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Abstract: Many security risk control issues, such as public opinion analysis in international scenarios, have been
identified as text classification problems, which are challenging due to the involvement of multiple languages. Pre-
vious studies have demonstrated that the performance of few-shot text classification tasks can be enhanced through
cross-lingual semantic knowledge transfer. However, the advancement of cross-lingual text classification is faced

with several challenges. Firstly, it has been found difficult to obtain language-agnostic representations that perform
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well in cross-lingual transfer. Moreover, the differences in grammatical structure and syntactic rules between differ-
ent languages cause variations in text representation, making it difficult to extract general semantic information. Ad-
ditionally, the scarcity of labeled data has been identified as a severe constraint on the performance of most existing
methods. In many real-world scenarios, only a small amount of labeled data is available, which has been found to
severely degrade the performance of many methods. Therefore, effective methods are needed to accurately transfer
knowledge in few-shot situations and improve the generalization ability of classification models. To tackle these
challenges, a novel framework was proposed that integrates contrastive learning and meta-learning. Within the
framework, contrastive learning was utilized to extract general language-agnostic semantic information, while the
rapid generalization advantages of meta-learning were leveraged to improve knowledge transfer in few-shot set-
tings. Furthermore, a task-based data augmentation method was proposed to further improve the performance of the
framework in few-shot cross-lingual classification. Extensive experiments conducted on two widely used multilin-

gual text classification datasets show that the proposed method outperforms several strong baselines. This indicates

10 %

that the method can be effectively applied in the field of risk control and security.

Keywords: cross-lingual text classification, meta-learning, contrastive learning, few-shot

0 3l

ARG RN EERZ R, WK
FovPAli . BEE Ar SREAT iR ZERR R A
rREE. MbEEER IR R, EiRsT 218
RN TIEE ZHRIE. BiEE X
A 72K (cross-lingual text classification, CLTC)
& H AR IE AL BRI Ay T R AT i,
FE 2 A WA IX — U N Tz . I R 2 80
ARGy RTTIEMR R & B AR E T b id B s,
KPR T EAEINFEAR SCA 73 23 50T IR RE
SRIME 5 W AR KRR, K& PR EEE 7R
EhfEh o, JEE TR EIEM, Rk
PETE T ORI IR AR I INERD BRI 2RI,
T EEAFE R REEIEZMERE S, 5
TS A R B AR HAh & RIE & T SRS A
KITE IR 2 HnE S, B HRES T
RA DB, WA w7 S HEm AL .

LRI 7T A AR AR RN F R S (]
FH bR iE 5 2 2 B 22 B8, fEE 238 5 T
Y215 5 # M (multilingual pre-trained language
models, mPLMs) [F & J&, FlZk/a ol 2
SCAR Gy Y P10 5O ) i 4§ B mPLMs
o T AR BT G R B SCAS SRAE AR IR W 2 AT AT
MU, O T AR R bR g S B B R 0 ) R, X-
MAML # B ] T #2515 = 4. gbdh, Jo24 2
NS TE B /EARZ S W S E A, 5 R %
HE SR (A& S5IE B A RU

UG RETVEIAT 1 R, AR EA TSR TH I
—sepki. B, (REEE UHIRMEEE S TR T
BRI G T R SUARERAE, X2 N AT
%, PIAZAE S SRR AT 208 205 5 0 5%
SR, NIRRT X ARG & 0 R — 280 AR A
R RARRIN, T2 IR T A ISR AT 55
CATH IR AT BE & BRiE 2 A HAh 4 S ()45
B, wAREEE. EE RSN ik, A
TrEA R B AR I A, e AT LR B K B R
FAMCIERINATIR . SR, FERER 7 7 AL
SRR B 1) 278 S bl B 2 A S 2 1)

Rlt, ASCHEH 7 ooxf b SJHESE, IF W
ANTT R R IR S ) . et 2 5T
oINS S, DRI SE S o RIE R
fEo IR, EFRHE H BORESSAL T T R S A Y
SR VAR R BRI HE AR, T A I AE 4L
B L B A 2 A

R4 2 BB TT, X LL s SI R G 3] 2 Rl AT
1% HE Y o< 2617, MAML  (model-agnostic
meta-learning) USIZEALLT7E 43 24T 55 v 4 ) L
FoIEBRREI U S A, ERXMRGE T, Bl
EERFAE R r [0 A [R] S 0 R SCHFBRARRAIE, TS B AN
[F B SCRFERFFAE . R, Gl R X L 22 o) 4R
FCE T > b, B A7k BE S AH A A B
SRATVUTFE R ST, DA SCARRAE i i) e 4
R, ISR S CHIE E R, [FIH A
TCEE 2R SEBLZ AL AN FN IR AL 1B B e JT . FETCYIZR
B B 1 o6f B 27 2] 3R-AF AT 55 AH SC IRE LRoR



3 1

SRALEAAE: T DEAESE 5 SO 2 M JORT 2 STHESE <109+

B AR Dy e Fn i L 18 20 o AR B, thsh, 23
Xof b2 o o B 18 i 1) S B O R e 2 3]
AT 25 385 ) E BV 1) SR s 2B, RSCAESTE S
S TR TARS BRI R XA ITIE
o, T ST I8 ] R A DG A L, 4R
Je e R RS SR, T LR SO B e,
T AR B A 5 250 SR BRI SCUA . TX L [m] S iA]
Z:7% 7 AR R B IR . X L A ST R e A ST
REA, ARSCHEH ROHESEAE B BRAR IC 0 14
BB S I 1A A R S B

A AE MLDoc A1 Amazon Reviews $ 54 I
BEAT 1 RE SN, XEEHIR RIS TE & AR
QIR PPAL R T2 . RSO EBRAR T L
FEET . deah, vt 7 LANXT Eesese A ]
PSS, DA 7S AR ST 25 30 RV A SR AL
1 WRIR
11 BEEXATHE

PSR 5 U RAIRZ B 215 5 T 2R 1Y
KBS0 . H o £ 15 5 BERT (multilingual
BERT, mBERT) Pfd A 415 104 FiiE 5 115 K}
FEEAT ISR, (EFFERFNERESTE S THALS
HRER I SR KB RE . N T MR mBERT Il 250
PR AFNIEF Z A5 BAFAEN ], Facebook
FeE P T 3MEBIE S BN GR A . XLM
(cross-lingual language model) LKt 2 i [ #ERD 15
BARAUE ST AR BEIE S RAUTESS, 1HAE55 A
—XPPATIE R E NN, A GRS [ i R FH
PGS WS EoR TN HAEAS A . 7E XLM By &AL,
XLM-R (XLM-RoBERTa) [ZSH8 i1 7 45574 {1 % 5
FTERE, Il FALE 100 FhiE = AOE R EREAT I
%%, mBART (multilingual BART) [2613% F 5 Fif
W R NN v, A 25 R S AR R
AR AT P B H PSR 1E CLTC Hib
NOURBRfR, FEAEHmiDas. B, ASCigsF
XLM-RAE A EEA 2 ) 2%, OB AE & 00 R liE(E
%5 LRI BRI RE .

28 T PSR AL R K & TR s 1247
BN RN, 1ETROCAR S KEEFAF SN T
B ic B m AT O, AL BT
K BRI E . 2 07RO R — P
5% mPLMs W /1T RAL 34 B8 77, AT 32 i B AT AE

CLTC EytERE. o, fECLTCH, LKy
R RN AR NRET20), aX e Ty Il U R A i U
e U - B S U £ TSI R AN S ¢l 1Y i
DA s PR e ) 1 5 A B 218 F A . SR,
KPR ARG T B0 A, SEOHR R
ARG IMAERRR B . dhAh, —LeT R H B
M %% (graph neural network, GNN) *2>]JiE 5 2
KRR, FHFEREE CRRBS3I, SR, X207
EAEAR M TR E I B S5 d s, IR R E R E R
s, I DA R BT SS

WAk, Jos SIHE AR RAR S h R iR
TEH . Heijden ZPHIEW T — 40 2] J7ik, W
ProtoNet (prototypical networks) *2, MAML!8],
Reptile®3 Fl ProtoMAMLB4#E CLTC L% 8 R I4f,
-3¢ T 4 N Foprotomamln H1 351 84 75 7% . KN
e ) B Az A RE, IF HL AT LB IEOE B
s A SN SE R, B LA SO PR T
207, R ST
12 EIESHREER

MR 2 TR, FE SORFRARAT S5,
HopE ke B AR EEAE B, [, o
SIME RIS 2 FAEA G525, BREiE S W E
H1#) CLTC [, L% # (code-switching)
RN AT HAEEEJ7% . ALM (alternating
language modeling) PSF| 3k H A [FE 5 1L
REH) T, ERIIGROE R 4 VR RS 1 =R
BHEIES BN, AR R AT R
Manifold MixupPF] FH 8 SCHR A AE A4 )1 25
59, BARAFERELRMMENEE, EH
TEZ2ANRRIZ . SCHR[40]42 T 2045 1 v AlE
2, AR ZAE F SR A £ DO mBERT 4T
T . Krishnan 2503 o Fifl B89 1368 1 5 5015 5
FIACHIRE &, DAIMOR 218 S BRYE NS5 oA
H 2 A BE )T o Feng MU ARG IR & 145 id
AR RBOH A) FIHEEA B Bk, ARATAY
BATAR L B e, B2 08 B SO bR id 2 1) (1)
FEABAE

KT IC2, R[22 NIE =I5 T
A S B ERUR, IR 5 BB AE SR
17 JCHG5R, EUER] T uHg SR ST AN SR B
b o Yao SEBVHR H T H B AT 45 48 0 vk, R



10+ W2 5515 1.2 2 4

10 %

MetaMix 1 Channel Shuffle, FFiE T 4134 55
TCFZALINRE S N T i — B  EAIE L
THITERE, ACARR TSRS, makLS
TUFE AR, TR 7T TR S s
SR ITE o
2 BRI

AN 2B GO0 e STREZE DL R AR B
PSS & BRI v
21 BIESNAZEMES

INFEARESTE T U 2R H bR i MRS &
A BIE 5 2 3 1 AR AR 1B 25 7E I R B ) R DL
HRMERERTES . HE—TMHTZIEE AR
NRBIEED=(D}, ce D, XD ERET
K cMFERB S n MBS, D.={D.}leL=
{lyrend, o

Horp, YRS & TSN EES,
NG SR ZRd AR A BE R X P E
AR AR 2 o)1 SURR IR AR B 25 HFRiE S . B
ATTAE SEEG I A% AR AN IR 1) 4 FH 7 V3647 X 49
HARE S WA T PR A

G 7T e, AR 73 i p (1)
FEE LI FEAT 55 (BUFR A episode), 1ZAT55 5%
PEEMK, UME I H8ELED,,, =T,
(NN E

BAMMES TEE — D CRESH— P EHE
O, XFEM TN A AT PEIE R, 1M
A TIPS PERE F T B AR T WA AL 24
HIAR 2K o AR SR n-way. k-shot 115 B R 18
WK, RIS n MR T, K
WA kA S FEARSC AR R, SRR
AR HIX T B

52 A0 TAEGREE— 84, AR

WL 2
S @ ETHEE S *5 AOO e
B4k 3%
L2 B 1 S N
INENTRY T
NNy PLM Proj
'N: |\\: { .
VIS o T
S
Tl

$EFN ) CLTC TAE i) XLM-R A R HE A 2 5] 2%
HRERFRIAR. AT HERSMH, &30k
XLM-R HJSCARRR IR A S (), IR IEITE S
e AVSIR
22 FTXTEEEFSJiESE

AR ot I HEBE R X = 2] 5
TR MY A, URENGENE S M HARE S
18 S8 ORI AR 88 o o0 bl 2% 2] HE 22 (1)
R WME L R, AR —ME g,
VR TR ) FR PO IE ROFT 55 . AR T
5 2 J5E R R B AR ANRE A 5 S RN 1A% 36 T
A B teAh, AHE SRR R b 2% 2] £ 7
YR B B A AT 55 AH QIR 18 R 7R o 2 Te I
BB, ASOH HARE S AT BP0, It
HEE A LR O (prototype) Kl
JE KA
2.2.1 TI%

1E 70 2R B B, AR SCHE 22 K Ff FOMAML
(first-order MAML) 7715, BLRIZH0 0 10 8520
Binz(HPrR.

o-0-pL

5, 2 Tt ™) o

0,)eB
B~p(7)

Fobt, L(f, ) FARE S, 1T R )
% 5 EE B AL O, LINHI K, BRRIEIES S
Hiip (0) FRER—HEIE SRR, BIE2E 5T,

ARSCH B RR R I B U B
TS B AL FeH AR AE B 5 S A
OB HC R, E R s,
TSRBUKA H bR, ASCH T MR H 22 ST
T FURR A S AR S TE % (SRR 7 . RO
My, 7EALE nck NS FEEE SR, A SOOI
SR BT AN

FURRIE Y

*3 AOO

TR

BT o) o STHESR A B i

Figure 1 = The overall workflow of the contrastive meta-learning framework
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ProtoNetH?] 953%  91.5%  81.9%  822%  76.0%  88.0%  85.8%  90.5%  91.6%  86.9%  89.7%
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w/ CLTA 96.2%  93.1%  84.0%  80.9%  81.8%  91.2%  87.9%  929%  92.1%  88.7%  91.2%
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Figure 2 The visualization result of spaces generated by models trained with different methods
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Table 3 Classification accuracy of different data
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