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Similar Case Matching Model for Lending Cases

CAO Faxin, SUN Yuanyuan', WANG Zhizheng,PAN Dinghao, LIN Hongfei
(School of Computer Science and Technology;Dalian University of Technology, Dalian 116024, Liaoning,China)

[ Abstract] The purpose of Similar Case Matching(SCM) is to distinguish whether legal documents are similar, which
is a specific application of text matching and is vital to the retrieval of similar cases. Compared with conventional texts,
legal texts are typically longer, and SCM aims to realize matching for the same case. Moreover, the difference between
case texts is negligible; therefore, calculating text similarity using previous text-matching methods is challenging. This
study establishes @ SCM.model that integrates key elements of lending cases to address the issues of text matching in
lending cases. To obtain richer semantic features from texts, regular expressions are constructed to obtain specific case
elements of lending cases; such as the loan-delivery form and the basic attributes of borrowers, which are then combined
with the original case text'to jointly learn the semantic features of the-legal text and key elements of the case.
Additionally, pretrained models with shared weights are used to encode different instruments separately, and the outputs
of specific encoding layers of the pretrained models are fused to obtain richer semantic information. Finally, the
proposed model incorporates a supervised comparison/ learning framework to utilize the text information more
effectively and further improve the performance of SCM. Experiments on the CAIL2019-SCM dataset show that this
model improves the accuracy of the test set by 1.05 percentage points compared with LFESM models.
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Table 5 Accuracy under different weights

o HER R /%
0.00 74.2
0.25 74.6
0.50 75.2
0.75 74.0
1.00 71.2
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BT PR ALY B 22— R A HE A O T R SOk
HH (1R O B L 3ROk R S [R) 6 1 SO AR 2 1) 1 4 Ak 22
5o R THE— L UE A A R AR WA R REAL
AT 3 A e B ) R AT U, BRI

REIA P L BEEERAFAEENR
BN S HEEREFRE, W 553700 000 7T,
T4 Il 6 1l 5 L) B TR AT 6 3k 1 7 =0 2 4 52 A+
PR, T 20164E2 A 1 B g e R FEA M
e ELCEOB R | O I wE e A E IV 4 A A
IC# A 24 700 000 G, AR B 12% 5, R 24 A
AR e, B R IR B, & R R
HLglk Ay,

R B YRR RIRENBHEERRA
FAERERBAN ULFLBERD S Tt 4 6 K
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] 45 HL T 6 1 UK MO HE L M 2016 4F 6 H 1 1B
SRR 2017 4F 12 AR, B 45 A R 13.43 7 oG
FILE K 63 71 TUAERAERAT . M Z AR, ik
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FHIC HWEMDEEDANSNEBFENR, T
2016 4F 1 J 7 H 782 KIn) 5t 45 fi 3 120 000 JC
20174 1 H 7 B #4545 50 s 2 T @Ol g, B
THAIE A 37 8000 Wi/ 15 A 2 72 A 3 B . J 4
i) 1 R AU S ) 2R 2R W R R R
B ARERAE . /A BIAR 201741 H 7 H
ZIE AR B A B 2%, LRI Kl
SARE BT ST RAIE

THEGI NS A B.C 3 3CA, v SR 4y
RO R . N T DLW
AR 3 F2 1 [R) st 349 A RO 1 A U B L H A B
HLA LR p vk A R Bl A A3 ok FE A A i
ERFN MG A28 AR R R
12%. CHgds 2 A AR R, B0k A%
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