-LSTM-
CRF algorithm trained by bilingual corpus is adopted to extract person named entities {rom each page. Finally,the person named
entities corresponding to the mailbox are determined by multi-parameter entity fusion trusted confirmation algorithm. The experi-
mental results show that the multi-parameter fusion credible confirmation algorithm can improve the accuracy of MRR (MRR) of
the matching between the mailbox address and the real owner of the mailbox to 91. 32% ,which is 23. 08% higher than the tradi-
tional algorithm using only the term frequency model. The experimental data reasonably demonstrates that the multi-parameter
fusion credible confirmation algorithm can obtain strong credibility entities from weakly trusted data and reduce the low-quality
characteristics of massive data,thus effectively enhancing the credibility of entity data sources.

Keywords Weak trusted data, Bi-LSTM-CRF, Multi-parameter fusion trusted confirmation algorithm,Edit distance
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