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Short Text Semantic Matching Strategy Fusing Sememe Similarity Matrix and Dual-channel of
Char-Word Vectors
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1 College of Computer Science and Technology, Taiyuan University of Technology,Jinzhong,Shanxi 030600, China
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Abstract The purpose of the short text semantic matching task is to judge whether the semantics of two short text sentences are
consistent. However, many existing methods often have shortcomings such as insufficient semantic information of short text and
inability to effectively identify synonyms. In response to these shortcomings, this paper proposes a short text semantic matching
strategy that fuses sememe similarity matrix and dual-channel of char-word vectors. Firstly, the pre-trained model Bert is used to
encode the input sentence pairs;for the word-level semantic information in the sentence,the FastText model is used to train and
obtain the word vector of the text,and the BiLSTM model is added to further extract the contextual semantic information. Se-
condly, making effective use of the semantic information,multi-head attention and co-attention for interactive calculation of sepa-
ration vectors are added to the above-mentioned dual-channel. And the semantic similarity matrix is integrated into the attentions
respectively. Finally,infer the semantic consistency according to the above vectors. The effectiveness of the above algorithm is
proved by experiments on the financial dataset BQ and the open domain dataset LCQMC.

Keywords Natural language processing,Short text, Sememe,Co-attention, Char-Word vector
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Fig.5 Sentence length statistics of BQ dataset
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Table 4 Display of experimental parameters
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Table 5 Contrast experiment
0
B LCQMC

Model ACC ° F1 ACC ? F1
BERT-Base-Chinese 84.50 84.00 85.73 86. 86
BERT-wwm 84. 89 84.29 86. 80 87.78
BERT-wwm-ext 84.71 83.94 86.68 87.71
ERNIE 84.67 84. 20 87.00 88. 06
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Table 6 Ablation experiment

ACC/ % 84.62 84.71 84.67 84. 88 85.02 85.42
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Table 7 Word segmentation effects of different word segmentation

tools
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Table 8 Experiment effects of different word segmentation tools

%)

49 TR ACC F1
Jieba 85.42 85.40
Pkuseg 85. 20 85.17
Hanlp 85. 25 85. 24
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Table 9 Experiment effect of different dimensions of FastText
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Table 10 Case study(comparison between Bert and Ours)
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Fig. 7 Test metrics of BQ dataset

mm ACC

8 == F1
60
40
20

Ours Qwen 7B Baichuan-7B

S

HA5/%

o

K8 LCQMC a4 Il il 45 b7
Fig. 8 Test metrics of LCQMC dataset
TE S BRI v, SCAS TG AT 553 22 M T 1480 Be 1R 250 50 g
IR A I 0 e R ) B OR B R . PR X b 4 SRR
A7 B I P S 5 S O 0 B R] 0 a0 5 2R L R X BQ
LCQMC ML 4R #E A7 M3 i B AE ik an &1 9 FO &l 10 Pros, H:
Hh PR B I e )6 T 2 R A I ]

= BQ
10 | W LCQMC
8
6
4
2

Bert Ours Qwen 7B Baichuan-7B

i [H] /s

o

P9 B2 R I ] 4 X b

Fig. 9 Comparison of testing time of single data

= BQ

2000 m LCQMC

1500

i [H] /s

1000

Bert Ours Qwen-7B  Baichuan-7B!

A
10 FT A B e s 1) A X L
Fig. 10 Comparison of testing time of all data
L9 BN 10 AT LUAH HY 48 SCRE RS AL 4 21T A DU il 25 3
W, A6 2% A 0] 295 Bert B1H 14 2 £ 5 76 50 45 0408 i B, 76
et (A I 2 A 22 AR /N . T R A SOAR AL AR IR 2K 4

B 75 SN S R AT AR R B L BT DI E B 22 R, 1B
SR RN R SCAS TG IE 22 T 50 2% DA B /b i B0 4t B0, i LA AR
SCAEE AU ) 1] T #E 2 9 X SE B v IR C B W . 53 Ak, A
G871 Bert AR SRR 5 AR A0 (1) 4ff 333 B2 X LR A7, R
Bi# Qwen M1 Baichuan 1% 4 3 3 B B 018 1% 5 7 ik, Jor LA

T 2 B0 X JFE B B A R SR B4 B B ST L R B A RO
KﬁM’?%’i?ﬂi
G5 YL TEME SCA TR SCIE FCAE 55 b, X HE Bert 45 HiAll

ﬁﬂﬁﬁn,zl:jciﬁﬂbu/dwﬂu P R b o Ti) SCR] 1 1R B
JIURS i ELAN 78 74 SCACHY B AR . 73 46 X F SCAR DL e AR
55 R U AR SCASE Y38 5 SC AR B o X T A ) F T R R
WA R — 2 e H, A LFEAE B ABLAE £ R
B o {81 4 SCJRE AT P Y 39 48 et A SRR 1Y) E;ﬂ@,wﬁ%n
TR AL B Ry IR, LA % ) 8] 1 BE I 25 T Bert S A5 AY
3BT 5 I UE AR SCRE I 2 aﬂw‘ﬁ{t?/ﬁ;{mxﬂmﬁi H
SCEAF B BIAR FJ SCA H SCVEE AT 558 B B L,
GERIE A SCHE AR A SO A AR A ) )
TE Y ) A Ak Y S SO R I SO DG TSR M 5. 4 B R A
Bert il FastText & 12 5l 5 | 18] XUid 18 I % SCA $E47 4 15
FRISCA BT I O 18 SAE R . SRS K I GO E TE i A
BiLSTM #&8 , 3 — L R ML b F S0 UfE B . 0 T e Al
o) FU SR 0 L R oA i A R A TR 1 ] L, 7 R G
Sy AN 22 3% i 3 7 A0 U R B T, TR B 5 S AR AL 4R
B W R A R AL P S R R A T D O
A B4y 2585 it AT 5 S — B B . O T TR AR SRR (1
AR FE BQ A LCQMC B 4 E b AT T X e s2 i, iﬂA
R, 5L AR A U E R AR B NSR.
Xof 4% A AL B 2 A ﬁ{éﬂ%%i%?%%&aﬁ%ﬂﬁﬁm
AR, W Ak SR AR T AT b A R SOAS 1 SCUC AT 55 b [] SO
AL A S B0 R AR RO )Y 7 58, S B 1 1
s SCTAT T | A ) A L R R 25 ] AR S R e T R . T34
A T A5 R X R [R] 1 55 1 Ak B8 O 2UAS TR S 38 1T %O ()
B EHITIRE .

£ % X W

[1] DEVLIN J,CHANG M W,LEE K,et al. BERT : Pre-training of
Deep Bidirectional Transformers for Language Understanding
[C]//North American Chapter of the Association for Computa-
tional Linguistics. Minneapolis, Minnesota: ACL, 2019: 4171-
4186.

[2] VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
All You Need[ ]J]. Advances In Neural Information Processing
Systems,2017,30:5998-6008.

[3] QI F.YANG C,LIU Z,et al. Openhownet: An Open Sememe-
based Lexical Knowledge Base[ J]. arXiv:1901. 09957,2019.

[4] ARMAND J,EDOUARD G,PIOTR B, et al. Bag of Tricks for
Efficient Text Classification[ C] // Conference of the European
Chapter of the Association for Computational Linguistics. Va-
lencia, Spain: ACL.,2017:427-431.

[5] HUANG Z H,XU W, YU K. Bidirectional LSTM-CRF Models
for Sequence Tagging[J]. arXiv:1508. 01991,2015.



258 Computer Science MBI Vol. 51,No. 12, Dec. 2024
[6] LU J,YANG J.BATRA D,et al. Hierarchical Question-Image [21] YU E.DU L,JIN Y,et al. Learning Semantic Textual Similarity

(7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

[18]

[19]

[20]

Co-Attention for Visual Question Answering[ C] // Conference
on Neural Information Processing Systems. 2016:289-297.
HUANG P S,HE X D,GAO ] F,et al. Learning Deep Struc-
tured Semantic Models for Web Search Using Click through Da-
ta[ C]// International Conference on Information and Knowledge
Management. 2013:2333-2338.

CHEN Q. ZHU X D, LING Z H.et al. Enhanced LSTM For
Natural Language Inference[ C]// Annual Meeting of the Asso-
ciation for Computational Linguistics. 2017:1657-1668.

GONG Y C,LUO H,ZHANG ]J. Natural Language Inference
over Interaction Space[]]. arXiv:1709. 04348,2017.

TAN C,WEI F, WANG W H,et al. Multiway Attention Net-
works for Modeling Sentence Pairs [ C] // International Joint
Conference on Artificial Intelligence. 2018:4411-4417.

LAN Z Z,CHEN M, GOODMAN S, et al. Albert: A Lite Bert
for Self-supervised Learning of Language Representations[ C] //
International Conference on Learning Representations. 2020.
LIU Y H,OTT M,GOYAL N,et al. Roberta: A Robustly Opti-
mized Bert Pretraining Approach[J]. arXiv:1907. 11692,2019.
ZHANG Z S, WU Y W,ZHAO H,et al. Semantics-aware BERT
for Language Understanding [ C] // Proceedings of the AAAI
Conference on Artificial Intelligence. 2020:9628-9635.

ZHANG Z Y,HAN X,LIU Z Y,et al. ERNIE: Enhanced Lan-
guage Representation with Informative Entities[ C]J // Procee-
dings of the 57th Annual Meeting of the Association for Compu-
tational Linguistics. Ttaly: ACL,2019.:1441-1451.

LIU W J,ZHOU P,ZHAO Z,et al. K-Bert: Enabling Language
Representation with Knowledge Graph[ C]// AAAI Conference
on Artificial Intelligence. 2020:2901-2908.

HE P C,LIU X D,GAO ] F,et al. DeBERTa:Decoding-en-
hanced BERT with Disentangled Attention[ C] // International
Conference on Learning Representations. 2021.

LYU B,CHEN L,ZHU S,et al. Let: Linguistic Knowledge En-
hanced Graph Transformer for Chinese Short Text Matching
[C]// AAAI Conference on Artificial Intelligence. 2021 ;13498-
13506.

BAIJ G,WANG Y J,CHEN Y R,et al. Syntax-BERT : Impro-
ving Pre-trained Transformers with Syntax Trees[ C]// Confe-
rence of the European Chapter of the Association for Computa-
tional Linguistics. Minneapolis, Minnesota: ACL, 2021: 3011-
3020.

LI Y L,ZHOU Y P. Text Similarity Matching Based on Twin
Network and Char-Word Vector Combination[ ]J]. Applications
of Computer Systems,2022,31(10) :295-302.

LYU X F,ZHAO S L,GAO H D,et al. Short Texts Feautre En-
richment Method Based on Heterogeneous Information Network

[J]. Computer Science,2022,49(9):92-100.

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

via Topic-informed Discrete Latent Variables[ C] // Conference
on Empirical Methods in Natural Language Processing. 2022
4937-4948.

WANG S, LIANG D, SONG J,et al. DABERT: Dual Attention
Enhanced BERT for Semantic Matching[ C] // International Con-
ference on Computational Linguistics. 2022:1645-1654.

ZOU Y C,LIU H W,GUI T,et al. Divide and Conquer: Text Se-
mantic Matching with Disentangled Keywords and Intents[ C]//
Annual Meeting of the Association for Computational Linguis-
tics. Findings of the Association for Computational Linguistics.
Dublin, Ireland: ACL.,2022.:3622-3632.

CHEN M Y,JIANG H Y., YANG Y J. Context Enhanced Short
Text Matching using Clickthrough Data[ J]. arXiv:2203. 01849,
2022.

ZHANG H Y,DUAN L G,WANG Q C,et al. Long Text Multi-
entity Emotion Analysis Based on Multi-task Joint Training[ ] ].
Computer Science,2024,51(6) :309-316.

JIANG K X,ZHAO Y H,JIN G Z.et al. KETM: A Knowledge-
Enhanced Text Matching Method[ C]// International Joint Con-
ference on Neural Networks. 2023:1-8.

WU Z B, PALMER M. Verb Semantics and Lexical Selection
[C] // Annual Meeting of the Association for Computational
Linguistics. 1994 :27-30.

CUI Y M,CHE W X,LIU T,et al. Revisiting Pre-Trained Mo~
dels for Chinese Natural Language Processing[ C]// Findings of
the Association for Computational Linguistics: EMNLP. 2020
657-668.

BAI J,BAI S,CHU Y F,et al. Qwen Technical Report[]]. ar-
Xiv:2309. 16609,2023.

YANG A Y.XIAO B,WANG B N,et al. Baichuan2:Open
Large-scale Language Models[ J]. arXiv:2309. 10305.2023.

LIU Dongxu, born in 1999, postgra-
duate. His main research interests in-

clude text matching and so on.

DUAN Liguo, born in 1970, Ph.D, pro-
fessor, postgraduate supervisor, is a
member of CCF(No. 15823S). His main

research interests include natural lan-

guage processing and so on.

COT AT G B« ] 80D



