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Chinese-Uyghur cross-lingual named entity recognition by fusing data

augmentation and knowledge migration

GE Yifei', Azragul'”* , CHEN Degang'
(1. College of Computer Science and Technology, Xinjiang Normal University, Urumqi 830054, Xinjiang, China; 2. National
Language Resource Monitoring & Research Center of Minority Languages, Beijing 100081, China)

Abstract: A zero-sample migration method for Chinese-Uyghur cross-lingual named entity recognition was proposed to address the
problem of data scarcity for the Uyghur named entity recognition task. A simple and effective sequence-tagged translation method
was used to translate the source language training data into the target language data, avoiding problems such as word order variation
and entity span uncertainty. A similarity calculation-based entity augmentation method was introduced by combining the source
language data and the translated data, which could effectively improve the quality of text generation and further increase the diversity
of samples. Through a series of extensive experiments, these augmented data enabled the Chinese minority pre-trained language
model (CINO) to better knowledge transfer the language-specific features of the target language and the language-independent
features of multiple languages, reached an F, value of 86.50% on the multilingual data augmented cross-lingual knowledge transfer
model, an improvement of 7.42% compared to the baseline model, which demonstrated that Chinese-Uyghur cross-lingual named
entity recognition by fusing data augmentation and knowledge migration was feasible.
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Fig.2 SBERT similarity calculation architecture
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Table 1 Example of similarity calculation for the entity
“Xinjiang Normal University”
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Fig.3 Visualization of the similarity of the entity
“Xinjiang Normal University”
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Fig.4 Extend XLM-R to construct the CINO tokenizer
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Table 2 Information on the experimental corpus
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Table 3 CINO and XLM-R model evaluation results

Wit s - bR = % FAE/% W)/
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Table 4 Performance of supervised named entity recognition
for different training combinations

F, {8/ %
%?E_ e 1000 2000 4000 8000 ..
O T T T Y
GSE S 4 4%
Base 75.77 82.67 86.49 89.76 92.97
ZH-ZH MR 76.86 82.48 87.02 89.58 93.12
Ours 78.26 83.75 87.30 89.63 93.37
Base 80.12 84.22 88.55 90.59 92.88
MO-MO MR 80.59 84.67 88.47 90.44 9293
Ours 80.69 85.09 89.02 90.71 93.52
Base 71.60 77.78 83.81 87.72 91.16
TI-TI MR 71.49 79.27 83.87 87.52 91.12
Ours 73.40 79.43 85.02 87.49 91.74
Base 86.90 88.83 91.28 92.40 94.43
UG-UG MR 8599 89.40 91.03 9245 94.12
Ours 87.34 89.24 9142 92.61 94.50
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Table 5 Performance of unsupervised named entity recognition
for different training combinations

F, 8/ %
‘UE?E_ e 1000 2000 4000 8000 ..
SO T T T Y
PR

Base 44.68 48.18 49.99 55.63 58.78

ZH-MO MR 46.30 41.84 51.19 4599 55.20
ours 5212 5371 5573 5836 60.84

Base 40.06 35.57 39.51 40.07 38.08

ZH-TI MR 39.62 34.07 37.28 34.68 27.57
ours 4324 4091 38.87 37.44 32.30

Base 65.59 71.11 73.19 75.83 76.48

ZH-UG MR 65.83 68.48 73.44 7249 76.82
ours 70.59 7239 7508 7652 79.08
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Table 6 Results of cross-language experiments with
multilingual data augmentation

L%
Wil E - Hbmif P R F
ZH-UG 82.84 75.64 79.08
ZH+MO-UG 83.01 81.73 82.36
ZH+TI-UG 86.20 84.85 85.52
ZH+MO+TI-UG 86.75 86.25 86.50
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Table 7 Enter a table of marker loss statistics

W AFRIE i A Js¥i|
— 7934 0.14 1111.63
S 112 3.92 438.51
G— 383 0.62 236.97
e— 619 0.36 222.92
9585 523 0.30 155.35
Gl 264 0.55 145.44
=— 448 0.32 141.47
25— 361 0.38 137.87
o 123 1.11 136.95
S e 161 0.84 134.78
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Table 8 Tag ID loss statistics table

P& Rt HfH B
I-LOC 968 1.32 1277.41
B-ORG 2075 0.75 1 549.65
B-LOC 3197 0.55 1 752.96
I-ORG 4 444 0.51 2251.43
B-PER 1679 0.46 774.18
I-PER 1116 0.29 323.70
(¢} 106 881 0.04 4 674.26
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