5 248 5 1210
20254 12 J1

B T

Software Guide

Vol. 24 No. 12
Dec. 2025

BETFaSZRERZRMNENENT AT E

FEm, % E

(HBEHAKF 0 TEFRE, EE RME 712000)

M E:HRATHEILSERCE AR LA F L 2 R0 L5, BT Hsh iR LA a5 B BE R LR
AERZ, H b, AT SO b BT S B 45 9 AR ] B SU AL 3 e KB F0R IR R 5 9 HL, 3Rl — AP AR A TR 4R
A HESRELTINREEE AN S KRR 537 E TDMA, 4 28, #) A TiBERT F £ AE AL 2 UK LR
B S AR R R B A S RE LTI BI R R ETLF o, Al RAK S AR MO AL X R 25,456
BiLSTM-CRF 5 iz & A #LAl RALAR B4R H K £ o 3 R W, BT 4R 77 ik f£ MLWS2021 3% #} ## tibetan—news #& 4} L 49 F1

1AM RA T 3.78%.6.78%,
K R L8 AV AARR S A S RE LT %
DOI: 10. 11907/rjdk. 251637

FE 3K S:TP391 X EKERIDAD : A

G

X EHS :1672-7800(2025)012-0126-07

A Tibetan Word Segmentation Method Based on Dynamic Multi—Scale
Enhancement

LI Jingyang, PENG Zhan

(College of Information Engineering , Xizang Minzu University , Xianyang 712000, China)

Abstract: High quality Tibetan word segmentation is not only the key to ensuring the quality and efficiency of Tibetan text processing, but al-

so of great significance in promoting the development of intelligent Tibetan information processing technology. To address the issues of tight

word recognition, ambiguity handling, and unregistered word recognition caused by the characteristics of Tibetan language, a multi strategy

Tibetan word segmentation model TDMA is proposed, which integrates pre—training models, dynamic multi-scale context enhancement, and

attention mechanisms. Firstly, the TIBERT pre trained model is used to extract deep semantic features of Tibetan language ; Secondly, the dy-

namic multi-scale context enhancement method is used to expand the context window and capture the complex relationship between affixes and

roots; Finally, combining BILSTM—-CREF with attention mechanism to optimize label dependency relationships. The experiment showed that

the proposed method improved the F1 score by 3.78% and 6.78% on the MLWS2021 corpus and tibetan news corpus, respectively.
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Fig.1 TDMA model architecture
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Table 1 TiBERT training parameters
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SR K
hidden size 300
embedding size 768
batch size 64
dropout 0.3
learning rate 0.1
num epochs 20
vocab size 30 005
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Fig.2 Tibetan syllable structure
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Fig. 3 Dynamic multi-scale context enhancement method
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Table 2 Experimental dataset
F2 ZHHIEE ()
B 4R plER S Lisan S WA
MLWS 2021 #4125 21983 2748 2748
tibetan—news 154126 174 705 21838 21838

33 XWIFHE

R T AT VAL TR 22 SRR A S TR RE ALY TR RE L S R
RGN 2% > IR 2 2] RN R TR 3 24 HLAR 3 e 11 8 70 s
T H . AL GHLAS 2+ S BRI F T 3k F 5 R R 1
TIP-LAS B0 PR 2 5] #5198 5% ] T BiLSTM-CRF Al
ASBCHEAY , BILSTM-CRF 254 T X[ LSTM (1) _LF SCHAE
FEUCRE T A CRF WY br 1 DL AL RE J1 , 02 H A& F 0y 43 iRl 45
TSI, ASBC HE T5 5E T ALBERT il Il 5 1 5 05 50 1 35 15 4
TERL A, B R IR R R AE ST . KA T LLa-
MA2 () T-LlaMA #7 , Z 50538 7042, J@ T R 5 15
AU EL A& T 38 R S B S A i BE 7T, RE T A Ml B
T A R TR A R R R R

FEVEAG P45 5 T, RRE#%.(P) 3 IS (R) AP
VE R 32 B 0 VR A o, LA 4 1T 7 R Ml sz R A AR g 3 3]
PERE .

TP

P= P (®)
TP
R=p N )
2xP xR
Fl="-~-—"= 1
P+R (10)

34 ZHHER
341 AR

ARSCAE PR [ TE A AT LRSS, DL S TR BT 4 5L
RITEA R B b A Rk, SEIR s RN 3 R 4 s .



2025 4

- 130 - wAF S T
Table 3 Experimental results on MLWS 2021 corpus
%3 MLWS 202158 FHISSIR 45 R (%)
Tk A P R F1
G2 2 S R TIP-LAS 90.25 91.34 90.79
BiLSTM-CRF 92.04 92.02 92.03
TR 2 > R ASBC 93.18 94.13 93.65
ARCHA-TDMA 9584 9579  95.81
KA T-LLaMA 96.52 96.38 96.45
Table 4 Experimental results on tibetan—news corpus
*4 tibetan—newsiEf} FRYSLIG AR (%)
Frik [l P R F1
TEGEHLAS 2 > B TIP-LAS 87.61 88.44 88.02
BiLSTM-CRF 89.23 86.12 87.65
TR BE 2 > R ASBC 92.38 93.57 92.97
AUAETRI-TDMA  94.25 94.62 94.43
KA T-LLaMA 94.71 94.89 94.80
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Fig.4 Model performance on MLWS 2021 corpus
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Fig.5 Model performance on tibetan—news corpus
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Table 5 Ablation experiment results
5 HBMTEER (%)
SR R

T 3 |«
o ! MU e mes
TDMA (5834 ) 95.81 - 8.3 5.2
TCBhARE R 92.15 -3.66 15.7 6.1
e =ik il 94.23 -1.58 9.8 5.9
AR A 90.47 -5.34 112 14.3
BiLSTM-CRF 34k 92.03 -3.78 13.5 8.7

it BAE TIBERT B4 R, FURE T AR 1)1 25
R AE AR R 2840 T AR B, sk 6 i zn o h b Al L, Ti-
BERT 7 8% 3C 73 i) 4T 55 b i 1 B 2 3 00 T A B 1 25
B



5512 3

BRI AT A 2 RUE G 3 A ST A ) 3l 7 s -+ 131 -

Table 6 Comparison results of pre—trained models
x6 FNGFEBLEER (%)
BATASE RIS

iyl e Fl AF1 - P
TiBERT 95.81 - 8.3 5.2
Tibetan-BERT—wwm'?*! 93.27 -2.54 115 7.8
£ BERT'™ 91.34 -4.47 132 12.1
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Table 7 Performance indicators of TDMA model
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