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Legal judgment prediction based on pre-training model and knowledge
distillation
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(1. School of Information Science and Technology, Donghua University, Shanghai 201600, China; 2. Engineering
Research Center of Digitized Textile and Fashion Technology of Ministry Education, Donghua University,
Shanghai 201620, China)

Abstract: Based on the bidirectional encoder representation from transformers (BERT) pre-training model and knowledge
distillation, a multi-task and multi-label text classification model is proposed for two sub-tasks of the legal judgment
prediction, namely, charge prediction and law article recommendation. To find the correlation between two sub-tasks
and improve the performance of prediction, a text classification model named BERT omulti is formulated by multi-
task learning based on a BERT pre-training model. The hierarchical focal loss is introduced to improve the ability of
distinguishing the charges and law articles, which are sampled imbalanced. In order to reduce the computing complexity
and increase the speed of the inference, we propose a knowledge distillation strategy based on the evaluation of the
teacher model. The strategy compresses BERT 1omulti into a student model with a shallow structure by balancing
between the classification loss and the distillation loss dynamically. Hence, a multi-task and multi-label text classification
model with higher inference speed named BERT¢multi is introduced, which can deal with the imbalance problem
of samples. Experiments on the CAIL2018 dataset show that the pre-training model and hierarchical focal loss can
improve the performance of the prediction algorithm effectively. Combined with our knowledge distillation strategy, the
inference speed of the student model is nearly doubled. The Fi-Scores (mean value of Micro-F; and Macro-F7 ) for
charge prediction and law article recommendation are 86.7 % and 83.0 %.

Keywords: legal judgment prediction; pre-training model; focal loss; multi-task learning; model compression; knowledge
distillation
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T3 26 R N ST I 2 S0 18, 9 % 202 TR 2 R
44 DA R 183 25 RN 2% 18], WK S8 44 00 L V2 5% HE 4y
FAT S FHEH B E 2025118324,

A ETN ST E S AR Rt OB [ES 7 SRS O

CAIL2018-Small i 47 £ 17 048 15 ¥k, 2 B &l
{10 0 280 I i R b i A S RO, 7 LR 2 B S
Kt g2 2B ) e s BTGB F AL B 5
SRR N, g “HE N ARE. Rk
AR I PR HCHE S b 2 B 5 PR

TALER 5 B et NAESEAE TALIA], 52 [ - R =R E)
HE AT e e P BR RIS . D5 1 S
TAEN G, NBAER A AR, PhBIRIE b5 il Fh
a8 A, R R SS (A, Wie 52 A A4 28 900 JE, g A\
PR 28, HAT R R < JE. 2012 48, gt A5z ™ I &
ARAFBEHERXFNRITSEE “ KB K
EFEA “RBEEUE 7 PRl TAEBEAT R, 5 N
SIZ, BRI S TOM, B SR 30 730G, BN 2, FLAT N X
FE i i, R HCTR I T .

FIPFEA VEW 20

W RS 385, 383, 266, 386

5 FRAEESEBIERFE
3.2 WNERR
227 2018 FEIAAIM B J7 6T 31 44 P AAH 557
SRAERE AR5 VPN AR, SR FH 73 A 55 Hh ) Miicro-
Fy 5 Macro-Fy {E RVFO a5, it B 7 08

2 X precision x recallpicro

micro

Micro-F; = — , (16)
precision, ;... + recallicro
N
fli
Macro-F; = Zzﬁv (17)

X F Micro-Fy 5 Macro-Fy )38 Fy-Score {E N
PR R VPN FE A, B

Micro-F, + Macro-F
Fy-Score = ——ero-fn H Ao g

2
3.3 REBY

HU A A BERT jomulti # Dropout Eb 1 % & N
0.2, BIVZE Y1 25 I A5 9 5 245 i 1 1) 20 %o Z HUBE B 2%
T AR AR E S BT W E NS5, =
KBUE BV E N 1000, BUTE A BERT 2multi £l %
AE A BERTgmulti 3K | Adam (adaptive moment
estimation ) P4k 28 HEAT I 2k, = ST R B N 2 x
1072, 3 A K B R ) A 512 7, batch size ¥ B N 128
(32 A7 PR, R B A 77 50, BERT omulti
52k batch size A 16, BER Tgmulti SZ ik batch size 4
32,5 AR & 128 BT 1 KB ). 7E CAIL2018-Small
WZREE BUIZR50%0, BE 7RI UE SR 190 IIE 2 IR, B
TEGh S R A Y AE A AR B b AT

2 2% R 5y K H R WA B 5T, R H TF-IDF+
SVMUBI L 35 2 S) R RS, DL K ik T 98] i N IR VR B 5
3] AR 43 AR B TextCNN AR AUB01 0 HAN A5 Y1141
DPCNNU!S! AR R A Sy 56 be AR B, A 43 98] T2 % &




%18

FiA E AT RIS AR B Lo R 69 SRR e TN ok 73

PR SCA Sy 1] I, [ € 4] K 2 300 3], SR A word2vec!®! |
GloVe!® i) #x N 532, [ 72 17 #: N 4E B 4 200, 53
TE 4 8 4% 48 LU Sl 1) &, 5 7 K B Rl
JE I directional skip-gram (DSG ) &y SRS 1) 4E
S 200 [ FF 5 GA] [ AT 6F L AR R 5 A5 L 7E AN [
i) [71) 12 P ) 6 B, i 24 A TextCNN 5 78 I HAN A5 784
H {5 F word2vec 17] [r] &, DPCNN 45 24 48 FH Y5 1] )
B EEREIR A TR L V2 5 HERE PR TIAE 5%, & % AR Y
G AT L B AL, O SRR 1 B R R GR. [RI B,
FUAEFH 3 S 408 0 R 28 U483 2K T 2R R 28 R SR 1231, D)
S O R RN AR Z8 1R SR 24 S RN T BOMBLAL AR 1)
BERT gmulti #5684 53 47 %F Ll [k 28 19 53¢ s b, 250 A
T R e A AR G A AR — S

2% %} E 4 batch size 5 BERT jomulti {f £f —
B, BB N 128, At S 50 2 >) 3R RO E 4ERE B
RSE 28185 B R AU P SR FH I A 45 22 1

=

JE.
ik — 20 xR R g, 45 &l P AR VR R
RTINS BF 9T, DA B 2 B B A0 [ R AR R, 3
SCAS, e S8 S A 9 22 5, % BER T omulti B
BERTgmulti 1% 51 5 A H 305 A 4] Y g 2 MTL-
Fusion!'?! Jz HAC!3! 147 X} bb. SR [12] % F 4 £
5 AR SC— 2, SCHR (131 5K A 5 A48 SCH AL CAIL2018
-Large $4f 52, WA X BLRY () S B it — 2D 1 .

%f T BERTomulti. BERTgmulti & TextCNN.
MTL-Fusion & % G ASE A, 16 HURE B 10 % 22 K T 0.5

ISR A TN IEREAR, e 2 9 ke As, B

1, Qic > 057
result(x; € ¢) = (19)
0, ;e <0.5.

34 ZHBR

T 56, ¥ TextCNN 5 4] LEAR Y 5 5% F BERT itV
SRR AR Sy 2 i 2% (1K) BER T omulti 32E 47 X6} Eb, [6]
XA YR R ATV Bl S 56, iR 2 v, Horp
multi 7 K FH BCA @ A% 7 2O I 1A 55 1T 2
1 5% 2% 5. & K5 () Micro-Fy 48 bR 8 5, 18 B &%
BT KB 23 1 A 0T AR H v A 1) 40 7, Macro-F'1
FE BAR, Tt B A5 A5 % 22 3 B T3 A FE A H
/b 1 HE 43 2K 28 5315 SR BERT T 25 45 AL A A 4
2%, 78 PEaE L U H 2 Macro-Fy fabn L 8.2 THL
A% 2 SRR B O RN I TR JE 2 IR o
BERT omulti ¥4 B8 &% 58, #H b HE A AL rp =R Tl 25
IR T S8 44 TUINAE 2% S b 25 AL 55 Fy-Score [
B ARG B EE T T 0.042 F10.040, 35 BH T I ZrAs 7Y
AT DA 280 AR e TS Y ) #4413 72 7£ BERT Til
W GRBERY K KR 3 ot LAY SR B A 3 AE
IE 44 T B2 26 HEAFAT 55 o) TR AU M e A — s 4
FHRCE, AR LG S AR, %458 Y A I SR AE R I TAT
551 Fy-Score L #B-F Y2 5 T £10.002.

FLR, XK FH 432 focal loss FR TR 2 SR 3047 7 512
56, 7 0T T T AT: 45 Jg S M ST AR R ) B B R
S A T LEASE R 345K B 5 BERT jomulti — S0 Bk
G NI AT 24555 2.

F2 BRETEMERRIIEE ]

1R 44K A4 TRIAT %% IS

T 42 Micro-F Macro- F'y F-Score Micro- Fy Macro-F F, -Score
TF IDF+SVM for task1 0.792 0.63 0.711 — — —
TF IDF+SVM for task2 - - — 0.763 0.588 0.676
TextCNN for task1 0.868 0.739 0.803 — — —
TextCNN for task2 — — — 0.844 0.699 0.771
TextCNN multi 0.868 0.741 0.805 0.844 0.704 0.774
HAN for task1 0.856 0.776 0.816 . — =
HAN for task2 — — — 0.832 0.72 0.776
HAN multi 0.859 0.775 0.817 0.835 0.723 0.779
DPCNN for task1 0.866 0.753 0.809 — — —
DPCNN for task2 — — — 0.84 0.722 0.781
DPCNN multi 0.868 0.754 0.811 0.843 0.721 0.782
BERT for task1 0.886 0.825 0.856 — — —
BERT for task2 — — — 0.868 0.774 0.821
BERTomulti 0.894 0.826 0.859 0.867 0.778 0.822




S . K N
74 # % 5 Xk K #37%
F= 3 FHEBENIERRXIEE2
(= RS T4 TR 55 EHRAERAES

TR TR P ek Micro-F Macro- Fy F1-Score Micro- Fy Macro-Fy F1-Score
TextCNN Cross entropy 0.868 0.741 0.805 0.844 0.704 0.774
HAN Cross entropy 0.859 0.775 0.817 0.835 0.723 0.779
DPCNN cross entropy 0.868 0.754 0.811 0.843 0.721 0.782
BERT;2multi cross Entropy 0.894 0.826 0.859 0.867 0.778 0.822
TextCNN focal loss 0.869 0.752 0.811 0.846 0.727 0.787
HAN focal loss 0.86 0.783 0.821 0.838 0.733 0.786
DPCNN focal loss 0.872 0.761 0.817 0.845 0.732 0.789
BERT;2multi focal Loss 0.901 0.841 0.871 0.873 0.792 0.832
FT 4 FHEEENIEFRITLL 3
554475 IR 44 TR 5% PR S
TR 42 R Micro-F} Macro-Fy F1-Score Micro-F} Macro-F F;-Score

MTL-Fusion 0.881 0.814 0.847 0.852 0.755 0.804

HAC 0.876 0.803 0.84 0.856 0.763 0.81

BERT;2multi 0.901 0.841 0.871 0.873 0.792 0.832

BERTgmulti(KD) 0.878 0.804 0.841 0.843 0.741 0.792

BERTgmulti(PKD) 0.894 0.834 0.864 0.868 0.785 0.827

BERTgmulti(Ours) 0.898 0.836 0.867 0.871 0.788 0.83

w3 3 Fros, % B 47 2H focal loss ) %% 15 B4 £F
Macro-F; 18 br F 34 42 51, 2 # BERT omulti 15 4
TE W AT 2% H 1) Macro-Fy 48 b5 70 9l 3 1 17 0.012 Al
0.018, 3% B 73 2 focal loss 75 A ¥ & 18 I 2 5 & 1)
BT, AT A AR B AR AE A A AT Hahs AR
R e, BN T A AR K 50 S0 P 4 W e 22

% ZRNB RS I 25 BER Temulti bz B A 1R 3
RTF I A MTL-Fusion. HAC 7E CAIL2018-Small 1
IR 4R, Hod: KD R R KA e 250058 X
S5 2R RN ZE A K 1) Z8 1R SR I, PKD 3R 7R 7E KD B:Aith
b, BINFBOITARE Y 5 25 A AR e i) J2 40 A 453 2 P i 4O
SR 28 18 SR Ours AR AR STR FH (14 ik N 045 284
P (IR O TR 78 TR SR

GEAF 2 ~F 4, 7F CAIL2018-Small 54 F %
FH RN 2800 A5 2R PP A (1 T o 281 3R 26 19 5 i 3R A
# BERTgmulti 5 BERT omulti 4 G #2301, I T TF-
IDF+SVM. TextCNN. MTL-Fusion %5 % FL AL 7Y DL K¢
oA Z5 1SR 08 3K 153 1) BER Tomulti 5.

N X B A AR A R b U AR Y A HfE O R
7= 7, % BERTgmulti 5 BERTomulti £ GTX

1660Ti (6GB ). pytorchl.1. python3.7 ¥R 35 T, 5t A

[ 17 1 000 5% Z A B 04738 A% HEFR SR AT 35 2% 2

8 A BB 18], I 48— batch size N 64 Xl IR 4 32421

2% B 34T BAIE, SR AT B 50 UE B 7). BERTgmulti 5

BERT omulti 2%y i S kB FE T L a0 58 5 Fros.
%5 BERT:»multi5 BERTsmulti

SHEREIRREZ XL
BERT;smulti BERTgmulti 5%
TR w35 2 40 12 6 0.5x
T gmiL 38 240 102M 60M 0.59x
FA S HE TR (] 0.057s 0.029s 0.51x
SRR [ 22 min50's 10 min55's 0.48x

H1 5 0] LLE H, & 511H 7518 )5 1 BER Temulti
1R TR 21 N BERTomulti — 2, 15 7Y 4 B 53 57 41 T+ 4
— 1.

4 & ®

AR ST P PR T AT 55 T 5 44 T A ok
HEFE A T AT 55, 2k T 6 I B 0l 25458 2 BERT X
PRI 55 Bk R A5E, $ 1 22 A 5% ) e o A 2



%14 &% H
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B0y R R TR ok 75

BERT omulti. £ 5% 25 8 J4) o 70 AF 45 28 501 1F 47
FEARAN I i 2000 S B B 20 A B AREAE, %o o AR B
IR AT 734, R T —Fh 43 4 focal loss H B,
ST TR AN S I 2. TR S Hh, SR 43 4 focal
loss 5% 1) BER T omulti M GEHR 75, (5 i T Flil ZrAs

B SRR UK, AR TR R R L 18 AT R L
IS, BFXHEEA R PIUNAE S5 2R H A2 A7 5 R
TN R AL B T — P S 1 R 2 TR SR,
OIS TR 7E YN SR B H )R IRAE 2% A BB I 20T
TR K bR 2 5085 v 2 21 B, SR B A BCE B bR
B 5 2RI R, RG2S BER T gmulti.

7E CAIL2018 % 9% £ b 1) S 56 3% B >k H Tt i)l

SRBE R TT LA S50 v R B A ) AR VR ) R T AT
S v (R 2 B, 23 4 focal loss 5K W& 7] DL — 5 2
BERT;omulti 7€ A ¥ i £ 48 48 B 1M B, A 2 3%
BN EE 22 B I 2RI B T A A DR O AR 2,
SR FH il N 80T 2R A7 PR R R0 R 285 18 SR, ] A
A RN TN SRR 0 RAR, IR T R 2 2 T
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