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Intro & Motivation

̶While powerful, NMT (and LLMs) can struggle with 
specialized domains (legal, technical, …) due to limited 
in-domain parallel data (Jiao et al., 2023)

̶LLMs are increasingly used for MT, thanks for additional 
capabilities over NMT models:
o Instruction following
o In-context learning (i.e. few-shot learning)

̶However, LLMs do not guarantee superior performance 
over specialized NMT models in domain-specific 
scenarios (Wassie et al., 2025; Higashiyama, 2024)
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Intro & Motivation

̶ Fuzzy Match (FM) Augmentation:
o Leveraging translations of similar sentences (FMs) from translation 

memories or training data improves quality (Bulté & Tezcan, 2019; 
Xu et al., 2020)

o Challenge: FM effectiveness often depends on large bilingual 
datasets to find high-similarity FMs

̶ This Study’s Goal:
o Can we improve FM-augmented NMT when in-domain parallel data 

is limited?
o Hypothesis: Yes, by leveraging additional monolingual data to 

generate synthetic parallel data specifically for FM augmentation in 
specialized domains
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Background

-  
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Towards a better integration of fuzzy matches in neural 
machine translation through data augmentation 
[Bulté & Tezcan, 2019]



Background

• FM augmentation results in optimal NMT performance in high-resource scenarios = (very) large 
bilingual training data [Bulté & Tezcan, 2019; Xu et al., 2023; Reheman et al., 2023]

• To remedy this limitation, additional monolingual data in the target language was used to 
retrieve FMs directly from texts in target language (via multilingual sentence embeddings) [Tamura 
et al., 2023]

• Our goal is similar:
• Extend the effectiveness of FM-augmentation to lower-resource scenarios
• Focus = limited bilingual data, and additional monolingual data

• Our approach is different:
1. MT additional monolingual data to source language (i.e. back-translation)
2. Use the synthetic bilingual data as:

‒ additional training data 
‒ for FM augmentation
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Proposed Method: 
Combining Back-Translation 
& Neural Fuzzy Repair



Methodology
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Results & Conclusion



Results

1. Using all available data (bilingual & monolingual)
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Results
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1. Using all available data (bilingual & monolingual)



Results

2. Using reduced monolingual data sets (keeping all bilingual data)
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Results

3. Using reduced bilingual data sets (keeping all monolingual data)
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Conclusions
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• A simple, yet effective approach for improving NMT systems

• Backtranslation + FM-augmentation

o No changes required to the underlying NMT architecture (data augmentation)

o Wider adoption than alternatives?

• Additional monolingual data sets in the target language can be more efficiently than 
existing alternatives

• Large (statistically significant) improvements compared to best alternative in all data 
configurations (including lower resource scenarios)

• Using high-quality, large data sets instead does not improve the results drastically

• Similar trends observed across different metrics 



Limitations & Future Work

46

Limitations:

• Only 2-domains and 3 language pairs tested

• Only automated evaluation (no human evaluation)

Future work:

• Can similar improvements be observed using FM-augmentation in LLMs?

oUsing LLMs for back-translating monolingual data

o Integrating FMs through in-context learning

• Can we generate additional monolingual data in the target language, when they are not 

available?

oUse LLMs for domain-specific data generation

• Can we even use this approach when only monolingual data sets are available in the 

target language (no bilingual data)?
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