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Category Prior Guided Mixup Data Argumentation for Charge Prediction

XTAN Yan-Tuan"? CHEN Wen-Zhong"? YU Zheng-Tao"? ZHANG Ya-Fei®? WANG Hong-Bin"*

Abstract Charge prediction is a typical task of artificial intelligence technology applied in the field of justice. The
task is to predict the charges of the accused based on the description of the case and the fact section. Due to the
highly class-imbalanced of charges, classifiers usually result in poor prediction of low-frequency charges. To address
the class-imbalanced problem, we propose a Mixup data augmentation strategy that combines category prior know-
ledge to improve the prediction performance of low-frequency charges. In this paper, we first learn the representa-
tion of text vector using the bi-directional long short-term memory model and structured attention mechanism.
Then, we apply the proposed Mixup data augmentation strategy to generate synthetic samples in the text repres-
entation space. To emphasize data augmentation of the low-frequency charge samples, the category prior is em-
ployed to bias the synthetic labels to the low-frequency category. The experimental results on real-work data sets
demonstrate that our method achieves significant and consistent improvements compared to other state-of-the-art
baselines on the accuracy, macro precision, macro recall, and macro F1 value. Specifically, our model outperforms
other baselines by more than 13.5% macro F1 value in the low-frequency charges.
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Fig.1  Overview of proposed charge prediction model
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TR

¥ TFIDF4SVM #5744k H 4> %k H AR 72 1] i
NYERE BN 100, LSTM AR B g BeCiR 265 45 2 % N
100. CNN BRI yE AR 50 5N (2, 3, 4, 5), B4
TEV AR RNy 25, FELR BRI SLIG 45 S 51 H B X
Hik [12-13].

ASCSEZEL T 2 AN 51N Mixup 4 1 58 505 11
FERL: LSTM-Att-Manifold-Mixup %7~ 5] A Mani-
fold Mixup ZCH 3 55 56 W G 95 42 TR Y LSTM-
Att-Prior-Mixup AlE R 265 Mixup [1F5E 4 Tl
DUARRY . AL T 1 5 TR LR AR Y] bL S 6 45 R L3k 2.

2 SR Rl LR, AR5 54
FERAA L, 75 3 N EdE 4 LY HUAS 7 B 7 T 45
R, MR FREER . ZRRIRAE F1 AR R
T HREHA. 5IA &R SECaps fHE, 4
A LSTM-Att-Prior-Mixup & Criminal-M %{
PidE R REIR T BN, HERREE T T 0.9%,
MP {H#E 5 T 9.5%, MR {H#E & T 11.8%, F1 {H12
= 1 10.5%. XL sEae 5 AR B K145 Mixup
HGH 1 58 7 1 e A RCHE v S A TSR () 1 R

5 LSTM-Att-Manifold-Mixup J7i%:AM EE, 5l
ARS8 ) LSTM-Att-Prior-Mixup J77A7E A B
RMF1AE EEAHRHT, H IS 2 F MP
I IR AR B2, 78 Criminal-L (RUHERGE A5k
MBI N . (HE RIS N80 Je 361 B T-4¢
e S 44 T ) S PR R, T AS 2 X R R T A i
2 AFFZm. LSTM-Att-Prior-Mixup J7 /A% X
/NI 4E Criminal-S IR T 5.3, #HLL SE-
CapsF1 #2751 6.8%, MX}F Criminal-M 1 Crim-
inal-L 04 £ 3 T+ U A s 55, 3L 32 2L R ] fg
FEBEUIZRREAS 36 22 ) Mixup J5 & BUREAS iR A
TEPR S, B2 BN — P AR TR SRt g s A

FLMA AR R R SR A MP 8.

Nk — 25 IR A ST I HEARTR 44 7 A RE I
SR, AR SCER X AN [F) A% 5 44 JF JE X b sl
FRYE I ZR4E p 5B 42 10 H B RO SR 42 R 40 3 2K,
IR A =T 10 SR AR R IRAEE 4, HI
=T 100 MR A EmEE 4, HARIIER
R TE 44 . &% Criminal-S $HE 4 AN 5] 4 % TR 44
FOUI S 56 45 3% 3.

& 3 7 LUE tH, AT ELE m, HhAFi g
SR B FLAEIIR TR LR B AL AR SRR X
I A 58 44 0 P e SR U N B 3E, M SE-
Caps B %2 F1{HAEFHAR] 13.5%. L3645 F K,
ST H IR B 3 5 SR NN B KR SIS R 44



8 LR PSS A 2R Sa 5 Mixup HUCHR 1 58 (¥ 57 42 T000 77 v 2103
® 2 GRA TN LS AR
Table 2 Comparative experimental results
.- Criminal-S Criminal-M Criminal-L
Acc. MP MR F1 Acc. MP MR F1 Acc. MP MR F1
TFIDF+SVM 85.8 49.7 41.9 43.5 89.6 58.8 50.1 52.1 91.8 67.5 54.1 57.5
CNN 91.9 50.5 44.9 46.1 93.5 57.6 48.1 50.5 93.9 66.0 50.3 54.7
CNN-200 92.6 51.1 46.3 47.3 92.8 56.2 50.0 50.8 94.1 61.9 50.0 53.1
LSTM 93.5 59.4 58.6 57.3 94.7 65.8 63.0 62.6 95.5 69.8 67.0 66.8
LSTM-200 92.7 66.0 58.4 57.0 94.4 66.5 62.4 62.7 95.1 72.8 66.7 67.6
Fact-Law Att 92.8 57.0 53.9 53.4 94.7 66.7 60.4 61.8 95.7 73.3 67.1 68.6
Few-Shot Attri 93.4 66.7 69.2 64.9 94.4 69.2 69.2 67.1 95.8 75.8 3.7 73.1
SECaps 94.8 3 703 694 95.4 3 702 696 96.0 8.9 797 1795
LSTM-Att 95.2 75.1 74.4 73.5 95.9 75.9 76.6 75.2 96.6 86.2 79.5 80.8
LSTM-Att-Manifold-Mixup 95.3 73.7 75.3 73.3 96.3 80.1 79.1 79.5 96.8 85.8 81.5 82.3
LSTM-Att-Prior-Mixup 95.3 76.7 78.2 76.2 96.3 80.8 82.0 80.1 96.6 84.5 84.9 83.3
*® 3 ARAEIELTNE F1E x4 HIRERLHNE F1E

Table 3 Macro F1 value of different frequency charges Table 4 Macro F1 value for confusing charges
T BRI (4935) A (5138) =il (492K) R F118
Few-Shot Attri 49.7 60.0 85.2 LSTM-200 79.7
SECaps 53.8 65.5 89.0 Few-Shot Attri 88.1
LSTM-Att 54.1 65.0 90.1 SECaps 90.5
LSTM-Att-Manifold-Mixup 64.2 66.5 89.5 LSTM-Att 91.8
LSTM-Att-Prior-Mixup  67.3( 1 13.5%) 67.8( 1 2.3%) 90.0( $ 1.0%) LSTM-Att-Manifold-Mixup 92.3

()7 R, ) R ANURH AR AR 44 TR0 P BE A —
R HEE . 3 32 SR R 2 A PR AN B~ i 18 2
S RIPSRIHL, TR0 51 5/ Mixup s o
WG B BB A RO i TR AT 44 N 2R B
T o T BRI AT TR 44 17z 1 g

R IR IE AN SC R X B YR R A% TN B G
BE, ASCEEL Criminal-S #0545 4 43R 1K) 5 R
ARSI RS, e a2 Uk S “kk
B IR E B, TR S 2
R CEARMOREE" 5 CBRMRAREE. R 4 AILE
LS AR EE T BIRETEL 0% F1A.

R 4 LR, SEGEMMLL, A7k
X IR IR A T 4 F1 3RS T B B e, M
e RE SR U5 1) SECaps B, A S VETE 5 IR IE i
4 ER % FLAEIRTE T 1.6%. SCA T4 5 IR % IR
4, |5 LSTM-Att-Manifold-Mixup 1B GEFH 2
F FLAEAAEZ 0.2%. SEEe 25 R, £ XA B ik
N A PR ol DA ek A5 2 1 v Ak R
T 2 1RV I 4 T 5

4.4  EIY4RISERTEE SIS
AT B IR A SCHRE R 8 5 v AN Rl G

LSTM-Att-Prior-Mixup 92.1( 1 1.6%)

PRI IE N AR SORE R R A ) ST R R A B
BERT Tl 4iE 5 B, J415%F Criminal-S £id 4
HBEAT 7 ELsEEG.

7 L8 B W) VE SCAR AR, AR SCR G R
2 N T REWE 78 bt 5 ARE 5 02 542 NSO EF
DR AL T S BERT TR 25085 5 455 26
TE N gmiD 2. TESEI0h, AR SO T AN 2
T BERT FE&4 A4, Horf BERT-CLS £nK
F [CLS] X} B ) 5 A S SCA R 7 (1) 1 44 T A 2
BERT-Att #/n7E BERT %t A3k a5 454
b BB IHUERI SRR R IR 58 4 AL AL 7
i BERT BAYIE, AR 25 AR S ie R oK 27 > 22
BN 1 x 107, FFRIEAEER F1E % B R
RN IR HIPERE A AT, BE4h, T2 IRT GPU &
fF45 8, BERT BRI NN 32, £ 5
JEoR T AR gt 4 5 AN R Mixup £ 18 55 06 0% 45
A g, B A T F1E.

R 5 BRI as T kT LAUE H, PL BERT 1E
SR 2 R 4 AR TN B 2401 TR A Bi-LSTM 1
YAt % R 7E SISt AR R BRI BERT fE
G 5 s 1 R 44 TIUI AR TR A7 7 7 5 (1) 3 0L A e R
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Table 5 Comparative experimental results of
different encoder
Criminal-S
TR
Acc. MP MR F1
BERT-CLS 93.4 65.6 63.1 63.2
BERT-CLS-Manifold-Mixup 93.6 69.2 69.5 67.6
BERT-CLS-Prior-Mixup 93.8 70.6 72.9 70.6
BERT-Att 93.6 68.5 69.7 67.2
BERT-Att-Manifold-Mixup 94.1 70.8 73.0 70.9
BERT-Att-Prior-Mixup 94.4 71.4 73.3 71.1
LSTM-Att-Prior-Mixup 95.3 76.7 78.2 76.2

i, BERT BER/EIZR4E b RHER % =
FHRPL, 7E55 7 ~ 8 Fe i A H X I 2R 48 I A R 1A
B 1, {H LI B UF & (I HERR RN 94% FoAT. HELIX
— I G JE R AT RE & BERT B S HEE K, £
VIR R 3w 1) AR 44, AN IT 5 BB (1 A
PERERLZE.

XTHEAE F) BERT #:8, BERT-Att fI14:RE
fiiF BERT-CLS. SZ40 45 R 3 B 7E Tl 251 5
FAl L, SR S5 ML TE B HLHA B TR 22 5 3
BT (1) 5 AL

7E B4 1 5 SR mg 7 i, BERT-CLS #E7 AN
BERT-Att fAITE 5] N 3 50 SR 0% f5 , A58 1 R
WIS B3R . 5 Manifold-Mixup /R, A
SCHEH SR SR 58 Mixup KO 18 5 SR E 7 3R 15 50
U TR e

SEIREE AR ARt IR A58 Mixup 4L
5 156 555 SRS AT 3E TN R ) SCAR o AR [FIBA
Bl eSO AR TR o) ) AN P SCAR 73 B I P e

HRASC I

A58 Mixup HH 18 560 55 s A 25 /40 i
& JIWUR A S5 2 i) B SR 73 . SR AT
X A% AR R A BE RS2, A SCEAT 1 2 4 VH
SE. 5 1 AR WAL ZRad R TP AR BRI S B
Mixup HHEH 8 5E, ZSLRAER 6 dricy LSTM-
Att. 55 2 HSEIRAE R FR IS S5 58 Mixup Bd 1 53

4.5

LSS N A AL S E e )=t < LY
JZ, ZSEE AR N LSTM-Maxpool.

HHEE 6 (78 kst o BT R I, BR800 e 56
Mixup £ 38 50 50K J5 , 1AL RE I 2 T [, R
% Criminal-S 1 Criminal-M ™ £03E 5 1 v
R REZA TN, 13 NN MR SF
TEET 4.9%, FLEF T 1 3.4%. LIgs R
B, A SCHR S ISR 5 Mixup 5 18 56 55 s o
SR AR AR 8 AT B AT SR, B 1 o SRR T R
FR AL F B R FLAG, 1A 2 6 A i i
RSP 1 ESCIssuEA: -2 1]

KIS R R 1 E B #8 Max-pooling
G, BARIPERE KR T B, HERR Y R T 0.9%,
MP “F¥ R T 22.8%, MR “F R T 28.4%, F1
YRR T 25.8%, %2545 R, MSCA
SRHE B 153 XS T 9 48 TR B 1 PR R 4 T
A BEZERW. AT RERKMGE, SR ER
JIHLE GRS BI04 R SRA [0 1T 22175 1 S AR
fiE, T KR 32 A 2 () 1 R

T Rl S50 4 AT H ) 7R 4 M 1R
BT R 44 00 RAFAE 6L B BINA IR 2
FSE 56 Mixup HH 36 55 58 g vl ik — 3R R 44 T
T BE.

BEHRIRMm
AR VA T S ZEE 2 MO0 3R 4% T 1 BE

4.6

FEARTR G 7 N RE T REAI & L], XDy
FEA ) 53 A7 BAG EE 0. AR SO B T AN A Beta
SIS HOT B R s B 4 RO TSR
ZH o THANS Criminal-S s 8 10 700 25 5L, #%
AFRNE S o, PABKR AR 1 BEFR AR,

HE 4 Peins R LA, BEBEZSH o n
WA B PERE I B 3 . LR R 2 2 o IR/
I, SRFEAS BN H X B R T 0 B8 1, SEUNFEA R &
oA ) Horp —ANREAS, Sem T O A ) 2 FEE.
B o fHIG R, SREEF IR A EB T 0.5, MIFEA
RRTEA EEA T B 5 HE m T3, A oA

6 THREEEE TR AL P A5 R
Table 6  Results of ablation experiments
) Criminal-S Criminal-M Criminal-L
il
Acc. MP MR F1 Acc. MP MR F1 Acc MP MR F1
LSTM-Att-Prior-Mixup 95.3 76.7 78.2 76.2 96.3 80.8 82.0 80.1 96.6 84.5 84.9 83.3
LSTM-Att 95.2 75.1 74.4 73.5 95.9 75.9 76.6 75.2 96.6 86.2 79.5 80.8
LSTM-Maxpool 93.5 44.2 41.1 41.3 95.6 58.0 54.1 54.9 96.3 71.2 64.8 65.9
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Fig.4 Impact of Beta distribution parameters

FE TR 2 ) R o A SN 50 XA it A A Bl
TP ALK o R PSR, $R R K2 A RE
Mool 150 AR PEREA T T R, FLRE AT R
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2 o L 150 JEBERVEREA PR B, LR AT
e AR R A EHEGE 0.5 HI7 2R/, X4
SO FREAS R 22 RE I, AT RS TR )1 it AN
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SR BIERNZNHESE r RE T URERR
MdERE. 18 5 R T ANIE r AE X BB 1 R, A
ARERON r NME, HNARBRORE R PR REFE AR

HIE] 5 SR AT DA Y, BEEE R0 k30 (4G
K, AR RS R BCR R A 1 RE
WAWERTE. 2 r KT 24 J5, BEALEREH BT T BE,
FLJ A T BE AL 24 BRI, AR (1 52 20 2t Bl 2 3
K, FEHEASL G, BRI EBEOZEET.

4.7 BB

AR SCIE I AT ARSI ) R IR SR AT AR 44
TRIAE Y (1) 5 AR, FRIE XS L LSTM-Att #7Y
A1 LSTM-Att-Prior-Mixup HIVE 5 /122 5 %) B 184

Example: 131133§)LE% ; AH/LESE

QFF HlK 12 4 2 AR Wl Ee, «ExRRERE T, FEm ABRE [UNK
HE [UNK] RER BEA RS EOREFE SR M ILT, DEEANERS
, BT AWHNEEE, UNKUNK BRI RAT I ESENERERE
[UNK]RE R A BT ER R E R BExF A, BEEESLRAE—
B AIEE [OET R (UNK] IRHAT 8 0 KR 8 O, & X5 DS 2 W
L, #EARFEA«BEMERAT (UNKERNTESEE, BELE
FE & R ROT S S0E SFE . 4 N VE R RE NE BEREL L
BE, WEA f SE TR EEE AT R P RE B, B AR X LE ST
# 42 JRIE WA K183 IER P04 i

(a) LSTM-Att BIAF 5 Iy w4k
(a) Visualization of attention mechanism of
LSTM-Att Model
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Fig.5 Impact of head number in attention Layer
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) “AF 7S H2, T LSTM-Att-Prior-
Mixup f7 LSTM-Att #58Y (13% 72 /7 504 8,
TR T WL 5L BT RMAEE, W
X7 “PPE” 2%, AAEIE R B TR EER I ES
L LSTM-Att BALKZ R R “dRikHgRRE.

7 RR T BRI BIRE TR AT IR R
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[UNK] ¥ B & A Bl PR RA 5 o3l B dExH B, EEE S 0B AR~
5l BUTE 7 8 A URIE [UNK] THEF S 0 BEE £ B, (& EENNEEEE S W
EEiE ARAR T «F <A xAEEET (UNK SR F 2 88, ®BEAR
EREEREE AT AR ORE SR, WEAxEFENBENE ST EDME
B, BEAOEREEAEEE A E SRR R, BH LF ilx HE ST
#45 FIE #5818 HE UL ES
(b) LSTM-Att-Prior-Mixup 733 & /7o #ifk
(b) Visualization of attention mechanism of LSTM-
Att-Prior-Mixup Model
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Fig.6

Sample of low frequency charge
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HEER AR W05 812 WEA KE [UNK] 7 7 48 L 8 183 i £ [UNK] RZE Hi

MEFNXR, FxERN—XKRL, T EE B B X 0ERRESE KA

7T AR /3 BB RE 9 #EA KR 8 T x75 7T 89 5708 B Rxh T A6 &’
MR BT, AFXRG T EAES BIE R WEA #6528 F IHE EX BEA K
FiE RE AHPA X 1512 09 B & R X RINBHPA AR BEA KFIE 4 BRE
ISR 52 At AREFETER H AR BT ARA BE, BAAENT, #£8
FBOAGR, I3 BEA KEIR KL = F T FHRIER 3 B0 S I

WEA KK [UNK] 7 7 48 L 68 155 i (E[UNK] 52ZE Bie Bf RE O XR, Fx&F

M — R gL, EEESBE B RR WERES K xh T ART G B RR N

WEAKFNE 8 T x73 7T ) FR0E B R x5 T B A8 B B B, WEA KR

1B F xFxA xBE REE AR RRRE KRR, 0L R4F T @ LERSEHTENE T
BB LR WX, F T LE ¥ 2 3F R & IERE L EAR 5 NIES, E
St EIBUSEBKE [UNK] 48 80 x5 7t AR MR H #E) 3KEHE K18 R 0 BX IEA
B RE WIS, X B RE SR A KRR ER= B @ H TRiE AR MELAE
IR BE HREERIE (UNK] % B IEA T RR S, X H A [ 5% SR
fB5 A 18 RREEKEIRHE ME , B KRR ERREAKERR T KX S

BB R xF5 7Tt AR™ UK 8P R5 7 [5 5k H /M2 535 12 1 85 7 #Bh A B AE

R ER GF R fEiE, IESE KRR [@ [UNK] (SR & 53R 1 BX /it KRR
T72 &8 R X KEE € F xF xA xB [ 5 SBF A& [UNK] 2% T 58

#9 B ERR XA, ESE BR RE BIE B £ HRE BIiE 0 HR 4R BICR IR R

TP & BE N, JEE KR T xF xA xB 5 [ 05 1l RR H RGN

W=, BREHNX T EFExA xB IR ME PO IR HR 548, ELREEN S

7 158 R £ Lith RI RIF 09 1508
(a) LSTM-Att BEAYE R AT AL
(a) Visualization of attention mechanism of
LSTM-Att Model
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