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Abstract  In recent years, deep learning models have greatly promoted the development of English
and Chinese natural language processing. However, most other languages in the world are unable
to perform effective text processing and analysis because of the difficulty in obtaining labeled
data. Cross-lingual transfer is the main way to solve this problem by using labeled samples in the
source language to make the model learn the corresponding tasks in the target language, so it has
been widely concerned. Recently, some works based on self-training achieve the best results in the
cross-lingual text labeling tasks by using both labeled samples in the source language and unlabeled

samples in the target language to fine-tune the multilingual BERT. However, self-training suffers
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from the problem of inaccurate supervision, that is, the teacher model’s inaccurate predictions on
the target unlabeled samples (i. e. inaccurate samples) may mislead the subsequent student model.
And in cross-lingual transfer scenarios. the natural distribution gap between the source labeled
samples and the target unlabeled samples will make this problem even worse. In order to further
improve the results of cross-lingual text labeling, in this paper, we utilize three techniques to
address the inaccurate supervision problem in the self-training, and propose a learning framework
called Teacher-Curriculum-Student (TCS). Firstly, we employ a soft-target training technique
to reduce the impact of inaccurate samples at the level of loss function. Secondly, we employ a
progressive sample selection technique to construct iterative training datasets containing more
accurate samples. Finally, in order to handle the inaccurate samples in iterative training datasets, we
propose a from-confident-to-suspicious curriculum learning technique: according to prediction
confidences of the teacher model, a training dataset is organized into learning courses arranged
from confident to suspicious, so as to enhance the role of accurate samples and reduce the role of
inaccurate samples in the student model’ s training process. Experiments on the benchmark
datasets of cross-lingual text classification and cross-lingual named entity recognition show that
the average results obtained by TCS are improved by 2. 51% and 3. 25% respectively on the basis
of self-training thanks to the three techniques TCS used, and are 1.51% and 4. 45% higher than
existing state-of-the-art results respectively. In addition, ablation experiments show that. all
three techniques used in TCS can effectively improve the performance of the final model and the
curriculum learning technique contributes to the largest increase; the from-confident-to-suspicious
curriculum order is the key to the effectiveness of the curriculum learning technique in the self-training
scenario. More interestingly, further analysis shows that in the whole iterative training process,
the effect of TCS is always better than that of self-training, the sample selection technique plays
a role in the initial iteration, and the effect of the curriculum learning technique is mainly reflected
in the middle and later iteration. For reproducibility, we release the code and experimental
configurations at https://github. com/ericput/ TCS.

Keywords cross-lingual transfer; self-training; curriculum learning; text classification; named
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@ MLDoc FEAHE ) Fe KK BE B 431 B & 70 5 B R/ ek
K BE R W B BT 1T AL CoNLL FEA.
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oA 5tk 2 Al AdamW™ H Weight Decay
R 0. 013253 Ky 3e-5 HAERT 10 %0 I gk 2 172
MR L PE G (Linear Warmup) ; Dropout i 2 4
0. 1.

XFF TCS ¥ M2 AT BIriE 5 3k
EHITRRT VMBS B IR S — B
10 P A=10:8d55r 2 B 58— 0y 4300 T
MLDoc H1B% ru ()& Fp HAR1E T FEAEFE#E S K
4t —i& R 500, K b 52 FR b russian.train, 10000 {4 £
KA 5216, i LA #E K., =250;%F T CoNLL f#y
BAHERIE S AR EREES R E N K =
6000.K.,=2000 fi1 K, =4000.

A SCHETF PyToreh-1. 3. 1 AE 42 52 3 A7 B 8 AN
BT S0, Ho Jenks K435 3 4f F jenkspy
£ DS HR.

3.2 MaExttt 5o

FEATTH L AT 153 57 MLDoc Fl CoNLL _Fxf [t
B CLT JikAl TCS By PERE . X 26 7 0035

(1) K i1 M-BERT ) J5 % : /£ MLDoc [,
Schwenk I Li-"*) 3 o 15 15 5 1) [7] & A0 45 R 28
L& PEAT AR IE F% ; Artetxe Fil Schwenk™ i Il 2k —
A2 18 2 TP TR 3 5 AR T 1 G ) s
IR R, 78 CoNLL b Ni 8 N e 5 T
FE TP AT TR ORE Y B 1 B IR RO 85 1 TR 1] A Xie 4
NS 5 0 ) 1) 2 AT ) R O DA O AT A

a3
(2) H RS 5 W An AR A B0 M-BERT,
iC "~ Base.

(3) i X BT I 2 F A i 75 0 b T AR AR 4
Tt Base #9771 4% Keung 45 N Fil Zhang 45 .
()3l 3 B IRl AT H AR TR & o IR A 42 T

Base ) J7 % : £ MLDoc I, Dong 58 A" fifi Ffj 47 #
AP FEHLH ) B IR0k 55 A TR & 0 be TEAE AR
MHEARE & LA rEAS, 7 I8 SO 45 R 2 18
target_language. train, 1000 15 3| #), I A11E 4
SCH)SERECE T R T %07 IR LR S I 4 OR
fE CoNLL -, Wu 5 AMSETEIE 5 br IR A |
i M-BERT 75 2| & it 8 , 2R J5 78 H AR 16 5 JohR
TEREAS b 2510 8 IS Y 3% 05 125 WT LA s f8 1 4K
FARIINZE i 5058 A Y125,

AN THRFE TCS Ao AR . KAl
HEAT T 40T T Rl S

(1) ST (Self-Training). Base Jill F & &/ B
Y.

(2) SD(Self-Distillation). ST Jil_E%& HAr Il Zx.

(3)SDS(SD with Selection). SD il _F ¥ 3 =CAE
A JEFE.

(4) TCS(Teacher-Curriculum-Student). SDS i
3D AR LAY AT A BT BE T Y PR

HE—20 R TR AR R B 1 AT 2] BE T PR
PR 0 b 221, AT BB T T PR AR
(Reversed Curriculum) i %} B 52 36 SDS+ RC. i
DREE RIS AT BE 2 AT (57 A DR AR 2 HEr R T =X
F 7

max(1,B—e+1)

D..=sU U

J V. e€[1.E] a0

XFEE (13 F(14) , & F1 TCS Fil SDS+RC A 5 #
S PR {H — B PRFE N 2.
3.2.1 MLDoc I K%k

iR 2 firys, TCS 7 MLDoc (1 7 # H b5
BE LA E SR T ST A Jik, b ST ¥
2.16 Acc, It Dong 25 A 5 1 3475 1. 31 Ace,
WA 1B i e 4G

&2 HFHEE MLDoc Wik &E E Acc(%) WXt (FAE R TiZBEHRIBES LNRESE D)

de es fr it ja ru zh S

Schwenk 1 Lit1 81. 20 72.50 72.40 69. 40 67. 60 60. 80 74.70 71. 23
Artetxe fl Schwenk2!] 84. 80 77.30 77.90 69. 40 60. 30 67. 80 71. 90 72.77
Base 86. 50 78.15 81. 60 67.90 76. 83 70. 83 80. 63 77.49
Keung % A [ 88.10 80. 80 85.70 72.30 76. 80 77. 40 84.70 80. 83
Zhang % A\ L5 91. 90 87. 20 87.90 77.90 77.10 70. 10 87.50 82. 80
Dong % A L6] 94.63 89.53 93.08 80.55 79. 65 82.03 88.08 86.79
ST 92.33 89.78 91.13 79. 50 79.98 80. 60 88. 28 85. 94

SD 93.50 89.73 92.15 80. 33 80.73 80. 65 88.10 86. 46

SDS 95.20 89. 28 92. 88 81.58 80. 83 82. 20 88.08 87.15
SDS+RC 95.13 87.50 92. 85 80. 05 80.93 82.18 87.78 86.63
TCS 95.18 92.35 94,33 81. 35 82.03 82.65 88. 83 88.10

@ https://pypi. org/project/jenkspy



1990 it <A

e i 2022 4

3.2.2 CoNLL [ [4s

gEH 32 3 i, TCS 78 CoNLL (% 3 #l H #%
WE LA E T ST MBA F ik, t ST P15
2.53FL, b Wu S AN 07 367 ¥ 3. 43 F1, Buds
TR A A

3 &FHiEFE CONLL Uik F1(%) ByxtLE
(HHFER R ZEFES LHREER)

de es nl -1

Ni 2 A\ [22] 65. 10 65.40 58. 50 63. 00

Xie 2 A (23] 72.37 71.25 57.76 67.13

Base 70.00 75.10 80. 39 75.16

Keung 4 A\ 71. 90 74. 30 77. 60 74. 60

Zhang 4 \ 15 72.10 75.00 79. 40 75.50

Wu & A7 73.22 76.94 80. 89 77.02

ST 73.39 78.5 81. 88 77.92

SD 75.05 79.11 82.56 78.91

SDS 75.18 79.73 83.74 79.55

SDS+RC 74.95 79.87 84.12 79. 65

TCS 76. 22 80.56 84.57 80. 45
5.2.3 LRI

Base M4 fE 5 2 L F Schwenk F1 Lil' | Artetxe
F1 Schwenk™" | Ni &8 AP F1 Xie 28 A\ 078k, X
Bk 7T M-BERT (9 85 B4 G B M B8 I T 2 T 5
TS ) 1] B bR T S B Ok [ B e B AR S fel
PR 2R 2 7] 52 /Y. #H H Base, ST ¥£ MLDoc |
PI3ETF 8. 45 Ace, 7E CoNLL E 3 HTF 2. 76 F1,3X
ULHIFE SR M-BERT By # il 5 %51 A H
il & A TE AT B AT DR K& A M-BERT #y
CLT M. #1 b Keung % A"l Zhang 45 N/ J7
:.ST #£ MLDoc b V-5 5. 11 Ace I 3. 14 Ace, 7E
CoNLL FSF-¥55 3. 32 F1 Al 2. 42 F1.x B A Il 2k
T EAR T A BBl T %.

£ MLDoc |+,SD [ ST FE#¥ 5 0. 52 Ace.SDS
It SD 355 0. 69 Ace . TCS [t SDS #4715 0. 95 Aces
1t CoNLL | ,SD kb ST ¥ 0. 99 F1.SDS H SD
S E 0.64 F1,TCS b SDS S35 0. 90 F1. 5% £
XF b g5 SR Ui B TCS {88 F 09 4 B A5 U1 Zx L ik U AR
TEFE AN R A5 B ] S8 7 (1) PR A4 2 #OE A R K
HFrZ7E CoNLL I b 7E MLDoc I A i 3 (1)
ROR X AT REAE PR D B B bR 09 B 28 43 A 4 1 0 KA
FH 2Bt 6 b 2 072 221 85 ™ 8 (CoNLL %4 & &
BIO %t , 4t 9 MAR% s MLDoc i 46 4t 4 P FR%E).
“ AT A5 3 /] B8 (1) BRAE %% 2 7E MLDoc F1 CoNLL
FRRCREAR B W H LR G ORE R SR T &
W RCR i Y.

AH E TG R TR (BB AL IR AR T 1% SDS, fi A A
A5 ) Al BE PR AL A TCS £ MLDoc F1 CoNLL

A S AR T 5 il DN BT BE B T A PR AR T
f) SDS+RC 7£ CoNLL | J6H g $2 7+, 7 MLDoc |
FL I T R XA 45 U0 DA AT {5 B AT e
A R M A 352 T 455 70 PE Rl b ke 3 G B L ) B
A, 58, B A TR 1) 5 3 1 R AR A Ay
3.3 LA

FE 3.3.1~3.3. 3, FHATHE T MLDoc A3
BT 8315 (G2 MLDoc-fr) #1 CoNLL f % i
TR 3 #5535 (30 CoNLL-de) iX B A~ F-1F 55 b iy 52
B IR 4 ok itk — 25 20 M TCS B A RhE DA K 56 3iF 4% A
JrEMEHL. 7E 3. 3.4 15, FATEE T MLDoc & B i}
W TCS AEARE 5 AE 55 BRI P 22 7.
3.3.1  MIRIPERERE %A A 1k

FEARTT AT 12 4 ST.SD.SDS fil TCS
FEi2 A7 AR v A R M B B 3% A 1 AR AR Ok BB TCS
M FHE FERm S B2 R T 4% ik
BLRIZE MLDoc-fr AR (9P e CRIIZ 1k M 6ED Bl
AW AR E . T e A 2 A B
AE A2 & DAL B LE H bR IO bR TEAEAS (FE AR SO0 52 56 v
R R BRI HARUIZREE) 0 PR AR R M, A5 fiff
FHIE 3 SRR A 7 i v 22 B T AE MLDoc-fr il 2k
& FryvERe Bk AR AR AR IE OO, LAY BT 4 AIEL S
A B CoNLL-de 5L, & 2~[&] 5 o, [& 1] 1) 4% Bk
Xof IO AR B 5 ¥ T 44 PR it AR il 1 Y R 3 A IEL S
A & S ] ST.SDLSDS il TCS 2 78 % v J7 1
TET v fg, ) SDS-V F1 TCS-V #75R 4 i 77
BAEIE AR EREAR LSV, ERTERE.

95
’[=ST_—=—sD
93H—=a—SDS—<TCS

91}
8o
S g7t
85}
83}
81

0 1 2 3 6 7 8 9 10

4 5
HEARH
& 2 2R RERIYE MLDoc-fr R4 b AYPEBEREIEAC B9 281k

99
97t
95¢
93t

<91t

St
87t
85f
83t
81

‘+ ST —&-SD —a—SDS
—¢—SDS-V —xTCS —e—TCS-V

Il Il Il Il Il
5 6 7 8 9 10
IEEIR

Kl 3 ZIEEAYE MLDocfr I ZR4E [ Y MR Rl 1% AR 19 A2 1k

1 1 1 1
1 2 3 4
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7 ——ST —=-SD
——SDS > TCS

12 3 45 6 7
IEAREE

Bl 4 g RERTE CoNLL-de I 3U4E b A1 BE FEIA AU HY 22 1k

9 10

‘+ST —8-SD _ —a—SDS
—SDS-V —%TCS —o—TCS-V

7 8 9 10

12 5 6
AR VN

K5 IR RITE CoNLL-de Yl ZR4E L P RERE X ALY AL AL

a2 R 4 R, 4 F o ik v i) 2 AR SR Y
AL BE 2 Bl 3% 10T 8 A5 B 5 I A 2 85 T
B3 A 5 BB AT 4 oy b
URRE TR AE T 1= A 1 8 R 7 72 25 42 ) o e &8l X
LA FE— U LN, A 2R R B 2 B 4 1 AR AN 1B
FETF B ARTCAR TERE AR B R 5 DA T AS W87 2 T 2% 2
AL Iz M R 2k A n] L 2 4 T A I8 A
T MERR X b R T AR R Wu B
PEREZE ORIk ST M B AL b 4b , & A il 7 2k 28
A Bl B TCS i A A = T 55 AR J7 58 4043 %5
PR T IXAIE KA e 245 T AP 45

e 3 FIEE 5 7R 26 T 2% AR rh 74k SDS-
V #l TCS-V 435 Kl 5 T 4r £k SDS F1 TCS, iX )i,
AR AR AN 56 45 )y 52 1 T s DA 4 48 T b 3 s 7 B 4 3 I
B S TEY, HAE 2 FE 4 BTR 55w %
R, 7k SDS iz etk BE I A i ST =k SD; Z J5 1
A, Jy i SDS Wz Ak MEREA Bk T ST A SD.
AR SCIA g 1 % G 10 D RIS < Je ) R AR R AR
SRV 73 B 1 T o AR 5 o fH RS R /N 3R L i B
PR3 Ai A5 ™ TS I 5 1 B 2 3 AR R AT, VB
AR ELR OV bR A B TR R L (H BRI Y
AR A5 {5 876 28 37 38 0. 122 B 5 U0 W R AS ok 8 77
T 1 R 50 R R S A 1) ST A EE T T B b A
A P B A SO Y 2 25 0k 8 R s B 14X R
) 55 o et 3800 B 000 R b T AN A

WA 2~ 5 frzs . Prek TCS L i 1 1 248 o

M SDS FordEin. HE AL TCS A ¥ &
T SDS. HAfr£k TCS-V il SDS-V 45 &t A [7].
X — G UL PR 2 ) 5 RAE V. A R A B
SRS Z B B T WA ROCR R T A ST AR 2
] 1y L.
3.3.2 B R HEX I

TEAT H L TR AT 3 X L Tenks K 43 F X5 &) Kl
43 O3k B R B 43 R O i RO R U Tenks R >
RV N

T SEXT O b R RO 3 ik i R R A
M PERe. TCS FoR ] Jenks X 43 1 PR A2 2%
2 I % TCS-BS FRn il 34 51 X 43 9 P R 2% 2
Ji%E s » ~test Rz Iy ki A I AE H AR A 4R
FPERE S * ~train ROR KT AT BB R ALY, b
(L@ MPERE. 5 R 6 FE 7 FiR, 784
EARL B, TCS Bz btk g s — B T TCS-BS,
TCS eV, LR ERE A W2+ TCS-BS.

—0—TCS-test —8— TCS-BS-test
97 —A—TCS-train = TCS-BS-train
95F
S
S 93t
<
91f
89+
87

1 2 5 5 7 8 0 10
AR IR

Kl 6 TCSH1 TCS-BS 7 MLDoc-[r I #JPERE
79

781
77

—0—TCS-test —8—TCS-BS-test
—A— TCS-train == TCS-BS-train

1 2 3 4 5 6 7 8 9 10
AR IR
Kl 7 TCS il TCS-BS 7 CoNLL-de | A9 fE

R ORFLATLL TCS 5250 F1 TCS-BS 525 1 55
4 B kAN B, et 3T 3 B Jenks &) 43 A ) R 4y
1 MLDoc-fr il CoNLL-de | B &l %] 4y 45 5%, 3 4
MES P VORESEY, LR 4B WS 1 4,
R IZE S S R ] B R R 2 TR
RIS b0 28 J00 00 A B O A 7 i AR
BIYEZAE S LA PERE. 45 1 BN . TR R 4 7 ik

@ 5 Jenks X 43 R4 — B, ¥ A R o 7E SCAR 4r HAT 55 bt il
FH T 2000 39 4 R



1992 [N E I 2022 4
5 1L ML 155 P 4 VRl 4 R AR T 1 T 5 %
I FLHEAE i 1 (1) T 4 1) % ik 22 85 T 4 4 19 A 93
Tenks %l 53 = A0 - 45 7 503 12 5 ik DA 785 040K 1) §Q
K3 H ¥ 51K 40 #F MLDoc-fr Fl CoNLL-de | 4B g1l
BTH L FHEIRITS 2 FENAL XEGE 8
Sy R ML G 2 9 A2 WA T £ 0 T B Y R I ol

J¥. Jenks %] 43 A= B 148 Z 18] (9 25 5 L6 35 &) Rl 43
KA Z . 7E MLDoc-{r I+, W5 # ) T 4 B 15 B hn ifE
F243 5 0,013 F1 0. 006, T4 it £ A5 vfE 22 50 51 Ky
4.34 1 2. 2637 CoNLL-de I, P& 0 4 B (5 B
FRufE2E R 43 5 kg 0. 158 1 0. 016, 14 i b 1fE 22
5351k 16. 94 F 6. 83. X A 25 R UL Jenks X4 19
FEA T 3 350K B 4

F4 LWHE 4 8ER . MLDoc-fr FHBIESRFER

TCS TCS-BS
A% EGE OFE S/% BREE RS
Vi 100.00 0.9875 96.49  100.00 0.9823 96.16
Vi 67.80 0.9915 98.36 25.00 0.9987 97.85
Vie  21.79 0.9834 94.66 25.00 0.9865 98.20
Vis 8.38 0.9740 88.21 25.00 0.9834  96.70
Vi 2.04 0.9537 87.73 25.00 0.9707  91.90

x5 FEHWHE 4HIER.CoNLL-de FHHBEBIRER

TCS TCS-BS
gL/ EEE PR /% BER B
Vi 100.00 0.9894 76.62  100.00 0.9868 75.99
Via 92.63 0.9957  79.63 25.00 0.9984 78.70
Vi 6.22 0.9381 60.64 25.00 0.9978 87.71
Vis 0.94 0.7921  40.67 25.00 0.9957 82.93
Vi 0.20 0.5800 40.00 25.00 0.9552  67.42

3.3.3  JUARTEREA HURR Y 5

AT, AT T MLDoc-fr #8957 HAr 16 &
TCRRFEREAR T BB XT TCS R A9 52 M. AT 5
W ERABREE ) french. train. 1000 french. train. 2000,
french.train. 5000 F french.train.10000 % & N T
HEAT S, LR R M S R AR RS K Z
SMAFES 3. 1.3 1 — B AR PR S Bk T
BT - 535 8 50,100,250 A1 500.

Kl 8 /R SE TR A& M AL T T, 2 AR AL A
HARI AL b AP RE BE 2% A8 00 2240 1 00 72 92 56 1Y
A S R EEA B ER T, &5 P
TCS WS il A — B X s T TCS e
PE S TR BN 1000 K AEA BT, TCS 5 AT LK
FLR M BE H Base 19 81. 6 Ace $2 73] 90. 88 Ace,
HBEE TS R AR PERE2F — P B K, X R
H TCS A AR i AR A TR,

0 1 2 3 4 5 6 7 8 9 10
AU
8 TCS fii AR IR BB T2 MLDoc fr I iy f

3.3.4  ARNEFAES LRCRMESR

3.2. 3 WE P E X X RS F AR5 1 L5
gERPEAT oM. KB TCS A9 4 H br U1 25 . i 9k
KAEARTE T A5 2 T BE” IR T B2 A
Ry, HURFESE 2 7 B0 o5 Ja 45 R B sT Bk k. FEA
rp, AT T MLDoc $4 £ A4 A B2 ok 43 B
TCS fEAR R F AR5 LR 2 5.

A1 75 52 = IE AR Ir RAEA WG F ERL
WM ST, SD 15 de. fr it fl ja FHUS T W3R T,
FE T 3 T I B B Y 2 de (1. 27 %) 5 7E es Fil zh | M
LT s T B A X T BRI B e R 2 zh (0. 20%0)
M H SD,SDS 7& de fr.it fl ru FEAS T B EF#£T,
FEXT S T i B S A 2 ru (1. 92%) 5 £ es Fil zh |
I T RS T B A BRI B B R A2 es (0. 5020) 5
At SDS, TCS 7 es.fr.ja.ru fl zh FHUS T 2
Th X T e KA 2 es (3. 44 %0) 516 de it |
BT IS T R AR R R R K 2 110, 28 20).
FRERERY] L W R T RIAEZEGE S T
BORHSE R B E R DN AES B 7 T
B AR IR BRI EER E BT L Rrs PR L.
AN AHEE ST, TCS 7TE4#F 7 F H Anig 5 L # HUS
T E T A T B R K2 (3. 51040). iX
i, T B A B AR Th B R AS 1 40 A AN B
B LIE 5 % Ny = S 1 N 2 N 5 7 Ny S el W 7
TEZAT 55 L BT B RV

4 MEXRIIE

ARIORAE W BT 5 SCAR 7> R ANES T8 5 iy 4 5L 4R
P T2 B P B R % 2K« T B T WA A R AR T
P s BT B51H 5 R MBI RLT A BEAh A SCHR Y
TCS FZW S HUIZRMTRFE 7 2] BB EAR.
4.1 ETHERFHERIH

X T7 A B K OBUTE [8] /9 F- 17 5 52 M I
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B bR S H RS IE S bR 0 e DR i H AR
TR REA SRS TE 5 Y H AR IE S REAR B I
SR RN

— S8 T AR AT E RO A7 bR v g
CATSCAE VRIS 5 7 bs TR A I 25 U5 A R L P
YA TR R0 A7 o BRI AR 2 S B e R TR
00 A A B S B X 5 A H bR S . XTSRS
SCAR G U, AT IR AR B 42 4 1 By RO T
%6 55 A LB 4 AT LA 5 e S5 5 EL R SR iy 45 S AR
59 5 B PN AR BT LA 2 05 ok A 1R 38 7 B e A
AT B R 2 o B X FE L PR A G 515 R i 5 3
FAR g

SR AR 22 37 5 b A 55 A0 G 9 - 17 1 e DL AR
A5 s — S TR 1 A AL 2% B 2R G0 oK 2R AT s v
SR A AL B R R RIE S A AR T AR
A HEAT B0 W S AR Tt A AR R R SR
AR Fr) ] B AR 58 B B BIL A% B R R 4Ok i A7 e B
PRV BRNT AR GRS b R R B AR LA K
T 2 SRR ) T B A RO 1 R AR AR T
TR AR T 5 7 5 I Pk .

4.2 ETEBESRTHEREIR

X A URE R R A R A B
B AN ALY AR AL B B 1 SRR T L A
Bz HARE S5 L.

P T i ) O B N T S IR S U 4y
FUOPURIES R A 4 SR Artetxe 58 AP
I Y25 2208 5 0 2 AL B PR A ORI AT B 1 S )
TR, MO, TE BB Ay 4 SRR G i 2R
2N M 47 T T DL A R R A R AR A
REMBIEEHE.

B — e TAE &3 M-BERTY 4 5 11
CLT fE77, M-BERT 3% #fi ik 30 91 8515 5 SCA 43 2%
FBETE 5 v 48 SR T8 i LRl Wu 28 A5 )
F—Fh ¢ > J7 ok 58 i M-BERT B515 5 8 . 76
515 v 40 SR B IO TR A A B AR
T 1% T B A B B AR AR A 2 TR AR L 1
RS, e SORE TR 4 3 B B T A AR R R R X 2 T AR
SR SCHE R 56 B AT R E AR IE T IO hR AR A
Ke4ETH M-BERT ) CLT 8 : Keung %8 A i H
W A HUI SRR A2 T M-BERT A4 05 i i & 24 sr
[ HRFAE s Zhang 58 AP0KE CLT 145 7 B U0 1 (7]
R — o 22 T X B I 25 1) TG W B S I
S P AR AU 22 1R) 1 22 575 Wa 26 U7 S 00 U

AR ERE A ORI RS AL, AR S 6 B AR TR T bR TE
TR A X ASE T 3 A7 0 R 2% 1 ok B T B TR R 2 R 5 1
B A A4 SRR B BE 1% TR T LR R
WERE A AU 25 Dong 5 AWl F A A7 A
PEFEALHN 0 8 I 250k 52 T 25 18 5 SUAR 43 S i P RE.
F 9 o 35 T B U 2k ) O R AE AT B AR TR S TCAR I
FEAS O[] J5 W o 56 1 B I 25 09 5 32 7 B0 3 AE
PERE B S TR & ACES Wu % AT Al Dong
S NS O s I B S — e AT B T AR TR R 2
2] T3 ZE e HE — 25 U 2 DTS R A 0 I X 27 A A AR
OB ATR

AN, XLMM fi XLM-RY7 25 T /78 M-BERT
AL B IR R IR 215 E B4 ERR. BT XLM
A1 XLM-R (1) 5 81 25 #4 F1 950 )1 25 7 5 A M-BERT
T AL, B T R B E T SCA bR A T T
VESEAT LA AR 3038 J2 3 F M-BERT JF JE A/ 5% . {2
T B 2, AR SCHR I TCS o Al LU F XLM
5 XLM-R By #5155 7.
4.3 Bill%k

HUIZRAE Ry 20 e i) 4 2 500 W o 20 ikt
AT DLRIAT: 25 Al A A 25 ol L I Ot o Y T 4% AT
. — S U TR B K H ) 0 T I SO B
AR S B ARIE T A BT 5. D). Artetxe %E
NS B YR T A% AR X B2 T 85 0 5 1) )
(4 5 i s He 558 N5 U2 B [ 91 25 0T DL THBIL#45 BH 18
TN SCAS 478 2 5 SCOA AR AT 45 W ME BB 5 A U AT 55
— 3, Dong & A\ F A I 25 28 By i ok 42 T
M-BERT TE#51EF XA R PERE. 73 40, AAEE ]
WA o 52 A VB A 1 VI e S T A ) S A R
He 55 A5 AR SCHR £ T T 4K H 5 Yl % s Dong %
SRR SCHR A R Tk K R AR B R AN ) Y
B AR SCH AR A B I SR RN B 15 S SCAS bR 25 T Y
A5 2 AR AR R B — b DA AT B AT BT Y PR R
S ENES
4.4 REEY

PRFE 2 2 — Pl o R R I 20 B AR AR
JIFE o 5] e A 7 B PR B 47 I 25 9 4% R, Bengio 4§
AU T X ARIE AR @SS B UE B
] R3] R 1 PR AR U 2 A7 8. Bl S Koemi 45
AT IR 2 ) T ML g B AT 55 [R) 58 E
T DATRT A S PR ME B SRR R Ao 7 A T A
(B IE 45 5L s Zhang 46 AU FEMLEE BT 55 ik
T ZRREA S 2% B T R DL R AR R HE vk X



1994 it "

i 2022 4F

e T ARG I UR A 22 ) 2 A IE B bR 19 I 2R 46 B4R T
BRI GRACR » B AT EE TR 6 I8 5 2 e A R L A
A A BRI B RE L G R A R R R T
I L8 AR AN [ (9 2 o A% SO BR A 27 ) R i A A I
2510 3 58 I 5 4R oP R R AR AR ) 2 AR T 2R ) B
M+ DRI ab A S P S0 AR 5% A B A R R Al
FEAS Y DR ME i 2. g Ak o A SR 2 2T 1 S B 7 5L
A3 Zhang % NN #R R S BT R 20
TR B A DR A 2 Xt Al 4 o A o) s 1 a9
il VIR AN ] B B[] X 40 149 T PP oA 52 S DR A
L HE.

5 BE5RE

T HEMOR M-PLM s # 5] A HbRiE & Jobn
TEREAAE B ASCHE BN SR S al B4 TCS %2
HEZE ZAE 28 R 2 AR I 25 L 37 a0 20RF A 3 5 0
“ DRI 20 AT &8 (1 PR 2% 2 = B AR SRl % 2 I AR
TR f1 At 1% T %o 2 A A R I 5 1) B . 7R B
A3 AR E 5 A 44 SR R SRR R B, TCS
Al LLK IR T+ M-BERT () CLT ¥ BE HAUR B % 4
A I, MR 2 A E 8 B AR B4 H AR
W E ML — R 2 el B R TR BT DA S 2
TAEMER R TCS, i 2 77 4 iy G5 — B B ] ) Ab B
Z R H bR 5 REAS 55 Ll 4 .

& £ x #
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Background

In recent years, deep learning models have greatly promoted
the development of various natural language processing
tasks, but training these models often requires a large number
of labeled samples. In order to perform natural language
processing in languages where labeled samples are unavailable,
cross-lingual transfer (CLT) utilizes the labeled samples in
the source language to enable the model to perform the corre-
sponding task of the target language. Text classification and
named entity recognition are two representative text analysis
tasks and this paper aims at improving their performance in
the Zero-shot CLT (for simplicity, Zero-shot is omitted)
setting.

There are two main methodologies to CLT problems:
sample transfer based on annotation projections and model
transfer based on cross-lingual representations. The former
requires task related parallel corpus or high-performance
machine translation system, therefore, its application scenarios
are limited and the latter has attracted more attention. In
particular, with the discovery that multilingual BERT (M-BERT)
can produce powerful cross-lingual representations, fine-tuning
M-BERT with source labeled samples has become the main-
stream method of CLT tasks. In real scenarios, unlabeled
samples in the target language are easy to collect and contain
target distribution information, therefore, how to utilize
target unlabeled samples in the M-BERT’ s fine- tuning process
becomes a problem worthy of investigation. Recent research
on this problem can be divided into two categories: one

narrows the gap between different language representations
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in M-BERT through adversarial training ( AT); the other
uses Self-Training (ST) to let the model learn the pseudo
labels of target unlabeled samples. Compared with AT based
methods, ST based methods utilize target unlabeled samples
more simply and directly, and achieve better results. However,
ST suffers from the inaccurate supervision problem, that is,
the teacher model’ s inaccurate predictions may mislead the
student model. And in CLT, the natural distribution gap
between the source labeled samples and the target unlabeled
samples will worsen this problem.

In this paper, we utilize three techniques to alleviate the
inaccurate supervision problem and propose a learning frame-
work called Teacher-Curriculum-Student (TCS) based on ST.
Specifically, we first combine the soft-target training and
progressive sample selection techniques used in existing
works. Further, we introduce a from-confident-to-suspicious
curriculum between the teacher and the student to enhance
the role of accurate samples and reduce the role of inaccurate
samples in the student’s training process. Experiments on
the benchmark datasets of cross-lingual text classification and
cross-lingual named entity recognition show that the average
results of TCS is 2. 51% and 3. 25% higher than that of ST,
and 1.51% and 4. 45% higher than that of existing state-of-
the-art methods, respectively.
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