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Abstract
Cross-dialect bi-text mining relies on robust multilingual sentence representations to identify semantically equivalent
sentence pairs across languages. While recent multilingual bi-encoder models achieve strong performance on
standardized written languages, their behavior on dialectal varieties is largely unknown. In this study, we use
Tatoeba to evaluate the performance of four widely-used bi-encoders on dialect-to-standard German translation
retrieval, covering German documents and queries written in three dialects: Low German, Bavarian, and Alemannic.
Motivated by the lack of resources, we examine the extent to which synthetic translations (from dictionaries and
large language models; LLMs) can serve as weak supervision for dialect adaptation. Our results reveal that
bi-encoders, when applied in a zero-shot setting, exhibit deficiencies in capturing semantic similarity between
German and dialects, while fine-tuning on synthetic data substantially improves their retrieval effectiveness, with
larger gains obtained from LLM-translated training data. We further analyze retrieval performance on Bavar-
ian across varying dialect word proportions and observe a drop when dialect words make up more than 60% of the text.

Keywords: bi-text mining, synthetic data augmentation, dialect retrieval, German dialects.

1. Introduction

Most existing multilingual embedding models are
optimized using large-scale parallel or comparable
corpora involving standardized written languages,
such as English, Chinese and Standard German
(Zhang et al., 2024; Feng et al., 2022; Chen et al.,
2024; Reimers and Gurevych, 2019, inter alia).
These training regimes implicitly assume relatively
stable orthography, consistent lexical conventions,
and sufficient coverage across language varieties.
Dialectal data, however, are often in strong contrast
to these assumptions. Unlike many low-resource
languages, dialects typically do not form indepen-
dent standardized systems but exist in a continuum
with the standard language, sharing large portions
of vocabulary while simultaneously exhibiting signif-
icant culture-specific language use, such as region-
ally preferred lexical variants, local idioms, prag-
matic particles, and discourse conventions. For
example, the Standard German imperative phrase
“Beeil dich nicht” (“Don’t hurry") may be realized in
Swabian as “No ned huddla”,' and the first-person
pronoun ich may appear as i/ig in Swiss German.
Dialect-specific spelling variations and idioms re-
duce surface-level similarity with standard German
and increase the lexical gap between languages
(Berger et al., 2000). In this work, we study the
alignment of text representations between standard
German and dialects.

Large-scale dialect-Standard German parallel

The verb “huddla” is derived from the noun “huddel”
and culturally grounded. See Appendix C for further
information on the etymology of the word.

data is scarce, and dialects are largely absent from
established bi-text mining benchmarks (e.g., prior
BUCC shared tasks (Zweigenbaum et al., 2018,
2017)), which focus largely on standard languages.
At the same time, dialect-aware machine transla-
tion evaluation (Deutsch et al., 2025; Vamvas et al.,
2025) and representation learning (Philippy et al.,
2025; Artemova and Plank, 2023) are becoming
increasingly active research areas. However, their
application on German dialects remains underex-
plored: beyond the Bavarian NMT case study of
Her and Kruschwitz (2024), much of the prior work
focuses on translation at the lexical level and the
creation of dialect dictionaries (Bui et al., 2026;
Chiarcos et al., 2025; Litschko et al., 2025a). Practi-
cally, this motivates dialect-standard German bi-text
mining as a scalable way to extract aligned super-
vision from comparable sources for both evaluation
and model adaptation. Moreover, recent work has
demonstrated that synthetic query—document pairs
generated by large language models (Jeronymo
et al., 2023) or dictionary-based translations (Alam
et al., 2024) can effectively augment semantically
correct training data when authentic resource is lim-
ited. While these methods have shown promise for
standard languages, their applicability to dialectal
varieties remains uncertain.

Motivated by these gaps and trends, we study
dialect-to-standard German retrieval. To this end,
we create datasets from Tatoeba, using German
documents and queries in Bavarian (bar), Low Ger-
man (nds), and Alemannic (als). Our work is most
similar to Artemova and Plank (2023), who com-
pared how well the cosine similarity between Ger-
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man and Alemannic/Bavarian sentence embed-
dings aligns with human similarity judgments on a
Likert scale. We evaluate bi-encoders on sentence-
level retrieval and quantify performance gains ob-
tained from fine-tuning on synthetic data. We also
ablate their performance with respect to varying
proportions of dialect terms. Taken together, we
investigate bi-encoders under a more realistic and
challenging evaluation protocol. In this work, we
address the following research questions:

* RQ1: How well do state-of-the-art bi-encoders
perform in bi-text mining when queries are writ-
ten in German dialects, compared to when they
are written in English?

RQ2: To what extent does training on trans-
lated 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 di-
alect code mixing?

To summarize our contributions, we (1) propose
an evaluation protocol for dialect-aware transla-
tion retrieval encompassing three German dialects;
(2) provide a comprehensive evaluation of mul-
tilingual bi-encoders in both zero-shot and fine-
tuned settings, offering insights into their strengths
and limitations when applied to dialectal data; (3)
we study synthetic data augmentation strategies
for dialect retrieval and conduct ablation analyses
on factors affecting task difficulty, while also dis-
cussing common quality issues in the dialect sub-
sets of web-crawled datasets and their implications
for evaluation reliability. Our code and data can
be found at: https://github.com/mainlp/
dialect-bitext-mining.

2. Related Work

NLP Research for German Dialects. Recent
work in German dialect NLP spans resource build-
ing (Burghardt et al., 2016; Litschko et al., 2025a),
annotation and dialect identification (Zampieri et al.,
2017; Blaschke et al., 2024; Peng et al., 2024), in-
formation retrieval (Litschko et al., 2025b), and ma-
chine translation (Her and Kruschwitz, 2024; Aepli
et al., 2023). In cross-dialect retrieval, Litschko
et al. (2025b) explicitly cast dialect variation as an
information access problem and introduce WikiDIR,
a cross-dialect retrieval test collection derived from
multiple German dialect Wikipedia. Though their
framing aligns with our setting, there are key differ-
ences: we focus on bi-text mining with dense re-
trieval rather than keyword-oriented matching. Our
study extends beyond evaluation and includes train-
ing of bi-encoders under synthetic supervision. We
additionally study the robustness of bi-encoders
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under varying proportions of dialect tokens. De-
spite the growing interest in German dialect NLP,
publicly available parallel corpora remain still lim-
ited. Blaschke et al. (2023) provide a systematic
overview of resources for German dialects includ-
ing corpora that contain dialect text aligned to Stan-
dard German (or multilingual) translations. In Sec-
tion 3.2, we discuss quality aspects of parallel di-
alect data.

Dense Retrieval with Bi-Encoders. In dense
retrieval, bi-encoders are used to independently
embed queries and documents into continuous
vector representations, which are then ranked
based on similarity measures (e.g., cosine similar-
ity) (Karpukhin et al., 2020; Reimers and Gurevych,
2019). Bi-encoders are trained using contrastive
objectives that pull the embeddings of query-
document pairs closer together while pushing
apart those of queries and non-relevant docu-
ments (Karpukhin et al., 2020; Oord et al., 2019).
Popular benchmarks for evaluating multilingual bi-
encoders, such MMTEB (Enevoldsen et al., 2025),
do not focus on dialectal variation, leaving the per-
formance of the bi-encoders on dialects largely
underexplored. To address this gap, we evalu-
ate recent models on German dialects from the
Tatoeba dataset (Tiedemann, 2020). Related to
our work, Vamvas et al. (2024) investigate how
continual pre-training of multilingual pre-trained
language models affects sentence retrieval per-
formance in Swiss German (gsw). The authors
focus on unsupervised retrieval, where sentences
are matched at the token-level using BERTScore
(Zhang et al., 2020). In contrast, we study multilin-
gual bi-encoders (single-vector retrieval) and evalu-
ate their retrieval effectiveness after fine-tuning on
synthetic training data.

Synthetic Data Augmentation. Since large-
scale dialect-standard parallel data is scarce, a
practical way to obtain supervision for training
dense retrievers is to generate synthetic training
data. Large language models (LLMs) have been
shown to be effective synthetic data generators in
information retrieval (IR) tasks (Thakur et al., 2024;
Jeronymo et al., 2023; Harsha et al., 2025), as well
as in machine translation (MT) for low-resource lan-
guages (Scalvini et al., 2025; de Gibert et al., 2025).
In the context of MT, Kim et al. (2025) find that syn-
thetic data generated by GPT-40 improves MT qual-
ity for low-resource languages. We extend this anal-
ysis to dialect bi-text mining and evaluate if GPT-40
translations improve the retrieval effectiveness of
bi-encoders. Next to LLM-based generation, prior
work has also explored dictionaries-based data aug-
mentation for low-recourse MT (Alam et al., 2024;
Nag et al., 2020). A key advantage of lexical trans-
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Tatoeba WikiMatrix Wikimedia Total
nds-de 17,984 75,591 — 93,575
bar-de 90 41,991 3,351 45,432

o alsde 1714 - — 118 2,863
de-eng 322,413 1,573,438 180,809 2,076,660

Table 1: The amount of available parallel sentences for each language pairs. Wikimedia statistics are
based on the v20230407 release and the Swiss German (gsw) subdialect of Alemannic (als).

lation is that it allows us to precisely control the
proportion of dialect words (Section 5.3).

3. Evaluation Protocol

3.1. Available Dialect Datasets

In our experiments, we pair Low German (nds),
Bavarian (bar) and Alemannic (als) dialect queries
with German (de) documents, yielding three lan-
guage pairs {nds, bar, als}—de. We include two va-
rieties of Alemannic: Swiss German and Swabian.
These dialects are among the few varieties for
which sentence-level parallel data with Standard
German is publicly available in sufficient quantity
to support systematic evaluation (Blaschke et al.,
2023). Existing datasets vary in their coverage of
our selected dialect pairs and number of instances.
In this study, we use Tatoeba (Tiedemann, 2020),
WikiMatrix (Schwenk et al., 2021) and Wikimedia,
which have been made available by the OPUS
project (Tiedemann, 2012).Table 1 provides an
overview of each dataset and the number of avail-
able instances. Tatoeba is a crowd-sourced collec-
tion of user-provided translations, which has over
12.6M sentences in 426 languages and is widely
used in low-resource and multilingual machine
translation research. WikiMatrix is a large-scale
automatically mined parallel corpus extracted from
aligned Wikipedia articles using LASER (Artetxe
and Schwenk, 2019), which contains 135M paral-
lel sentences for 16,720 different language pairs
in total (Schwenk et al., 2021). The extracted text
is split into sentences and de-duplicated. Parallel
texts in Wikimedia originate from Wikipedia articles
that have been translated with computer-assisted
translation tools and human oversight (Laxstrom
et al., 2015).

3.2. Dataset Quality

According to Schwenk et al. (2021), the bi-text min-
ing method adopted by WikiMatrix may lead to a
drawback of increased misalignment risk, espe-
cially for low-resource languages. In particular, pre-
vious research on the quality of web-crawled multi-
lingual datasets (Kreutzer et al., 2022) also shows
that the ratio of correct samples from WikiMatrix is
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at a surprisingly low level. We assessed the data
quality of the nds-de and bar-de pairs by examining
1,000 samples of each language pair. Our analysis
revealed that a large proportion of the pairs is mis-
aligned: 33.2% for nds-de and 47.7% for bar-de.
We also find many instances where the Standard
German sentence appears on the Bavarian side
(28.9%). As an additional check, we compare how
well translation pairs in WikiMatrix, Wikimedia, and
Tatoeba can be retrieved using BM25 (Robertson
and Zaragoza, 2009). Our results on WikiMatrix
and Wikimedia (Table 2) are substantially higher
than those on Tatoeba (Table 3), indicating a higher
risk of introducing lexical shortcuts during evalua-
tion. Taken together, our analyses reveal substan-
tial lexical overlaps and misaligned pairs as factors
that could bias the retrieval results. We therefore
exclude both WikiMatrix and Wikimedia from the
evaluation test set and proceed with Tatoeba (Sec-
tions 3.3).

3.3. Evaluation Data

Dialect-to-German Evaluation. We focus on the
translation retrieval involving four language pairs
{nds, als, bar, en}-de. Here, en-de serves as a
reference point to compare the results against a
high-resource language pair. Based on our anal-
ysis in Section 3.2, we select Tatoeba as a high
quality dataset. In Tatoeba, texts consists of a mix
of phrases and sentences. In the following, we refer
to dialect translations as queries, and their German
counterparts as documents. Following Litschko
et al. (2019), we use 1K different queries for each
dialect and 100K German documents. The docu-
ment pool is shared between all language pairs and
includes all 4K “relevant documents” (i.e., transla-
tions) and 96K randomly sampled nonrelevant doc-
uments. These negatives are Standard German
texts sampled from Tatoeba’s German-English sub-
set. Given that Tatoeba contains only 90 Bavarian-
German sentence pairs, we supplement the dataset
with an additional 910 bar-de instances. These are
generated by translating the German sentences
from the German-English subset of Tatoeba into
Bavarian. Models are evaluated using Mean Recip-
rocal Rank (MRR), Recall@10, and Precision@1.



als-de (Wikimedia) nds-de (Wikimedia) bar-de (WikiMatrix)
Model MRR@10 R@10 P@1 MRR@10 R@10 P@1 MRR@10 R@10 P@1
BM25 0.451 0.537 0.410 0.221 0.334 0.175 0.715 0.764 0.690

Table 2: BM25 results of MRR@10, Recall@10, Precision@1 on Wikimedia bi-text for als-de and
WikiMatrix sentence pairs for {nds, bar}-de. For als-de, we use 1K Wikimedia translation pairs of Swiss
German and Standard German, and augment them with 99K German documents from WikiMatrix.

Dialect-Standard Mixtures. Dialects are fre-
quently mixed with varying degrees of standard
language terms. To investigate the retrieval per-
formance with respect to different proportions of
dialectal terms, we curate a dataset of 39 German
sentences, each consisting of 10 words. These
sentences are sampled from the German side of
Tatoeba’s English-German subset. We first tok-
enize each sentence into a 10-word list and prompt
GPT-40 to generate a list of translations Bavarian.
The model is constrained to output the same num-
ber of tokens (see Appendix A). Based on the word-
aligned sentence pairs, we then separately substi-
tute 20%, 40%, 60%, 80% and 100% of the original
tokens in the German sentence with the translated
Bavarian variants to generate 5 subsets with differ-
ent portions of dialect words.

3.4. Synthetic Training Data

Weak Supervision. Motivated by the lack of
large-scale training data for dialect bi-text mining,
we evaluate two methods to obtain synthetic train-
ing data: dictionary-based word-by-word substitu-
tions; LLM-based dialect translations. The syn-
thetic data is not assumed to be fully correct or
noise-free (Kim et al., 2025). Instead, it is used to
simulate realistic low-resource training conditions,
where manually curated parallel data is difficult to
acquire on a large demand.

Dictionary-based Translations. In this ap-
proach, we use the Bavarian dialect variation dictio-
nary (Litschko et al., 2025a) to generate synthetic
training data through word-level code-switching.
The dictionary is based on human annotations and
provides Bavarian spelling variations for 5,124 Ger-
man lemmas. To ensure a high vocabulary cov-
erage, we use WikiMatrix as the source of paral-
lel query-document pairs. We perform word-by-
word substitution on both query and document
sides: on the query side, we generate German-
like documents by replacing dialect words (where
available in the lexicon) with their Standard Ger-
man equivalents; on the document side, we cre-
ate dialect-like queries by substituting Standard
German words with their Bavarian variants. This
process expands each original de-bar WikiMatrix
instance into multiple de-dey,, and bar-barg, pairs.
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We limit the number of synthetic instances to at
most 30 per sentence pair. The resulting dataset
contains 32,458 instances with an average length
of 26.4 tokens. We use our dictionary-based train-
ing data to evaluate whether models trained on
Bavarian code-switched instances generalize to
other dialects (cross-dialect transfer).

LLM-generated Translations. In this approach,
we use GPT-40-2024-08-06 (OpenAl, 2024) to
translate Standard German sentences into dialects.
We randomly select Standard German sentences
from Tatoeba’s German-English subset. To avoid
data leakage, we ensured that none of the Ger-
man sentences appear in any of the test splits. We
then instruct the model to generate translations for
each source-target language pair using the follow-
ing prompt:

Translation Prompt

Translate the following Standard German sen-
tence into natural, fluent {target dialect}.
Only output the translation. Try to aim for di-
verse translations.

The output sentence is paired with the original
Standard German sentence to form a synthetic
parallel query-document pair. The synthetic sub-
sets from each dialect—Standard German pair are
merged into a single mixed parallel dataset (multi-
source training). Based on prior work (Zhou et al.,
2024; Lim et al., 2024), we expect that jointly train-
ing bi-encoders on multiple dialects will improve
their performance on each individual dialect. The
resulting dataset contains 27K translation pairs,
with an average length of 7.7k tokens.

4. Experimental Setup

Models. In our experiments, we select four state-
of-the-art multilingual sentence encoders that have
been pretrained on large-scale cross-lingual data:
LaBSE (Feng et al., 2022), gte-multilingual-base
(Zhang et al., 2024), BGE-M3 (Chen et al., 2024)
and Qwen3-Embedding-0.6B (Zhang et al., 2025).
For retrieval, we rank documents according to their
cosine similarity to the query. Although these
models demonstrate strong retrieval performance



als-de nds-de bar-de
Model MRR@10 R@10 P@1 MRR@10 R@10 P@1 MRR@10 R@10 P@1
Lexical Retrieval Baseline
BM25 0.219 0.328 0.173 0.129 0.210 0.096 0.416 0.535 0.360
Zero-shot Evaluation

LaBSE 0.526 0.657 0.461 0.611 0.782 0.520 0.676 0.776 0.625

GTE 0.427 0.554 0.363 0.532 0.701 0.449 0.592 0.693 0.54

BGE-M3 0.421 0.540 0.358 0.564 0.731 0.479 0.638 0.734 0.590
_Qwen3 0374 0498 0315 0390 0545 0320 0575  0.682 0516

Avg. 0.437 0.563 0.374 0.524 0.690 0.442 0.620 0.721 0.570

Fine-tuning on dictionary-based translations

LaBSE 0.569 0.703 0.502 0.656 0.815 0.570 0.692 0.790 0.639

GTE 0.510 0.650 0.444 0.617 0.794 0.526 0.659 0.754 0.616

BGE-M3 0.561 0.682 0.493 0.711 0.849 0.637 0.726 0.819 0.677
_Qwen3 0399 0540 0334 0381 0567 0293 0561 _ 0673 0.509

Avg. 0.510 0.644 0.443 0.591 0.756 0.507 0.659 0.759 0.610

Fine-tuning on LLM-generated translations

LaBSE 0.811 0.898 0.762 0.853 0.956 0.784 0.896 0.962 0.860

GTE 0.793 0.891 0.729 0.851 0.960 0.775 0.889 0.958 0.850

BGE-M3 0.849 0.921 0.797 0.880 0.969 0.822 0.936 0.981 0.908
_Qwen3 0826 0917 0768 0849 0951 0786 _ 0917  0.965 0.886

Avg. 0.820 0.907 0.764 0.858 0.959 0.791 0.909 0.967 0.876

Table 3: Results of evaluating bi-encoders without any training, and when trained with synthetic supervision.
Results are reported in terms of Mean Reciprocal Rank at 10 (MRR@10), Recall at 10 (R@10) and
Precision at 1 (P@1). We additionally report BM25 results (baseline). Best results are highlighted in bold.

on standard English—-German setting, their perfor-
mance on dialect-aware bi-text retrieval remains un-
clear. We include BM25 as a lexical baseline and as
a proxy to measure task-level difficulty, providing a
reference point for how much a task can be solved
through lexical matching. We report our results
using MRR@10, Recall@10 and Precision@1.

We evaluate bi-encoders in both zero-shot and
fine-tuned settings. Training is based on Sentence-
BERT (Reimers and Gurevych, 2019) using In-
foNCE loss (Oord et al., 2019) with in-batch neg-
atives. We select a batch size of 64 and maxi-
mum input sequence length 128 tokens. Both zero-
shot evaluation and fine-tuning process are con-
ducted on a single A100 GPU with 80 GB. On av-
erage, each run for training took 0.48 GPU-hours
per model.

5. Results and Discussion

5.1. Zero-shot Evaluation

Table 3 (upper half) reports the results of our zero-
shot retrieval experiments. Comparing the zero-
shot retrieval results on dialects against those ob-
tained on en-de Table 4 reveals a large gap. On
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average, bi-encoder models reach an MRR@10
reaches 0.861 on en-de. On dialect—Standard
German language pairs, however, retrieval perfor-
mance drops to MRR@10 scores ranging from
0.437 to 0.620. The lower zero-shot retrieval per-
formance on dialect-Standard German pairs, com-
pared to English-German (RQ1), highlights that
current models are much better in aligning texts
written in standard and high-resource languages.
However, their performance deteriorates under di-
alect variation.

All dense retrieval models substantially outper-
form BM25, demonstrating the advantage of se-
mantic matching over lexical overlap. Among them,
LaBSE achieves the highest overall performance,
leading in all three language pairs: it achieves
MRR@10 of 0.526 for als-de, 0.611 for nds-de,
and 0.676 for bar-de. The BGE-M3 and GTE mod-
els perform competitively, while Qwen3 performs
the weakest, suggesting limited capacity to han-
dle dialectal variation despite its strong multilingual
foundation.

Among the dialect pairs, all models perform best
on bar-de. BM25 achieves a performance of 0.416
MRR@10, while bi-encoders achieve a MRR@10
score of 0.721 on average (+0.305 MRR@10). On



en-de
Model MRR@10 R@10 P@1
BM25 0.038 0.070 0.029
LaBSE 0.918 0.990 0.867
GTE 0.881 0.971 0.821
BGE-M3 0.901 0.978 0.850
_ Qwen3 0.806 0938  0.721
Avg. 0.861 0.960 0.797

Table 4: Zero-shot retrieval results on the en-de
portion of Tatoeba.

the other hand, the performance on als-de and nds-
de is notably lower, with BM25 scores of 0.219 and
0.129, respectively, and bi-encoder results of 0.437
and 0.524, both below those for bar-de. This shows
that lexical overlap directly relates to retrieval diffi-
culty (RQ3). However, it is important to note that
test instances bar-de consists mostly of synthetic in-
stances. In Appendix B we quantify the evaluation
gap between retrieval on authentic and synthetic
data, and show that models obtain stronger perfor-
mance on translated data.

5.2. Fine-tuning Evaluation

Table 3 (bottom half) shows our results obtained by
fine-tuning bi-encoders on synthetic data. Across
the board, fine-tuning on synthetic data yields
substantial gains compared to zero-shot retrieval
(RQ2). On average, fine-tuning on dictionary-
based translations improves the zero-shot perfor-
mance by +0.073 MRR@10 on als-de, +0.067 on
nds-de, and +0.039 on bar-de. Fine-tuning on LLM-
generated translations leads to much more pro-
nounced improvements, with bi-encoders achiev-
ing MRR@10 gains of +0.383, +0.334, and +0.289
for the three dialects, respectively. These results
are encouraging and show that weak supervision
in the form of Bavarian code-switched data bene-
fits the retrieval performance also on other dialects.
The larger gains obtained with models trained on
LLM-generated translations can likely be attributed
to the fact that these translations provide full-text
semantic equivalence, closely matching the test
data. In contrast, dictionary-based synthesis is pri-
marily word-level variant substitution rather than
context-aware sentence translation. More crucially,
the vocabulary coverage of our dictionary is lim-
ited, so that many content words in the synthetic
dialect sentence remain unchanged Standard Ger-
man words.? As a result, model training may col-
lapse to capturing exact token matches.

2Qur dictionary-based translation pairs still have a
token overlap of 81.6%, while LLM-generated translation
pairs show only 19.3% token overlap.
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Figure 1: Results for LaBSE on bar-de with different
ratios of Bavarian words. We compare zero-shot re-
trieval (zero-shot) to fine-tuning on LLM-translated
( ) and dictionary-translated data ( )-

5.3. Robustness to Dialect Mixing

On the example of Bavarian, we now investigate
how the dialect retrieval performance fluctuates
with respect to different proportions of dialect to-
kens. In our experiments, we leave German doc-
uments unchanged and apply code switching on
the query side. Figure 1 shows the retrieval results
for LaBSE. We observe that retrieval performance
remains consistently high when only 20%—60% of
German tokens are replaced with their Bavarian
translations. However, as the proportional of Bavar-
ian words increases from 60%, performance dete-
riorates to varying extents. The zero-shot model
exhibits the largest performance drop at 100% re-
placement, with P@1 reducing to 0.462. We also
observe a sharp decline when LaBSE is fine-tuned
on dictionary-translated data (0.564 P@1). In con-
trast, fine-tuning on LLM-generated data results in
the most stable performance, with P@1 at 0.949.
We find these trends to be consistent across bi-
encoder models (see Appendix A). The results sug-
gest that sufficient token overlap can compensate
for a model’s lack of dialect understanding (RQ3).
Fine-tuning bi-encoders on LLM-generated data
improves representation alignment and yields the
most robust results.

6. Conclusion

This study evaluates four bi-encoder models for
dialect-to-standard German retrieval. While all
models outperform the lexical BM25 baseline, their
retrieval performance lags behind when compared
to English-to-German retrieval. We further show
that fine-tuning on synthetic data consistently im-
proves results, especially for LLM-generated trans-
lations. Our ablation on Bavarian-German reveals
that the retrieval effectiveness starts to drop when
the proportion of dialect words exceeds 60%.



7. Ethical considerations and
limitations

Due to data scarcity, we did not evaluate model per-
formance when trained on authentic dialect data.
LLM-generated translations may introduce halluci-
nations or subtle meaning shifts (Vazquez et al.,
2025), and dictionary-based substitutions often re-
sult in ungrammatical outputs and weak semantic
equivalence (Alam et al., 2024). We quantify this
difference in Appendix B.

Our focus lies on the alignment of dialect text
representations with their corresponding Standard
German translations. In practice, written dialects
is used in social media, regional Wikipedia, and in-
formal communication. Consequently, the scarcity
of parallel data is reflective of the limited domains
in which written dialects can be found. Future work
should explore cross-modal alignment between di-
alects and Standard German in the speech domain.
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A. Dialect Mixing Ablation Study

For our ablation study (Section 5.3), we used GPT-
40 to translate German sentences into Bavarian.
We instructed the model to translate each given
sentence word-by-word into Bavarian, following a
structured output format. Input sentences are pro-
vided as a tokenized list of words.

Translation Prompt

You are translating German words into Bavar-
ian.

Task:

Translate the following 10 German source
words into exactly 10 Bavarian words, in the
SAME order.

Rules:

- Return exactly 10 output words.

- Each German word must map to exactly ONE
Bavarian word.

- No output word may contain spaces.

- Do not add punctuation. Do not change the
order.

- Every output word must be different from
the corresponding German source word
(case-insensitive).

- Return ONLY a JSON object in this exact
format:

{ "translations": ["wl", "w2",
IIW3II’ Ilw4|l, Hw5II’ I|w6ll, IIW7II,
”W8”, Ilw9||, llwloll] }

Source words:

{list of German words}.
Only output the translation.
diverse translations.

Try to aim for

Figures 2 to 4 show the results for GTE, BGE-
M3, and Qweng3 evaluated on varying proportions
of dialect words. Overall, the trends are consistent
with those reported for LaBSE (Section 5.3). That
is, models demonstrate strong retrieval results if
the proportion of dialect words is 60% or less.

B. Comparison Between Synthetic
and Authentic Translations

In our main experiments evaluating Bavarian-
standard German retrieval, we relied heavily on
LLM-generated translations, with 910 out of 1,000
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Figure 2: Results for GTE on bar-de with different
ratios of Bavarian words. We compare zero-shot re-
trieval (zero-shot) to fine-tuning on LLM-translated
( ) and dictionary-translated data ( ).
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Figure 3: Results for M3 on bar-de with different
ratios of Bavarian words. We compare zero-shot re-
trieval (zero-shot) to fine-tuning on LLM-translated
( ) and dictionary-translated data ( ).

Bavarian queries being machine-translated (see
Section 3.3). This was necessary due to the lim-
ited availability of human translations in Tatoeba,
where we only had access to 90 authentic exam-
ples. However, this approach may introduce a bias,
as bi-encoders trained on LLM-translated data may
learn to recognize the characteristic "dialect style"
of the GPT-40 model rather than genuine features
of the Bavarian dialect. As a result, the reported
performance gains may be inflated, and do not
necessarily reflect the models’ ability to capture
authentic dialectal characteristics. To quantify this
effect, we conduct an additional side-by-side com-
parison on the 90 authentic translation pairs, which
we also translate using GPT-4o.

Table 5 shows the results of our best-performing
bi-encoder (BGE-M3) evaluated on authentic trans-
lation pairs (top) and LLM-translated pairs (bottom).
As expected, the model performs consistently bet-
ter when evaluated on LLM-translated data. Fine-
tuning and evaluating M3 on LLM-translated data
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Figure 4: Results for Qwen3 on bar-de with different
ratios of Bavarian words. We compare zero-shot re-
trieval (zero-shot) to fine-tuning on LLM-translated
( ) and dictionary-translated data ( )-

Model MRR@10 R@10 P@1
Zero-shot 0.288 0.425 0.219
Fine-tuned (LLM) 0.765 0.890 0.685
Fine-tuned (Dict) 0.406 0.548 0.329
Zero-shot 0.495 0.630 0.424
Fine-tuned (LLM) 0.867 0.987 0.781
Fine-tuned (Dict) 0.571 0.767  0.493

Table 5: Results for evaluating BGE-M3 on 90 par-
allel human-translated (top) and LLM-translated
data (bottom).

yields the best results (0.781 P@1). Evaluating
the same model on human translations reduces its
retrieval effectiveness by 0.096 P@1 points. The
performance gap is largest when the model is eval-
uated in a zero-shot fashion.

C. Explanation of “No ned huddila!”

The expression “No ned huddla!” (“nur nicht
hudeln!”) is taken from the Swabian Tatoeba
dataset,® and means to not rush and be careless
in a certain task (Duden, 2023). The Alemannic
Wikipedia* traces the term “hudla” (dialect spelling
variation) to traditional baking, where workers used
damp cloths (=*huddles”) to quickly clean hot coals
from ovens before baking bread, requiring swift
action to prevent the cloth from burning. The ety-
mological link is corroborated by documented re-
gional dictionaries: the Stidhessisches Wérterbuch
(Maurer et al., 1973-1977, col. 760) records “hud-
deln” as “den angeheizten Backofen mit dem Hud-
del auswischen” (to wipe the heated oven with the

3https ://tatoeba.org/en/sentences/
show/6974751

*https://als.wikipedia.org/wiki/Wort :
Schw$C3%A4bische_Vokabeln


https://tatoeba.org/en/sentences/show/6974751
https://tatoeba.org/en/sentences/show/6974751
https://als.wikipedia.org/wiki/Wort:Schw%C3%A4bische_Vokabeln
https://als.wikipedia.org/wiki/Wort:Schw%C3%A4bische_Vokabeln

Huddel); the Rheinisches Wérterbuch (Mller et al.,
1928-1971, col. 885) defines “aushuddeln” as “den
Backofen a., mit dem Huddel, dem Wischlumpen
nach der Herausnahme der Kohlen auswischen”
(to wipe out the oven with the rag after remov-
ing the coals); the Wérterbuch der elsdssischen
Mundarten (Martin and Lienhart, 2012, p. 304)
lists “hudle” as “Den Backofen reinigen mit einem
nassen Lumpen” (to clean the oven with a wet rag);
and the Schwébisches Wérterbuch (Fischer, 1911,
p. 1851) lists the noun “hudel” as “Lumpen, mit dem
der Backer den Backofen reinigt” (rags used by the
baker to clean the oven).
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