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Fig. 1 Machine reading comprehension model based on

RoBERTa-wwm
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Table 2 CAIL2021 dataset entity quantity distribution

SR L ) FURE Dataset
Entity category
(meaning) g4 Bur g i 4
Training set Validation set  Test set
NHCS (Criminal 7 569 907 999
suspect)
NHVI (Victim) 3 564 414 429
NCSM (Stolen 1069 139 125
currency)
NCGV (Value 2 491 287 399
of goods)
NCSP (Stealing 555 54 58
profit)
NASI (Stolen 6 647 830 859
items)
NATS (Criminal 804 81 144
tools)
NT (Time) 3 195 371 425
NS (Place) 4 068 478 551
NO (Organization) 932 97 123
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Table 1 MASK sample
LB Explanation FEH) Example
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Word segmentation text

Whole word MASK
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Table 3 Construction of judicial knowledge questions

SEARHE] Entity category

7] A) ) & Question construction

Criminal suspect Find out all criminal suspect

Victim Find all the victims
Stolen currency
Value of goods
Stealing profit

Stolen items

Criminal tools

Find out all stolen currencies,such as cash, RMB, Vietnamese dong, money, Hong Kong dollars, coins, etc
Find out the value of all items,such as yuan,etc

Find out all the stolen profits,such as yuan,etc

Find out all stolen items,such as electric cars, mobile phones,cars, motorcycles,etc

Find out all the crime tools.such as steel pipes,knives,etc

Find out all the time of the crime,including calendar time (year, month,day,etc.) and non calendar time

Time . . .

(morning,afternoon, evening, morning, etc. )

Find out all locations,such as administrative district name, street name,community name,building number,
Place floor number,landmark address or natural landscape. In addition, include location indications. such as "in

front of the house" or "behind the building"

Organization .
ganiza tions,etc

Find out all organizations, including companies, government parties, schools, governments, news organiza-
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Table 4 Effect of entity knowledge injection pre-training model on model

AR K 4
Model Dataset

RoBERTa-wwm (No entity knowledge Validation set
injection)

Test set
RoBERTa-wwm (Entity knowledge in- Validation set
jection)

Test set

ULESSD H R F1439» (%)
Precision (%) Recall (%) Fl-score (%)
93.22 94.01 93.61
93.34 93.92 93.63
94.57 95. 63 95. 10
94.76 95. 65 95. 20
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Table 5 Effect of tag semantic embedding on model performance

AR AR RE AT DU T, 7 56 E 4 A iR
£ EFIAE SR 0.23% F1 0.30% , i # M SC 5
F1 1550 42T+ 5. 61 % 1 5. 42 % , UE W A 4 0 5 fip 57
2 N bR 25 18 SCRE % B ok — 2 4R TR g

ki YGRS it ESOLP) BEFC) F1434r (%)
Model Dataset Precision (%) Recall (%) Fl-score (%)
Tagless knowledge embedding Validation set 94. 57 95. 63 95.10
(RoBERTa-wwm + pretrain)
Test set 94.76 95. 65 95. 20
Tagged knowledge embedding Validation set 94. 89 95.78 95. 33
(RoBERTa-wwm + pretrain)
Test set 95.13 95. 88 95. 50
o BRMINGHEEEEREBFNHANNEEERZ MR EEITR

Table 6 Significant experiment on the effect of tag semantic embedding on model performance after replacing the pre-training en-

coder
A B 42 UL ESOLP) B F1 4343 (%)
Model Dataset Precision (%) Recall (%) F1-score (%)
Tagless knowledge embedding Validation set 59. 34 61.19 60. 25
(Word2Vec + Bi-LSTM)
Test set 58. 89 60. 96 59.91
Tagged knowledge embedding Validation set 65.52 66. 20 65. 86
(Word2Vec + Bi-LSTM)
Test set 64.78 65. 88 65. 33

3.3 il &3t E A 52

XTI S5 A X i A2 R S B B ok 3 R AR
RITEXTHURE AT (19 F 0, 48 THASE 700 35 1A 1) 8 4 1 iz
FLRE T o B E X BT U SR X AL ) B2 0 L HE 3.1 T Y
TN AL Bl L X LT U SR B B AT T Bl 2R
BEAIVERE ., MR 7 WSCIRSs Rl LI 76 3.2 I
S FEAN L SRR AR F R F1E S B4 T
0. 73% F1 0. 58 % , 3 15 W 7E A5 B Il 5 B B 38 fin X it
WIGA DIAE— & B R AR e, &l 2 iF
NS BERVIE TR PTG 0 55 7 #6045 11 %0 i M ek
AR AR M A PR IG B BN ZRESE L X R
ALY 2R R B v A B YN 2R 1 Re e 1 i s BT Y &
etk Fz AL RE JT .
F7 MHINEIRE F1 EHFIE

Table 7 Effect of antagonism training on F1 value of model

F1 % (%) Fl-score (%)
Je XL A X

No adversarial Adversarial

BIEITES

Dataset

Validation set 95.10 95. 83

Test set 95. 20 95.78
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Fig.2 Effect of adversarial training on training stability
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Table 8 Model F1 value comparison test results

G PR (20) WatdE (o)

Model Validation set (%)  Test set (%)
BiDAF 86.93 86. 84
BERT 91.77 91.72
RoBERTa-wwm 92.38 92.43
LEAR 93.39 93. 38
BERT-MRC 92. 96 92.91
Before model optimization 93.61 93. 63
After model optimization 96. 47 96. 42
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Research on Optimization Strategy of Chinese Judicial Entity
Recognition Based on Machine Reading Comprehension

YU Junhui"*,CHEN Yanping"?"* ,QIN Yongbin'*, HUANG Hui'*
(1. State Key Laboratory of Public Big Data, Guiyang, Guizhou, 550025, China; 2. College of Computer Science and Technology,
Guizhou University , Guiyang » Guizhou, 550025, China)

Abstract: Aiming at the problems that the entities in the Chinese judicial information extraction dataset are
highly professional, the existing Machine Reading Comprehension (MRC) model cannot provide sufficient la-
bel semantics by constructing questions and performs poorly on noise samples,a joint optimization strategy is
proposed in this study. Firstly,a judicial domain dictionary is constructed by aggregating entities that appear
many times in the judicial corpus,and professional entity knowledge is injected into the RoOBERTa-wwm pre-
training language model for pre-training. Then,the entity label semantics are integrated into the sentence rep-
resentation by distinguishing the importance of each word to different label words based on the self-attention
mechanism. Finally,in the fine-tuning stage,the adversarial training algorithm is used to optimize the model
to enhance the robustness and generalization ability of the model. The experimental results on the 2021 China
Legal Intelligence Evaluation (CAIL2021) judicial information extraction dataset show that compared with
the baseline model, the F1 value of this research method is increased by 2. 79%. And the model in the
CAIL2021 judicial information extraction track won the national third prize, which verified the effectiveness
of the joint optimization strategy.

Key words:judicial information extraction;pre-training; self-attention mechanismj;label semantics;adversarial
training
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