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A drove a car at night and crashed into B, a pedestrian, on
XX Street. To prevent being spotted, A took B away from
the scene, dumped him under an isolated bridge and drove
off in a panic. Two hours later, B died of excessive
bleeding...

Event Detection Event Timeline

crashed into  dumped drove off
-

\ Desertion Escaping

Bodily_harm

Result

Trigger word : crashed into dumped drove off ~ Event t¥pe: Bodily_harm Wcupmg

Related Law Article

Traffic accident crime ... if the [hit-and-run |occurs, the
crime should be sentenced to imprisonment more than 3

years but less than 7 years ... if the perpetrator abandons
the victim, resulting in the death, he shall be convicted of,
Intentional homicide crime and sentenced to ife
imprisonment or imprisonment of no less than 10 years ...
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Fig.1 Example of a legal document
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Table 1 Experimental parameter settings

284 fH
Parameter name Value
Batch size 8

Epoch 16
Learning rate 5e—05
Head size 200
Dropout 0.5

2.1.3 #M¥547

ARG R F1EK A B R MRE . F1 2
— 0 35 TR 0 R R A [ A 3R RS 2 50 T A A
A M R T R L ORGSR R T A R B R )
{4 fish 22 1) (Y BB 7, A [l 8 D) ke A7 Sk 55 780 3H 531 i A AR
FTeF L EE S T FLEMTEARLES T
PS8 A5, 5 76 TS J50 A0 1 2 0 A [l o3 2 ] )
RE PRI S EZMGER . F1AEITAEAR
m=X 15— AD PR, HEZE—AN T 0 2 1 ZEP
O3B o OB ) 2 R AR Mk e B . 7R SRR N
F1 R 5500 6 30 R 73 [0 5% 22 [a) (1% f 4F OF i
A DLGK ) S5 06 1) 4 floh 2 1) 4 USSR

PRI IE B 0 fik i) B

P =S g 00 D)
U A 0 B 0
R = rmmpsman i m < 100%, a6
2% P X R )

2.2 FEZW
2.2.1 FEWERSH

T WIEFE T 22 Sk 4 BT ARG 0 R D A A Ak
PE. 7E LEVEN % % LW 2 L g4 Rl 5
BERT""', BERT + CRF"" ., DMBERT™ . BiL-
STM™ | BiILSTM+CRF™" . DMCNN"" ¢ it i £& #5
B 5 4 FiT ) Span-Regression™" . OneEE™* W i 45 75
HEATXE LG (3R 2) 5 G 4b, 430 SR UL 14540 B4 BT
(BiGRU) ™ Al BILSTM 2 48 B SC A Y R SCHFAE
It 5 2 3k 48 5 M 4% M 45 5 19 3] BiGRU-Multi- Head
1 BILSTM-Multi-Head P AN A, I LU AS [6] 1)
FRAE 4R B XX 52 5 i R L A SR SR 2 TR .
O A 55 B R 5 H A A H L O30 F 1A 3
— BT MERE R 87,53 % M 22 3/ F1{EMEA% T



DMBERT , iX J& [ 2 7 BfF 58 45 B 7 14 47 fiok & 1) R %)
IR A0 32 fih % 1) 45 5L HE SR 7E A1 T BE L A AL 3 )
FH T 3 fi &2 1A 2, AFLAE 2 B g FH v 038 ) v i
i 3 fioh A Rl BN ILSE . @ 5 5EF CRF A A
M, SR 3T 23k 8 £FHLTH (Multi-Head) FRE RS i,
AL TR R . A BILSTM-Multi-Head
TR 3 3o 7 5 ) A RO B O SR Bk A R K
o T HT R 22 FH AL B EE . X — R AN
f 1RSSR ) R FH Y L LA B 5 T LA SE PRI B R
B3 P FERPE . @ Span-Regression & —F 3L F
5 B [0 0 T fi ) A A b L) AR TR S g [ 0 0 R
T B R 174 300 R A 67k 2 3R] T AR IF 5 L4 £
Fa Et s AL U 2 RS i . @ OneEE 45 A
65T D ) A9 L Bl S AT A 2 ) YU 3 i e S R
R F SR AS B 5T BT 8 A 5 R PO A
e 2 S0 R G LM AR AI T A I S AR AR

F2 BRI R AR

Table 2 Performance comparison of event detection models

Unit: %
BT H ZTH
o] Micro-average Macro-average
Model
P R F1 P R F1
BERT 84.35 83.80 84.07 80.21 76.08 77.38
BERT+CRF 83.72 84.13 83.93 78.38 75.39 76.01
DMBERT 83.40 86.76 85.05 79.18 79.28 78.42
BiILSTM 83.01 84.30 83.65 78.45 73.39 74.27

BiLSTM+CRF 84.63 83.10 83.86 80.99 73.39 75.73
DMCNN 86.15 79.27 82.52 79.42 69.77 73.00
Span-Regression 83.87 80.99 82.41 79.51 71.84 74.28
OneEE 85.64 83.19 84.39 82.39 74.68 77.34
BiGRU-Multi-Head ~ 87.91 85.57 86.72 81.88 76.17 77.93

BiLSTM-Multi-Head  88.14 86.92 87.53 83.55 74.79 78. 05

Note:bold numbers indicate the experimental results of the proposed

model.
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Judicial Event Detection Method Based on Multi-head Pointer

ZHANG Xiaoli"** ,HUANG Hui"*?, HUANG Ruizhang'**,QIN Yongbin'*?’,
CHEN Yanping'**" "

(1. Engineering Research Center of Text Computing and Cognitive Intelligence, Ministry of Education, Guizhou University, Guiy-
ang, Guizhou,550025, China; 2. State Key Laboratory of Public Big Data, Guizhou University, Guiyang, Guizhou, 550025, China;
3. School of Computer Science and Technology,Guizhou University, Guiyang, Guizhou, 550025, China)

Abstract: This article aims to solve the problem that the relationship between trigger words and context in
Chinese judicial event detection is not enough to determine the case instance,and the case trigger words are
similar in expression,and the identification and classification of multiple trigger words in the same case are
fuzzy. A judicial event detection method based on multi-head pointer is proposed. Firstly, the method in-
tegrates context information and crime features as input,and utilizes a Bi-directional Long Short-Term Mem-
ory (BILSTM) network to capture data dependencies and extract features in-depth. Then, the multi-head
pointer network is used to model the dependency relationship between characters,and the trigger words in the
sentence are effectively captured. Finally,trigger words are extracted by pointer annotation technology to re-
alize effective detection of judicial events. Experiments on the public judicial dataset LEVEN validate the ef-
fectiveness of this method,in which the F1 index of micro-average and macro-average reaches 87.53% and
78.05% ,which is better than the existing model. This method not only significantly improves the recognition
accuracy of event trigger words, but also enhances the ability to grasp the context relationship of events in
complex judicial texts.

Key words:judicial event detection;trigger; word context;crime feature; multi-head pointer
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