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Abstract: Based on the 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
BERT2multi 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 BERTgmulti 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 F1-Scores ( mean value of Micro-F1 and Macro-F1 ) for charge prediction and law article
recommendation are 86.7% and 83.0%.
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Micro-F1 = — (16)
Precision, ;... + recallyicro
N
- f1;
Macro-F1 = E:TI (I7)

HMicro-F1 5Macro-F1 ] ¥ {EF1-Scoreff N

;T%
TR g VP4 4R AR, B
Micro-F1 + Macro-F1

F1-S =
core 5

33 FESY

20 BIBERTomultiF Dropouttl #1 % &
SH0.2, B LE VI 25 I A 2 R 25 i 1 1)20% 2 2 RE AL 2R
T RN Z R R AR IR S BT E NS, I E
TR BLE SR B 91000. Ui A BERT o multifl
AR BERT gmultit?) K F Adam ( adaptive moment
estimation ) PV 4k 88 BEAT I 45, 2 2] R & B N2 x
107, SCAS K JiF IR 1 51277, batch size ¥ B 128 (
52 A A7 PR, SR B FE BRI J7 3, BERT omultisk
Frbatch size 416, BERT gmultist frbatch size A32,
S E 128 J 1IKEL ) . #ECAIL2018-Small il 4
FNZR50%8, FEETEIIEAE I UE2 VR, HUEGAIE 45 S i
BRI RILE MR AR k470K

B LA R RIE TR, K HTE-
IDF+SVMMIBIAL 2% % S] 88 DL Je 32 7 i 24 T A
1N IR TR B 2% 3] SCAR 43 28 5 B Text CNNASE 240300
HANE BI04 DPCNNUSHE Y 1 Sy 56 bl A5 7Y {5
a3 3] TR S A SR 4 1A i, T ) 3001, K
Hword2vecl!, GloVel®Ha] fix N\ & 2, [E 5 i8] ik N\ 4
F&E 289200, 43 AIAE 43 Bt 8 B Il 2R A &=, I 548
K 744 R} v 38 i Directional  Skip-Gram (DSG) %
PBUSRAG (1 4 £ 20000 FF 5 3] ) &g AT 6 L K
25 AR T AN [) ] ) o v P R IR, 5 4 7E Text CNINEL

(18)
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T FTHANARE 7 b {i F word2vecid] [i] 2, DPCNN/% 74
A9 FH I 1) B T SR AL TV AR HESE P LT
%%, %0 EERSE R 3 WS L RS ERR, 1T S AR Y i) B
RS

[ K R P 2 450 S R 8 AR 45 % P SR 28 1
TG DL K TR oo 1) 6T U 25 18 SR s 24 5 N T 50T
B PR ) BERT smult il BU3EAT X L. [k 2618 Sk s
A, BT I 2 A R R S R R B — S

B4t e A batch size % B 4128, 5 BERT omulti

TRFF—8 HAh S % 21 % BRZ4EE . B
Rt BB HEEAE R FAUE R FH RS S R .

N HE— 00 U R M e, 45 &I AR AR IR A
TR TR A3 1R T, K B EE B A B VA AR &R, A
SO, IR IS E AN £ 5, B BERT pmulti, A5
1 BERT gmultifi 1 5 I A i SO S B MTL-
Fusion!'?! &z HACU3I3E A7 5% Eb. 8 312 b SR Y i 46
5 30— 5, @ sCBIR 5 AR SO AL CATL2018-
Large B8 46, SN XTBAY ( S H508 — 2D 1 %

¥ FBERT ;omulti. BERTgmulti 2 TextCNN.
MTL-Fusion§ % bt 185 284, i HY A% 20 750 0 4 =R K
F0.5M 2R AR T IEREAR, 2 R FFEAR, B

34 IIGHER

T 5, K TextCNNZE Xf LE A% L 5 % FIBERT Tl
ST N 2 B 8% I BERT o multiidh 47 %4 bk, [7) i
XTI U G5 1 20 SR ATV Rl SE G, 0 SR2F R, H
Hrmulti R 7 SR A BCA g A5 5 200 R I 4F 45 14T
ZAE 5 5. B Micro-F13E AR5 8, 156 WA R &%
LAY T K5 7 5 A mT DAL 7 A 1 34 I, Macro-
FUAR S B3, 156 W 25 A5 0 450 2 2 YR T 3 0 AR A #
H A8/ 1R 3 7 28 28 0015 SR FIBERT TR VI 2R A5 AL AE oy
IR 2 AE M BE b, G H &Macro-Fl1fg s B #F T
WU 5 o 458 8 Bl T 1] iR N PR R B2 2 ST A L
HBERT omultith §8 5, A8 b HoASE A A 3 Tl 25
BT 5] 44 TOMAT 45 B i 2 HE #4155 "FF1-Score 1)
A RS R T T 0.042F10.040, T B T 31 25 455 7Y
AT LA 280 ARG A e N S Y (1) B 44 % 22 fEBERT il
WA B Je 0 43 %o LA B wp ) SR G g B 5K
Xof R 42 T K ik 2 HEARAT 55 o TR AL R — 8
PR AR, A EE B ST AR, %A Y R I R AE PR T
{155 IHJF1-Score b3~ F )4 5 1 £0.002.

H Uk, WK F 43 4 Focal Loss( TN 2R #E47 T
SIS, R8N R TRAT 45 Sk 37 A ST R AR (B YR

result (z; € ¢) 1 §ic > 0.5 (19) B, S5 BN EERE R 1R H] 5 BERT 1 pmulti— S
1 0 fic <05 Bt Y 2507 BT 2 AT 45230,
%2 SHRETHIERL]
{155 75 IR TS LTS
PR 2 F Micro-F1 Macro-F1 F1-Score Micro-F1 Macro-F1 F1-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
BERT ,multi 0.894 0.826 0.859 0.867 0.778 0.822
#z3 BRENEMIEFRITEL2
1155 275 L TMAE S 1RSS5
FER A4 B P AR Micro-F1 Macro-F1 F1-Score Micro-F1 Macro-F1 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,;multi 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 ;,multi Focal Loss 0.901 0.841 0.871 0.873 0.792 0.832




N

o H

5

*x R

*4 BRETTMIBIRXTEL3

R 2 F% i 44 TAE 55 VRS %

FEHY 42 FR Micro-F1 Macro-F1 F1-Score Micro-F1 Macro-F1 F1-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 ,multi 0.901 0.841 0.871 0.873 0.792 0.832
BERT¢multi(KD) 0.878 0.804 0.841 0.843 0.741 0.792
BERT¢multi(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

n R3FT 7~, K B 4 4Focal  LossH % % 7Y
fEMacro-F1fg#45 E¥H 25, HHBERT ymultiféi
TE P U 55 1 fiMacro-F145 b5 L3 &1 170.012/10.018,
F WA 4> 4l Focal Loss AJ LAYE AN 2 2 48 i 2 B s 1%
DL, A R 5 A 2R A 288 0 R A AN P-4l 40 4
(1 B, B AT T FE AR BRI 200 B I iR 2.

K & S ) 25 (I BERT g multi b B A5 25 HE 1)
TR A HIMTL-Fusion. HACFECAIL2018-Small:
RIFAFR. Hdh, KDFR R R E 2 25048 X
S5 451 % RN ZE TR 2R 1) 28 18 SR W, PKD AR /s TEKD 2 Ail
b, BN A b 2 A A5 R v ] J2 73 A7 458 2% () Tid
O 1) TR ZE 18 S 15 Ours AR 28 R SR 1A il N U
RREFRL AR (T 2O 01 TR 7% 8 ST s

gEA 2. 3. 4, 7ECAIL2018-Small %y 35 4 |,
SR FH Rl 2200 0T B 28 P AR 4D TR O 2801 T 7% 1 O i 3R
3 ) BERT gmulti 5 BERT o multith e 3235, I T TF-
IDF+SVM. TextCNN. MTL-FusionZ§x F A DL K
HoAth 2818 508 KA I BERT gmultifs Y.

Nk L A A R R S O AR R AR
i 2 %, BBERTgmulti 5BERT;,multifEGTX
1660Ti (6GB) . pytorchl.l. python3.7f] ¥ i F,
XTAH [F] F110005% 58 14 £ 4 E 47 1% 5% HE B 3R 45 °F

Yoy B 4% B4R HE B ) (), 48 —batch  size Ny 64 X
Ak 42 32421 2% H 4 3 47 58 UE, 3R 45 8 58 G B

6. BERTgmulti5 BERTomultiZ: ¥ & & #E 78 3 fF
Xt bt g S,
&5 BERT :multiSBERT¢multiZ#H =

RIEBIRE T
BERT ,multi BERTgmulti %%
FER i 3% 2 40 12 6 0.5x
PR i 35 S50 102M 60M 0.59x
S Siistingla| 0.057s 0.029s 0.51x
S IE B[] 22min50s 10min55s 0.48x

SR PAE H, £ 50R 2518 )5 I BERT gmultifA

L) NBERT jpmulti— 4, 45 R HE 2 58 15 $2 72—
i
4 &

R ST X 2 4 R TN AE: 55 o R 44 B R ik

SHERE P I AT 55, 561 0 I B I 254 R BERT X
PRI T4 45 B R A, 3R M T 2 AT 55 ) W T A
BBERT omulti. & X2 48 ) o F0 0 AT 55 o 00 1E
TREARR Y 7. 20 2K R 5 A R 1E, X B
A BB T 1 2 B B AT 41, R T — 43 4l Focal
Loss 5 I, ~F 7 £ A A 2487 11 28 5. 76 5236, SR H
4y #HFocal Loss% % FIBERT omultith: e 4 75, 1H H
TN G B S H s iR, A5 B R o e,
IBAT R, sy ) e FUNAT 452 501 45 Ax
2. HAFTE G IRIE IR a5, B2 T — Pt (i
T ZE A SR, 3 OB AR AE I SR B Hh 1 R BUAE N
2 AR I\ SOTRE AR % b 25 B4 v 2 ) R, R
FH 8 5 B0 A A7 s 2 453 % 5 28 TR R R, A A
B BERTsmulti.

TECATL2018%% 45 4 b 1 52 56 1iF B4, >R A 75U 1)1
SR AT DLAG KB R A o) R ) R T
1F 55 R [ R B 47 4HFocal LossZE Mg n] Lk — P 2
I BERT omultifE AN BT HE 4L E I PERE, 1A B3
8 IR 2 50 K VN R 0 TR SR A5 B A Sy A 2,
SR FH RN S50 A 7R P 14D T 0 2801 2 1 SR s, T LA
A R4 /N TR 2R B2 1) A AR, R T )1 A58 2 e 3
T, 3E— 20 e T R A S P
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