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[ Abstract] Traditional recognition methods for named entities do not work well for entities in specific domains, as they
usually have more complex structures and types than those in the general domain. To address the problem, this paper takes
the fiscal and taxation domain as an entry point to study entity recognition and tagging, so as to implement dynamic
expansion of knowledge base. According to the characteristics.of the fiscal and taxation domain,a hierarchical entity type
set is defined,and a training corpus is obtained by using remote monitoring. Then a deep neural network model based on
combined character features and word features is used for entity boundary recognition. Entity type tagging is taken as a
multi-label and multi-type classification task,and on this basis a method based on ensemble learning is proposed for entity
type tagging. Experimental results on real datasets show that compared with basic methods including logistic regression
and support vector machine,the proposed method: has higher accuracy,recall and F value.
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Fig.1 Overall system framework of entity recognition and

tagging method
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Fig.3 Example of entity tagging set in the fiscal and taxation domain
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Other,End, Single ) 77 i AU BIO SR Anic 5L 1A, X #
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Table 4 Comparison of entity recognition results of different

methods %

I Precision Recall F 14

BLSTM (W) 68.34 65.76 67.03

BLSTM + CRF(W) 70.13 69.39 69.75

CNN + BLSTM + CRF(W) 71.67 70.89 71.28
CNN + BLSTM + CRF(C + W) 74.28 72.15 73.20

i T 39 iE CRF #EHAA 0Pk K BLSTM + CRF
5 BLSTM #45 #Y 47 XF He, A 3% 4 0 LLE i, 38 0
CRF B 5 S2 AR i e o 2 Wl 32 F (H 3 A
P, BT N2 CRF REE I HIAH S8 bR 25 1 ¢ 2 6t
P AR AT 42 JR b T, B v X H K B A8 i 1 T Y
0 A S A B R B R SR . X CNN + BLSTM + CRF
F1 BLSTM + CRF {74 & 3, CNN 5% 5 X 52 44 Jily HiC
SR —E TR R X R CNN AR H i 1
147 ) 2 A /R SEAR T SRR IE . B/ X L3t T
Tl 1o R Y T i R R T O ) R M 4 A T, 4
FEU AH bb BE 1 8] 1] A2 A 5 vk 5 ) ik 1] ) A A
BT ER R B R F AL AR T
2.61% 1.26% 1 1.92% , 6 & i T 5 ) [f) & AR 45 &
(14 7 0 S A 11 1) 7 AF A SE AR AR AE AT 4L A, 15 3
T E RE R R 6 TR A A B i R
RS AR L S 5 DS AR (K 0 P A A 5 ), L 5
PEBESL i o

R FH 35 3 ] S 4 O 3 B 3k 1 ) 1) AR 2
(A 7 1%, A B 450 30X 45 28 031) b i S AR (AL 46 20k
S AR R S B B Al 2 ) AT U
PN EE AN 5 FR .

x5 BEANPHIEIRRER

Table 5 Entity recognition results of each category

KA I7 ik ¥ & Precision/% Recall/% Fi/%
. w 1 824 72.14 68:21 70.12
F ik
C+W 2 115 75.78 T1.72 73.69
w 1257 82.23 83.26 82.74
A
C+W 1312 85.06 85.38 85.22
w 4 328 64.21 63.13 63.66
RS
C+W 5 063 68.33 65.27 66.76
w 486 69.11 66.60 67.83
HE
C+W 571 69.48 67.35 68.40
w 1 326 85.62 83.91 84.76
Hb
C+W 1411 87.46 84.47 85.94
w 2 121 86.35 84.71 85.52
C+W 2218 87.83 85.82 86.81
W 621 71.38 65.40 68.26
HoAy
C+W 684 72.17 69. 64 70. 88

M S FTLAE Y, B SCPF b R g 2 s
A TR ) E A R T SRR F AR A v T A R 2%
SR IR B 22, 3K 2 TR ) R 2K S R b G Al 2
) B SR B 2 i HL AT B 2 e B S ) AR X
b TEYI RSSO A A BE R 1) o O vk, R
AHGS A 10 J7 2% 1k BE 3 R I BH 8, D RO W A 2 ) op
M) SEARE K B K, F i a AR T 2 T
T RAE o BE AN, AR SCHE— 25 43 B S 1 3R 51 5 1R 1Y
T 00, & B TR I T DRAR R B 2 ol T I 40 k)
i = X R G 28 R SR 9 bR T B bR T A R
U, -2 2 Al 32 82 2 1 O, R B TR OR R
o 4 S ARSI R R 1 S0 B A2 bR B AR TR, DL S
PR AR AR BOR
3.3.2 SEAREREEVEAL

FEFEAS TR, 23 51 R AR SCHE 2 20 Ok
PR L | SR ) AL S 22 2R IR AL v RS AR
frbrid e Horp B8 A IE N S 805 o 0. 3, S0 iF
ML S5 C %R 0.05, 2 )2 B PLEFa & 2 K
NV SR 100, 48 % A7 2 fil T B 2 AR R BCE R 30 1l
i B 2RI AR & T 0 S R IE R A T B A A
B SE A Ry S R R GG AR (F () anské 6 FIrR .

F 6 FEFENEERENR AR

Table 6 Testing results of entity tagging of different
methods %
15 Strict Macro Micro
4R ] 45.41 53.76 56.13
SRR L 49.33 57.69 61.76
Z R 44.67 53.19 55.72
AR SR L A 53.52 64.80 66.17

MFE 6 0 LU H A BB A 2 2R 8% 10 O Ik 4R AR
2% 2 {F Strict ,\Marco & Micro |- F {H ¥4 W i #2
Mo TEAATTIE T, Strict [ 14 F AR A X 35 At 79 30 48
P B S AR AEG , 32 R AE L — 20 SRR ) G o AR rp
AT AR 2 R R R 1E SE K. Macro Y OF {H L
Micro WA, Ji PRl 2 S 44 A 70 22 248 4y v 35 40 JiC )23 1 2
AR A T KRR o i — 25 X A TR A R
IS L HEAT 53 BT & B, A VR A 1R A AR 0 LA A v, B
ST () b T TR A SRR AR AR, AR KRR B bR i sk
eSS ANl S € N

BRI 0s % bR E 45 R B 8 frow,
AT TR UL, AR SCA S T AR 1 2SR Micro |11
Precision \Recall , F {8, fiff FJ i) 75 ¥ g A< SCHE 2 )
Tk I 8 nf LI |, J2 BB i 20, S AR b v
) 205 AR A 2 i DAL 2 v 0 1) 28 ) LA T & 1 SR
) Z T6] 9 DX 43 B BT T 22 K 485 ) AR A 28 03] 5
B3 /b SR R R AE XA B 8, B A sk
BN IR 7 e S KR D T
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Fig.8 Experimental results of entity tagging of each hierarchy

AR SO TR & 531 v SEAR AR T 1) 552 6 45 2R 47 2
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Rl 2 T A i A MR R ] R FOE R
o T A A 3 TR D 3 48 S v ) S A AIE
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Fig. 9 Experimental results of entity tagging of each

top level

AR SC3E A DR AR 2 T N B A 4R Sk ) W i R
FIE X S A S 1 B 1 25 SR A 5% ), TEAS HE A [R] A ff
Micro |- ) Precision ,Recall \ FAH , kRyE 7 1 A48 3¢
L k. IR T AT LAE B, KB FBERRE I
T By IR R AE B 3R] 1] & RRARJS Ar i 45 SR 0 HE R LA
Wl e F A YA AS A B8 B 0 B, B 32 RRRAE X AR
AR EA Y, S T 0, RN
B — BB AR T2 AR A AH N B g BN FRIAE B X 5 2K
AU Il 3 B 1) 0 5 e o AR S AR AR 2 R 1) S A
ZJA]— AT [ 2 W O HE OC & (i dn, 7E Bl i < AT
()" IR LR E e A7),
3 L S 2 B A m] U de) 1] R RRAE AR 0O R
T S AR 28 Y B A VR L B
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Table 7 Testing results of each type of entity feature® %

FRIE Precision Recall F1Y
BT RRAE 68.26 65.84 67.03
F R 63.36 62.53 62.94
Il 30 2 1) 45 iE 64.75 63.41 64.07
§] i) 45 1iF 62.18 64.27 63.20
4 LERIE

2R SCOXH T A8 51 Jak g S5 A TR AR s O 12 kAT
T, AR AR R G S — 2 AR S K o U £ i )
G At M B O R A U R o e R 2 ) T ik
Xof o ST B AR B SR TR A I R AR T
li) 2t -5 il [ 2 A 45 G 10 TR JEE A 8 00 245 A5 2R i b 1] )
R TG 32 4t 3 SR R AR AL A9 (R A e AL L
PR o326 09 7 % B g 26 552 4428 331, 48 iy — Ao
B B 2 T5 1 Ak RS AN 1 A6 A0 B A 28 A U L 1Y
)AL, S50 25 R W, 0% 7 vk BA B B4 U A R
I ST AR A B I 2D T s TR SR AR T Y
SN T7 i N R 22 3 oy 2, N e SR AR 3R DL
W k-Bl ARk A 2 — A A EROCR R 4
TR 5 27 2 07K 2 A AR 558 9 i — AR5
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