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THE WHY – INTRO & MOTIVATION

̶ Problem

̶ Science is global, but language barriers limit access

̶ English dominance creates inequalities

̶ Scientific information reaches a limited audience
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THE WHY – INTRO & MOTIVATION

̶ Challenge for MT

̶ Lack of domain-specific parallel data

‒Specialized terminology

‒Complex syntax

‒Domain-specific discourse
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THE WHY – INTRO & MOTIVATION

̶ Our Goal

̶ Improve MT for specialized scientific domains

‒Neuroscience

‒Climatology

‒Mobility

̶ By making efficient use of existing data

‒Topic Filtering + Fuzzy Match Augmentation
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BACKGROUND
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BACKGROUND: NMT & LLMS

̶ Transformer-based NMT has significantly improved 

translation quality

̶ LLMs show impressive results in general translation 

tasks (Kocmi et al., 2024)

̶ For specialized domains, well-trained NMT can still 

outperform LLMs (Wassie et al., 2025; Higashiyama, 2024)

̶ However, NMT vs LLMs has not been done 

extensively
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BACKGROUND: DATA SELECTION & FMs

̶ Data Selection: Intelligently picking relevant 

sentences from general corpora (Chu & Wang, 2018)

̶ through Topic Filtering: Selecting (potentially) domain-

relevant data based on topic signals

̶ Fuzzy Match Augmentation: Leveraging translations of 

similar sentences (Tezcan et al., 2021; Moslem et al., 2023)

̶ Known to work well in combination with other data 

augmentation methods (e.g. backtranslation, Tezcan et al., 2024)
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OUR CONTRIBUTION

̶ Investigate the combination of Topic Filtering and 

Fuzzy Match Augmentation in the scientific domain

̶ Apply it to both NMT and LLMs and compare, focusing 

on:

̶ Comparing performance across model architectures

̶ Trade-offs between specialized NMT and (off-the-

shelf) LLMs
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METHOD 1 – TOPIC FILTERING

̶ Observation

̶ Large general corpora (ParaCrawl, EuroPat, SciPar) 

contain useful sentences

̶ BUT most are irrelevant to specific scientific domains

̶ Solution: data selection through topic filtering
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METHOD 1 – TOPIC FILTERING
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Collect Initial Data Sources

TaOS Domain-Specific Data
Total: 300,833 sentence pairs 

(from Translations and Open Science)

Neuroscience

Climatology

Mobility

98,857

95,694

106,282



METHOD 1 – TOPIC FILTERING
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Using FastText classifiers to identify potentially domain-relevant sentences

(see next slide)

similarity threshold 

(classifier score)



METHOD 1 – TOPIC FILTERING
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METHOD 1 – TOPIC FILTERING
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METHOD 2 – FUZZY MATCH AUGMENTATION
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METHOD 2 – FUZZY MATCH AUGMENTATION
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METHOD 2 – FUZZY MATCH AUGMENTATION
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BRINGING IT ALL TOGETHER
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RESULTS – NMT 

21

Key Findings for NMT Models

• Adding more data helps: 3d > 1d, 3d+Ext > 3d
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Key Findings for NMT Models

• Adding more data helps: 3d > 1d, 3d+Ext > 3d

• Topic Filtering is effective (3d+ExtTF improves over 3d+Ext in all cases)



RESULTS – NMT 
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Key Findings for NMT Models

• Adding more data helps: 3d > 1d, 3d+Ext > 3d

• Topic Filtering is effective (3d+ExtTF improves over 3d+Ext in most cases

• FM Augmentation consistently improves results

• Best NMT: 3d+ExtTF_FM significantly outperforms all other systems



RESULTS – LLMs
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(averaged across domains)



RESULTS – NMT vs. LLM COMPARISON
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RESULTS – NMT vs. LLM COMPARISON

‒Mobility
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RESULTS – NMT vs. LLM COMPARISON

‒Neuroscience



CONCLUSION & DISCUSSION

̶ Main Findings

̶ Combining Topic Filtering and FM Augmentation is 

effective for scientific domain adaptation

̶ Specialized NMT models remain competitive with 

many off-the-shelf LLMs
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CONCLUSION & DISCUSSION

̶ LLM Findings

̶ FM augmentation via in-context learning is highly 

effective for LLMs

̶ Small, domain-specific data for FM retrieval can be 

as effective as larger datasets

̶ Larger LLMs generally perform better
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LIMITATIONS

̶ Only English>French language pair tested

̶ Limited to three scientific domains

̶ Only automatic metrics used (no human evaluation)

̶ Did not explore fine-tuning LLMs with these methods

̶ Did not compare any other data selection methods
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FUTURE WORK

̶ Fine-tuning LLMs in combination with in-context 

learning + how does it compare to NMT

̶ Combining back-translation with topic filtering+FM-

augmentation
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