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Source language mirroring data augmentation based on letter-level encryption

LIU Yicheng, YIXI Jiangcan, SHI Shumin”

(School of Computer Science and Technology, Beijing Institute of Technology,Beijing 100081)

Abstract: [ Objective] Traditional data augmentation methods suffer from semantic distortion and unnatural sentence generation in
low-resource machine translation. To address these constraints, herein we introduce a method, namely data augmentation via source
language mirroring (DASLM). [Methods] The DASLM method employs Caesar cipher encryption,i. e. a simple yet effective letter-
level encoding technique, to generate source language mirror sentences. By shifting characters in the source sentences according to
predetermined key values, mirror sentences are created that maintain identical semantic and syntactic structures to the original
sentences while varying in surface form, so that they can enhance formal diversity between source and target languages while
reinforcing language-invariant features across languages. These mirror sentences are paired with their original target sentences to
construct new parallel corpora, thus leveraging the ability of multilingual training to strengthen the encoder’s ability to extract
language-invariant features. The augmented corpora are then combined with the original datasets to train a single translation model.
Experiments were conducted using the Tibetan-Chinese, Uyghur-Chinese and Mongolian-Chinese datasets provided by CCMT2023,
comprising over 1. 1 million Tibetan-Chinese, 170 000 Uyghur-Chinese and 500 000 Mongolian-Chinese sentence pairs, respectively.
Data preprocessing included tokenizing Tibetan and Chinese sentences using open-source tools, while Uyghur and Mongolian
sentences were processed without additional tokenization. These datasets were then processed with byte-pair encoding (BPE) to
create subword vocabularies. The Transformer model was served as the backbone for training, utilizing a six-layer encoder-decoder

architecture with multi-head attention and a 1024-dimensional embedding space,and the model’s performance was evaluated using the
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bilingual evaluation understudy (BLEU) score. To benchmark DASLM, we compared it against various mainstream data
augmentation methods. [ Results] DASLM significantly improves translation performance by achieving BLEU scores of 24. 71% for
Uyghur-Chinese, 31. 78% for Tibetan-Chinese and 41.67% for Mongolian-Chinese tasks. This fact represents a substantial
improvement over the baseline Transformer model trained solely on the original datasets. Although the proposed method does not
surpass Data Diverse,i. e. the best-performing baseline, it simplifies the training process by avoiding the need for additional models to
generate augmented data. Instead, it utilizes a straightforward letter-level encryption approach, making the overall workflow more
efficient and accessible for low-resource scenarios. Further analyses of the robustness of the method highlight its consistency across
different key values used in the Caesar cipher process. Although larger key values can lead to minor performance fluctuations, the
overall results remain stable, thereby confirming the reliability of DASLLM in generating high-quality augmented data. Notably,
DASLM exhibits greater effectiveness in Uyghur-Chinese and Mongolian-Chinese translation tasks,in which the training data is more
limited compared to Tibetan-Chinese. This finding underscores the ability of the method to mitigate the adverse effects of data
scarcity by maximizing the utility of available resources. The efficacy of the method is further validated through the qualitative
analysis of translation outputs. Examples illustrate that DASLLM produces translations with improved semantic fidelity and fluency
compared to baseline models. In examples given in the article, DASLLM accurately captures nuanced meanings that baseline models
often misinterpret or oversimplify and generates more contextually appropriate and precise word choices, enhancing the overall
translation quality. Finally, the method has achieved competitive results in the CCMT2024 evaluation. [ Conclusion] Source language
mirroring generates data that maintains semantic and syntactic similarity with the original corpus. The source language mirroring-
based data augmentation method overcomes issues of semantic misalignment and unnatural text sequences inherent in traditional
approaches,offering an efficient solution for low-resource machine translation. Particularly in scenarios of limited training data, the
proposed method exhibits greater applicability and potential for improving translation quality.
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Fig. 1 Example of encrypting a Tibetan sentence using the ROT-£ method
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Tab. 1 Statistical table of experimental data in this paper
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Tab. 2 Experimental results with different loss

functions (Uyghur-Chinese)
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Tab. 3 Translation examples of different £ values and formulas (Uyghur-Chinese)
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Tab. 4 Experimental results of the DASLLM method and the

baseline system
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Tab. 5 Comparison of Uyghur-Chinese translation quality of

different source language mirrors
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Tab. 6 Analysis of Tibetan-Chinese, Uyghur-Chinese and Mongolian-Chinese translation examples
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