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Industrial Text Classification for Chinese and Vietnamese Based on Prompt Learning and
Adaptive Loss Weighting

CHEN Lin,MA Longxuan,ZHANG Yongbing, HUANG Yuxin, GAO Shengxiang and YU Zhengtao
Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China

Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming 650500, China

Abstract Cross-border industrial text classification is a fundamental task that supports big data analysis in cross-border indus-
tries. With the rapid growth of cross-border industrial data in Southeast Asia,there is an increasing demand for the analysis and
processing of industrial data,particularly with respect to industrial text classification. However, cross-border industrial text clas-
sification faces several challenges,including linguistic differences across languages,data imbalance among languages,and the scar-
city of annotated data. These issues are particularly pronounced in low-resource languages, making cross-border industrial data
classification more difficult. To address this issue, this paper proposes a few-shot cross-border industrial text classification method
based on prompt learning,combined with an adaptive loss weighting strategy,which significantly enhances the models classifica-
tion performance in cross-border scenarios. Specifically, the proposed model mitigates the issue of data scarcity within the prompt-
learning framework by leveraging the prior knowledge of pre-trained models to enhance few-shot learning capabilities. Further-
more,cross-lingual text pairs are constructed to facilitate knowledge transfer and semantic alignment in semantic space. Addi-
tionally,an innovative dynamic hybrid loss function is designed,integrating cross-entropy loss,focal loss,and label smoothing loss
in a multi-objective optimization framework. The loss terms are dynamically weighted based on an uncertainty-based weighting
mechanism : cross-entropy loss ensures fundamental classification capability,focal loss enhances the focus on hard-to-classify sam-
ples,and label smoothing effectively mitigates the risk of overfitting. Experimental results demonstrate that the proposed method
significantly outperforms existing mainstream approaches in cross-border Chinese and Vietnamese industrial text classification
tasks, particularly in few-shot learning scenarios with data scarcity and language imbalance. This approach provides an efficient

solution and offers new research perspectives for processing low-resource languages.
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Overall model framework
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HLR (PLMD B B 2k H AR 58— 3% .

B PCe 30— B 50 504k 1Y 1 L iE 5 8w
(MLM) 5 Proea, C = 50 R BB A2 [ MASK IR 14 iy S 7] 4
e, ARISCKARAL B bR SR

A

O=arg min 2 L(Pyep (x50 s ym)

0 MepM

—arg min 2 Lone (f( oncab (1}1"‘ ;) ¢(y<1"‘ ))
0 gMepM

=arg min > 'I,C[)HI_(f(],-(I([‘” 50) 5 ¢y ) (5)

0 aMeDy

o, Lom iz R By 53 2% ok 85, HOOB X A8 58 SO 2k
(Cross-Entropy) JF5 % 15 #t & (Label Smoothing) 1 4E 55 i
% (Focal Loss) I MALAL A5 ¢ C » ) Feam bn 8 2800 b (94 2 43
i B AREAR B IE AR BN 1, HRMER R 0. fC)
TR — AT LAY A 55 0 B BR 2 W 5 98] % (Verbalizer) ,
FH 44 50 0 1R AE SR 53 A Proeay C = 5 0) BRI 31 — 5 24 R 43 A
fasCos® b BART F , %08 F 4 {relevant, similar, consis-
tent} X} R B9 logits IH M FRZE 1 A9 00 75 43, [6) B Kg: {irrele-
vant,inconsistent.different} ] logits 149474 0 A9 TN 753
3.4.2 HERESHA

TEARSTH I BT, R A 3 Rt 26 A A AL 4« D 3 it
532 VERE Z ALRE I FI MERE AR R SCTEE . B Lo N 28 LI
By LAMRE PR, Lo iRk,

A8 NEAB R (Cross-Entropy) BAR1E W MKt 5 FH

BGCATEDHEAR ZEFTHRTZAERES., ARG RERN
FasE BRI s . 58 U 2 58 U8

Lo== 3 yulog Py Crae 30 (6)
Forb sy 5 b A2 ELSEAR 25 318 ARG TD) 3 Proea, C 5
O R iz RI AE [ MASK 7 B I Bt i %, N R 280 8o .

I X IO R R B O R ) ) R, AR 0BT AR SR K (Fo-
cal Loss) LI M43 25 B 7 It 7 B oo AL L 344 5 A AR 0of /0 4 %
B SCH . Lin G050 UE T £ 2S48 8 26 R S 8008 L A 3L
P 3XC SR TE AR AR A AT 55 v v 1y R R AL T BRI B
filt o AR AT 38 S X 3 2 i R A T T B v A AL R fige e
A O b S S ) R, L R

Li=—all—p)"log(p,) 7
Horn, p, % BB H A 28 00 A0 T AE 3R s o b R AR A N
Ty WBRER T H TR AN SR,

R % fif b 2 MR P RS TR 1 T A SCIRT s SR FH b 4 OF- T
(Label Smoothing) 5 i , ¥ “Ji $4 b 25 43 4 57 ¥ 4k, LA 55 fL AR
T AT B — 28 I ) 5 B LA . Szegedy 2500 HE Y L BR S E 1R
SR A 4 T 5 D 1) 5 B M, 3B RE R/ X A R 4 11 UK
o 28 ST 18 400 2 38 o A L SRR A 43 A e O S A A L LA D
LIRS R 7 AR 2 Y o BE UL L 8 A=K (8) TR

N

L= 7A§13}k log Py (zgv 50 ) (8
o, 3, & Gt P A B FRZE A Ry = (1 — By 5/
N.B W REL

ARG AT 2T K B AL A & 75 2N Ry I8 5 X 4k
PR BIRLTER, oA 55 (AT S H0 , =9 FR .

Liow =X Lot Lo+ L D)

SR, 78 52 B B T v 3 8 4088 S B0 I KON A0 n 1
TS B G IRA  IE BEAR T U0 G B2 0 205 1 M
VLI R AN (8] 48 55 %0 B 2k A F 09 gl A8 75 5K o 0 an 7 4 Ak o 72
o BRI RE E RNk, S BB BRI RE R IR . L A
SCAE % T Cipolla S5 412 My A F 38 N7 48 2% I AL ( Adaptive
Loss Weighting) J7 %, 51 A T] 2% 2] (R 5 P S Bllo, » il 1 AL
I 1/2 explo;) s THEE 3 Fp45 2K 6 4L (Cross-Entropy, La-
bel Smoothing,Focal Loss) AL TE . A< 3CE X sh B 1H A 1t
K= 10) frR .

Lom = L/ +UJ

i€ et 2 exp (o;)

_ L
2 exp(o..)

L
2 exp(oy)

Horr, Lo R 32 ORI 2% SR AL T JEA B 43 2868 05 Lo A B
PR AEP A AR TN E 2 L1 A AR 2P kL T
AR ML UG 50 son o J2 AT 2% 2) S8 3R X g 45 2% 0B AN
ENE . YRl B BERGE A E I 1/2 exp(o;) ) A7 4
TR 2oy 3§ QI X o 45 2 AN A K el . 3% AR A
HAZAT 55 A o 5 PR A e CHN MR 75 900 000 £ R XD o DT e i
FHA s WMio, A S Ay 1E 0 A0 0, 38 5 2 4 2 T3 29 TR 5 o
30 A TR 7 R AU 4B 2R AN 5 0 o B 22 () i A £ i 4
L TSNS E R SR N S i e S B a8 e X

La
Tt 2 exp (oq

) +0’u +

+O'|, (10)
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L 5o, HERIT] [ 32 50 B N B0 A8 M B AR AR IS B E
g B A7 1 3h A8 L 0 R N T 19 RD L5E AT 45 2 2k
HHw o A A2 A
3.5 EEME

16 5 BB ELOE AR ST . 38 718 4 R 7 B B B P 1 — b A
KR, WE PR B ERHEARL (Da@aRry
SR BN RBEA CLUAAS [R) 4 50166 8 %) 0F A7 e XoF 28 Bl 28 By
BEmyREAST . X TFEANRGE ISR @ id QD8
WGFEAR A, S WA, IR 2y,

50, =Afa (play, s x4, )56)) (1D
o, pay, s g ) TR A B W FEA 5 ZRAE AR B DHE R

s o Co s 0) 327 4 S MU (0 4 ROBC, 2008 8 0 A i
BUBHGAC ) TS A A R A 1A 0 b 9 A
e

A2 REAR S HAT 55011 ) ¢ R K5 LD, — {d, | d, €
Dyvwa =1 ) BVA ) £ % B 09 B A7 1 45 B A 4 . oo, D,
S U G A 0 B0 5y, 2 U G5 R A, 0 RS AR 2, 3
I S84 SRR AR, 5 D PR A M 15, R PR (12) 3148
F 5 1 B4 H AR,

> S,
_deD,

D]
Foop, Dy | 525K B 1 R A Bl

SR AR AT 4 5 8 4 6 6 IR AT O 10 26 51 4

12)

)

g5

?:arg max s, (13)

M R TR A SORE 3 S BB e 4 Sy — oA O M 2
T H, T RR B AR — A T B SO R AR B
AT LU B R AR 5 18 F R 3¢ B A5 Ok TR 5 M Al T A G
e TEDREAAE 55 b, AR SCRER R A8 5 T IR AR (9 AR G
P X A ) R A R AT ME B 2 28, 0T 3 R O fE T B B
PERE

4 Iy

4.1 H\ERIFEMNIER
4.1.1 FEBHEE

7 ST B SHe R 35 A ol R L S L IAT Al
I ELR R Sk B v SRR T 5 B I 35, 345k 28 T
) L BB T B CUn R ER I L Ml A 2 A

TERYR Y S a3 AR o, JLARBU T 130539 57 b 37 1o 5 3%
FHorp i SCROHR 113781 4%, i pig 1 B4R 16 758 4%, BB BUIR 58
N 1 pTal . sk R G 3 2 AT R 20T SRR R E T
2 HEA R, ATk 2 20 58 42 A4 7 BE Al A0 400 S8
F 35 43 v SN R 1 28 0 B B = A S AR AR L R G A
SCOR AR B B SR AR SR . AR AR L HIE R B 43 )
WA A ARl B O v Ml 55 HE G B A 58 A 14 28 ) 4K
AR . TERCR R 2307 T % 82 B Lb 191 4 B0 4 % 2 g Il 2k
SRR AE . eAh MR A et N T AG 50 5 % FE 4 1 L 80 R
T .

x 1 BARELIE L

Table 1 Statistical overview of the datasets
70 4 #F A KBEE FXHREE KEENEE
KA A 0 23563 20243 3320
E3 12 1 4133 3880 253
LiE-R2 2 8462 8252 210
R AE A A
19433 18854 579
o B ’ ’
4 @b 4 10340 7425 2915
B = 5 10695 9958 737
#HE 6 12925 9995 2930
T afus T 7 18556 15590 2966
XA R R AR 8 22432 19584 2848
4.1.2 M AEAR

7R 30K FH K 1 R (Precision) . A [8] 3% (Recal) #1 F1 43
(FOAERIEAL R BR 0 T A 1 77 Mk SCAS 43 8 ME e . bk 4e
BT S5 S8 55 4 P B8 T AT Y AT SR LU DR T A 45 R
fil VE B Sz WA TR 7E 25 25 501 iR R,

4.2 XWSHIZE

A LAE 2-shot, 4-shot Fll 8-shot & & T T @ /D kA 43 2%
FoH, T ILIIE T PyTorch™ ! Fl Huggingflace ™ HE 28 58 1 .
DR L 0 2 SF- P S g B R 5 2 AR 34 2k ] BERT-
base-multilingual-uncased""* ¥ & & T 8 8, fr & 52 56 ¥ 78
NVIDIA RTX 3090 L ig 47, #% 2408 i3 AdamW i 16
AT AL 2R SR E N 1 X100 RN RO 8.
TR B DI 2R 58 BOR 5 I 2R 4R 1Y shot it B & I % , 2-shot,
4-shot, 8-shot BLHE T IR ¥ %1 35.25,15,

4.3 B&F*E

AP VLT T ARy FE L,

DmBERT™ . ] mBERT 45 2| 1) 768 441 F#x AVE N
SCAS TR, I3 Ao 2 P R L A B B R S AT 4 26

2)PET™  {fi I T+ 3 B M K 44 15 48 7%, 3 o £ i A SOAR
VA 00 T 28 55 28, O 5 i B B e R T , e A S 49 4 Oy
ZIE MR, DU B i 5 R B LR 2 BT 48 AR 55 .

3)PBMLY™ . 2545 $ R ML 5 702 > HE 4R 38 28 43 T A 25
T 5 2] RV AR 2 2], 4 T 0 A AR SCAR 43 288 10 A P [ s g 2
T 2 0 R HRAS R 1 A

4) MetricPrompt™* ¢ /b BE AR SCAR 43 2856 46 S A 56 PE Al
T 55 ) i s B 50 0 Ry AR DG M BE 4, I o 38 SUI 43 2 o
R BEAT W B 2

SYKPTH 51 A S 8 1 Uk 97 J bk 2 3] 19 48 2 2 (], O
TE TN H A B0 2 0 AR R A AR Y R i AR 4 1) A5 TR B T
R TFFEE & prompt-tuning FIREE ,

4.4 EXW

R T VA AR SC AR SRR RS 1B SO A AR B R 3
SR PERE L B X AS W] 2B AR (few-shot) 25 1 F 1 7=k SCA
SRS AT T S8, BARTW & . 78 2-shot, 4-shot Hl 8-shot
% B F . 2K mBERT, PET il MetricPrompt 45 i 28 455 1
AT PEREXT LG . TEANSCIR A5 SR 2 fr g,

MR 2 I g T LR W DR R R AR SO 1
FEAS (R BE A FRSEAN VT A F b5 L300 F IR LR A AL, JR B TR K
M PERE % . EARWI 5 . 7€ 2-shot, 4-shot Fll 8-shot 3 ik &
T ARSI FL A2 08 5] T 75, 112080, 3504 il
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83. 75 % , AHE T 1 AE B O (9 3 AL A MetricPrompt 43 1] 48
FT 1165 A E L6 11 A E A 401 A E S, {H
BIE B R A ST EETE 4-shot 410 F WPk AE 8 1 BT A 3%
LLBIAIYE 8-shot B & F KT, X — 45 RFH ALK
TRAE AR A 3 5N AR 68 8 4R T SO A 2 v pl L S A
4> BRI .

F2 RRDREALE T 095 54

Table 2 Experimental results under different few-shot settings

[€79)
k-shot Model Precision Recall F1
mBERT 60. 20 56.48 55.73
PET 32.61 27.51 26.06
PBML 63.23 63.23 63.23
2-shot .
MetricPrompt 66.69 64.33 63. 46
KPT 73.27 72.61 71.72
Ours 76.63 75.40 75.11
mBERT 64.52 65.61 64. 64
PET 40.09 38.23 36.61
PBML 69.10 69. 10 69.09
4-shot i
MetricPrompt 76.80 74.37 74.24
KPT 78.18 77.51 77.21
Ours 81.85 80.37 80. 35
mBERT 78.32 78.70 77.26
PET 61.58 56.22 56.15
PBML 72.77 72.77 72.77
8-shot i _
MetricPrompt 80. 85 79.67 79.74
KPT 80.41 78.83 77.79
Ours 84.45 83.72 83.75
RSB BT, A SO YN8 AT T3 5 B S0 R A

FEAS R 53 S S8 1 v SR A 1 8 5 TR BB 8 B 4 465 2
I PIRNE B R ZONRHT . X AR R0 T B — 1 F A A
T2 5] P R A S AR, 1 — 2B 3R T T A AR . L H R TE
2-shot W& T, A H LM FLAEXRA T 75. 1%, B & m TH
b LR AR R, A 45 T HE 2R A A mBERT #2874 T 19. 38 ©~H &
OB BER TR IELBA KPT(+3.39 NME 4 M) . X
Feor UL TR T AR A SRS AEAR AR IR R T OGRS

B X R T AT 55 AR SCSR T S 80 T R I SRR A
mT5-base VE A BT LAY, 76 58 8 25 4R b e AT 4 W B )
Yk IR S5 SCTT B 7E 8-shot 35 F BY Y GO AT 4 HE 4
M g Rk 3 g,

F 3 MEIEAE S P mT5 AR A OB TE 8-shot IR & F

H P RE X LE
Table 3 Performance comparison between the mT5 model and
the proposed method under the 8-shot setting on the

Vietnamese task

%)
Model Precision Recall F1
mT5 80.53 80. 40 80. 35
Ours_8-shot 84. 84 84.52 84.55

N 3 MU S5 LUE L 7R 2 AL T 8 AR
TEREAS B 3 3 1R B JR 3 3 R A SO vk TR G i A 1 [ SR A
F1 {8 3 B s br X SEILT W3 52 T, 4 T R R 7 58
RN ZR A MU BN 2R AR mTS., XA 1 ENE T A 3¢
HEZR A 5 05 75 MR IT A8 5 I A9 A A0, JFG O o ) T R TR
KIS T il F RS\ PRI (TR

S ZIT IR ALGEWE T A% Gt I 5 455 28 X6 16 £ v v B0 1) 4K
8, T ok SR AL 7 R R B R R e A R L B AR
T+ TR E B IR 3R R
4.5 HEXW

HIFAG Verbalizer 4 J& X 14 R (4 5% Wi, 2 SCTE AN [] 11 20
FEAVCE T BEAT T IRl SE 00, 2 g 2 RSk 4 791,

# 4 Verbalizer 478 fil 52 %6
Table 4  Ablation study of the Verbalizer

[€79)
k-shot Model Precision Recall F1
Ours 76.63 75.40 75.11
2-shot
Ours w/o Vg 75.65 73.98 73.39
Ours 81. 85 80. 37 80. 35
4-shot
Ours w/o Vig 81. 81 80.59 80. 47
Ours 84.45 83.72 83.75
8-shot ,
Ours w/0 Vg 83.77 83.30 83.28

M 4 WTLLE WL B G A Verbalizer X455 B 4 g A4 32
FHHNEE, FEWARFEA &Y 2-shot 5= F . ffi | Verbalizer
)& (Ours) 1934 F1 A LAk ffi F Verbalizer ¥ & (Ours w/o
Vi) BT T 2,34 % UiWIE i Verbalizer §7 i $2 it 19 55 £ 4H
KRG AE B BB A5 Oy 81 A) 0T 4> 1 M A R AR A #F — 2D 4R
W BE . MFE 4-shot )L DL 135 5t SR AL 9 R {5 B 1Y
MG BE AR L 0 DR A 5 38 B, BR A CRRAE © BB S
RN

SR, o 1k — 2P B AR SCHR Y A 3 2R AL
795 (Lon) FIE BME 7R 2-shot & Fi%it TRl S8, &
Jof Xk B A HEAT BB R A CRE IR FE 80 2% SCAS, Fu i/ i I B0 —
RS AF O, WA B AR A L IR TR T IR TEAR D AR AR
FNE RN 55 T A PERE R I . Sy BRI BOHE 1k 4% 0 A2 P Bt
UM RS20, 4 BEAT T 5 405256, IF DABE R 76 48 [ U 4 |
BT PEREE R i A A IR . SR AR Nk 5 75,

# 5 fE 2-shot REAR I FT (Y I @l 52 56

Table 5 Ablation study under the 2-shot setting

%)

Model Precision Recall F1
Ours 68.97 66. 11 65.83
Ours w/o L. 64.94 62.06 61.98
Ours w/o Ly 67.75 65.10 64.52
Ours w/o Ly 67.31 64.73 63.79

MR 5 LI 45 R LUFE 78 2-shot 5t T, R HI
Lon TEREBR A G (Ours) (9 %, H F1 {HikF] 65. 83, 2
MFHEABRAMBEIRNEIN. NFLERE. 5 AR
XA (Ours w/o LM, EEBIRAA N FLHEETAT
29 3. 85 H 43 s RSB AR S (Ours w/o L) 1964.52%
FIE BRAR 25 - 31 1% (Ours w/o L1019 63. 79 % AH Eb . 43 ] 2
FT 131 AA 4 s R 2,04 A H 4345 . 1E Precision Hl Recall
Fe b LA 5 B A R B, 58 B Ok A1 43 S L 68, 97 V0 AT
66. 11 %640 5 F H A AR fA . X 2625 L 569F T 2 81 2 B 5] 16 1k
SR A Rk

(B AR VE R 2, B B AT fo] SR — 451 2 J00 4 £ 5 UM AU 1k g
TR, Horh S UG BB R B FLMH R FE IR B o K (A
XFRENR 6. 21 %) 3k 2 B 58 U 16 2 7 4 450 A8 3L it 43 2t
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REJT T B A SCHEAE T . ML 2T L B8 B M A % R A 26 F T
BRI S B F1 (A0 X S8 AR R 4L A T R 2. 0300 A
3,200 3k 3R WY T8 78 Z8 il R AR B 8 R g AL 2o 105 TR
AHHEAMEM .,
RIRGERRM, FE IR A UK 7 TR R A RUE I £ i
HOOREA G SRR Rl TR I SR R v B 25 IR R [ 45
AL s Lom, T AR T £ 08 5 18] 35 Fb 43 A5 A - 87 0 8 2L
PERE 9 50 TR RE I o 3 b 30 25 AN SR s ol A B 7 I Al 7 vp o
oA+ BB T 5 23 o ) AT (ARG JE S5 S L (R OB A 0

%6
Table 6

3T S ¥4 5 B0 i fay o AT $1E #85 A R AE 5ol SCAS 4 AT 55
R A e B S B v 8 o e A
4.6 EHIH

o 6 AR R AE S [R] 1 75 3 S T 6 A AL BE T SCRRAE B 47l 42
FE T3+ X5 v SCORI S R 3 3 R 4% B AL B — 4 7 40 B A AT 20
Bro BICHY B AR Rl nk 6 Frol, @l X AT ks
MetricPrompt 3£ M7 75 A [A] A A b B A ) 28 ) G 1K 7%
G348 78 AN R AL AR A00RE BE 23 S8 A 45 o ik e SR 22 S, O A
FA# T P BEAT AT AR AL 2347

T I 7 0 A

Selected example samples

il

7 fAl

F X 1

“H % 10 7 & 4 AlisherUsmanov #& R 8y VA R ¥ 5 b 2x 8] J8 — % 7% . % 2
AEABETMATABERHRE L S RAT XEABRXT A LT,
GFREERET 20240 FRBEAA. B T7 B, UL ZT K
AT R AR EE HEEFFRE AL RAHELTS, B RERK,
LARRTHEEEA A 2670 o, BB BAMRMANATA AT . & 2 #
RERARMRAT 2 -7

(7 )

W iE 4

“Theo d6, 6ng Bui Thanh Lam (dia chi tai 88 Swong Nguyét Anh, phuong Bén Thanh,
quéan 1, TP Ho Chi Minh) bi xr phat vi pham hanh chinh theo Quyé! dinh s6 1006 Qb-
XPHC, mirc tién phat 75 triéu ddng, do ong Lam da giao dich ngoai khoang thi gian dang
ky. Trude d6, ong Bui Thanh Lam 1a thanh vién Hoi ddng quan tri Cong ty C6 phan Tap
doan Bamboo Capital (ma chiung khoan: BCG). dang ky ban 1.000.000 co phi¢u BCG vao
ngay 3/10/2022. Tuy nhién, dng Lam da ban 1.000.000 c6 phiéu BCG (twong tng
v6i10.000.000.000d6ng tinh theo ménh gia c¢é phiéu BCG) vao ngay 18/10/2022. Cing
viée bi phat tién, ong _B(li Thanh Lam _cfm bi dinh chi hogl dong giao dich ching khoéu_l

(& @b

thang, quy dinh tai diem a khoan 7 Piéu 33 Nghi dinh s0 156/2020/ND-CP dugc stra doi,
bo sung theo quy dinh tai khoan 27 Dicu 1 Nghj dinh s6 128/2021/ND-CP.”

10 3 I S 58 A 4 A5 R 2 B, a0 3 T 5 A BB TE JUR AT
M 250 b B bR E A A A 18] 2 181 3 B R AR TR SO

R TR A B AR ) B T AL 25 5 o B R R ATl 2 0 L A
FHE IR 4 Min-Max JH— {40 319 H00 8 15 BE 15 2

10
MetricPrompt 0 043 0.6 058 098 08
06
-4
Ours 033 0 0.34 0.19 0.22 0z
" : : : : ; -0
»Y R s s RIS A
o BT e @w‘*{% N %?ﬂ”‘ﬁ o W @“’%
o ’&&ﬂ‘ 1 N §J¥v‘
o
& 2 o SOR ) 4% 2 5045 4 T AL
Fig. 2 Visualization of category scores in Chinese examples
10
MetricPrompt - 0.15 0.078 045 03 1 0.1 0.18 0 021 08
06
- 04
Ours - 0013 0072 0.14 0.054 1 0 0.076 0.03 0.044 oz
g ' ' " " " " -0
:@5}' gy wY 4 Q,%' f%fv 2% P b
. * B P W B
‘%‘% A 4 ,@v@” o & j@
o %&‘R‘ 1 o 2R
o
3 e s ] b 4% 28 50 45 43 T R
Fig. 3 Visualization of category scores in Vietnamese examples

INEA T BEURT DL AR SO % e B AR A 201X 43 R
F1. FEHSCREA S BT (WL 2) . MetricPrompt # 8 75 1 #
HHNRE M BRZE DR EAF ALY 0. 74,00 X FAR 2 0. b5
253 FARZS 8 H A % v (T Mo B 15 B, S0 e H 3 20 5 8 %of
“G AL A EEATI AR AR . AR AR S R
TE A2 B v 345 4 35 IX 43 B (1. 00 vs. WX 0. 58), HARA X
) B e B A B R IR 3K 77. 6 % (BRZE 8:0.98—0. 22) , A 3K

Bk 1A SO R AR I O SCIE RS 5 R AR

X TR IR A (UL 3D AR S0y R R B AR S B
E VR T R R SR 2 . AR T A A5 B 2 7 OE i 2O ¢ 4 otk
b2 4O AT I (8 184 BE L (AR SO Bk Y R v A BE 28 301 15
AN 0. T4ChR 28 2.4l 3 k), i 3 KT MetricPrompt B IK
Ry 0. 45(FR %8 20, FF RN 68. 9% . {HARF E M JE, Met-
ricPrompt 7E 5 LR BRPE AR B “ | EF 7 (B & 6) f1“ 301k
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T R AR (BR 28 ) 43 51l = 42 T 0. 18 F 0. 21 1y T A%
G35 T A S3C T 9 6 3 9 28 T P 3009 8 5 B R R ZE 0. 076 LT,
WERAC T B AT R KR . X — IR R W], AR SR I 2R
W 5 08 7 5CH B8 4 Wl AT Sak v 17 S 00 1k R AE L AN UE 25 58 5 RN
B FRAL ST AR T Al 0 G B 1) DR R

HE—25 W1 R B, FE vh SCREAR v AR SO Bk F 6 AN EAR
e 2 I BB B TR AR AL T 0. 4 LU s 7E B TEREAS 5 A
FRAR KA B A5 R T 0. 06, 3% — % W A9 HE R 00 A 4
TEAS 26 F A SCIE 10 2h 2538 A 15 2% bR, 12 R BCFE 1 5 2 )
P2 SRR Py B O R R T SR i B AR T T
BT X AT b R AE 2 R 2 T BE T

GERIE  ASCH W BB SR 3 AT S5 BRI T —Fh
GRS 5B R AR RN R T, BITIEY R
TR A S oA A T =, SRR RNE E cnrh se-rh e,
0 T - T O RS O T A R SO D B AL DA T SR B B
PR SCA G BT S 4R AL T 3 RGN A e Jr . RN 3
Tl b 256 38 U4 2% AR S BUR RIAR 25 T R L 1 51 A3k
TS PN AL A 2l 25 8 5 AL, A R YRR 4% A 15 R4 A RN
T 2B WA KT E B ERGE R AL . 50 R A,
AR IGE X Verbalizer (9 # J& . #F — 9" K T H il L &0
Fil A5 TR 7 2208 5 32 2% 2 A 45 1 Be 6% T 1 o b A R A=
B SUAE B T HE TH 4 28 1 & B R FIZ AL BE ) . 7E DU =
B BRI A R R ROk BE R T T DAY
ST ALY A S MERE A B R T R F 25 5o RS
AT

TEARMBI R TAED P REEHTEZEFTY
S 1 3 B2 4 7R AN A SR I 3 A B AT 9 A AR AR A B
ML 5 5 55k bt A4 B SCAR o) A 38 2 R SR AR . KA B 223K
GG T0 MR X b2 3] 5 ik SR AR AN 1Y) R R L LAE— 2B
Fh AR AR 7 PR R /D B AR 3 B R PR

£ % X M
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