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Fig.1 Word vector visualization
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Tab.1 Size of corpus

EIE/EE S HodfE 157 G
- 1153421
eSS [7] S 5 1373525 (+220104)
[E]1% 1558917 (+185392)
LAl S - 1000

TR - 1000
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Tab.2 Experimental parameter settings

SRR SRR
encoder_layers 6
decoder_layers 6
attention_heads 16

embed dim 1024
ffn_embed_dim 4096
optimizer adam
dropout 0.1
label _smoothing 0.1
warmup updates 4000
Ir 0.0003
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Tab.3 Comparison of vocabulary construction size

A i 3L 3L
BPE 33325 42911
VOLT 10360 22518
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Tab.4 Experimental effect comparison of valid set

1) R BLEU
BPE 49.89
VOLT 52.26
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Tab.5 Effect of length penalty factor on the BLEU values of Tibetan-Chinese translation

o 0.1 0.2 0.3 0.4 0.6 0.8 1.0

BLEU 52.19 5225 5226 5215 51.89 51.74 51.67
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Tab.6 Comparison of the scale of mRASP vocabulary construction

W '8 HC

4% (transformer+VOLT) 10360 22518
ALBERT+3:£E 10360 22518
mRASP+BPE 128142 128142
mRASP+3: 4% 85330 85330
mRASP (joint b) 108243 108243
mRASP (joint v) 92768 92768

2% 7 mRASP 25645 Bt te

Tab.7 Comparison of the results of mRASP experiments

JEE— L
T3l
(w/o model) (w/model)

FE 28 (transformer+VOLT) 52.26

ALBERT+3:4; 52.78
mRASP+BPE 52.98 53.67
mRASP-+5:2% 54.71 55.69
mRASP (joint b) 53.34 54.09
mRASP (joint v) 53.56 5425
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Fig.2 Tibetan-Chinese Translation Comparison
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Tab.8 Comparison of Tibetan-Chinese translation results
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Abstract: This paper details the evaluation of Tibetan-Chinese machine translation at the 18th China
Conference on Machine Translation (CCMT 2022) by the Key Laboratory of Artificial Intelligence for
Tibetan Information Technology in Tibet Autonomous Region (Tibet University). The evaluation used the
Google Transformer neural network machine translation architecture as the baseline translation model,
mainly used the data enhancement method to expand the Tibetan-Chinese parallel corpus, optimized the
vocabulary used in Tibetan-Chinese neural machine translation and explored the impact of the joint
vocabulary in the cross-lingual pre-training model on the translation performance, and finally, a method
combining cross-language pre-training model mRASP and improved green joint vocabulary is used to
submit the main system of Tibetan-Chinese neural machine translation. The comparison system is based on
ALBERT pre-training language model and transformer-big translation system. Compared with the
traditional Tibetan-Chinese neural machine translation based on pre-training language model, this method
can effectively improve the performance of Tibetan-Chinese machine translation.

Keywords: Cross-language pre-training model; Tibetan-Chinese neural machine translation; mRASP;

vocabulary; ALBERT



