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Named Entity Recognition Approach of Judicial Documents Based on Transformer
WANG Yingjie' ,ZHANG Chengye' ,BAI Fengbo® and WANG Zumin'

1 College of Information Engineering,Dalian University,Dalian 116622 ,China

2 School of Artificial Intelligence, Guangxi Minzu University, Nanning 530006, China
Abstract Named entity recognition is one of the key tasks in the field of natural language processing,and it is the foundation of
downstream tasks. At present,there are relatively few research results on the judicial field,and there are still many problems need
to be solved in the informatization and intelligent transformation of the judicial system. Compared with texts in other fields,judi-
cial documents have limitations such as strong professionalism and few corpus resources,leading to low recognition results of ex-
isting judicial documents. Therefore, the research is carried out from the following three aspects. Firstly.a multi-label hierarchical
iterative annotation method(ML-HIA) is proposed, which can automatically annotate the original judicial documents and effec-
tively improve the effect of the entity recognition task of judicial documents. Secondly,an feature mixed Transformer(FM-Trans-
former) neural network model, which makes full use of the deep features of the inherent attributes of Chinese characters,is pro-
posed to identify named entities of judicial documents. Finally, the proposed method and model are compared with other neural
network models. The proposed method of text annotation can realize the task of judicial document annotation accurately. At the
same time,compared with other models, the proposed model has a great improvement in the general dataset,and has achieved

good results in the judicial datasets.

Keywords Natural language processing,Data annotation, Transformer model,Deep learning,Judicial informatization
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4 if len(dict[j]) > len(s)

5 continue

6. else

7 if dict[j] in si:

8 head=s;. find(dict[j])

9. tail=head+len(dict[j] — 1

10. if siChead][1]1 =*“0” or s;[tail ][[1]1="0"
11. break

12. for k to len(dict[j])

13. temp=head+k

14. if s;i[temp][1] ==“0" and k ==0
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15. newstr=list(s;[ temp][1])

16. newstr[ 0]=“B-LAW”

17. si temp][1]="". join(newstr)
18. if si{temp][1] ==“0"and k! =0
19. newstr=list(s;[ temp [ 1])

20. newstr[ 0]=“I-LAW”

21. siltemp ][ 1]="". join(newstr)
22. end for

23.  end for

24. end for

25.Set=T

26. return Set
4  FM-Transformer i 22 [ 2% 15 8Y

TEAS B W R SCAS Y AR 1 EOHE 5 o A58 AT LUK AR N i 2
AT, S T AR T B S0 A R AE . T B
rh SCH] R SCA Y S AR ROCR 3R T — R A2 Rl XY Trans-
former M & M 4% #£ % FM-Transformer ( Feature-Mixed
Transformer) , 3 7E 20 J7 048 56 70 vl 25 U 46 B b7 T
Xof HE ST 56

T 42 H 9 FM-Transformer 5 8 &5 56 X4 #ir A 9 SCAS #E 47
T L5, A5 2 & A DU B A A 3, () B, 48 B0 1Y i
55 AR AL AL S I8 P D DU YRR AR ) it A B TR
2 M 2% (Convolution Neural Network, CNN) #& % v, 3§ %}
A2 10 i L 1] BEAT 0 AR 4R AR DA A5 B DU YRR AE 1 5
BT S K i A ] i AURRAE 1) 2 2 7] 4 A 2 FM-Transformer
AT e, A5 A R FI0 A B 4 AU B SEAA. 401 N 4. 2
54 | X AR 1 25 SRR EAT T A AU
4.1 NFHFEAE

YER —F QI SCF L IUF A B AFAEE T 2 0 B A R AE, 0
i 55 AT B8 T R AE R 208 R AR 45 . DU 1 D 52 4R A0F 7T LA
PEH 23Rk 0 R B, 0 an, BT i L e
R SOk R D S iP5 NI & I R & S
S NS R S A S o S [ NS [ =S 7 1
W7 S TR U Y IS R AE A AT D s e s i o A B
TN EE . N, X F A R AR 3 xianl ” B 3R
TR SO AR | T A SR ¢ xian3 B, D) 3 Gk D R LR
A S BUF R TG RHAE IR R T DL — o R AR
B S A A A AT DA AR — Kb b R BT A 1 b
FERS R 32 31 SCARBEAT A3 BT IR A9 U B R B DU 9 O 55
AR T2 5 A OE T 2K [ PR AR D TS R A R O H
A CNN #Ff74b 2,

AU CNN BB 54 4 ] 3 s . & T 4]
55 0 AT g % H R 55 R R T IR A AT AL 3L A5 3 A 55 1Y
A PR E R A s, . 25K r Ws, 20l A
F| CNN A7, 28 ast f Kt Ak R IE W) £k 4 38 ), 75 21 3 Y
REAE 0] & rs AL s, O R A B 2 245 8 o/ il s! A
R -

ri =CNNLayer(r;) (5)
si=CNNLayer(s;) (6)
r! = FullyConnected (r{) (D
s/ =FullyConnected (s;) (8)

BRJ5 Kl s BEAT Rl A5 B o B FRAIE ) o/ o FRAL R

GBI .
w! =Concat(rl ,s) €))

@ Convolution Layer
[0 Max-pooling Layer
O Fully Connected Layer

s
w,
]
[]
[]
[
[
L]
]
L]
]
L]

:>|c> o .:>

B3 CNN 4b BT 4R E i Fe
Fig. 3 Features of Chinese characters processed by CNN model
4.2 ZEhIX Transformer
FM-Transformer BB A Z5H Q&1 4 Frs . & 56, 4% 1] =
A B T R X 0 R AE ) i 3 A 4 A B Transformer £ 7
. T IR T R AR RS B SRS S R R T AC
[ R

P

v

T P

XBUIJOS 2918UI T
19K T 1ID

Feature
Embedding

WIoN 2 PPV
JIomIBN
PIBMIO ] POd]
|
WIoN % PPV

—r WION % PPV
| i
| NI0MIDN
: PIBAMIO Pa]
|
|
—P  WION ® PPV
\\__‘L_+_’/ A s

= IIIIII’IIIII =

L

|

|

|

|

|

|
>

K 4  FM-Transformer 15 %Y {1 45 #4

Fig. 4 Structure of FM-Transformer model

TR i A Fe, AEG T TR A AL S 15 3 Ho A
a4k wi, $e3% 7E Transformer (1445 % 8% 48 43 o T4 HAH XAz
BT R, o AT B 58 1) A2 AR AN SR B L R, i BN T

R; =ReLU(pos) =ReLUW ,Concat (span)) (10>

span=spanCh; —h;) sspan(t;—t;) (1D
Horb b fie, Hge, R IG 0L B RS F AL B L span () A AR 7 B
RRM R HREA T .

. 2% - X

Span. =sm ( 10 0007 model ) (12>
2Rl X

span’, cos( 100002 o ) (13)

R TS A DU R AR AN B A R AR AT B R
JIBP R W HEAT T RE . A T A M w Rl B SE R 2k
75 A5 3 DL A RRAE X R 1 Qo K Ve L B I A 45 AiE
R MQ! L K MV, AT .

[Q wE
K¢ |=| W9 |ws (14)
| V¢ wY
FQf wE
K‘,’ — W,Q w/ (15)
% wY
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P AT RIS 0 R T R R T iR AT S

a; = (Q +p) T H(Q +q¢)TR; Wy (16)

af =Q +pH " w/ +(Q +¢ 'R, Wk an
oo AR I R 11553 5 o 2 A RHAE B9 08 28 0 15
4% . A WIS Transformer A5 B 465 19 45 5% 0y FIR! 3547
A A5 8A,  IF AR CRE 2515 2 S 4 00 B0 1) &y, . H
Hoh Hly BOECE R T

h; =W Concat (hé  hi)+b (18)

y: =CRF (Softmax(h;)) 19

P T R AT P ) Uk SR T o L A A X A A PRt 2
EE I 288 0 AN P S o A B PR R Y R) R, Sy T X A ) R
AR YA T G B AR -

Loss=log(1+ X e 2 e %) 20)

i€ NEG Jj€ POS
Hip,POS 1 NEG R HEA W) IE IS A5 s Fls; b B AR 43
K157,

5 SEISHR

H T AR A SO B ML-HIA AR iR 8 7 R TR
F P AT I AR P A A SO 4 N Resume f] 17 444
AN EREZEIEIT T X R, W, AT T bR
A B 42 T iy 44 92 AT 45 . AT 38 TE 2 5 0] DUA 2K
bk S R R AT RN . B S T Rk £ 2 ML A
P DL R A ST Y SCAS O R G R R, R AT T R Y
TH il 52 58
5.1 LHHIEERITRER

AR YR IT SR FH 19 B0 4 43 Ay ) 3k A a8 A i 4 R S FH R 4
P, H vl A i A el R B 4 Ay R S A R e S Y D ik
SCA B L A DL RE R 28R £, Rtk ] DL AR G I AT
€ BRI AR 5 A R Ak e SR AT A Dk
i FH B4 S A B A B R P AT I R A S e A
TEEE 3 Ak E . Hh TR IE R R 3R g 4S
Bym e 4L 979 283 T, 0 ZF Z8 4 ) ke S B 4R 3 365 318 F,

TG 4L 105016 .

AR YR S 5 3 A0S SRR A T A £ N Re-
sume &7 7 BH6 25 5 R B0 48 389 5 20 TF B4 46 L H b o AR
Pt AR AL HG 249 1500 AR SCA B 7T LA AE ] B Ah B R B R0
FH o ARSCHE T 4 s 42 ok 38 SRR X I S5 1) T 3 o0 XoF i 4 4
B 5 R0 0 45 X6 e 20 A . €1 3 CRE, Lattice- LSTM, LRCNN Al
Soft-lexicon #E Y 4 2,

5.2 ML-HIA EEEREXBHRECSHHURR

9T BAE I R ) MIL-HIA 825 i al ek Ak e 48 1T
X o 3 0 S A 0 v g R 4 0 e A R 8 A ) e
AThpvEM R, WK 5 FR, ML-HIA 892 8] DU7E A 3 304
of ] 9k S A S R A P bR L 7 B0 SR bt T SR A
FAR AR TEROR .

73.06%—\

— 408%
T~ 053%

N o \\4‘07%
\— 1042%
Ca) B 8 14 0 e A3 A 2 L 151 €] Cb) IR = 58 0 phe 45 A 2 L 451 1l
6653% —
EXE
— 555% - AW
s PER
== GPE
N 1288% = 1.0C
= ORG
\ \_ 604%
86%
Co) Bl PR 30 4 s 25 LG ) )

BlS5  AN TR B 4 P A A 28 A

Fig.5 Distribution of labeled tags in different datasets

[l I A T S 45 AR 2 Y J2= GOk AU o B 4% 26 AR 28
BRI P SE 2, BE Tt T 2% 28 b 28 110 56 2 foc i I B9 2 A T 4
i, W6 TR, NIRRT RUAR ML Y G S X R i S A
CLAW) JEAT H5 I, 7T LA 3% 21 58 e A9 b 1 20

9474

8000 6971 6971
6971 6971

6000

4000

SEHRARE S

2000
951 951 791 791
51

LAW PER

396 396 396 396 396

— SRR
— A LA RS
— AR
— AR
— AR R S

2212272 212272 AT5 357 357 479 479

GPE LOC ORG

LA

B 6 45 Jhn 25 fe e PR 56 G e o T S0 MR 40 i
Fig. 6 Labeled entities with the highest priority on each label

5.3 FM-Transformer &2 5L i1 5 3 R

A T % UE FM-Transformer £ 8 ¥£ NER £ 45 19 28028
T J6 ¥ Peng 01 (He 50TV HI Cao %0 E S SR 4 10
B S 30 25 AR O B ME F AT X IR, [FI R, 7F Resume 046 4E
1% FM-Transformer # 55 JT 4F 5 4& i Y Lattice, TENER,
FLAT F1 Lexicon & B 3 17 XF B, P AN B4 48 1 (9 XF IR 45

D https://gitcode. net/mirrors/hltcoe/gold-en-horse/-/tree/master/data

1 MR 2 g, g Y FM-Transformer £ %4 7 3 18
R Y F1 AR L B R R 1 . 7E Resume
o AR RS TR AICR .

HER 1 RIR 2 iR 25 3 n] LR B, Al 1) 41 R AIE Y 455 7Y
PUNBOR S0 T 50 F =45 RR AR R, B Rl & T 2 1L
FRME A9 FM-Transformer #& 5 0] DL AE I 2k i 24 3] B IR 2 9%
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B RFAE 2 75 5 DT 8 380 B 4 0 TR ROR
1 SBURTE G A 4 R A R RCR

Table 1 Fl-score of each model in Weibo dataset

%)

Compared Model Fl-score
Peng andDredze(2015) 56.05
Peng andDredze(2016) 58.99
He and Sun(2017a) 54. 82
He and Sun(2017b) 58.23
Cao(2018) 58.70
FLAT 60. 32
Proposed Model 64. 82

F 2 HAEAAE Resume 4 iU 251

Table 2 Fl-score of each model in Resume dataset

(¢79)
Compared Model Fl-score
Lattice 94. 46
TENER 95.00
FLAT 95.45
Lexicon 95.59
Proposed Model 95.80

5.4 FM-Transformer #& 2 7£ 7] i5 NER R EI 3R

BT RIVE SCRAETEE Rk S ORI LAk 3P R
[ N TR R B A S e M N TR 1 SO N
YO FM-Transformer #1 R FH F B 95 28 {4 0 g 45 R R 5 52
PR AW Rk S AT L, R BRIk 3 g, R
Al LA, FM-Transformer £ 8 Xf [ 55 42 {4 28 T 1% 4 e S 43
A B R B TR BE 7, X IR 3 2 2 B A 3 e S A3 R ROCR )R
fE. HRBEAET 0 3 R0 28R w kSR B O e B b 5
FHOH F1 A RF R,

# 3 FM-Transformer #5876 v 1 iy 45 52 A3 51 o 12008

Table 3 Effect of FM-Transformer model on judicial NER

%)
A%k X H -
% 31 Accuracy Precision Recall F1
KEEMHHRSE 99. 14 87.56 92,28 89. 86
e R 64. 82 50. 14 67.70 57.62

F A FIEN 7 45 R RTE R 0 5 10 10 e A5 B8 4R vh X &
FE LR AR AR
F4 AR R SRR P A B 4 b i R AR

Table 4 Recognition effect of each model in civil dataset

%)
Compared Model Accuracy F1
CRF 97.29 85. 36
Lattice-LSTM 98. 74 83.81
LRCNN 99.03 87.73
Soft-Lexicon 99.12 88.45
Proposed Model 99. 14 89. 86
0995
— BAE 094
—— FIfi
0.990 092
0985 090
M.
£ o980 088 %
= 0.86
0975
084
0970 082
0965 0.80
CRF LatticeeLSTM LRCNN  Soft-lexicon FM-
Transformer

7 RTEBE RS RS B R T RO ROCR

Fig. 7 Effect of different models in civil dataset

i & 7 AT A4S 3, 76 35 8 K Y IR 3 48 40 ) e A s 4
L il A I R 38 15 B9 Lattice LSTM, LRCNN, Soft-lexi-
con Fl T $2& H ) MF-Transformer #5270 DL AR 8 4 19 i1
MR, R, A Lattice- LSTM df J1 88— 2 %0 4 43 3] L 5
BT 22317 45 SR ) Soft-lexicon 55 B 7 6 X1 F1 {6 L7 A
B T WAF Y i 44 S AR R

%5 K 8 Jy 2% ASBIRYAE Th) 2 2 1 4 e 5 B 4 4 b X 4%
FEAR MBI . B 8 Ay B 5 AR R L 7 A ER i A0 R
AR e A B A S 1R OB R B B 4R B, Lattice- LSTM
1 LRCNN 19 F1 {4 B & & F CRF £ #!, Soft-lexicon [ F1
{H & F Lattice-LSTM #1 LRCNN, ffii MF-Transformer ik
B T EE M F1{E 57.62%,

F 5 AL R 5 R e A A iy TR AR

Table 5 Recognition effect of each model in criminal dataset

[€79)
Compared Model Accuracy F1
CRF 96.95 41.23
Lattice-LSTM 97.07 50. 82
LRCNN 97.04 53.87
Soft-Lexicon 96. 64 56.03
Proposed Model 97.16 57.62

HT S T DL O A TR T O AR I R Y 2 AR AR
Y RE 5 X A5 A B U R AT BT B . R SCRT 4R R MF-
Transformer B 7i B 2 221 J1 Pl 45 B 405 4 A0 0] <4 52 10 40 ke
PRE b R SR FL 8 0T Al 8 AR 2 IS T B ALY
BOR R B T A AN T R i U S AU R

0600
— fHE
09741 o pug 0575
0550
0972
M 0525 g
E 0970 0500 =
0475
0968
0450
0966 0425

0400

CRF Lattice-LSTM LRCNN  Soft-lexicon FM-
Transformer

Tl 8 AN [ A5 A R 2 28 0 M08 4 T I UR
Fig. 8 Effect of different modelsin criminal dataset
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AR A [F] AL AR SCHR R T — i 22 65 48 2 90k A 0 SCAR B b
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SEORTA ML, 2 a3 T TF-IDF 5k 09 SO 7] i A
KFE LR, AT LAAT R0HE X 43 35 38 SCAS A w] ik SCA . A ET, 42 1
T —F 22 Transformer #ff 28 W 45 A5, 2 A5 0 ] D) B0
P11 e L D e S O S S 1 R N s 2l S R N A

LU SE R R0, B4 A9 ML-HIA 835 07 LA 250 i 2>
N EARE R ARG, IE ORI B0 AR v 0 B k. ISR T L
TERIE U S R AT B —E S E N E. [,
JiT £ 4 1Y) MF-Transformer #ff 25 % 45 £ 24 ] LA 250 b 352 51 1R
FHEMFN A I E B S T RO, R
Mo B R 7 W) vk S0 o B 2 A M A R R R R AT g —
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