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W E ATAFHLATAFHREANAZNGFALEE RBHEARIRF TR E, R B — KT MacBERT(MLM as correc-
tion BERT) #= sF 3t 9| 4k 49 F #+ L K 4 % 95 4K 32 %] (Named Entity Recognition, NER) £ & (Audit-MBCA), B W& E ¥ 3J &£
NER#E4 LR AM#BEMRBEE . BFFIAALEERELZ FHRDRANRAHE R, AxTX LR, P MET Fit
KAHIEE I A H L K Audit 2022,4 1 MacBERT & XN 45 BB KR LG F AT, B IR, AR F Lo
8 (Chinese Word Segmentation, CWS)4£ 45 NER AL 469 32 £33 RAZ EF Bt 4T TR D RmA ., £ LR AW, Audit-MB-
CA A Audit 2022 #% 3 H L6 FI LA 91. 05% .8 T AR B R A T 4.53%; £ SIGHAN 2006 # 3 £ L&) F1 1A%
93.70% B LA AE A IR AT 0.33% ~3.25% , BoiE T AR AL A 9 R A2 AL AR 77

KW F LR % F AR A s MacBERT ; 3+ 3 91 45

REZESES TP391

Audit Text Named Entity Recognition Based on MacBERT and Adversarial Training

QIAN Taiyu,CHEN Yifei and PANG Bowen

School of Computer Science, Nanjing Audit University, Nanjing 211815, China

Abstract
cy tracking audit,a named entity recognition(NER) of audit text model(Audit-MBCA) based on MacBERT(MLM as correction

In order to automatically identify the effective entity information from the audit text and improve the efficiency of poli-

BERT) and adversarial training is proposed. At present.deep learning has been maturely applied to NER task and achieved signi-
ficant results. However,the audit text has some problems such as lacking corpus and unclear entity boundary recognition. To ad-
dress these problems.the audit text dataset named Audit2022 is constructed in this paper. Its vector representation is obtained by
using the MacBERT Chinese pre-training language model. At the same time,adversarial training is introduced and the shared
word boundary information of Chinese word segmentation(CWS) task and NER task is used to help identify entity boundaries.
Experimental results show that the value of F1 on the Audit2022 dataset from the Audit-MBCA model is 91. 05% , which is
4.53% higher than the mainstream model; the value of F1 on the SIGHAN2006 dataset is 93. 70% , which is 0. 33% ~3. 25%

higher than other models. These verify the effectiveness and generalization ability of the proposed model.

Keywords Audit text, Named entity recognition, MacBERT, Adversarial training
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B, ERA BRI A SR ERE S, Z U AT R
T HL 7 B B B o T o AR v R AT 2 AN W A T 0 o T
SCA XA R Y T A G AR IR T R
I (8] VA ELA 5 20 o T SCA I 4 Z 8] I AR G 1 . i 44 5
P (NER) & H %8 18 5 Ab # (Natural Language Proces-
sing, NLP) i 8 % (4 ZE 6l 4 55 RE 48 A 3 W3 31 S0 iU
RSB W P QPN A K i B R S A LI N S SR R e
SCH LA B IR B AT BEAT 56 AR BRI A A TRLRT 3 A
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T AR A 1 L U RS AR o O AR T SR TR O] B Y # ST A AR T
FEAEME 22 SR, T It AL 8% 2% 2 1Y fim 2 SRR J7 vk
it S ARAFR R A 19 328 ORI S35 AT 55 B3R R I
AETMAFRAERIAR h , F B AL 46 B B SR AT R B8 (HMMD B
RARERS CMEMD ™| 32 5 1] 8 HL (SVMDE 1 4% 1 B HL
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ZALBE 71, Hammerton'™ # 2 ¥ K %8 W1 ic 12 M 4 (Long
Short-Term Memory, LSTM) 5 CRF #1454 . 385 H i H 2]
i 45 SLR R b2 R 2% 1 7 ) g RE ) R L Rk LSTM-
CRF B T SR P 0 SRl 2, e 20 1 BL Al I, Lam-
ple 2548 1 XU K 48 13242 W 2% (Bi-directional Long Short-
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Term Memory, BILSTM) 5 CRF #1454 i) /0 45 45 5, 5 Fh 74
SRR RE S ARAT R SO B T A B L e 2
i 45 SR AT 45 f . Chi™ o 45 38 1 i % 7R Al & $) BIL-
STM-CRF #7817 AR, IF F THy 2 ) 2B R 45, B 7
TE A W 55 A 140 8 kL 1 F1{E R 83.56% . RE IR
2 ) IR T A T A S 0 I R T R K 1 s 4R
T F NGRS HOFF RS G . Bl 2R 5 A
AT DLt SO vl s I 2 20 B — bl R E SRR, 12
PTG (A AL ) b Ak, DA T ELAT S A 32 AR M IR BT 8 R
TS .

SR I PR B A 3 D7 VR AR A 4 SR UM B T BUSAR G 1
R (ER 8 B W N A L NG PO - L L o8 b B N T 1
58 BB X T UE0R R S AR D BB Z R N Y
BHEE . HWRG A MBI 2R18 5 BB 7E & 11 55 bR Re R IR
St AR 22 DL SO SRRl FLBA AR IR R SCE AR S TR AL
IS5 BT A ST R B AR B SRR L SR 0 R T M 2
SO AL Pk R TR W A S T SO AT S AU I
SRR . AR (CWS) T4 A TR AL 7, A F &
Mg, H S NERES AT ZMENILRER. A
B F NERAT 45 dF 47 SC i R B0, 3 1 fiom ., 4@ 4+
B BT R AR AR R b R B R RS
B 1 S AE NER AR5l CWS AE 5 A IR . 9 AE 45 p L 2 4%
S5 T TR v 4R 2T AE SRR 45 307 NER 1145 b CWS 15511
ORI EE TR, WA S AR A B B

%1 NERALESH M CWSAL S ()5
Table 1 Comparison between NER and CWS tasks
4 EXY R I
EES A EARF T T S X E L

NER B-LOC I-LOC I-LOC| O O|B-ORG I-ORG -FORG I-ORG
I-ORG I-ORG I-ORG I-ORG I-ORG

BB RS R R | BRI E K | R 4E
BIEIBE|IBE|IBE|BE|BIE

CWS

B0 b ] B, AR SCHR H 3 P ST 608 AR R R ket
BUUI R0 T SCA A 2 SR vk, R ETTE T -

(DA T T SCA B 4RI i 4 0 Audit 2022, 58
58 T IR 55 1 ke e AR R TR S SCA B0 S ot B diE AT T Ak
BRI 5y o B R X B SR AT AR A 5 . B R M R AT TS
A 48 SRR B R

(2) T P SE AR 3 F AR IR R . ol o SC TR 2508 5 A
RYARAG o PF SCAR Y 1) B R R IR X B 2R R B S AR
fir 44 SCARPUNAE 55 h . A SCELALFE Audit 2022 B4R 4E 1Y
F1{E24 91.05% R F AR T T 4. 53% ;7€ SIGHAN 2006
MR FAY F1{E R 93, 70% . B HAB B R FF T 0. 33% ~
3.25% U8 UE T A SCBEI 1 A AE FZ AL RE T .

2 MHXIME
2.1 WGBS HE

BERT (Bidirectional Encoder Representation from Trans-
formers) 7& T 2018 4F 10 A B Google Al WF 5% B B9 Devlin
DU 0 — R B 2505 H AR AL, iR A Transformer
AT BT B T L (Self-Attention) F Il 17 [H]
A OC R S A AR 0 N BRSSO AR S IR 1 2 I NLP 4 55
% 2 ke . [N, BERT B9 32 I d i sk T Word2vec
Tk X oy — 1 2 SCHy R R BERT 76 % AE 55 B KB

PS5 AR A DL SR B ZR L a7 Bl AL 5 2o 72 P 38 2% R
SCiE SRR AR, Cui S0 SR T o SCHUI SRR H OB R
MacBERT(MLM as correction BERT) , 3f 7F #1 ¢ vh ¢ NLP
B DAEW] TR M E. MacBERT 7E BERT (9 564 I
HEAT TR . — R 5IA T A5 B S F AL 8 (MLM as cor-
rection, Mac) Il 45 AT: 45, ff FH 4 35 8 7% 5 B (Whole Word
Masking, WW M) X % 5 BT 76 (19 ] 3 47 4 #5 HE 15 , [5) 0 {1
N-gram 5K B > e 58 # [ MASK AR I 19 LE 4], W 2R N-gram %
e AT HE S L ) 25 Ay FRORH MR 1 1) BE AT HE L 5 A R ALY
T U e 20 fiE P I8 B9 AT R 45, DA 2 A B0 £ Wi AR
557 A — SRy ] B % R H A I T (Sentence Order
Predictions SOP) {F 45 # #: NSP(Next Sentence Prediction) fF
552 SOP 41 55 /2 fd A5 7L J4) W7 13 75 A4 6] 109 1E A LY . R
MacBERT ] DL HE 4 30 58 FH F 2% 45 rp SCHH 48 09 7 i %o .
Jiao G5 MacBERT i FH 31 52 228 450 35 40 b 8 552 A i 0 4T 55
o, IR b SR g UE I T SOOI RS F R A YR Rk . Sk
K& & B H #R %A WF0K MacBERT R 2] 3304,
2.2 xHillg

Hz X P W 4% (Generative Adversarial Networks, GAN)
A1 Goodfellow % f5 FL4R H I FH F EME G . GAN /T4
Y 5 28 AL 55 A BUAS A B A 55 45 4 T 0 I — A MR 2
LSRR IR SR AT 55 A AR 1 AR R A AT 55 A= A )RS
Az AT 55 % 03 45 0 VR IR R A 2 AR AR AR . S TR F 5
e XPHUYIN RN T2 NLP Gl b, IR MO8 TR i i 8. Cao
SRS —Fh X BT A 2 I HEZLOFSE A B TR S AL K
CWS {E: 55 i J 224 31 FUAF B 4 3 NER 4 55 . [7 B B
1k CWS AT 55 19 A6 {5 A5 R A9 77, £ SIGHAN 2006 ¥4
£ R F1{H R 90. 64%, Zhang' ™ {fi [l DeepCAN 1E & 3t
EE A FRAE SR IBCES HEAT FRAE SR I, W S AU B
P 25 4 g A RS BT 9 465 119 45 00 2% , 45 3 2 AR A 4 BUAS Deep-
CAN HEAT X HU % 2 42 W AT 55 36 22 19 ) 3 525 8L 78
SIGHAN 2006 (44 1119 F1 (H N 91.82% . & MBAI/E4
AR EHS TR S5 R BB s & il gk 5
R,

3 EF MacBERT #0333t ill 45 B9 65 & LK iR Bl 4 5y

R T ARAR T SCAR B A A 1] k3 ik e S A i SRR
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Fig.1 Framework diagram of audit text named entity recognition
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3.1 NEREHF CWSE%K

NER 1% 4 #l CWS 1F % 4\ i) ¥ f3. 9% MacBERT, BILSTM
Ml CRF #3, BT NER LS5 Ky £ 55, CWS 4T 55 4 i B AT:
% T PR L NER AT 55 by 3= HLR ) X 485 B 25 4 i AT A 4
3.1.1 MacBERT &

A A ] MacBERT 3% 18 i A SC A 1Y ) R IR,
MacBERT Hf Word #% A ,Positional #& A . Token type % A Fll
—ANHEEW L )2 Transformer ¥ i, Word i A H F £ = F
A B 115 B » Positional fix A T 4 % F1 2% > SF A8 4] 1 i B9 AL
H A5 E  Token type #}k AT 87 45 2 1) 1 i) 22 45 02 3% 22 1Y
J5 RG] F GO FRAE . % 5 K Word # A | Positional it A
Hl Token type & AR M I AN . 44 A A F C={c1»
Cosrn sy b FER] T E LRI R A 43 ) ¥R Jin LCLS ] #5 % Al [SEP ]
Fr%, %3t MacBERT AL3LJ5 . 15 Bl A A+ C M9 I iR R N
(X0 9X1 0 X0 s s Xpi1 ) o
3.1.2 BILSTM &

K JE 012 P 25 2 A FR i 22 W 4% (Recurrent Neural Net-
work , RNND i) — i 25 {4 , & 1] DL A 34 R KB 3 {5 8., i 3
I T 25 4 FNEAZ BT g e RNN 78 I 25 i 2 v o 80 /99 60 B2
el B R A B IR A . LSTM Bauast el 2 Frs .

2 LSTM Bocshty
Fig. 2 LSTM cell structure

LSTM 8E4Hth 3 41T 86 A 1 A2 A2 8 08 41
S 3 AR C AL A T AT A 1T . LSTM fe
TR I AR 1 B TR 0 AT i DR ok
S 5 A 0 B 0 15 AT T RO D B B A RE R 55 2

HrTaeg et 2 0 E A, RO -G PR,

f/ o
il o Xy
= (w[ ]er) D)
0, c h,
¢ tanh
=i X X (2
h, =o, X tanh(c,) (3)

HAr, fooiso, 405 ¢ B2 A BT A TR T ¢
ot BEZVEPIRAS s e N e W ZNEAZ PR IT RS h, Ry e B 2
i .o N sigmoid BTG PREL . tanh SRy XU IE VIS K50 W R
ALEE L b A i I,

i F LSTM HBE3R A X1 i 250 A5 B AT — 2115 8
TEJT 9 b FEAT 55 70 2 I 20 5 AR B S — 2005 8 R AR 2
KREE, N TRGFIIPM A E S, AR BILSTM #17
FRAERREL, A= (O — K 6) P .

—- ——— ——>
h,=LSTM(Ch, | ,x,) 4)
-~ — <

h,=LSTM(Ch,— ,x,) (5)
h.—h, @Dh, 6)

FEop L h Rl 53 00 565 ¢ B 20 R R 199 B OIR S . D%
IR SRR
3.1.3 CRF &

BiLSTM Y Al 3543 | F SCHfF B 6 R R & % 1% 4
FR25 2 18] B AR 6 2 L I G AR SOKE BILSTM Il 25 i i 59 45 fiF
fifi |l CRF #7452 50 B L {2 BILSTM % ) 1) 4 A 2 1
CRF Z 8] A xf 45, S 78 T CRF HE47 b5 28 5 51 75 90 i %) 45
KBTI L FE BILSTM B/ iR — A a® )z, A
A7) FrR

pi=W,h.+b, (7
H,w, ARGE. b, NRE,

B T NER %45 F1 CW'S 41 55 (4 b5 25 i 13 A =) I5] o A
AT S5 5Bl #5 H 19 CRE 2, A 15 8 45 B AT 55 14 45 25 7 91
CRF H0l #7528 17 51 B 3+ 5 i = (8) Frw

Score(X,Y)=30,, + 3P, (8
i—=1 i=1

Ho, X R A I Y AR F 5.0, BT« HihR
LRy DREWRT P, Ny R v RS
gFan AAF IR,

BIWARZE R 51 Y 7 A B AR T i = () o

eSum'(X.Y)

PY | X)=——— (9
eSum‘(X< Y)

vev,
HodL Y Sk S RR%F AL Yy kA AT RE B AR U A
Score(X Y )y T0 1F 5 #4672 097543, Score (X, Y) g T A e 42
HE— KRR AR ) .

FFR R IS A7 ] 4 45 L (Viterbi) 580 5 34545 43 e = O s 28
FFo yt B R (Lo R

y* =arg max Score(X,Y) (10)

3 =D AN (12) A7 43 550 1 5 A3 B 458 6R 2T L FI
Lews > %t NER {145 Fl CW'S AT 55 Hh /4 Il 25 B A 43 50 338 47 Y1 25
FA Ak, DT B /N A5 2 BRI

Laer = —log P(Y | XD (1)

Lews= —log P(Y'| X)) (12)
3.2 stdil g

% GAN g RIS HiEAR AT POl Zrgh A L5255 18], LA
B IL T s (R R AEAT 55 W RL A {5 B . ¥ i L 52 BILSTM
a1 A L B2 AE B2 BB 3R 45 B9 NER 1T 45 1 CWS AT 45 19 3k
IR B A B KA KRR TUARAE B, AT 4R 1E R
A . Kb AG S P RFAE T E AT sotfmax 4328, AW RRAE T JE
155 % i i 22 1k X =X (13) A= (1) s

s=Maxpooling (h’) (13)

D(s3;6,) =softmax(W, s +b,) (14)
Hdr,p Sz BILSTM B REAES 1,0, WAT 5 L0 8% 10 S
W, HAUE by S E

R T Bk CWS A 45 AL 15 B iF AL 2 [, 51 A X
P 0B Lo, VI 25 0 22 R AE 32 B8 7= A 1 26 B4 AE L AT
55 SR ERICIE X ok A NER AT 45 1 CWS T 55 (14 45 AF 1k 47 H)
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KAESS R RIS @ ASEEBI,

X TR KA /N AR 18], 25 8 — > A) 5, SR EE AR AR 48 2
HE L — A 3R R SR 1 AT 55 B 0 B AT 55 S 0 25U A BB XTS5
RAHATIER A 4325 . U Shad 72 v, 0 SRR A 45 B 2% A AT
25 % AR IR B — ANV 0, R Y Tk dk g it HAT 55 %
S TG X A FRAE 2k B NER /T 56 & CWS 15, &%
ZOR I AT 55 i L2081 B B 5 NER AR5 WA 7
BALEIZE, LU & NER AR 55 MR 5 . XF 5l i 55 19
A5 1 FTR .
i1 MHNGATES
Hi A NER 1T 55 0308 42 F1 CWS 1T 55 804 4
1 NER 1T 45 # CWS AT 55 19 3L 34 i 715 8
L. % A B 48 MacBERT 2845 NER 1145 #1 CWS 4T 45 9 iy A SCAR
Y 1] 7 F R
¥ NER 4155 F1 CWS 1F: 55 4 ) 1 2 /m i A 2L 52 BILSTM
. For fifi XU 25 0L NER 4T:45 #1 CWS 4T B9 2L 223l 55 B
5 BILSTM #E47 HRAF $2 1K
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=1
T

ZlogD(E. (x.”)))
7. MRS 0. Wby 0] H BN A R AL
8. End For
9. i th NER 4£55 Fl CWS £ 55 19 He 5240 i1 A5 B
3.3 #EE|%

X NER E 45 451 2% bR Lae - CWS A 55 45 2K BRI 4L
Lews FIXS B 2K BREL Lo BOTHEE BB 2R BT LAY 3H 30
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L=GLyix +(1—G) Lews + 7L (16)
Hov,y RERALE ZH G A HE A Ok B NER L4538
J2 CWS 5 B 045 s 45

TERBEALYN ZRid A L I 45 2 AT 55 P 4 U I — A 3l R A
I BEAT S5O, S W00 Ak die 24 B B0 2% pR %8, JF LA NER £ 55
A AT S P S HE AT IR AR BB SR AR

4 LWHERSHH

4.1 ZWBHHE

ASCHH #F SCA (Audit 2022) %4 52 75 NER AT 55
14 52 50 K dle . 76 SIGHAN 2006 $odfi 41 F AT NER {45
6 TR ASE R 7 HC Al 508 2 AL BE ) L o N R H R R AR T
CWS % . HiR&EFESWME 2 s,

£ 2 BBWENTHRMTHRENEE

Table 2 Information of the number of sentences and entities in
each dataset
IR * A %% B iF & K &
. AT H# 4603 1586 1500
Audit 2022 A
SR 14647 4902 4533
o F # 46364 4365
SIGHAN 2006
SR 74703 — 6181
AT H 20864 2318 1636
AR H AR N
AR %K 33992 3819 7707

A SO SCA B G AT A T A O Audit

D https://github. com/OYE93/Chinese-NLP-Corpus
D AR FAERL(NER Sz i T H ALK : NER-Tool] V1. 0)

2022, BRI .

QRXC I ENTIE-Y s 2 NN SR SN R e e g = T
TR 7 0 1 R GE T SCAR B L3 5395 .

(2) X TRHL I SCA Fe K/NHEATHEF AR B 5 kB LLF 9 3C
AR St B Y SCAS TR AT 0 Ak B, L 25 B AR IR SCIR Y g A 4
— A DIAR B S  EAT A ) A A ) AR 6
2:2 19 LR 43 U R AR L B0 E AR NI A L OF X 4 288 SR 2 A
(A% 8 W& T 400) R H BIO 520 (B F#oR Lk
B FE Sk 1 FoR TR i h i s 45 B O FoR 3B i) i T kR 1
A5 2] 9 P RIARFESL IR, 49 4 . B-PER, -PER, B-LOC, I-
LOC.B-ORG,I-ORG,B-AUD,-AUD, O,

C3) {0 FH TR ATT A4 2 1 S A b v T LR S I 2 4 N 46
UESE Ay AT R AT SRR FE AN TR, AT LR R 8 A T
B R BLAR

(DOXFMIRE AT N TARE bR LR P EEE A
PR3 T R0 43 RS bR 58 BUR BB BTN

AR H B4 A SIGHAN 2006 S48 424> W40 & 3 2%
SLARZET BN 4 Hh A R 44
4.2 ZWiEE

ARSI 4 Ubuntu 20. 04 #4E &5, 8 F
A RTX3090, i /7 K/N K 64 GB, Python fRA N 3. 7. 15,8 &
2 S RESRAE A PyTorch A&y 1. 9. 04culll,

I 47 28 B HIE X R T AT 0 R, AR 2k E
% 34,

*3 HZRE

Table 3 Hyperparameter settings

4 i1
embedding_dim 768
LSTM_dim 200

1 # Adam

Y 0. 06
batch_size 32
epoch 50

learning_rate 5x10 ¢

dropout 0.5

4.3 LIGIBHR

T B ST B A3 A 0 AS O B SR R 6 %8 (Preci-
sion, P) . A [1] #& (Recall, R) Fl i F ¥ F1 {f (F1-micro) H T ¥
B M R I 46 A T RN =0 D) — R AD FR

TP )
P*TP+FP><10(% an
TP ;

R=Fp N 100% (18)
Flzmicro= P ico T Roicro X 100% (9

Horfr, TP Sy 140 R A 1 0 W7 o I (9 4, FP Ry 8 158 FF A 1
FIWT I BB FN S TR 8 R A R W74 13 BB P A
P A KB AR, 9 R FTE ZERIN,
4.4 ZKBWHERSHW
4.4.1 HAF X %5 54

J T B AE MacBERT P SCHIYI 2515 5 BB AR Audit 2022
B AE A Sk, 5 Word2vee, BERT % A J5 20 #E 17 %) L
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S, TCHR LR AR 4 FrA,
F 4 A AT B XS E

Table 4 Comparison of embedding methods

CRAT - )
HA P R Fl-micro
Word2vec+BILSTM+CRF 74,78 86.93 80. 40
BERT+BILSTM+ CRF 82.81 90.57 86.52
MacBERT+BILSTM+CRF  85.42 91.20 88.22

B3 4 P S8 45 R T, (A MacBERT ik A 7 Ui
R Fl-micro {HM 88. 22% « K BAL T Word2vec F1 BERT.,
AH Ll A Word2vece FUREH, PR Fl Fl-micro {653 MRFH T
8.03% 4. 27 % F1 7.82% ,iX J& M iy MacBERT 1] L3R 15 2h 2
B 1) B R R L B R T XHE A HIL AR ; A b BERT B9 B,
P,R Ml Fl-micro {643 M T T 2.61%,0.63%6M1.7%,X
J=H i MacBERT L v 3C oy 56 il 6 47 U 45, OF B i T
BERT 8 Fl Il 25 4T 55, i MLM il 2R 4T 55 7T LUA 8%
AN GR-FHFAE 5 M 2 5. BIET MacBERT H 30 TR
it 5 BRI A Al
4.4.2  STF LRI B B 5

S T AEX P AE Audit 2022 B34 RO A ROME  1E
MacBERT Hh 3¢ T 24075 75 A5 28 1) 52 56 3 a1 A it il 25
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Table 5 Comparison of adversarial training

CHAT - )
AL P R Fl-micro
MacBERT+BILSTM+CRF  85.42 91.20 88.22
Audit-MBCA 91.10 91.00 91.05

SIS RO R 7o ST OIS A N R I G L | e )
MacBERT+BIiLSTM + CRF #i £, Audit- MBCA #i# ) F1-
micro HEETF T 2. 83 %6, 3K /2 K S X H I 2R 9 51 A 850F)
T NER {£:55 il CWS £ 55 1) 3k 238 1 B A5 S5 Bk 47 55 4K
ARG I Audit-MBCA #5025 5 e 4,

4.4.3 ZACHE ALY IE A 3T E I L S5 AT

ST AR R AR At S5k 0972 Ak B 0T . #E SIGHAN 2006

Byn e b5 H AN BT AT X LS00, S a R SR 6 BT,
F 6 7E SIGHAN 2006 ¥4 4 0%t b
Table 6 Comparison on SIGHAN 2006 dataset

CRLApE Y0)
A P R Fl
Ensemble-SVM19] 91. 67 89. 26 90. 45
CNN-BiLSTM-CRFL20] 91.63 90. 56 91.09
|74 CNN-CRF[21] 91.05 89.93 90. 49
BiLSTM+ CRF + adversarial ~
R 91.73 89.58 90. 64
+ self-attention16]
DeepCAN(8) +CRF+ .
. 93.55 90. 15 91.82
adversariall17]
Lattice+ LSTM-CRF[22] 93,57 92.79 93.18
BERT+ DeepCAN+ CRFL23] 93.82 92. 24 93.37
Audit-MBCA 94,39 93.01 93.70

MNFE 6 FREE R LIS LT 418 1) Ensemble-SVM
FEALF CNN-BILSTM-CRF #5 % 3= 23 5 filt & 7] 2k 708 ok 3
BEMRR. SEMNMEE, R CEARW FLHES MR TT
3.25% 1 2.61% . iX &M MacBERT i i # Il 4% vl LA 3K 15
ShAS I RN UL AR S R L RAE B — ) B, 2 1

CNN-CRF #5858 3 838 4 Az 5 e A 3R A% 18] 1 80K, 3
i3 CNN AREF BILSTM SEAT 4R AF BE UL, 5 A% SCAS AU A
Lb o SR 8 F WU 4505 5 45 48 RN % R i R 15 8. 3) Bil-
STM + CRF + adversarial + self-attention #% % 1 DeepCAN
(8) +CRF+ adversarial 5 % 47 M 11 56 YIl 25 4 19 45 ik A 5E
W v 3R BB A T8 5 3 5 LA B0 25 B B AT 55 = 14 R
NRER. SXPIABEARM L, AR SCRER FLE A 51487 T
3.06 %1 1. 88% , Y] MacBERT 3R A% H SCHUHE 46 1) 3 75 2%
BH A, 4) Lattice+ LSTM-CRF 4 58 iy 47 ¥ 76 19 43 ) 15
BAMFEMAE RS, IS T 93. 18% M F1 {H ., i B 4314
%I NER 45 0 S, 5 A SCBIAYAE L, Ho oK 68 4 A T4l
Y505 Wi, DR T T AV E 09 43 16 {5 8T BE 4 48 NER T 55 1 ok
275, 5) BERT+DeepCAN+CRF #5858 i3 & N £ )2 & M1
TR B by R R AR A L 2R AR AE A8 BB 68 $E IUR AR IE (R B
AR FIRRFAE ., S5ZHM I A SRR F1LERTT 0.33%,
X S BERT £ 76 “ Wl -5 Wi AR 45 7 A — 300 ] {8, BL7E
AR 4R IR o e 2 R R 0 RE L
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