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Chinese judicial document processing by utilizing
case fact label classification based on AlBert-Tiny—-DPCNN

SHI Junke

('School of Information Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] In recent years, with the advancement of intelligent justice, judicial documents in China, as an important research
object, have derived many tasks. However, most of the research on judicial documents is based on criminal cases, and there is a
lack of research on civil cases. Combining pre—trained word vectors, text classification models, and other technologies, this paper
studies the prediction of case facts in the subdivision field of private lending so as to provide the existing case facts with similar
judgment documents with reference value and reduce the time spent by relevant workers looking for them in a large amount of data.
In this paper, a classification model based on Albert — Tiny — DPCNN is proposed, attention mechanisms and label smoothing
regularization techniques are used to improve the accuracy of the model, and the validity of the model is verified on experimental
data sets.
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Fig. 1 Basic structure of the model
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Tab. 1 Collection of category tags
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Fig. 2 Classification layer structure
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Tab. 2 Parameters in the comparative model experiment
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Tab. 3 Comparing the accuracy and the weighted—F, value of the model

CEL FL
F A
accuracy weighted — F, accuracy weighted — F|
W2V+TextCNN ( baseline ) 0.714 3 0.716 6 0.749 5 0.730 7
W2V+TextRCNN 0.6355 0.645 1 0.697 8 0.640 5
W2V+DPCNN 0.741 9 0.745 3 0.775 4 0.757 5
AlBert-Tiny+TextCNN 0.735 8 0.701 5 0.792 0 0.768 3
AlBert—Tiny+TextRCNN 0.704 2 0.676 5 0.726 1 0.693 4
AlBert=Tiny+DPCNN 0.786 7 0.753 5 0.796 5 0.760 7
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Tab. 4 Accuracy and weighted—F, value of Albert—Tiny+DPCNN

and its variants

Ay

accuracy weighted — F,
Albert—Tiny + DPCNN 0.796 5 0.760 7
Albert=Tiny + DPCNN + Aut 0.799 4 0.764 3
Albert-Tiny + DPCNN + LSR 0.804 2 0.765 7
Albert-Tiny + DPCNN + Att + LSR 0.812 2 0.773 4
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Fig. 4 Change curve of accuracy and weighted —F, value

Kl 5(a) B 5(b)sralidsk T Albert — Tiny +



96 o i w5 MM

ERRES

DPCNN + Att + LSR A4 1 #fi % Ace 5 M F, {8
(Weighted = F,) BEARZEF-1HIH— AL S 4L alpha . B
HLIR I 2 5 10 B8 beta (A fLIERE . BREET 1
IH—fb S %L alpha TEW FRAR SR T2 1L RE
M5 (a) AT, 24 alpha 7E 0.2 FEE A A55750 fr) ¢ 1
OB, BEHLAR I R beta 2B 1E L BIA B9
S5, I NE 5 (b) RTEL, 24 alpha = 0.2 beta {H
FEO.SBRHT I, B (14 26 BASCR Bt

o

(a) alpha

B
(b) beta
B 5 HEHESINF, EH alpha beta TR LR

Fig. 5 The curve of accuracy and weighted—F, values changing

with alpha and beta
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