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# E @A % E4RRH (Named Entity Recognition, NER) /£ % 3+ 471 3% 4 7 LA 47 A 524K 45 &, sh AR AL 3 3 80 s ik
SHEIREEXER, BHERREFIEmbE NERESFTRAZFRZL AHFLABMEEERHERZ IBFI Tak
BERMERFEE MBI B HFERFHS N, XL N TEAEERTFT T ERFERR, A ETHEERRTFE
#4£ (FG-PAudit-Corpus) Ak FH MR A BERZ WP A, RETATHATHK AT RES Y @B E EHRRFNER
(FGATSO) , Z A MM RIEB NG REEHERATKEREANES R AT AR mE EHIEG RFZRF A, B o, 43R
BARAREHZRTHABMKARHEAGRFH, RET FHF RS REN B BRAD AKERK XA Hrm, FREREN,
FGATSC ## £ FG-PAudit-Corpus £ F1 #9484 75. 83% . R ALK HEARFHT 9. 03U . KA T AR B RA T 4.01% ~
6.53% ; /£ Resume # ¥ 4 L3472 AL ISIE  F1 A4 LA 2AR AR G2 0. 4% ~1.31% .83 T 95.77%, 4 L.k iE
T FGATSC #2784 A 2 M A 2 AL bk

KR m Ak E FARRA KRR T R G B AR TTRE R TR

FESES TP391

Fine-grained Entity Recognition Model in Audit Domain Based on Adversarial Migration of
Sample Contributions

PANG Bowen,CHEN Yifei and HUANG Jia

School of Computer Sciences Nanjing Audit University Nanjing 211815, China
Abstract Fine-grained named entity recognition (NER) identifies entity information in pro-poor texts in the auditing domain,
which is crucial for optimising the analysis and evaluation of pro-poor policy effectiveness. In recent years, deep learning has
achieved significant results in fine-grained NER tasks,but the specific domain still faces problems such as the lack of corpus set,
the increasing incompatibility of fine-grained features in transfer learning,and data imbalance. To address these issues,we formu-
late a fine-grained pro-poor audit entity labelling system and construct a fine-grained pro-poor audit corpus(FG-PAudit-Corpus)
to address the scarcity of datasets in the audit domain. A fine-grained entity recognition model(FGATSC) based on sample contri-
bution against migration is proposed,which does the training against migration and proposes to incorporate the sample contribu-
tion weights into the migrated features to solve the incompatibility problem of fine-grained features. Meanwhile, for the imbalance
between high resources in the source domain and low resource samples in the pro-poor audit domain, balanced resource adversarial
discriminator(BRAD) is proposed to reduce this effect. Experimental results show that the F1 value of the FGATSC model on
FG-PAudit-Corpus is 75. 83% ,which is improved by 9. 03% compared with the baseline model,and 4. 01% to 6.53% compared
with the other mainstream models. For the generalisation validation on the Resume dataset,the F1 is improved by about 0. 14 %
to 1. 31% compared with the mainstream models in recent years, and reaches 95. 77%. In summary, the validity and generali-

zability of the FGATSC model are verified.

Keywords Fine-grained entity recognition,Pro-poor auditing, Adversarial training.Sample contribution,Balancing resources
. YR T BOR 4% 400 1 4R 20 300 B RIS i 5 . 3 A5 3R K g
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WU B BB AL T Y E SR AR T SCAR SR S AL B R
40 NER A 8] LA A 3 iR 50 F 42 B0 i A i a] L 440
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OrHrARBEA Jy SRR, B TR E R A T TARRI IR AT IR B
B T SCAS AR Sy 30 SR BR A BOR S IR 0 B R A A, AR
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JE PP BRI AR 9 R AE . 400K NER # R 2 7 NER
O Al bk — 25 A B B R L RE A A T SCA R U TR
PRI RN T 48 BBk BHLAY L v S 4 b 5 R ] 2

WAGVEE i — K (yifeichen91 @nau. edu. cn)
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H AT 3 309 IR B % S 7 2% W Transformer™ | Bidirec-
tional  Encoder  Representations  from  Transformers
(BERT)™ | & % #3212 M 4% (Long Short-Term Memory,
LSTM) ™ A #E AL 78 NER fF: 45 | £ 28 Ji B R 4 9 28008 .
Lample 25:M 45 H XA 8 11042 W 4657 (Bi-directional Long
Short-Term Memory, BILSTM) 5 4 4 i #L ¥ ( Conditional
Random Fields, CRF) 45 43 AR 8 0 A fiff e NER (1] 78 f £X
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TR WEAT 55 X RG A0 52 AR AT R 43 10 7 SR FE AR A i 4 ) 4% A
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P AR NER B R A3 o S,

SR, 6 45 28 4TI A R Y 33 300 AR A% 8% v I 25 AR 2 [
L Horp R B R EMNEZ RO T Bk — i
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B I R AE A HEAF o AR R AE 14 3 A% T 2 2 R 3k R RS e 45
P FERCRPE OLF . B HE AT A TT iR & 5 BURAE A VT I K
HEB R, WA IR H AR5 8 7T BE A7 7E B8 42 S
YA A IR, g B U Y RIS A R R AR L R R R IR
IR AR EE A B 2, AERXME LR L TR
2 3] TC ARG Hb R TR 35 0 47 SR AR 3 A SaRAT: 55 4 M i 4
Fho PRI EF X LR (] B4 W T 3 B A 5Tk R B B Y
B4R 410k B SRR BB R (FGATSC) o A 3¢ 1 32 2 o ik
WF .

DR T g i e S = 0 80 R, 76 BEAT W T R A 1
Tt I3 BT 0 Bk B0 TR SCAS AT IR B AR A T 4R
B 20 5 BHE (FG-PAudit-Corpus) ,

2)R T R I AL i B AP 0L BE R AE R e 25 1Y [l A, 42
HHOKERE AR BT RR AR A SRR A O . Sl A R AR AR
T T 38 Y 9 AT A5 AR T ) F A S B AR ST O
B RFAE

30 T VR v AR B VR AR N O A 0 IR A 4R TP A 5
U5 X B %5 51 4% BRAD, 78 Y1l 5 i #2 v it Jin % A< 5T ik B2 AL
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TR HE— 2 B AR 1 37 b AN

2 MHEXHR

2.1 HPE NER E%

5 NER H H . 4007 NER A LAY S 48 HE 52 4k (9 47 &
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27, AT BTN YR B AR A A M — B AR S
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TRFE RN EA /R R, A2 R T 45 R &
HLAR 2 2 5 ¥ o8 58 13X TAT: 45, I 7 2+ 7 it AL (Support
Vector Machine, SVM) | Fil {5 #f1 25 [ 45 A1 C4. 5 YL 5 4 114 E 4
RIS AR T 68. 1%, 69. 5% Fl 70, 4% B B i 45 52,
Mai 550 78 3 SCHOHR 4R b AT S0 8, & 3 HL fie R RO i A A
KT & B o 2 W 49 (Convolutional Neural Network,
CNN) 5 LSTM F1 CRF W4l & . 7ot 3Ll L3 i 8 Bk CNN
JZ I F)FH A M A S AL E— DR T TR TR M H
T R B S RN PR RE %07 K BT AR R SR Y TR
M 66. 76 % 4R EF 75. 18% . Dogan %1145 4 T MR HT 1Y
VR 2F 2 Tl k1 5 L 5 ELMo(Embeddings from Language
Models) ™M1~ Rl /) 213K FE Wikidata, 78 112 4~ 5 k0K ] 4%
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YIS 7 i FH 3 B2 288 400 3ek 407 B S A 3R AT: 55 b, 7R i 40
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Fig. 1 Fine-grained entity labels in pro-poor auditing field
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Table 1 FG-PAudit-Corpus entity category description
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3.2 FG-PAudit-Corpus % it

F2 IR R ARSI R HEAT bR I M T T T AR 4R AT
# 3 E # E FG-PAudit-Corpus. %8 Rl 3t 2 053 4 4)
T 4R 6:2:2 My LB A A IR VIO TESE D) R ik SR .
YN g 4R T SRS BORH 3760 A, B T 4 52 4R B s it
1171 A, Mt 4 S fR A BB 3 1375 4. FG-PAudit-Corpus
LA B S5 A AN SR B A A 3k 2 T A

# 2 FG-PAudit-Corpus BRI 5 B LR BU R 403

Table 2 Division of FG-PAudit-Corpus and statistics of the

number of entities

R X émfﬁ/’%i%%ﬁ%ﬁﬁ
Train Dev Test
4 Ao (POV) 148 33 48
3 A & (PER) 186 69 125
% % H X (PSA) 541 156 153
3 H X (LOC) 293 108 156
kA #IT(PAO) 242 87 106
A3 H (POB) 355 112 150
A T4 (PWG) 306 77 90
& Bz 4k 4 AL A (IPO) 219 72 61
& 3 ML (ORG) 697 253 267
7=k & & # (IDP) 168 44 52
HH LHFHK A (ESP) 20 9 6
[ 57 % B 3k % (MSP) 27 6 7
3 alh # % % A4 (IP) 216 38 39
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4 BETHARTIEEX TR AR E SRR IR

I o 2R JRE A I B4 3 B g A e S B AR S e 2 R % U
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IR AT 55 A — AN 22 4T 55 AL P A AL AT A8 55 43 0 2 TR
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Fig. 2 Fine-grained entity recognition based on adversarial migration of sample contributions
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SR, B A CNN BT 75 i A DL 38 SCAS (1 R¢ AR
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M x RAFHAH CNN A2 FERFEF R, &7
AR 25 A3 8 B & &= 78R x={x) 2y,
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TR RE T R ] R, 12451 2% bR 00T 2o 3 A1 7 B 970 R AR I A F, 5
LT TR MEAE A 425 i, (0 80 Y BT O 3 T 4 S ME R R YRR AR
T T SCA U AT, I AE S 5% R B0 o o R A BT ik BE A
TN v HE AT BT RN P A (] R4 BT, e YR R
Jit N R A BT R R A T ke VA0 v AR B E A RS X YR SRR
A TP B AR AR B B S8 AR B A PR AR, AR A
il | W E = B g R B G R = o N ) SN SRR 15
GEURREAS 12 > L B 1k v 0 TR AT A R A 3 SR L AT T 4
Hb3E 7 H AR B 094 2, BRAD B2 s B = (18) frw , 9%
JL5 BILSTM 28 R A B 3L 5 2 3% 1 @ & I HLH b g
it g A 1) &, P o 2 MR AR AR B AR & .

lprap = — ;Z,g cre Nery, (1—7,)7 logr, — 22,6 Audit NER(

log(1—7;) (18
Hidh, Z %R J2 Audit_NER 1% 45 il CFG_NER 1T 5 (1 3 7 o&i
B ro R — 0 JE A TN B B 5 B S hR 4 2 (R Y 25
Pl A A REA DB TR . B S EL p S F R A 1 8 I Sl 72
r ] X A A R T B R A 2R DT RN LG E S T ol R
K2, GIAFEARTTRR AL REC N (1 —r)p W] LU 51 R A
153 YA A R T AR AR X AR R R STk . X T IR AR A
FTE 2 5502 AR N Bl /0N o DA 4 G A A5 R )1 2 vl ) 32 3 0 457 5 T
Xof T a7 BAAEAS , BT AR AR A Sl s DL sl B 3k S RE R ot B
Wi 11 2 3 A DA TITT A1 A 78 B o G 3 e DA J9000 (9 A A
4.3 ZE®Hil%
4.3.1 #&#

T A% 3 5 B 7 A5 5% IR B AT 55l o SRR AR 4R D 2 1
i 5 P AL AT 55 B AL A AR g 2 S PR B L iR
LAD PR, FH L' FoR 8 B AR 5T lk B A 45
L w" i AP 322 2 3 | i 2 Oy ALl b, i v A B0 Y
o, FRREBEE S A S RAE S i A 43 0 1% 2 Audit_NER T: 5%
M CFG_NER L 55 W A CRF JZH B 2 {E, = (20) —
K (23 PR

H'=H ®L _w'" 19

D https://github. com/CLUEbenchmark/CLUENER2020

T, =Wihi"+0b, (20)
Scord (X,Y)=XT, |, +3T., D
i=1 i=1 !
IA/\udiL.\IER = log exp[Score( X ’Y)N] 22
> explScore(X,Y)]
vey,
Lere ner = — log expl Score(X ’Y)N] (23)
> exp[Score(X,Y)]
YEY,

H W, Fire; el l4s40.
4.3.2 xS %
22 BT 45 TR RS 24 ) 1 U8 & 8 FH U8 384T 55 ok il Bl

H bR AT 55 Y 25, 38 ad 36 22 BILSTM 3R 0 B ST 5 1
By SR B A B K AL 2 AT R AL SR 40 . K Ak S 9 4y
A 1) 4 HEAT sofmax 4328, H Wi R AF U3 )& , 75 B #E A< 57 ik 2
T A, BF X G SRR AE A i AT I 2R DA 2D 20 R B G RS A
E AN A SR 5 P 22 3k BV 2 7 P 15 5 S B R A
B AN, A V- B8 5 X B 5 4% BRAD # By 155 78 0 G- b Y-
PR . XTI A I 1 iR .
Bk WiaEB g%
WG AL . %% 2 3 learning_rate, #L UK batch_size, BTk X b 2 %k o 45
A < 4HRLRE BR 2T H 1R R R L CLUENER2020 #0464k
it : LAudit_NER,LCFG_NER,BRAD
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. for FEIR . ff P-4 9 U5 % BL AR 55 SR U A A A A 55 Th 3k F B
B BILSTM Fidk 52 BILSTM 4 BURFAT
Loy Sl A B R AL S 2 Sk 1 R T AL
L PIANRAA T 55 th CRF Z T H %k

exp[ Score(X,Y)]
E expl Score(X,Y)]
YEY,

expl Score(X,Y) ]
>3 exp[Score(X,Y)]

YEY,

R L5 BILSTM J2 $ HUE) (14 F5: 1iF i A 2] H1 MaxPooling Fl softmax
) P9 R 43 S B AT S0 3 AR B AR BT BE O 03 — b S 15 BUA R
EX QN

L VT WX AT S R

lprap = — 2 Zie crg NerA (1= 1) logr— Z Zie Audit NERT]
i i
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9. bS8 Wa. by H B4 R
10. end for
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SR PG 4, CLUENER2020 095 49 4 i 8 CFG_NER
B4 IS B B 4 . 76 Resume $CHR 4D 1 #EAT S8, 303
32 Ak P AN RO . Resume B34 18 1 4700 £ 4543 A
NG TR Di A5 BAE R iR Horh i 5 17 8 Al Sc AR S AL, e
(RACE) [ £ (CONT) B #R (TITLE) , &\ (PRO) , A %
(NAME) %, %/ 8n e i (5 B ank 3 in g,

3 ABIRE B AT R

Table 3 Statistics of the number of entities and sentences
in each dataset

B & KA % & I PURE v 3
4 Ak 7 ¥ 1262 106 385

w7t B & RS 3760 1171 1375
3821 463 477

Resume # 1 & /ﬂ i

N 1340 160 150

CLUE2020 @ 4 & A1 F 10748 1343
#HAE & £ 23338 2982

5.2 Mg
fir 44 SEMRIAT 55 58 R F1OfH, A 2 PLOA I R
R ATAG AL PR AR TSR

TP 0

p—TP+FP><1ooA (25)
__ TP 0

R—TP+FN><100A (26)
__2PR 0

Fl—P—+R><1ooA 27

Horb, TP 7R TE 8 04 B A 9 15000 Oy 1E 8 19 i, FP SRR B
5 0 R A Pl T Sy T A 09 B . FIN 3R 7R 1E B R A4S g 30
SRR B
5.3 ZBRHREMRBSH

AR L BIT A B E R 3RS Linux WM
Ubuntu & 4 20. 04, python B L A 5 & 3. 8. 0, GPU K
RTX3090, % J# 4 J 4 JE Pytorchl. 9. 1+cul02, A KI5
B S RGBSR 4 BT

F4 ESELE

Table 4 hyperparametric configurations

4 7 8
embedding _word 768
embedding_char 200

dropout 0.5
batch_size 32
epoch 100
M 0.06
LSTM_dim 256
o 0.2
optimizer Adam
learning_rate 5X10°°

5.4 WS
5.4.1 HAK LR

ARSI B LA R 5 BERT A+ BiILSTM+CRF, 5 5iF 75 % A
JZ i BERT iUl 2538 55 8 8 A o il S ik A5 0l FH 72 45 2
CNIN B 45 i A B4 45 5 A6 4000 B Bk 20 A T B 48 A
k. sk s pral,

M3 5 ST UG 5 BT L BRI T LA = 4 SR e L
H BERT FI CNN Bf 3 09 Finl 45 & i A =X F1 N
69.30% AHIL I MR, P A F1 (2 B4R 7H T 8. 8%,
2.5% UL T 47 JORRAE BE A5 B A 7Y T Ly Hb B A 0R) P

GER R IRRAE . ML BERT #3819 1 F 30fF &, 2 D
R Y token S B AL JHSCA %005 B TR 58 3 L T AT LR
ARSI AT T 7 TR AL L 52T T S AR I PR fE

5 WAL

Table 5 Comparison of embedding methods
7]
HH P R Fl
BERT+BIiLSTM+ CRF 61.68 72.84 66. 80
BERT+ CNN +BiLSTM+CRF 70.48 68.16 69. 30

5.4.2  FHFA R AT LR AT R
AT B UE A SCHRE M B S A B U 6 BT U SR AT 55 B SOhE
AT A7 9 U B 25 B X L SE G L SR A5 SRk 6 Bl

6 TGN LR L

Table 6 Comparison of adversarial training with balanced resources
%
Y P R F1

BERT+CNN ~+ BiLSTM+ CRF

. 70.48  68.16  69.30
CF w3 4 3t 470D

BERT+CNN ~+ BiLSTM+ CRF

i 72.82  70.85  71.82
Che i % 340D ?

BERT+CNN —+ BiLSTM+ CRF

N 73.15 74.32 73.73
Chost 8 a4 A 7 D 319 57

FGATSC

. N = N 75.30 76.37 75.83
Gt % 3 4o . B & 7 8 L BRAD) ? ’

M35 6 S as Bl 15,45 T Seu S — A St I,
K MAXH % Z 5. P. R, F1 BE4 BT T 2.34%,
2.69%,2.52% . XK AIMAXPINGZ G . 15 B Ax AT
-7 I 5 B ) Bh 2 20 7 R 1 VR 3T 45 A 45 A 45 B L (o R AR o
Ui i 35 07 25 SO A A0 Bl A RS A 0 e 2D TS TR Y 3 )
A M £ e 7 A5 AL 1 77 L RE

5 = 20 SC R A P R A0 S AL L 0 TR AR BT R A
R S, PLR,F1 WA B4R T T 0. 33%,
3,47 Y051, 91 %, Fe WIBE B 22 fiff T 200K B2 R A 8 B 4 Ok 14 ¢ AT
P2 5 ) JBL, BB AR T U5 SRR AR R AE X E AR AT S AR R L X el
R TS R T O R AR L B R BT 55 T S GG R
SRR ACRFAE 38 o X 3 2 G S M A R AE (19 3 AL A% ST L BB T
1% 38 A - ) FH VR S b 1) T AR AR L 4R R A AR B AR AT 55
Tz AR e .

S VUL S FEREAR TR A e L T BRAD, F1
RIS — A B 45 AR T T 6. 53% . £ W] FGATSC 78 ##
Fh AR 4 AP BE O A R . ST A A S AR
BI.P.R.F1BIMEA IRTET 2.15%.2.05%.2. 1%, £ W
TFE BRAD M8 BT, B 1= 7 A58 A X 5008 43 A 09 0 4
HOAE e A5 AT R AR Y ) B, 0P A5 1 s 1% B U e 2 TR R 22
5. dE it BRAD, { £5 450 8 8T 22 1l 5C JE {IK 9% 5R1 IR Ak REAS
TR T SRR AR (Y 24 3T 8y, iE — 2B AR T LA IR B R B
PRIR B PR RE R B, R, BT A Y S IR 45 SR R W], FGATSC
AL TR (90 52 B 5 R R R P Y
5.4.3 A JE EARIRA LR AT

h T RE A 4 T VP Al A AL AR S [R] 400RE S R 28 ) By R
I, DR X 1 b PR A AR A L X6 9T A ) AR 3 ST 1 R0 s SR
AT R e an 3 7 B3,
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F 7 FGATSC HIHL AL AL A 1 52 AR U 45 5% 1
Table 7 Comparison of entity identification results between

FGATSC model and baseline model

%
N Eu A FGATSC A
SR % 4 1 Fl

H A A H(POV) 11.11 87.23
¥+ @ A 1 (PER) 75. 86 90. 04
A H X (PSA) 80. 70 83.98
A H K (LOC) 3.74 37.99
H AW IT(PAO) 51.61 81.31
% 3 (POB) 66. 24 67.20
A TN A (PWGE) 52. 34 71.23
Bl b7 3k # HlA4 (IPO) 70. 24 74,67
38 HLH (ORG) 73.68 82. 30
7= & R Hk 4 (IDP) 31.50 32. 20
HH L FH® A (ESP) 0. 00 50. 11
[Z 37 1k [ 3k 7 (MSP) 0. 00 50. 00
3 a2 % 3k A (TP 18. 26 30. 43
B K % 7 B K (NP) 6.25 51.61
37 A B (LP) 76. 68 80. 00

Xof bl 9 A A AL BT A AR B S AR 2 &5 ROk B
FGATSC 5 R (14 41k i 552 1A 350 531 25 5% e 6 2k B AU R A5 42 5
ESP 1 MSP 2 52 04 5 kg i 25 1 B0 1R JE 30, 78 ik 4 A5 Al
R R S 0, B FE FGATSC #5 8 FiH 5 By %08 5 A
50 %2647 s NP e Se R s R 50, 28 B0 g 3R ) 3 HUOA
6.25% {0 FGATSC #A R I35 3 51. 6156 , 3 /3 Hh S 4%
MR, Al LR, FGATSC A8 75 %o 45 25 1 591 6% 6 5 Ay 4
SR HOA R I BUR . 1 FGATSC B AL i 38 1) 45 5 o,
IDP 25 11 52 A TRU0 00 AR 2 S IR 14 5 AH L 31k 2 A5 78 1 R0 1) 25 2
P SRR A . T RE A R . — T 2 U R B PR 2
I T T AR TR 4 SO A 2 ) RV A A TR 5 5
— 7R HN W R T LR 2 ol R SR LG AK
o BT I E A S BOX I TR I R AE SCAS AN A% 28 Y A
A G, B = 0 4 1) 5B AR AR L (A3 FGATSC A% AL xE L IX 43
HERIR .

1 FGATSC 58 f R3] 45 5 v, b bE 3 A4S Ak i K26,
B2 b i 2 M 2P 28 R PER SEMR T ORG SEAR T
TR Ak SR A S B A B AR b 26 P LOC S A A TR 3
HGEARF PSA SEM . BT B AR, PSA Siiki it BT
SCAT DA AR A T 25 B A AR L A H 22 R L LOC S A 3 3R
yi 20 W e 0 S 1 v T 1 s B il N 0K 7 K 7 N 2 91
HIRI AR 25 F PSA LK, A &3 M AR /N R B
PER 251 POV 251y 52 0 R 550 SR 02 B 0 FLR 47 19 L 3X 2 I
Ry 3K e SR AE TR R T B R A H R — o R
61 G 361 5 1 ek TG AN 44 7 b B ASE 2, 3 A5 A5 28 1T 2% ) 2 5T R
U2 5 A B . A, a3k 28 ST Y B T — B0
B bR T R BE S AN BN A I T R T s
5.4.4 ZALMIME E B

T Bk FGATSC #2434k fe J1 , ¥ = 5 5 JLAF 7
Resume $CHEHE 1+ 352 50 350 5 0 - 1) L At A Y AHOGT BE 5256, 52 56
gk 8 iyl

3 8 Al M, 54 MK Lattice LSTM™ #& %1 fI LR-
CNNPUE A H  FGATSC #5221 43 51 FH BILSTM ¥ 4% 01
CNN [ £ 25 4 1) e (g 7 =X ok & B A5 ) St py 25 4 56 1Y 1)
g om , H F1EBE S 93 17 0.66% M 1. 31%, LLL-

WCM-avg™ 58 R 7 14 3 W I 45 & 1 7 2 0 Bl 4 B
1A il A 1 IR AR s MM-SL Lattice™ B B 78 2 G5 B
Tl A3 FF 00 1) B 04 45k 1) B ) Al L 51O TR BE A AR S O
R R AR B LB BE T 5 ProConBERT™ R A 7R % ) 5
XFLb2# 23 i) BERT F0I 255K s, 25 & 45 Fh 300 Y1 4450 U 78 rh SC
INEEAR NER 1145 Bk, St b b JLA R RS . FGATSC
WERITE F1 B2 0.14% ~0. 62% B4R T, £ B T i Fi X% 3t
TR F 8 TR AR R R R A A, Ik A, TES-NER?H
TR T A% 2 2 B 0 1 s AT ek 14 S AR A £ 8 O TR ek A
B A bR BOR 2 5 B AR 55 M RE 0 FGATSC #5811 F1 H
HARE T 0. 2870, 2 I ML R A BT R B2 RS- A E U 45 ) 8 % T
EBZ R BRSO R A AW B . & LTk, FGATSC
RS 0 7 A
# 8 £ Resume $4E4E B (0% L 5256

Table 8 Comparison experiments on Resume dataset

%)

A p R Fl
Lattice-LSTML20] 94,81  94.11  94.46
LR-CNN:21J 95.37  94.84  95.11
LLL-WCM+ avgl?2] 95.12  95.09  95.15
ProConBERTL23] 94,20  94.96  95.42
TES-NERL24] 95.57  95.4  95.49
MM-SLLatticel25] 95.43  95.83  95.63
FGATSC 95.21  96.34  95.77

GRIE AR A I SR R L R TR
7R 1 96 IR FAE 25 5 1) FEUR I 24 2o 2 VR 5 B AR B B R
B R A5 1 ) FL, b T IR B AR B TR R IR R T
FGATSC Bill, AT 42 7 44 FE A BTk BE AL TR 9 A Sk =52
A 1) T8 T v T BT R M I A% BRAD. B S8 R A DTk
AR A O SRR AR 1 R B0 AT R B S, —
T BE 7 45 Y SR AT 45 R H AR AT 45 RO AE ORI A RS
W REAR ST TR REUE B P A SRR S i S8, o2/ T H
P 5 8 7 I 2 sF A0 Ak i o VR s e AR Y 1) S B g
R 08 VR S SO R M DX A AU R R S A A S )
PP . AR SCR S50 90 UE T 1B I A A AR L 0T B R A R
1)1z 1k g

TE AR MBI 5 v e ol IR 5% 5 1 Bk 3 A 4 8k A 4
TTANTE 25 JECR 38 AR W B 1) O 3k, b 6 5 3 A AL 5 4K 22 o
Boin g . W EhE I RIS X PIE AL A 78 AR5 R T
SRR T, #F — 25 #8530 20 A 1 S i iy UM RO .
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