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Charge prediction method based on BERT and integrated with
legal event information

QIU Yihui® , YU Yaoyao

(School of Economics and Management, Xiamen University of Technology, Xiamen 361005, China)

Abstract : [Objective] As a key research topic in the field of AI&.Law, the charge prediction plays a significant role in improving the
efficiency of judicial decisions. Due to the professionalism and complexity of legal texts, traditional charge-prediction models face
challenges in extracting features from legal texts. Therefore,in this paper,we propose a charge-prediction model based on BERT and
integrating legal event information. By utilizing legal event information, the model is provided with numerous features of legal cases,
thus enhancing the model’s understanding of cases and thereby improving the performance of charge prediction. [ Methods] First, a
legal event detection model enhanced with global high-level event type information was trained to detect types of legal events in case
descriptions and to construct a sequence of legal event types. Next, BILSTM was used to encode the legal event type sequence to
obtain legal event information. This information was then concatenated and fused with the semantic representation of the case
description encoded by BERT. Finally,a fully connected layer was used to predict those charges. [ Results] Experimental results based
on the publicly available criminal case dataset CAIL.2018-small demonstrate that,compared to other baseline models in the field, the
proposed model achieves better performance on key metrics, with an average improvement of 3. 12 percentage point in Mac. F ,1. 94

percentage point in Mac. P,and 3. 53 percentage point in Mac. R. [ Conclusion] In this study.we demonstrate the effectiveness of legal
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event information in enhancing the model’s understanding of cases, thereby improving the accuracy of charge prediction.

Keywords: Al&.Law; BERT model; charge prediction;legal event information
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Fig. 1 Charge prediction framework based on BERT and integrated with legal event information
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Fig. 2 Legal event detection model enhanced with global high-level event type information
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PERE IR /ML B BT 3k BT AR R 2 4, st
(26) FIT7m.

M &
Loss =— ]\*1/[2 Zy,j log(y;) » (26)

i=1 j=1
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ARG Ay R PR 4y 2 — 4 e A LEVEN
BRI N 2R B2 FH R S 068 i ik
A AR IR G A 50 L 2 3R e H A 1 56
FEHWEET BERT Jf-ml & 1k A g5 1015 5 0 1 45 T
Y A k.

4.1 FEFEHRNIERLIG
4.1.1 LEVEN UiE&£HA

AFRAyFIH LEVEN Sl 4255 #2 ik A ik i

DA A FEATIGAIE. 3¢ 1 )8R T LEVEN ZUi4E a0 A0,

%1 LEVEN 8404

Tab. 1 Distribution of LEVEN datasets
Hm2eR ESERA IR AR ERL
VIERA €5 5 301 41 238 98 410
ISR 1 230 9 788 22 885
W% s 1585 12 590 29 682

Bt 8 116 63 616 150 977

AN RYER 2, LEVEN B 4E T 72 7E 6 fh b2
FOREA LA IS LR R H R E”
W R D AR SOR X P& A I — AN

JZERAFZER, LA R IR AR ) B AR AN BT
By, PR R HANN-ET J211 I 2 F k2R A s
BB 1 8 oM 5.

#F 2 LEVEN #2834
Tab. 2 Overview of LEVEN dataset event types

EEH TR

e - FriE%L L4 TR
— TR 40 68 616 45.4% B JRH
AT R 40 43021 28.5% %
FEARE 13 29709 19.7% I AE
faE g R 7 6832  4.5%  FETI.R%M
=ik 4 2742 1.8%  ZTHEEHEK
EPN &= 4 57 0.03% TRk
T 108 150 977 1.0

4.1.2 FTLELWHH

FETE A R A A% LS g6 R AR SCR A T
Yao Z5EHT—5 (R HOARE R FPE Y $8 A o 5 15 R AR 56 UE
B b RIEAR AR A e A b i L BeAh
S P PR [ BEAIL R T X R AT 5 60 I 2
WL, XX 5 A8 Sem 148 Ft B B bR 2.

WX 3 H A S 2 AT A AT, T DL
R B4 ARG 0 B AR A A% b AR A T X
FU A FEZR AT, M T 0030 T 488 1B 7R A A sk e AR )
5 BERT+CRF kL. BE7E Mic. F, BT 1.26 ~H
OYIELHE Mac. Fy ST 1,06 AN H 43 A5 X B
Ours REIEA R0 AR H SCA 7 3 v 2 AN 5 R )
FR DG 2R 5 DT 08 25 B e A T £ 2 .

3 ORAFHA IR L SR,

Tab. 3 Comparison results of legal event detection models %

i Mic. P Mic. R Mic. Iy Mac. P Mac. R Mac. F,
DMCNN 85.88+0. 70 79. 70£0. 59 82.67+0. 08 80. 55+0. 49 73.31+£3. 88 75.03=£0. 40
BILSTM 83.09+0. 89 85.16+0. 95 84.11+£0. 24 78.70+0. 92 76.67+2.23 76.65+1. 42
BILSTM~+CRF 84.74+0. 55 83.33+0. 49 84.03+£0. 05 78.5+1. 31 72.60+1.11 74.49+0. 77
BERT 84.19+0. 39 84.31+£0. 34 84.25+0. 18 79.61+£0. 91 76.76£1.79 77.33=£1. 30
BERT-+CRF 83.82+0. 48 84.56+0. 52 84.19-+0. 09 79.77+1. 10 77.65+2. 20 77.84+1.58

Ours 85.38+0. 31 85.53+0. 38 85

.45+0.08 80. 7340. 53 78.48+0. 65 78.90=+0.

ol
(o2}

4.2 FEAHTUNRBILIG
4.2.1 FEETNETEERIL
A CAIL2018 #4145 v iy CAIL2018-

smal R PEAL $ Y B R 45 TSRS () A3 35k, i T AR
SCREETF HURE 44 BUNAT 55, AR SCR A Xu S5 (1 5
A B 7 X, 5L g T CAIL2018-small $edE 4 h i
KM AT WEEE. R T AR BUE G a1k
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PEEATR A bR T, R 4 R T B8 Ak 31 %
A R P WK EY SRR A€/ SOPNANNE (L i DE
T AR S B 2

F 4 CAIL2018-small $dii 4434
Tab. 4 Distribution of CAIL 2018-small dataset

SRR =50 B
VIER =Ly 101 619
AR R4 26 749
A 119
ARSI 108

4,2.2 SCENEE

A Xu S PR30 7R S50 18 B T AR SO A
TEAE KA IT IR A THULAC 43 ) 57200 % 22455 1 3R ik
Fv 0] FEYNZR ], 22 ) ZRi 8 R 1077, A i
B 107 AN PR R /N E O 18, ] Adam 24k
AR IR RN 16 BRI S H HAAR G B L 5.

K5 IRA BN SR E

Tab. 5 Hyperparameter settings for the charge prediction model

S BE
BERT BB 4 55 K SCAAK 512
HEALHEE N 18
etk #s Adam
2p2 R 107°
L T2, 1077
R T2 2 768
HUF A Y 768
HARWEL 16

T CAIL2018-small FHs 5 oo 7716 5 A1 1)
SR80 A0 TR I A SCfelt P 7 L4 A ok D1 Ak AR 78 Ay
Al H b % UL 48 b 2 o RS IS ) B T GRH f oR
(Precision, P) . 3 [l (Recall ,R) Fl F; {8 , FE-HUX L6(E
A28, DAL 7 RS 1 R (Mac. P) | 22 W43 91 2% (Mac.
RAZEM Fy {8 (Mac. F) BTHE X 27) ~ (29 iR,

210P

Mac. P = c 27
23R,

Mac. R = C (28)
DF,

Mac. F1 — é ’ (29)

Horp C FR 202 nig b () 2501458,
4.2.3 XfLbA*E

FEXT L i, AR B AR 5 — R 51 5,
PR SEZRAR A EAT T LA, X AR A 455

1) BERT™: —ANE R B ) 8L B I 25 i il
YriFE R, FIF BERT X 2475 1 3R 2 5 AR UH: 4 A
W RN G S P2 AT 55 HEHR T G 31 44 HEA T 100

2) Few-Shot"" . — 3L T 98 44 J@ M1 2 ALl %)
TR, @5 A TARTE 10 DA EAY TR 4 Ja vk, IR 7
UESERH [ T — 1~ 58 4% J8 1k 1 i 1 Bk X 43 A 56
IEA.

3) FLAU, — B 5L 35 25 1 91 44 BU A 7Y, FLA
FIFHZE iR 5 A0 TR Aok T 24 9 44.

4) LADAN" . S X535 1R T8 44 - 1 P b 22 )
2% A s 2] SR IR AR Z A 25 5% R T — R i
BIIHUR . 7T 53 A 2 0] B 25 S 06 S 4 EA 5 T,

5) TopJudge™ : FIH LIP 1 3 A~FAL 55 [H (43
FMEHC Z2 6T 58 44 04T 0, I BRI A 1) JC 3 R R
T35 R A F MR OC R = —Fh 2 55 10
B 7 k.

6) Bert+event'™ . iZM R 7E BERT iz A2
TR — J23 1 S R0 i Ak il A B2 17 i 34 P i
BAREIHE R e AL S HELL T XTIE 4 R T T,

7) EventAtt"®!  iZ I RUR H] BERT Xf 281 #f if
LA AT G b R — A S R 2
B IIHLHI NS R FRos R BULF R B IR
H5RIEMR RS 5 0 R 9E 4. o8 T FASC
B HE 0 BT AT X Bb A AR rp AR S R
BERT XPik A2 R EAT bt , I 2 B 4 R IR
E NS SN

R T TE TR E IR AR SR 4 R T L S
— B AR SO Xu S5 AT B 52 56 45 SR 3R 1T AT
YT RN G AR 43 5 o R Y 34 7E AT S5 HE 4 rp
TN AR 44 o PR MR SO A AH [R) 9 24T 55 A 28 v X 42 1
(ARSI SHEA T B0

BRI B 2P, SE e TR T BERT BXT LS
RIS VA R AR I GOR 5 9 BERT #5281, Sy 7914k
RERIPERE , S0 e PR AE 46 TIE 48 b 2 IR S A (AR AR i AR
FEMRRAE b EAF I, DABRIBOR AR R B A TEA.

5 SKBWERSH

5.1 FXWHERSHH
HWIEE 6,1 LADAN AH L BERIZE Mac, Fy, |2
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F+T 2,36 AE ST TE Mac. R FARFFT 3. 38 AN E 4
RO FE Mac, P 2T T 1L 68 ANE 40 a5 X Ui 1R
HFAHAF BRI 2 R R 1 4% 22 5 0 5 0OM Fe L
FAF SRR 4 B0 A RL. A1 FewShot A L, £
RITE Mac. Fy FARFHT 3. 55 AN E 435 X 74 i bk A
THCH AT B A DGR IR 44 J8 v S B T 42
AR AL 72 AR BE 1. F Yao ZEUT Y AY Bert + event
AR R AR B0 A Bl AR SR R A
BIFE Mac. R BT T 0. 6 N H 438 Mac. F, LT+
T 0.4 NE AL EventAtt AH b, Ours £ B 7E
Mac. R F4&F T 0. 7 N E 43 50 7E Mac. Fy BT T
0. 4 ANE4F . BEAh A BERT AH E, Ours BEEIFE 454~
febn LA Prig ot ik, LR s g SR ui i Tk A
FHHF B AE SR 2 T Y B AR T BV RE A8 25 A A 42
BT 22 1 SA% R A, 2 7 1 R R X 52 1 LA
77 B e SR 4% T ) R .

F 6 EEARA I

Tab. 6 Main experiment results comparison %

ey Mac. P Mac. R Mac. F,
FLA 79.25 77.61 76. 94
FewShot 80. 84 82.01 81.55
TopJudge 83. 60 78. 42 79. 05
LADAN 83.42 82.52 82. 74
Bert+event 85. 40 85. 30 84. 70
BERT 84. 80 85. 30 84. 40
EventAtt 85.50 85. 20 84.70
Ours 85. 10 85.90 85.10

5.2 HELZLIE RO

R B UE A SCHR H A 42 T 0 A R A% A 21 RS A 1)
AR AT T 4 AT RS

1) w/o BILSTM: R34l BILSTM gk H: s
HKRIF A RO Z T Al R R R 2R T 9 1Y
TR AR,

2) w/o max: ATl F FH SRt Ak DA G 5 S5 B9 i
AR T 5 FRoR AR BOL A S B B A R
1Z 07 2R = L O =K

3) w/o fact: T PPAL G H R F R =R 5 B
G BIVE R S 2 AUl I A A R AR 44 A
T A A S AR 1 EROR.

4) w/o event: A T PEA LA FAE B X TIEA
T % B AR R 1207 VR AU 2 18 AR ) TR 44

RENCRR

WG 7 PSR s A, A A BILSTM X ik
IR S AT A IS, B /E Mac, P L F [
T0. 8 MED M, E Mac. R F BT 1.2 MES A,
fE Mac. Fy F FFBET L2 AESDA XWEHT
BiLSTM BB AR LA R 28 A5 9 (09 U P, AT
RPUEHE AR )P 5] B AR TE LR, AR
R 7 AR BOE R FAFE BN B Mac. Fy
TFEET 0.6 A E 43, XUE B e R Ak X Ok
FURAE B A B SR AU A A RS R
it A 76 G 0 RS 88 %, 3 i B ASUR i e S R
SABEFE S X R AE AT RS L R B AU SR
LE A Y R REAE. LA YR A AR AR il
N B, SR A P RE A BT T B, 3 1 B v
A B AR e 6% 25 55 80 P2 AL T 22 0 vk A
FIE o DT 55 B A 750 B 4 %) B i 255 A RO AR TR 4
RILOESSZ N

RT OB AR

Tab. 7 Ablation study results %

| Mac. P Mac. R Mac. F,
Ours 85.10 85.90 85.10
w/o BILSTM 84. 30 84. 70 83. 90
w/0 max 84. 80 85. 40 84. 50
w/o fact 55. 20 52. 20 51. 40
w/0 event 84. 80 85. 30 84. 40

6 5 'l»/l?

ARSCIR I T —Fh 5T BERT Jfab& s H k5
SR TN Ty . il 45 A BERT [ SCASFRAF 42 HL
RE 1 SRR B B A g S5 4R T T 3R 4% T )
HERPE. BB Se N IERIH T — &R S5 B
SR P10 YR R A 0 A A 155 i A b s vk A
KRIFH), HA8 ] Bi-LSTM X 32 4 5 42 R 7 51) gk
17 G A AR B R = A R R B i 5 B
53T BERT Hid o 19 5 i iR 18 LRIRAlG J5 Xt
R 22 R PR b, 455 3 axk ) P 2807 i v A B Y
AR R RRAE DA T 39 AR R X 58 14 1 R i $2 T R
2 TN A . AR SCHE — A FF R AT TR 5 1 8
4E CAIL2018-small F#EAT T K8 X S8 56 F155 Ar
SELG, B UE T AR AR (A R
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