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[ Abstract] Uyghur;a low-resource and agglutinative language, stiffers from insufficient corpus for training pre-existing
Uyghur models./This lack hinders the extraction of effective sentence vectorinformation based on pre-training models.
Current text classification methods utilize deep learning models to extract word vectors. However, due to the Uyghur
language's inherent sparse features and high dimensionality, these. methods underperform in text classification tasks.As a
response, a Uyghur text classification method based on prompt learning is introduced.Leveraging prompt learning, this
paper utilize a multilingual pre-training model, Cino, to construct varied templates and employ the model’s mask
prediction ability for predicting different mask positions. To counteract the diversity of lexical information predicted by
the mask, the word vector masked by the template is.replaced by the entire sentence vector.The predictive ability of the
mask model is then used to represent the currentisentence's semantic information with a finite size vector.This approach
aligns downstream tasks more closely with the model's pre-training tasks, thereby minimizing discrepancies during the
fine-tuning stage. Text classification.experiments conducted on news datasets, derived from crawled Uyghur websites,
demonstrate superior classification performance in Uyghur language texts.Compared to the Cino fine-tuning pre-training
model, the fusion prompt learning Cino model yielded the highest F1 value of 92.53%, enhancing accuracy and recall
rates by 1.79 and 1.04 percentage points, respectively.
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HRAREW DR N R ETHEERENHES
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A, 4 7 4 0 Tokenizer i K B KT 1 19 Token Fr
Xof 07 B A 28 A DA DR 7S 43 28 19 A 2 A 4 AR
B Token 4 BE#S R 1, 76 8 1T 4 Prompt H1 4t — H
fith— A~ 57 & 1% Token , 1 JH 4 it 455 41 7% T I g 7 B AIG
LY T iy bR 0 A5 1) AR SRR R eR B, 32 U
it 2 RN =X (5) TR
exp(x[class])
L(x, class):—logg(m) =

—x[class]+loga(zeXp(x[i]) (5

Horbox BB G — 25, S 28 )2 A
() /] ) o AR SCKE LG MR HE RS A R 4t MASSK A7
B ), T 0 R AR 2 MASK — A i B
Token, WU % H3 (1) 3] ] £t 2 — A~ 36 19 98] [o] & . []
B, 4ot 4 200 B K Bt MASK 47 Y
Token % fb Ay i H 45 A5 28 e KA R 1 9 28 (]t , R
JH o 0 0 0 6% ) o AR R AR B A ) R AR L
PR A — ] 3 (4 3 SUAR AR SCAR 70 AT 55 1 3 = v 45
[l A5 45 (1 35 SCAF B, T LA Prompt JIf MASK 1 35 43
IE SR AR 2 I AR F A 0 ) i, 2 A AR 9 LR B
PR L, 8 35K 358 43 19 1) 1) 2 A AR AR R A i £ B 1Y
E4 . 7ETM ISR A, A FHtorch.argmax () ef £ g
4 MASK #4314 1) ] f 48 Bt ik A Softmax JZ , dim
BN 1, BT A9 S5 KA MG dexs DA H i R HE =
(A5 25, DT A 50kE e T DRSS R gy 2 P Token 11
5325 VRME 1) ]

Wk I 22 48 Prompt 5 ) 1 {ff FH A% 20 56 & A A
2520, R T KR AE 4E B IR zero-shot 3L 4 |- Prompt
BRI, A SCIR A AR5 3T T zero-shot 56, AN 45 T
YN k-0 , 1 328 F Prompt 3 Sl 81 A5 7Y E 47 SCAR 43
2, MK AL R A H$2 7R 2 > fF B AR T 2=

et
3 g

3.1 EWINE

S SE & N B 2 Jupyter Z£ 308 Colab DL K&
Linux # /E & 4t , i {4 5 AMD EPYC 7302 &b 3 % |
8 #% CPU, 64 GB N f£ , NVIDIA GeEorce RTX 3090
W, 24 GB W A7 . A7 R H) Python if 5 SE L,
Python M 4%y 3.8, fff I B B 2% >0 A0 RS FE 4 4%
PyTorchl1.11.0, sklearnl.0.2| transformers4.19.2,
numpy1.21.6 . sentencepiece0.1.96, % i 5 Bl T.1F il
i Colab 52 i, .
32 HES

i T H Bk R Y 2 B OR T SCA 4 28 B
A PRI AS SR TG He B R 3 1 % Rl ®) il 22
NG RN ES S T o N S S 3 o C N =g BT
S B 5 5 N B 4R SC Nur Y 8 4>
g 3l 1 A5 5 TR A LA IR M, 3 32 327 SR iR RE, ¥ K

T2, T kAR UAY Token 1 AN 48— ) i,
A SON TR AT EROBY B A 17 910 A5 15 R, 3
RO LEAEEE (1408 45) iR IF (2 344 %) AT
(5907 %) LA (251 4% ) (& ¥F (4 000 %) IR %
(4 000 55) , I FEAT — R 5 00 BAL BRERAE , 0 22 BR 15
PR S BR LA SR ERAE o A SCAR 98 I 254 - SR 4
DA 2 3 10 18 L Ao, ok B30 4R v > 28 ) A AR
R LG 451 1547 3 4
3.3 BSHIRE

Cino Tl YII Z5 KL 1 i H 1A 88 2 8 &k 3
FiF7s o

£3 CinoFISHBBSHEE
Table 3 < Hyperparameter settings of Cino

pre-training model

S {2 PR 4
2] 5x107
Epoch 2
gradient_acc 8
batch_size 4
Max_len 512
Weight decay, 1x107*
warmup_rate 0.1
Dropout(CNN .RNNYRCNN . ,DPCNN) 0.1

P se =R A B, H 3L T w2k
SRR I K, 4B IR SCAR 43 Tokenizer (1K B 3%
i i 4, Pt fbatch_size 1% # 4 4, 7E encoding B Bt
¥ Padding 1% & & Max_len(512) . {HJ&,batch_size
BB TS ATRE 23 R AR B 1Y 43 S8 BRI
Wil , PR 0 AT DA R A B 220 A9 7 5 % U batch_size
SR 0] R0, = (6) I s

loss/=self.config.gradient _acc (6)

i1 T loss £ K AR B& L) gradient_acc, B I 24 B
B — 5 A BB} optimizer BB AUAE SEBR 125X 28 B
{H B9 HIE , A2 A Hu 32 TH T batch_size, {8 81 J5 1Y loss
TOFAR . BRit 2 Ah A SCRI T 2R 34 5 (warmup)
AR 2% ) R JF HON T Rt LA LA i AL
{H #0l (Weight_decay ) , i 515 84 52 2% Ji 451 2% R 4K
H 52 o 283 22 IR S50 X B 43 # L Cino Fil 31| 5 455 7Y
TE I %5 31~ Epoch Y B 5t £ 28 38 B4 G R Bk
EAH ETF, 8OK Epoch 1 & 0 2.

3.4 TREHrIEER

AR H sklearn J& H [ classification_report J&
i i Y R ARG B R (P) H I (R) JFLME, DL M
HEBA 26 (A VE R IR SCAR 43 2 S0 30 i PR 8 A o S
TR BEEWMER 4R, H A, TP (True
Positive) >A 1F 18] 0 1E #7 , TN (True Negative) & J2
16 50 1F B , FP( False Positive) 24 1F [ T 48 % , FN
(False Negative) A S T T 00 485 152 o
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x4 —NEINERBER

Table 4 Confusion matrix of one category

x5 AREEBBITMIEIRITEL

Table 5 Evaluation indicators comparison among

KB HE RWE W B &% A different models %
HE — — — — — FP A 78 LS # [ % F1{H RS
i Vi — — — — — FP Cino 93.04 90.83 91.71 94.55
TR — — — — — FP Cino_CNN 93.87 90.85 92.14 94.41
e — — — — — FP Cino_DPCNN 93.57 89.81 91.33 93.76
2% — — — — — FP Cino RCNN 92.67 91.43 91.76 94.38
KL FN FN FN FN FN TP Cino RNN 93.40 90.77 91.76 93.96

TEIRVE FE B b | IE 4 19 2 B REA AP AE T NS
FEIGA TR ALz, MR O RIER Y
FEA B a2 X M 2R R RE A R S R AR R
Y LCAE o TS SO IR 1Y R 22 2R I o A R
JIT TSR S A JRy 8 R AS TR0 A B0, PR ORGSR FH 036
Y A AT B A Kok U 2 4r e, = (7)
Fr 7

4o Tip+ Froy

T+ T+ Fep+ Fry

T Y SR R T B A% S 2 A R R [l

AR AP LR A 0 O )R A A LA AT AR

D

A (8)FA () Pr7s
TTP
TTP
F1H 2 K5 o R A1 A [l 500 P8 SF 34 %,
H(10) s
i 2XPxR (10)
P+R

TE A G 2%y 2600 @A B0 T, i 77 78 3 Fh it 5
B S ARV S E 7 2 1) T B X6 RS 28 ) R
% F B F1AE O MR E 5 2) OF
(micro avgrage) AN X 43 251, 1 503 {A i R 1 % 13
[FR F1H 5 3) I ACE-#4 (Weight avgrage ) W 2 Xf 72
X 2D B R A 28 B R R AR B
AR . S A R S A EOE 4 A R TR
U 25 AR SCR H T 34 5 A 545 BlOE YR A Y
SESAAE, DL S 56 25 S v (9 A% T8 A BCHE 4 R 2
Y15 4
35 XLHWER

A e 38 i Cino FUINR AR AU JF 47 R, 7F
Cino T Il 25 A5 7Y (1) 3L Al Fodf il CNN . RNN ,RCNN |
DPCNN 4 Fi 55 78 28 44 F 47 52 55, Hk 1) FH £ 7 27 )
Fa 3 O T AN [] P9 A5 A P O A AT B0 S 5, B 0 R
XSO AT TR A A 2] S L AN [ AR Y () X6 L S
Yo as J e 5 frw I R R e B . AR S ml L
F b FE Al Cino WU 25 A5 7Y 1) ofE 0 R fe i L IR B T
94.55%, 1f it A T CNN 45 #4 J5 , Cino_CNN #5 7
R MEFILME ARG T AFBEENREA, A
RCNN Wik — L8 7 7 [l 5, P, 46 B 45 49 A
Xy ) AT DAk — 25 R HGE SUME B .

TE Cino i YIl 25 A5 B4 1 KL il b @5 42 7 2 > 1Y
SEHAE R WK 6 Fran (TR AR K R AL, I AR
P 2 1B Prompt I 7 45 45 A AR A 4 5 Y, Prompt 1~
Prompt 9)'

F6, ECino FIGFEBMER FRSRRFEIN

Table 6 Experimental results of integrating prompt

learning on the basis of Cino pre-training model %

Bt UERIES FELES F1{d HIZIES
Prompt 1 93.53 91.87 92.53 94.80
Prompt 2 93.37 90.92 91.84 93.96
Prompt 3 93.61 90.63 9187 94.18
Prompt 4 94.83 90:69 92.51 94.49
Prompt 5 93.72 90.90 92.02 93.87
Prompt 6 94.09 90.38 91.99 94.32
Prompt 7 92.92 89.41 90.74 93.37
Prompt 8 93.83 91.27 92.31 94.43
Prompt 9 94.43 90.91 92.44 94.35

MG 6B LLFE H . Prompt 1 7E 7 0] 3 F1{H i
By 2 J7 1 AR B 4, Prompt 4 A OKE  F B m L BR
Prompt 7 LA Ak, oA BT A7 B RS AR AR AR A5 T b B L
¥4 Cino Y ZRAL AL 5 (1 FLAH o {H 2, A S0t
AN TR R B AT S [R) Y 43 28340 FE 25 AR T FLAE (1Y)
Foe KAE M e /MEAR 22 1,794 A 40 a5, G, N TR T
BIMAETE —E IR ER A 2 1. AARSAME6
rh 56 IR A P A AR R RN B AR R A7 X6 L, R L g5 SR an Sk 7
PR o

®T1 BREIBERILL

Table 7 Comparison of optimal experimental results %

BomsgBib  RERR gEER FUE AR
Cino 93.04 90.83 91.71 94.55
Cino_ CNN 93.87 90.85 92.14 94.41
Cino_RCNN 92.67 91.43 91.76 94.38
Prompt 1 93.53 91.87 92.53 94.80
Prompt 4 94.83 90.69 92.51 94.49

NF T AT LU« A T 2 A5 A Y Ll B )
PR 5 2 R B, oI AR B R IR F1E
i ER R AT — o R AR T, B R TR AR
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MR AT GO B Al A7 WAER] T MLM 4 55 A 1 5
KAETT o AR F I H 78 25 2] 1 Bl T — BE AR A
S8, M Prompt 75 J6 i B PR T A R B B0, HAK
LEETR MK 8FTR .

RS TEHEXBER

Table 8 Experimental result of zero-sample %

BRI BRI KRR PENIR:S F1{§ e R
Cino 0.22 16.66 0.44 1.34
Prompt 1 20.42 16.69 6.18 22.41
Prompt 2 0.46 11.18 0.43 1.03
Prompt 3 2.18 16.66 3.87 13.13
Prompt 4 3.73 16.66 6.09 22.35
Prompt 5 1.75 16.51 2.51 7.85
Prompt 6 34.27 17.00 6.69 10.31
Prompt 7 5.49 16.66 8.26 32.95
Prompt 8 0.22 16.66 0.44 1.34
Prompt 9 3.69 16.99 4.46 12.68

MR 8 FT LLF Y« 76 1 I Cino W Il 25 55 74U (1 Jit
Bt LA 7 2 2T AR 8 R 4 S 0 4 LR A B AT
S TE, H EE Cino, T A Prompt A5 AR A4 452 5 114 85
B R e AT ER T 34 A 3 AL, AR Pl e 2
8.26% , 1 B it e AT 32:95% , {H 2 th Vi 96 3 T
INAB R Z J5 B 3 X Fbh A st (R4 55 Fn 250 8, )
FH BN 25 B B A 5000 (9 580 388 7 AR UL 3 1
W AT 55 #EAT AL . Sk [26 ] B ZeroPrompt #i Ji2
1 000 > I 25 A 45 ke tE A7 B A1z Ak, I KR 32 7t
T AR G KRR
4 HFRiIE

AR SCHR H FE T 7R o ) B 4B IR TR SO 3 2K T
E i PR L N e ES R O L R RN LY A T
FH TN G55 Y f) 45 85 F500 RE ), (o Ui A% 55 A Bl
Sr i BEA AT 55 AR AR T, 28 M 2 5 2K TR X R B B R 1
A B PR R AR A A () A o ) S R AR S 3
B A Y GR) A A O R G Ak B B HOR B K E)
Softmax J= , LAR 2 B2 59 1) AR i 4R B9 A0 4
M A 15 B AR T8 AR BT 2E4T SO 78 A 4k
B IR SUA 3 B 4R B S8 I B TE 4 R 2 )
A R, S0 25 R I, R SO0 i BE WS A7 A T 4
F RSO R HER R C BB B T3 B A
A — 8 WY MRS 5 Wy S SR Ak 2 2 T 4R
IRTEHEAT A Sl T AR B8 52 5, R T 2 BOA TR 5
PLAAE 57 A AR 5 1 BN, I F 50 8 A5
Fe#s B| T REAR LY v it — 20 $R TH 4 IR SO 4y
RAETHEA LI E IR
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