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FinTech Named Entity Recognition Based on Transfer Learning and Active

Learning
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(Institute of Scientific and Technical Information of China, Beijing 100038)

Abstract: Named Entity Recognition (NER) plays an important role in promoting the construction of
intelligent systems and scientific and technical information services. Aiming to solve the problems of high
labeling cost and low recognition accuracy in named entity recognition in special fields, we propose a novel
sampling framework called Active Transfer Learning based on Semantic Similarity and Uncertainty (ATL-
SSU) from the perspective of adding extra-semantic information in general field and reducing the impact of
outliers. This method combines a pre-trained transfer learning (TL) model to improve classification accuracy,
and integrates active learning (AL) sampling strategies to reduce labeling costs. We perform a series of
experiments on FinTech corpus and general corpus. The results show that our method can effectively improve
the performance and reduce the annotation costs.
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AR ESEEE SHLE 5 A E R E
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frh: TEHTE M ATL-SSU Y,

While 1) ¢ 1k % #F J&: O Il 5 F fifs #2
Bl ATL-SSU,(L); @ #] H] ATL-SSU, #
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3 KB5S
3.1 HiEEMSHIRE

AR S g A 1k T (N R H it ) (Chinese
Daily News ). 4 filt £ # ¢ 4% ( FinTech Corpus )
PR [E] 35k, Hrh, Chinese Daily News J&
N RO BCHE 45, 1 FinTech CorpusS& 2019 4F 12
AMNBRPRH AR “ iRt S oCatin ks
BN 68 Fi WA AL ZhR I MUY S2 5618 kL
A SO ST Y A R iy 44 SRR B2 S A Rt
FAT I BB A O & Fh AR ek, THREHE R
FE: BiAR (FT technology ). =/ ( FT product ),
4 @il 17 4 (FT behavior ), 4 fill ¥l % (FT_
phenomenon ), 4 @i=f{f (FT event), JAMHIEM
(FT norm ) %5 6 25400 8 52 (K 1 A\ £4 ( Person ),
ZH LML #) 44 ( Organization ), Hb 44 ( Location ).
IFE] ( Time ) 45 4 JSil US4, PRRF ORI SE0K
GEiHE B R 2 s .

FESCIS 2 W, AR A B RE AL 53R 4
NFEAEE, 55 K InitTrain, TterTrain. Valid.
Tests, A7, InitTrainZC4E &I 500 71, HT
KRR B 255 TterTrain BCR4E 36 1 000 4],
LIRS (S S 7ves 3 &/t S R Ea R S AW iR
Valid £ 5447 200 A1), FHAEZE LERIIE; Test4
PEEILA 400 77, FHAIEMNALE . ELR R,
BEUR TterTrain Z 4 4 HH 3%k 100 7] 50806 75 n 21
nitTrain 484, ZJa bRl #M—
LT 10 %8,

3.2 E T BERT-Bi-LSTM-CRF % £ 8 1B %14

A KRG S SRy S UE 45 5 T 25 TL A Rk,
1 B X} Ht BERT-Bi—LSTM—CRF 5 Bi—-LSTM—
CRFHYPERE. HAAHL, M Chinese Daily News £l
FinTech Corpus i} 403264 1 500 4JiI1ZR4E,
500 AJFERIERAE , X HEAEAR RIS 2R 5505 T
BERT-Bi—LSTM—CRF I Bi—-LSTM—CRF ¢ 7
FEHFSONER FHHERGR (P). A% (R) FIFL
Ho MR, 7ERR R S 3 IBCE
Pl SCIRE ISR 3 R,

H % 3 AL, JCIe 3mSR 4R i
TV AR 5, fd 1) BERT HI ZkiE 5 R ALY
FEZL R (P), A% (R), FIEA KA
i FH PN A5 0 i &R A B T, 7F Chinese
Daily News Fll FinTech Corpus £(#&4E " Bi-LSTM—
CRF#E Y 9 F1 fH F 8K, 43 il O 41.58% F11
39.32%, i f#i i BERT-Bi-LSTM—CRF & #1, F1
{53 5°M 85.03% F1 62.97% ., iX &K 7 BERT—
Bi-LSTM—CRF 8 rfr 5| A T BERT X Ff £ 1o
RIS BHI 2R I 2508 5 878, BERT RH
T W [H] Transformer 45 44, 0] FRAE 115 25 0] &
5K, I H. self—attention HL A % v Ik T KM &
s, REREXT T SGE TR
I 7E NERAE 55 i AHE T B0 1) [n] o 18 5 B 11
one—hot Z AR S i 35 o 33Xt 3¢ B SR FH R A I
BT ZR R ) S S S AR R, AR
[ Z e I SR , A BT IRIRCR T

Xof 38 FH 401 385 4 3 £ Chinese Daily News TMi]



PERKRZRST $£545%£28 2022F3A

F2 BRHBRIEHESHEER
B

Brfitk Py NGRS AR CoaTlRAE IS HIPERAEIE S
PER ( A%) 189 358 78 155
(UNEEEDRET = LOC (#145) 386 745 160 308
ORG (HZWIH ) 249 438 96 182
FT_technology (4%A ) 356 526 115 153
FT_product ( =k ) 121 331 62 105
FT_behavior ( £x@l4Tk ) 217 414 81 115
FT_phenomenon ( £l % ) 139 293 53 108
B . FT_event ( £x@hdiff) 12 126 8 17
GRFHLI FT_norm (&AL ) 77 55 10 17
PER ( A%) 62 187 41 108
ORG (LWL ) 250 567 108 191
LOC (Hi#) 100 534 85 188
Time ( BJ[H]) 97 172 30 47

Fx3 FMEBIMRTERIG R
AL %
ik (UNEEE PR LB R

KSR (P) HEE (R) | W% (F1) | KR (P) AR (R) | WHEL (F1)

Bi—LSTM—CRF 40.34 £0.78 42.90 £0.25 41.58 £0.43 40.46 = 1.77 38.41+1.92 39.32+0.32

BERT-Bi—LSTM—CRF 83.70 + 1.03 86.41 +0.51 85.03 +0.43 59.69 + 1.45 66.63 +1.23 62.97 +0.36

&, [ FHBERT % F1 {H & T} 43.45%, $&T}ic—
o T T4 Al R k5 5 4 FinTech Corpus,
F1 {H{2 T+ 23.65%, $2THRORK 60.3%., 4 mtFt
Foobme i, BdE 2 sk, SRR R
S AFRIE T E, T BERT SR (14 42 R0 A 3
HRHIN R A, PR AR 4 AR S0 3% T BERT
TR NER B RERE A Qe AR H 0w 38 s
Bl (HMPRIEZE MRS, i /2Bi-LSTM—
CRF i 3f /2 BERT-Bi-LSTM—CRF#i | 74>
Tl Bt A rh AR i 22 325 3k 5y 3 ] 0 s A
£ XE—EBE LR, Eemp %Ll
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