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Abstract

The case classification in the field of telecommunications network fraud, as a practical
application of text classification, aims to intelligently analyze relevant cases, help public
security departments grasp the characteristics of fraud cases, and provide targeted
prevention, suppression, and investigation. Based on this issue, this article conducts
research from three aspects: model design, training process, and data enhancement.
Through methods such as CLS dynamic weighted average, Multi Sample Dropout,
adversarial training FGM, and backtranslation, the classification performance of the
model in describing fraud cases has been significantly improved.

Keywords: Text Classification , Telecom Internet Fraud

1 5§

SRS R R HIRTE S A FR AT BRI S5 T A EL 1S 4R VE SR ATUR 10 Z 1 0 N BE L
BT EEEERE L . EIREHSIEITHHEGMBERLCREIEF I RE L, REARD
VERR T2« FIEN RAEHIT A, BT AR 1588 Y 5T i 5 MR VESR R S A i,

©2023 FEVTHEIETEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR

Bt E A EARIRSCE, H1T9T-518300, MR, PE, 202348 3H %5H.
W& 52
179



HEESY

T BE X AN [F] 2K ] B VES 22 VB BT X PR RO TIRST « a8 - ik < DU SEE T - AT B4R 55 2
B B W RAFRIA IR T 0 28 - R SURE SN R RR (B RBUeE) | RNt
R A A 122K

R F AR A T e TORHURER A SEES = & A BT 2 A Mask Y 3 SCH I 4R AR
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i 1R DR £ 45 T RN 2% 7539
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B R ARE R BURPLR R 2920
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FERTIEE, N T A RTE SRIERE ) H R, Fof PRAE BB AICLS L & & B RoRit
o SINACES, RIRE SR A Multi-Sample Dropout (Inoue, 2019) /7 AN SR, HIREAFZ
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2.1 AR
2.1.1 CLSEIAMBCEY

FELMEL/ES (Jawahar et al., 2019), #RFT [ Bert (Devlin et al., 2018)& — 2 4wiL e
71, UEBH T BertiR ZEIRZ 2 B AFEENETHEE,; (HEBert TIEE—ZIEH 2
SRATHES¥ER, FENEMREASZ—BEEMNIES#ER - FH T Chinese-
Bert-wwm-ext>¥ H T 5 Bertt8 [7] BT 4548, BT it 3 A 1K BT & Transformer 2 F1 4 15 2 H
AICLSHL BN FAT S-S, LG58 [a] & 1938 URAERE S TR 2R - @ T 22>)
RIZEW = [Wo, Wi, ..., W,,], B IR EmFEmbedding/ 241, #Chinese-Bert-wwm-
ext$£12Z, EmbeddingG1/Z, #n = m+1 = 13- ¥Embedding/Z#& /R N EL, Transormer/zH)
FIRNAT Ly, m = 120 BRZES A FAES, HEATEEUER 2 H H 5% — T token [CLS]HY
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H = sum(softmax(W) % [EL[0], T Lo[0], T L1[0], ..., T L, [0]]) (1)
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Figure 1: HRAIZEH)

2.1.2 Multi-Sample Dropout
S DI FREES . FAT TR AMulti-Sample Dropout®f 72 8% 317 £ X Dropout ##
TE, — 7 EA] LR KA IR S, A— 7 m e MR &%, sz Lees - 7
IREUE Z R R RHE 2293 2 IR Dropout##4E, &AM AMLPIE 73Kk, BEI&ER
Fo TR ET R AR WIE, BITI-ISIT, MR, hIE, 20238 H3H #5H.
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STHUNGR & —Fh 5] NS R T1E, EREANMEFEEARR S, SRR LD,
RGBT GE g ZAX LS, WM AR RS0 - WL FATRA TFGM (Miyato et al.,
2016) FEEE R R HTRINZ 1L, PUSREE AR N RS Rz (LRE T, A RRR -
2.3 HIEHESE

B B PR IG5 AT LUB SO IR AR, SR AR AN 58 B R A i T 1) R - 38 5 F [
SCE S - BEVLIEA < FENLE M S M R DL B R 7 SO AT R, A SR I8 3 (Wei and Zou,
2019) EEUERH T 1% 7 E ] LU B IR ERIMERE - ZELLIFIE R, B30 T HdE R, I
B YGEFEENE A B RAE B 7 TE R AT M [X 43 2R Bl R R U870« A2 R (FERS (R WA 4% 4% Br BRI
R) PARBRIEY) « BRSSO FHAT TINGEIENT 7 . BEFESFIRAES . HI . 8 =FME
=, WESCRE N T R - ES- AT A E .
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KXRZFER T ETRERBIEE, HREHEMBINETEE - IRt AR
22 R E N3e-5, HRHAL10%EI P EGH Tlinear warmup, 3112551 epoch, Rfbatch sizel¥ &
N16, wARKERSI2. RTEHIRH R, FATEERE T MRIEM . TRE FEBERMEER T
FWF L) 71064555 3BFRE ENEY) « IRS545815580E, HE A A ERE CAPIEE P44 1E
T RE (R ERAREEE) B T 1150% (T IUERERIS . H0 L5
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3.2 PHUER

TE BRI AR FAT TSR B R D7 a3t AT TR ARt 54k, BRI FIFITERS Lk
F]70.8602 - RATEAFIZE T BRI 45 R W Table 2f7~, HH'Model Ours’HChinese-Bert-
wwm-ext + CLSEIANIIFFE)+ Multi-Sample Dropout:

Table 2: SEUG4E R R

Model Macro Avg F1
method 1 | TextCNN (Chen, 2015) | 0.8464
method 2 | Bert-base 0.8503
method 3 | Ours 0.8537
method 4 | method 3 + FGM 0.8589
method 5 | method 4 + [F]iF 0.8602
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FEARIR G B VEIR R AT RAESH, ARBAEER T 2T Chinese-Bert-wwm-ext AR |
Hil 1T CLSBN A IIACF ) 5 Multi-Sample Dropout ()77 ZUEATEERIIGH , Hi@ e B3~ il
5~ AT EGUESE T U — R T TRV RE o RIS SRR, ARPRIR B U7 ik ] B
fERAERER BB B3R T, AR L FF1950.8602%, #baseline /T 1AH — €
Tt o ABZARIRITEMRIRFFAE— LA o Flan, FEITE K REIRRG R AN R, R EERH 1Tk
H (RHANBUE FERENRER, MAaERMELR) - oAb, TAIATREXESFHITR*
ARSI, AR AT LA ST an ] 7 A S5 50 R L SO A B A 48 T 40 R RE
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