LRGN ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2021,30(12):268—272 [doi: 10.15888/j.cnki.csa.008196] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ETF Transformer RYB iR S A LA AL

B, X En, Xk, R

(TR 2% T BRNLF e - IR 24 25 ) 2 A 2 e, HIRE 411105)
JEIRMEE: X #r, E-mail: liuxin@xtu.edu.cn

& R SCRULHECRE FARTE S B 1 — ML i, iTR A TEERR. ME RS, iR EET%.
K0 TAE K SRS IUCC AR H % AR 505 B, 0 T WA SCAR 2 1A 20 A B, Bl AT 3 R VO T
BEXT LA b i), $ H—Fh T Transformer SfGdE 40 SCAULEC AL A ISTM. ISTM #52L DL DSSM Jhy B A 2844, F| H
BERT AU SCA AT M EAL R R, fEE Word2Vece — 1] 2 I n] /8, ﬁﬁﬁ :l"ransformer Y 280 SCAR AT RFE$2
B, SRECCA A5 IS, FF25 S AN SOAS Z TR ) 22 JR IR A HAR R R 1 R 520 WA S A 2 A (1§ L
VLCRE. S22 1, A LG 220 M P SO AR DL I B, RS #2 HH R ISTM A B 7 LCQMC rhSe 8 g -2 ik 7 S 47
R e :

FK 17 JHSCAIULEL; Transformer; DSSM; BERT; Z R HASE E; LCQMC

SR ZERAS, X, X%, ) 5. 2T Transformer [ S0k i SO AR ITFRAR AL T HAL R S0 8 ,2021,30(12):268-272. http://www.c-s-a.org.cn/1003-
3254/8196.html

Improved Short Text Matching Model Based on Transformer

CAI Lin-Jie, LIU Xin, LIU Long, TANG Chao
(School of Computer Science & School of Cyberspace Science, Xiangtan University, Xiangtan 411105, China)

Abstract: Short text matching is a core problem in the field of natural language processing, which can be applied to tasks
such as information retrieval, question answering systems, and question paraphrase. Most ofn}‘lthé past work only
considered the internal information of the text when extracting text features, ignoring the interactive information between
two texts, or only performed single-level interaction. Given the above problems, an Improved Short Text Matching model
(ISTM) based on Transformer is constructed. The ISTM model takel‘s,DSSM as the basic architecture and uses the BERT
model to vectorize the text to solve the ambiguity, of Word2Vec. It relies on the Transformer encoder to extract features of
the text and obtain its internal information. It considers the multi-level interactive information between the two texts and
finally infers and computes the degree of semantic matching between two texts by the concatenated vector. Experiments
show that compared with the'classic deep short text matching model, the ISTM model proposed in this study shows better
results on the LCQMC “Chinese dataset.
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