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Similarity Calculation for Chinese Text Based on Dependency-Graph Convolution
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[Abstract] In the current landscape of Chinese text similarity omputation, the use of word-embedding techniques
enables discrimination of text similarity at the semantic level., However, this approach often overlooks the rich
syntactic structural information inherent in texts. Chinese syntactic analysis at the word level is inconsistent with
the granularity of the dynamic word-embedding models that operate at the character level. Consequently, most
studies that combine syntactic analysis employ only static®word embeddings to represent the semantic vectors of
words. To address this issue, this study constructs‘a,dependency graph based on syntactic dependency analysis. It
employs a method involving tokenization mask mapping and attention-mix pooling to embed the semantic features of
word nodes dynamically. Subsequently, a\graph convolutional network is employed to extract the dependency
relationship information among the word nedes in the dependency graph. The resulting dependency graph is then
utilized as a feature vector for the Sentence. The similarity between sentences is calculated from both semantic and
syntactic perspectives. The propesed approach is applied to two model structures based on representation and
interaction. Experimental evaluations are conducted using the BQ_Corpus and ATEC datasets. The experimental
results demonstrate that,theyxmédel achieves the highest accuracies of 87. 12% and 88. 33%, respectively. The
incorporation of syntactic information leads to improvements in various model performance metrics.

[Key words]) graph convolution neural network; dependency syntactic parsing; dynamic word embedding; text

similarity; attention mechanism
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PEH A DSSM (Deep Structured Semantic Models)
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Fig.1 Two model structures for text matching
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Fig.2  Dependency graph convolutional model structure
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Table 1 Experimental parameter settings
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Table 2 Comparative experimental results %
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1.09 4 i &R H I EE M B Cross-GCN (BERT)
HH# Cross-BERT 7£ 2 AMEda 4 b 06 555 42
THT 2.8.1. 94 431, Cross-GCN (ERNIE) AH%%
Cross-ERNIE 7 2 /4504 55 1 0 fE i 2R 20 ) 32 7
T 2.15.1.79 Ao, BRI SRR 7 R
BERIZER) — SR ATHE T 51 AL )35 BT DA i
RUMIE SCRV] I 2 A2 T2 2 ) T IR IR R oJF
FHECSE Z2 (18] 1 [ R AE R B SO AU, PR, AR
SCIEHI PP SRR TN 5 R SO T 7Y, 3 (g
TR ARAF TR BE SCAS MR T R AU 3L

BERT-whitening 7£ 2 4~%5tdis 88 b i 1A 4 LL
Cross-BERT #8781 43 51 32 F7.0.°864 0. 28 H 47 5, X Ui
BT AR R S RS T 2 A 45 1 R A —
E R b B T AR L B 8 8. B BERT-
whitening 7& 2 PEHEEE L I HER A H Cross-GCN
(BERT) #7432 BIREAG 2. 44,1, 66 F 49 5. S0 H7 5
AT RESE24 ) T A)ikAs BUR Wi L m it — 4 i
7RI R A 45 1] [ (AR DL TR BE AR AT T4
25 . RoFormer #H%% Cross-BERT FEBIZE 2 MEE4E
T RMER R A RS T 1. 48 5 1. 09 4 A5 (H AR AR
Cross-GCN (BERT) £ 21 435Il B A1 1. 32.0. 85 A 43
S5 AL DR AT AR A L R o g AR )
XFPE R 1K SCAR  RoFormer fift e85 40 8 2 5 11
Ty AORIERRAARNT F K SCAR BT RE T 3 (A AR A
JETHR MR R ARAF R IHE S 5 17 Cross-GCN R H 45
FBUEFR A3 E 1 tokens, IXFE— 2 R FE_ A48
Bl AL FR TR AR T2 By e )ik 2 T R AR

tokens Z i) AR A1 OC 2 . 3 B A F BY SRR ROk
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FhTAARNE SURATRE S . (AT SR R 4 s L 4K
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(BERT) #H#¢ Cross-BERT 42 Fh 5k #iERZR 5 F1 {4
SRR E T 28,3, 07 4y A i CrosssGCN
(ERNIE) 1% Cross-ERNIE 7£ BQ_Corpus I i %
5 F 4 MRS T 2.15.2. 69 H M. ARSCHHHX
e T IRYIZRAER A I 2R3 mE AN [ BT 52 800 . ERNIE
S AT 55 2 (REAL T A AT 55 2L IRZ N 4% LU~
> S FH B SCARRFAE I RIS I 2R 2 AT 45 e 4 i)
PRI O THAR B X A58 O 5L A R AT
Oy IEEEA R RE ST RLLH 55 T BB FUZXHRAE ATk
FRIER 24 T ROR . BRI LN 78 5] AT E B B2
J&i » 28 H USSR AL ARAT B P BB R TR B R TR A
SEARETY 37 TR R A8 B e R S AU A A [ 5
HZEARIUR) T X RIS AT — RS BT ik (i A5
MEFI BB IR A MDA ) X 2 8] B I FE B &R 5 itE—
AR AR B PP B IR (4 1R SO B, 3R AR
(IFENTRE ST SRGHERE .

3.5.2 IHALIIEE At

R T B IEE AEE R At A A ) ) i AR
A I R AR SO B T Rl S 58, #E Cross-GCN
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BARUNZE 3 Fron. Al KUE . fie kbl 39
WAL S IRG WA R A PEREZZ IR N . PP TR bRl
ZETE 0. 2 FH AT s AN ELEAR FIR At A 2 T
fib 2 Ml Tr k. R IR XL AR K T
RART 3 Bt AL TT LA A TE B A 5 A TTAG

FVRIIFAT TR BT o AR 4 S T e 2 e

KAE 2 AR B R HERR R 3k & T 1L 0L,
L19 Foraie o3 IR 2 1l ) o ) i SRR TR
Pl R A TR B T AL T LASh S s
JEJRFFAEREA T AL 56 8 £ B A% aef v B A 3 2 55
AT R ER 73 A RO 7 1) B 52 238 SCRFAIE
X e TR ) A AR B R P SR S B A 1)

3 HEXWLER
Table 3 Results of ablation experiment %
BQ_Corpus ATEC
WAk ik
accuracy Fl1 {4 accuracy F1 {4
S PN 1%L 86. 01 85. 72 87.12 86. 77
¥IE AL 86.13 85.78 87.13 86. 83
AW 86. 19 85. 89 87. 25 86. 86
TEE A R AL 87.02 86. 72 88. 31 87. 39
RS RERE A 87.07 86. 78 88. 33 87. 40
RS AE R A WAL 87.12 86. 80 88.83 87. 42
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