
Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 929–935
11–16 May 2026. ©ELRA Language Resources Association (ELRA), 2026

929

A Recipe for Adapting Multilingual Embedders to OCR-Error
Robustness and Historical Texts

Andrianos Michail*, Stylianos Psychias*, Juri Opitz, and Simon Clematide
Department of Computational Linguistics, University of Zurich, Switzerland

{andrianos.michail,stylianos.psychias,juri.opitz,simon.clematide}@cl.uzh.ch

Abstract
Modern multilingual text embedding models excel at semantic search on contemporary text but their performance
degrades measurably on digitized historical documents. This issue is especially pronounced for underrepresented
languages such as Luxembourgish, where historical materials combine evolving spelling conventions with OCR
artifacts absent from standard training data. To address these challenges, we introduce OCR M-GTE, a pair of
multilingual embedding models adapted for OCR robustness and historical texts, and show that the observed
degradation can be mitigated through a simple multi-step training procedure tailored to historical variants and
OCR noise. We evaluate the models on standard semantic search tasks, simulated OCR degradation, and
genuine historical collections, observing consistent improvements under OCR-induced noise and on genuine
historical data while maintaining comparable performance on clean modern text. Our ablation findings suggest that
multilingual embedding models can be effectively adapted to perform robust cross-lingual search in heterogeneous
European digitized corpora. We release our adapted models, code, and datasets under the AGPL-3.0 license:
https://github.com/impresso/ocr-robust-multilingual-embeddings
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1. Introduction

The large-scale digitization of historical texts has
fundamentally expanded access to archival and cul-
tural heritage materials. In this context, semantic
search based on text embeddings has emerged as
a powerful alternative to traditional keyword-based
retrieval (Karpukhin et al., 2020). Modern multilin-
gual embedding models, trained on clean contem-
porary text, perform strongly on multilingual and
cross-lingual benchmarks (Enevoldsen et al., 2025)
and now underpin many retrieval-augmented gen-
eration (RAG) systems (Lewis et al., 2020). By
mapping queries and documents to dense vector
representations, they enable contextually relevant
retrieval and improve the accuracy and factuality of
RAG outputs.

However, the effectiveness of these dense rep-
resentations degrades on OCR-affected text. Er-
rors arising from poor scans, historical fonts, and
document decay disrupt tokenization and sentence
integrity, posing a distinct challenge for lexical repre-
sentations (Taghva et al., 1996; Mutuvi et al., 2018).
Because such noise is largely absent from model
pretraining, off-the-shelf embeddings generalize
poorly to historical digitized texts, exhibiting sub-
stantial drops in topic modeling (Zosa et al., 2021)
and cross-lingual semantic search performance
(Michail et al., 2025b). This degradation has mo-
tivated efforts to post-train embedding models so
that they become more resilient to character-level
noise.

Complementary research has explored adapta-

* Equal contribution.

tion strategies for improving robustness to OCR-
induced perturbations, inspired by earlier work
on typo-tolerant dense representations (Tasawong
et al., 2023; Sidiropoulos and Kanoulas, 2022).
In this line of work, termed noise adaptation, the
encoder is fine-tuned on clean—noised text pairs
generated via stochastic character-level edits (sub-
stitution, insertion, deletion) applied to approxi-
mately 5% of the characters. Controlled experi-
ments demonstrate significant robustness gains
on OCR-like noise while maintaining comparable
performance on clean-text evaluations (Michail
et al., 2025b). While such denoising methods im-
prove general robustness, language-specific chal-
lenges remain, particularly for underrepresented
languages.

A particularly illustrative case is Luxembourgish,
a language with limited representation in multilin-
gual embedding pretraining (Lothritz et al., 2022).
Historical Luxembourgish texts spanning 150 years
combine evolving orthography and OCR-induced
artifacts (Michail et al., 2025c). Previous work
has paired historical Luxembourgish with large
language model (LLM) translations into German,
French, and English to provide training signals that
improve model understanding of historical Luxem-
bourgish. These training regimes have been shown
to improve performance in cross-lingual semantic
search on historical data (Michail et al., 2025c).
This line of research highlights how historical lan-
guage variation compounds OCR-induced degrada-
tion, underscoring the need for multilingual models
that are robust to both sources of noise.

In this work, we unify and extend these two
complementary approaches to support semantic

https://github.com/impresso/ocr-robust-multilingual-embeddings
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Figure 1: Overview of the two-step adaptation procedure. Step 1 (Task A) aligns historical Luxembourgish
with contemporary European languages using cross-lingual pairs. Step 2 (Task B) increases robustness
to OCR-like noise through monolingual denoising training across multiple languages and text lengths.

search across diverse European languages and
text lengths. The result is an embedding model
specifically adapted for digitized historical collec-
tions. Concretely, we adapt the multilingual long-
context embedding model M-GTE (Zhang et al.,
2024) through a two-step procedure: (i) Task A
– Historical Luxembourgish, using cross-lingual
pairs between historical Luxembourgish and con-
temporary European languages, and (ii) Task B –
OCR Error Noise Adaptation, a monolingual fine-
tuning stage across six European languages that
increases tolerance to OCR-like noise at different
text lengths. Figure 1 provides an overview of our
proposed two-step adaptation procedure.
We present OCR M-GTE, a family of multilingual
embedding models adapted for OCR-error-affected
historical text.

Our main contributions are as follows:

1. We conduct an ablation study over variants
of a two-step adaptation strategy—historical
Luxembourgish language acquisition (cross-
lingual pairs with DE/FR/EN) followed by
character-level OCR-error noise adaptation—
demonstrating improved robustness to noisy
inputs.

2. We release two multilingual embedding mod-
els adapted for historical and noisy Euro-
pean texts: (i) the denoising-trained gener-
alist model, gte-multilingual-base-ocr-noise-
robust, and (ii) the historical Luxembourgish
specialist model, gte-multilingual-base-histlux-
ocr-noise-robust, which trades slight degrada-
tion on modern text for improved performance
on historical Luxembourgish.

2. Method

2.1. Base Model — Multilingual GTE
Similar to previous studies (Chari et al., 2025; Ez-
erceli et al., 2025; Zhan et al., 2025), we adopt
the Multilingual General Text Embedding model
(M-GTE) (Zhang et al., 2024) as our base model.
M-GTE supports multilingual and long-context text
representations and is trained using contrastive
learning. Its pretraining corpus already includes
50,000 Luxembourgish sentence pairs, and the fi-
nal training stage further refines the representations
using a hard-negative contrastive loss. Owing to
its broad language coverage, moderate parame-
ter count, support for extended context lengths,
and diverse training objectives, M-GTE provides a
reliable foundation for developing an OCR-robust
embedding model.

2.2. Historical Luxembourgish (Task A)
We follow the “Mix-it-all” fine-tuning configuration
for historical and contemporary Luxembourgish
language acquisition proposed by Michail et al.
(2025c). This setup combines 20,000 historical
Luxembourgish sentences paired with machine-
translated contemporary German, French, and En-
glish counterparts, yielding 60,000 historical Lux-
embourgish cross-lingual pairs. To stabilize train-
ing and enhance alignment with contemporary
usage, the mixture additionally includes modern
Luxembourgish—French (40K) and Luxembour-
gish–English (20K) pairs drawn from the training
data of the contemporary Luxembourgish specialist
Luxembedder model (Philippy et al., 2025).

The model is then fine-tuned on the resulting
120k pairs using the Multiple Negatives Ranking
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Source Type Avg. Length (tokens) Languages Total Pairs
Historical Luxembourgish (Task A)

Historical Luxembourgish Cross-lingual 13 LB ↔ DE/FR/EN 60,000
Modern Luxembourgish Cross-lingual 18 LB ↔ FR/EN 60,000

OCR-Error Noise Adaptation (Task B)
TED Monolingual 16 DE, FR 20,000

Historical Articles Monolingual 315 DE, FR 20,000
MLSum Articles Monolingual 550 DE, ES, FR, RU, TR 10,000

MLSum Summaries Monolingual 20 DE, ES, FR, RU, TR 10,000
Total 180,000

Table 1: Datasets used for adapting the embedding model to Luxembourgish and OCR-error noise.

Loss (Henderson et al., 2017) from SentenceTrans-
formers (Reimers and Gurevych, 2019), with a
batch size of 8.

2.3. OCR-Error Noise Adaptation
(Task B)

We follow the monolingual denoising procedure
introduced by Michail et al. (2025b). Random
character-level perturbations are applied to 5% of
the characters in each corpus to generate noisy–
clean sentence pairs for fine-tuning. This proce-
dure is applied to the following corpora:

TED: 10k German and 10k French denoising
sentence pairs (Michail et al., 2025b) derived from
the TED corpus (Qi et al., 2018).

Historical Articles: High-quality German and
French newspaper articles sourced from a Euro-
pean digital archive. During sampling, we required
at least 98% of all tokens to appear in the respec-
tive language’s vocabulary, resulting in clean text
with minimal residual OCR errors.

MLSum: News articles and their sum-
maries (Scialom et al., 2020) covering five
languages—German (DE), Spanish (ES), French
(FR), Russian (RU), and Turkish (TR). Each
language subset includes 2,000 records. Article
texts and reference summaries are treated as two
independent monolingual sources (average length:
20 tokens for summaries, 550 for articles).

The model is further fine-tuned on up to 60k pairs
using the Multiple Negatives Ranking Loss (Hen-
derson et al., 2017) objective from SentenceTrans-
formers, with a batch size of 8. Each batch contains
pairs from a single language and source corpus.

2.4. Overview of Fine-tuning Datasets
Table 1 summarizes the datasets used for both
adaptation tasks: Historical Luxembourgish and
OCR-Error Noise Adaptation. The table lists the
source, average text length, language coverage,
and number of training pairs. The Luxembour-
gish component involves cross-lingual sentence

pairs, divided into historical and contemporary sub-
sets, while the denoising component consists of
monolingual perturbation-based data. Together,
these resources constitute the complete adapta-
tion setup for developing OCR-robust multilingual
embeddings.

2.5. Two-step Fine-tuning
Preliminary experiments showed that jointly opti-
mizing the two objectives in a single training run
led to unstable results. We therefore adopt a se-
quential two-step fine-tuning procedure. In Step 1
(Task A), the model learns to represent the under-
represented historical variant of Luxembourgish, in-
cluding its orthographic variability across 150 years
of texts that contain occasional OCR errors. In
Step 2 (Task B), the model is further adapted to
stochastic character-level perturbations that emu-
late OCR errors across six European languages
spanning three writing systems.

3. Evaluation Methods

We evaluate the effectiveness of our adaptation
method on cross-lingual datasets that contain both
realistically simulated and naturally occurring OCR
noise. To verify that OCR-specific fine-tuning does
not degrade performance on standard semantic
search data, we evaluate the models on clean,
noise-free semantic ranking control tasks.

Specifically, we test three complementary con-
ditions: (i) Control: Clean cross-lingual semantic
ranking tasks; (ii) Realistic: OCR-degraded ver-
sions of the clean control evaluation sets; and (iii)
Organic: a historical Luxembourgish bitext-mining
task containing real OCR errors. We first evaluate
on clean control benchmarks to establish baseline
performance.

3.1. Clean Control Tasks
CLSD: We evaluate on the German–French test set
of Cross-Lingual Semantic Discrimination (CLSD)
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HistLUX CLSD — Blackletter/SN CLSD — Salt & Pepper Noise CLEAN CLSD X-STS Averages

Model LB↔DE/FR/EN
(Avg)

Clean
→ BL/SN

BL/SN
→ BL/SN

DE↔FR
(Avg)

Clean
→ SnP

SnP
→ SnP

DE↔FR
(Avg)

DE↔FR
(Avg)

EN-TR/ES/AR
(Avg)

OCR
Tasks

Clean
Tasks

Multilingual-GTE Base 83.78 79.10 77.20 78.15 81.32 81.92 81.62 90.50 79.78 81.18 85.14

+ TED 87.44 82.26 79.92 81.09 82.79 83.77 83.28 92.84 78.70 83.94 85.77
+ Historical Articles 87.37 82.15 79.75 80.95 82.91 83.97 83.44 92.83 79.08 83.92 85.96
+ MLSum Articles 87.49 82.24 79.84 81.04 83.04 83.96 83.50 92.92 79.12 84.01 86.02
+ MLSum Summaries 87.43 82.60 79.98 81.29 83.66 84.39 84.03 93.26 79.17 84.25 86.22

+ TED 96.43 78.61 76.58 77.60 72.65 74.39 73.52 91.38 63.30 82.52 77.34
+ Historical Articles 96.46 78.24 76.46 77.35 72.75 74.71 73.73 91.12 64.69 82.51 77.90
+ MLSum Articles 96.46 78.32 76.75 77.54 72.56 74.71 73.64 91.39 64.74 82.54 78.07
+ MLSum Summaries 96.49 77.93 76.26 77.10 72.46 74.29 73.38 91.06 63.95 82.32 77.51

LB only 97.28 78.57 76.64 77.61 70.75 72.51 71.63 91.16 58.68 82.17 74.92
+ TED 97.43 81.90 80.12 81.01 76.05 76.96 76.51 92.35 69.91 84.98 81.13
+ Historical Articles 97.48 81.63 79.68 80.66 75.87 76.79 76.33 92.26 69.74 84.82 81.00
+ MLSum Articles 97.52 81.83 79.78 80.81 75.97 76.92 76.45 92.37 70.12 84.92 81.24
+ MLSum Summaries 97.59 82.60 80.46 81.53 76.34 77.14 76.74 92.50 71.16 85.29 81.83

One-step: OCR-Error Noise Adaptation only (Task B)

Two-step: OCR-Error Noise Adaptation (Task B) followed by Historical Luxembourgish (Task A)

Two-step: Historical Luxembourgish (Task A) followed by OCR-Error Noise Adaptation (Task B)

Table 2: Average results across five fine-tuning seeds. Metrics: Precision@1 for CLSD and HistLUX,
Spearman correlation (×100) for X-STS. OCR-Error Noise Adaptation data sources are additive within
each subheader. Dotted lines indicate models included in the public release.

introduced by Michail et al. (2025a). The task as-
sesses whether multilingual embedding models
rank the correct parallel sentence highest among
four semantically similar distractors. Performance
is reported as Precision@1. The benchmark com-
prises two datasets—WMT19 (Barrault et al., 2019)
and WMT21 (Akhbardeh et al., 2021)—for each
translation direction (DE→FR, FR→DE), and the
results are averaged across the four configurations.

X-STS: We further assess cross-lingual seman-
tic textual similarity using the SemEval-2017 Task 1
(X-STS) benchmark (Cer et al., 2017). Evaluations
are performed on languages not included in fine-
tuning: EN↔TR, EN↔ES, and EN↔AR. Scores
are reported as Spearman correlation (×100) be-
tween model-predicted and human-rated similari-
ties.

3.2. Realistic OCR Noise CLSD

Building on the clean CLSD dataset described
above, we assess model robustness under real-
istic OCR-induced degradation using an extended
version of the dataset. The digitization process fol-
lows the three-step pipeline of Michail et al. (2025b):
(S1) print the text under realistic conditions, (S2)
apply visual degradations, and (S3) re-digitize the
output using an OCR engine.

We consider two noise types: (1) BlackLetter
(BL) / Scanned Noise (SN): distortions from his-
torical typefaces and low-quality scans; and (2)
Salt-and-Pepper (SnP): artifacts from paper degra-
dation and aged-document backgrounds.

Two evaluation configurations are considered.
In the first, clean source-language queries are
matched against OCR-degraded target texts, sim-
ulating user search in digitized archives. In the
second, both source and target texts contain OCR
noise, simulating recommendation or cross-lingual

text-reuse tasks within historical corpora. For each
noise type and configuration—four evaluations in
total—we report mean Precision@1 averaged over
both language directions and source datasets.

3.3. Historical Luxembourgish
Bitext-Mining

We further evaluate the adapted models on the His-
torical Bitext Mining test set introduced by Michail
et al. (2025c). The dataset comprises 233 digi-
tized historical Luxembourgish newspaper articles
(1840–1950), sentence-segmented and machine-
translated into modern German, French, and En-
glish. The task requires the model to rank the cor-
rect translations highest among alternative candi-
dates in texts exhibiting naturally occurring OCR
errors. Performance is reported as the average
Precision@1 across the three language pairs.

4. Results

We conduct a fine-tuning ablation study to evaluate
the impact of data scale and the task order. The
ablation varies the amount of data used in Task B
and compares three configurations: (1) One-step:
Task B only (noise adaptation only); (2) Two-step:
Task B followed by Task A; and (3) Two-step: Task A
followed by Task B. Table 2 summarizes the results.

Overall, Task B fine-tuning consistently improves
performance across all evaluation settings, confirm-
ing the findings of Michail et al. (2025b). Incorporat-
ing additional heterogeneous data sources yields
small but steady gains.

The effect of task order is pronounced: perform-
ing Task A before Task B results in substantially
higher performance on both OCR-degraded and
clean-text tasks than the reverse order. This con-
figuration achieves the highest average scores on
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OCR-related evaluations, with only a minor trade-
off on the X-STS benchmark.

Interestingly, Task A—based on historical texts
that include naturally occurring OCR misrecogni-
tions and an elevated punctuation rate of 6.8%
(compared to 3.6% in clean text)—slightly reduces
performance on the CLSD task with Salt-and-
Pepper noise, which similarly introduces spuri-
ous punctuation (5.9% of characters). In contrast,
performance on CLSD with BlackLetter/Scanned-
Noise, which does not add punctuation artifacts,
remains largely unaffected.

For general multilingual applications that require
robustness without any loss in performance on X-
STS, we release the model gte-multilingual-base-
ocr-noise-robust, fine-tuned solely on the Task B
(OCR-error noise adaptation) objective using the
complete heterogeneous data mix. For European-
language and historical Luxembourgish use cases,
we release the model gte-multilingual-base-histlux-
ocr-noise-robust, trained with the two-step config-
uration—Task A followed by Task B—on the full
dataset mix. As a side effect of the historical Lux-
embourgish adaptation, this model exhibits an aver-
age decrease of 8 Spearman points on the X-STS
benchmark.

5. Conclusion

We present OCR M-GTE, two multilingual embed-
ding models adapted for robust semantic search
in OCR-affected and historical texts. Our two-step
adaptation strategy—combining parallel historical
Luxembourgish data with multilingual OCR denois-
ing—effectively mitigates the degradation observed
in off-the-shelf models on digitized corpora.

Experimental results show robust gains under re-
alistic OCR noise and on naturally degraded histor-
ical Luxembourgish data, while preserving strong
performance on clean-text evaluations. The se-
quential adaptation order—historical Luxembour-
gish language acquisition followed by OCR-error
noise adaptation—yields the best balance between
OCR robustness and preservation of modern text
performance.

We release two models on Hugging Face to sup-
port downstream research and real-world applica-
tions: (i) a denoising-trained generalist for mul-
tilingual retrieval, and (ii) a Luxembourgish spe-
cialist optimized for OCR-rich archives. These re-
sources advance the development of reliable se-
mantic search systems that improve access to and
exploration of digitized historical multilingual collec-
tions.

6. Limitations

Our work builds on existing research and uses a
broad evaluation suite that includes both historical
and contemporary datasets. However, generaliza-
tion of the observed improvements to other data
is not guaranteed. For example, how well these
models that were originally excellent in Informa-
tion Retrieval have preserved this capabilities is
unknown and we invite future research examines
this both in the historic and in the contemporary
domain. The adaptation regime is simple and in-
tuitive, and while we tested multiple configurations
across five fine-tuning seeds, it remains unclear
whether this approach represents the most effec-
tive solution.
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