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Legal field neural machine translation method for Thai-Chinese by
integrating domain bilingual dictionaries
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Abstract ;[ Objective] For Thai-Chinese neural machine translation in the legal field, achieving accurate translation of domain-specific
keywords, such as entity names and specialized terms,appears challenging due to the scarcity of parallel corpora for training and the
lack of effective semantic supervision at the bilingual word level. To address this issue, we propose a neural machine translation
method that incorporates bilingual domain-specific dictionaries. [ Methods] First, we extract bilingual dictionaries from the legal
corpus. Then,a method is employed based on recovering rare Chinese legal terms to filter additional pseudo-legal training data. At the
model’s input stage.we further construct supplementary prompt data by matching target words from the domain-specific bilingual
dictionary with source sentences. Then, within the model architecture, we introduce a prompt-shallow encoder to represent the
prompts. Next,a new cross-attention module is added to the source sentence encoder layer to enhance source sentence representation.

Finally, the source sentence and prompt representations are concatenated to form the final encoder representation, which guides the
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generation of the target word sequence through cross-attention in the decoder. [ Results] Experimental results show that the
Transformer model trained with this filtering method has achieved a 0. 54 percentage points improvement in BLEU score compared to
the model trained solely on domain data. Using this mixed training set, we find that the model incorporating prompt information
witnesses a BLLEU score increase of 0. 90 percentage points compared to the standard Transformer model,and 0. 61 percentage points
compared to the model trained with the traditional “code-switching” method. [ Conclusions] This paper’s data filtering approach
simultaneously resolves domain term sparsity and suppresses generic word noise, ultimately improving baseline domain translation
performance. The model incorporating prompt information effectively interacts with these prompts, thus improving overall translation
performance and increasing accuracies of domain-specific keyword translations.

Keywords: legal field; Thai-Chinese neural machine translation; domain bilingual dictionary; data filter; prompt shallow encoder;
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Fig. 1 Overall framework of NMT method by integrating domain bilingual dictionaries
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Fig. 2 Flowsheet for mining bilingual domain-specific dictionary
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Tab. 3 Translation performance of baseline models with

different training sets

YIAR BLEU {H/ %
law 18. 37
law—+fuzz 18. 63
law—+1fm 18.72
law—ilr 18.91
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Tab. 4 Comparative experimental results of vocabulary

constraint methods

ik BLEU &/ % CSR 15/ %
CS+Ptr 19. 20 84.1
LeCA+Ptr 19. 47 85. 4
AR 19. 81 86. 3
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Tab. 5 Results of ablation experiments to verify the

effectiveness of modules

il BLEU /% CSR {8/ %
1 : Base 18. 91 —
2 + 1+ Concat 19. 14 80.0
3 ¢ 1+Prompt_Attention 19. 40 83.2
4 : 1+Concat+Prompt_Attention 19. 81 86.3
5 4+Ptr 19. 48 84.1
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Tab. 6 Case analysis of translation tasks
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