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Introduction

[de]  Beeil dich nicht.[swg]  No ned huddla.

[en]  Don’t hurry.
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Dialects vs. Standard Languages



[swg]  No ned huddla.

→ Dialects capture culture-specific language use and regional spelling variations.

Dialects vs. Standard Languages

[de]  Beeil dich nicht.

[en]  Don’t hurry.

Derived from “Huddel”: rags used by bakers to clean the oven.
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Introduction



[de]  Beeil dich nicht.[swg]  No ned huddla.

[en]  Don’t hurry.

Multilingual encoders are predominantly trained and evaluated on standard languages.

5

Introduction
Dialects vs. Standard Languages

→ Dialects capture culture-specific language use and regional spelling variations.

Derived from “Huddel”: rags used by bakers to clean the oven.



• Dialect-aware MT evaluation and representation learning
• Bavarian NMT case study (Her and Kruschwitz, 2024)
• Creation of German dialect dictionaries (Litschko et al., 2025)

→ Underexplored applications on German dialect

• Lack of dialect-aware benchmarks for evaluating multilingual bi-encoders
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Trends and Gaps

https://aclanthology.org/2024.sigul-1.20.pdf
https://arxiv.org/abs/2412.12806


Trends and Gaps

• Data scarcity → synthetic data augmentation
• Synthetic query-document pair generation with LLMs (Jeronymo et al., 2023).
• Morphologically-aware dictionary-based data augmentation for MT (Alam et al., 2024).
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→ Effectiveness of synthetic data augmentation is unknown for bi-text mining.

https://arxiv.org/abs/2202.05144
https://arxiv.org/pdf/2402.01939


Contributions

• Evaluation protocol for dialect-aware translation retrieval in three German dialects

• Comprehensive evaluation of multilingual bi-encoders in both zero-shot and finetuned settings

• A study of synthetic data augmentation strategies for dialect retrieval and analysis on factors 

affecting task difficulty

Evaluation data

Synthetic training 
data

Bi-encoders

BM25

Retrieved 
documents

Fine-tuning

Dense 
retrieval0-shot

Lexical 
retrieval
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• RQ1: How well do SOTA bi-encoders perform in bi-text mining when queries are written in German 

dialects, compared to when they are written in English?

• RQ2: To what extent does training on translated data from dictionaries and LLMs improve the 

retrieval performance of bi-encoders?

• RQ3: How robust is the performance of bi-encoders with respect to different ratios of dialect code 

mixing?

Research Questions
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Evaluation Protocol

• Dialect–Standard German pairs: 
• Low German – Standard German (nds–de)
• Bavarian – Standard German (bar–de)
• Alemannic (Swiss German + Swabian) – Standard German (als–de)

• High-resource language pair: 
• English-Standard German (en–de)

• Dataset sources:
• Tatoeba (Tiedemann, 2020)
• WikiMatrix (Schwenk et al., 2021)
• Wikimedia

Data Source
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https://aclanthology.org/2020.wmt-1.139/
https://aclanthology.org/2021.eacl-main.115/


Data Quality

• Manual investigation

DE sentences on bar side  

Semantic misalignments
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• Quantifying the Lexical Overlap (BM25)

Data Quality

Higher risk of introducing lexical shortcuts during evaluation
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Dialect-to-German Evaluation
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Dialect-to-German Evaluation

Evaluation data

Synthetic training 
data

Bi-encoders

BM25

Retrieved 
documents

Fine-tuning

Dense 
retrieval0-shot

Lexical 
retrieval

en: 1,000
als: 1,000
nds: 1,000
bar: 90+910

Queries

relevant: 4,000
unrelated: 
96,000

Document pool

• Test Dataset:
• For each language pair {en, als, nds}–de, we extract 1,000 parallel instances from Tatoeba.
• Since bar–de contains only 90 instances, we add 910 GPT-translated instances of en-de split from Totoaba. 
• We augment 4,000 relevant German “documents” with 96,000 negatives (source: en-de split). 
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Ablation Study

• Dialect-Standard mixtures

Select all German sentences with a length of 10 words (=39 sentences).
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Ablation Study

• Dialect-Standard mixtures

W1 W2 W3 W4 W5 W6 W7 W8 W9 W10

Tokenize German sentence.
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Ablation Study

• Dialect-Standard mixtures

W1 W2 W3 W4 W5 W6 W7 W8 W9 W10

Translate word by word into dialect.

W1 W2 W3 W4 W5 W6 W7 W8 W9 W10
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Ablation Study

• How does the retrieval performance vary with different code mixing ratios?
• We evaluate sentence retrieval with different proportions of Bavarian words (20%, 40%, …, 100%).

W1 W2 W3 W4 W5 W6 W7 W8 W9 W10

W1 W2 W3 W4 W5 W6 W7 W8 W9 W10

Substitute different proportions of words and form a new sentence.
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Synthetic Training Data

Evaluation data
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• Dictionary-Based Translations:
• DiaLemma: Bavarian dialect variation dictionary (Litschko et al., 2025)
• Source: bar and de texts from WikiMatrix
• Word-level code-switching
• 32,458 pairs
• Low vocabulary coverage

Synthetic Training Data

Nein Joch leiten zum Hochaltar.

Nein Joch leitn zum Hochaltar.

bar

barde

Query

Synthetic Document
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Wir miassen gönz vuasichtig sein.

Wir müssen ganz vorsichtig sein.
de

debar

Document

Synthetic Query

https://aclanthology.org/2025.findings-emnlp.762/


• LLM-Generated Translations:
• Source: de sentences from Tatoeba (de-en)
• Translated to all 3 dialects and merged into one mixed set (GPT-4o)
• 27,000 pairs in total

Synthetic Training Data

Translate the following Standard German
sentence into natural, fluent {target
dialect}. Only output the translation. Try
to aim for diverse translations.

Prompt
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Experimental Setup

• Bi-encoders:
• LaBSE (Feng et al., 2020)
• bge-m3 (Chen et al., 2024)
• gte-multilingual-base (Zhang et al., 2024)
• Qwen3-Embedding-0.6B (Zhang et al., 2025)

• Baseline:
• BM25 (Robertson and Zaragoza, 2009)

Models
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https://arxiv.org/abs/2007.01852
https://arxiv.org/abs/2402.03216
https://arxiv.org/abs/2407.19669
https://arxiv.org/abs/2506.05176
https://arxiv.org/abs/2506.05176


• Rank documents according to their cosine similarity to the query.

• Sparse Retrieval (BM25): lexical baseline and proxy for task-level difficulty.

Zero-Shot Evaluation
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• We fine-tune models using the InfoNCE loss with in-batch negatives (Oord et al., 2019).

• Models are fine-tuned separately on both types of synthetic data.

Fine-tuning

Evaluation data

Synthetic training 
data

Bi-encoders

BM25

Retrieved 
documents

Fine-tuning

Dense 
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Lexical 
retrieval
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https://arxiv.org/abs/1807.03748
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Results
Zero-shot Results

• Current models score on average 0.2-0.4 higher (Precision@1) in aligning standard and high-resource languages
than dialects.
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Zero-shot Results
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• All dense retrieval models substantially outperform BM25.

• LaBSE achieves the highest overall performance.

• All models perform best on bar-de.

• Lexical overlap directly relates to retrieval difficulty.
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• Our fine-tuning method gains higher average scores (up to 0.4 for als-de on Precision@1) compared to zero-shot 
retrieval across models.

• Fine-tuning on LLM-generated translations outperforms dictionary-based translations (with up to 0.32 higher 
Precision scores for als-de).

Fine-tuning Results
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• 20%-60% dialect ratio → performance remains high.

• >60% ratio → performance drops.

• Sufficient token overlap can compensate for a 

model’s lack of dialect understanding.

Ablation Study: Robustness to Dialect Mixing
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Results obtained with LaBSE. Trends are consistent across all bi-encoders (see paper).
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Conclusion

• Gap between retrieval in standard languages (en-de) and dialects (dial-de).

• Fine-tuning on synthetic data consistently improves results, especially for LLM-

generated translations.

• Retrieval effectiveness starts to drop when the proportion of dialect words 

exceeds a critical threshold.
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Thank you for your attention!

Code and Data

https://github.com/mainlp/dialect-bitext-mining
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