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Abstract

In this paper, we present a pipeline for domain-adaptive pre-training and cross-lingual transfer of scientific language
models from English to non-English languages. Starting from the multilingual scientific corpus SciLaD, we construct
a cleaned English pre-training split and continually pre-train a T5-base encoder–decoder model, resulting in
EN-T5-Sci. Our model achieves consistent zero-shot improvements on the Global-MMLU English benchmark,
outperforming its base model, with particularly strong gains in STEM and Social Sciences. Despite its moderate
size, it performs comparably to the much larger BLOOM model on scientific categories. Building on EN-T5-Sci, we
transfer scientific knowledge to German, Japanese, Russian, Polish, Spanish, and Portuguese using the WECHSEL
method. Our approach reinitializes language-specific embedding layers via aligned static embeddings while retaining
the pre-trained Transformer weights, yielding six monolingual scientific T5 models. In zero-shot evaluation in
each respective language, the transferred models generally outperform monolingual baselines. These results
demonstrate that scientific domain knowledge acquired through English pre-training can be effectively transferred
across languages, enabling competitive non-English scientific language models without training large multilingual
systems from scratch.
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1. Introduction

In recent years, large language models have shown
remarkable improvements in scientific English lan-
guage processing (Hu et al., 2025). Many of these
language models are pre-trained on scientific text,
which provides a complementary data source to
generic web pages, as it is factually dense and
stylistically consistent. They follow a standardized
structure and undergo peer review, which ensures
greater validity. Prior work has shown that adapt-
ing models to scientific literature improves perfor-
mance on domain-specific tasks, even when us-
ing significantly less data than broad web scrapes
(Phan et al., 2021; Taylor et al., 2022). However,
the availability of high-quality scientific text is un-
evenly distributed, with English being the predomi-
nant language (Tardy, 2004). Even high-resource
languages, such as German or Japanese, can be
considered low-resource languages in the scientific
domain compared to English. As a result, scientific
language models have been English-centric, and
multilingual language models are trained on noisier
non-scientific data or machine-translated content
(Phan et al., 2021; Taylor et al., 2022; Ali et al.,
2025).

An approach for generating high-quality lan-
guage models for low-resource languages is
domain-adaptive pre-training (DAPT) with cross-
lingual transfer (Minixhofer et al., 2022). Here,
a language model is trained on a high-resource

language using a large corpus and then efficiently
and effectively transferred into a low-resource
language using cross-lingual parameter transfer.
Although this process has been a well-established
method for generating low-resource language
models in the general domain, this method has not
been applied to the scientific domain.

We propose a pipeline for DAPT with cross-
lingual transfer from a pre-trained English scientific
language model to generate non-English scientific
language models. We therefore continually pre-
train an English T5-base model on a newly com-
posed scientific corpus (Foppiano et al., 2025) and
then transfer the acquired knowledge to six non-
English languages by applying the well-established
WECHSEL method to the scientific domain (Minix-
hofer et al., 2022). We present monolingual sci-
entific language models in German, Japanese,
Russian, Polish, Spanish, and Portuguese. Our
transferred scientific language models outperform
their baselines and achieve results comparable to
those of a much larger multilingual LLM trained on
general-domain and scientific data. Our contribu-
tions can be summarized as follows:

1. We create a pipeline for scientific knowl-
edge transfer from English to non-English lan-
guages.

2. We train a scientific English T5-base model
(EN-T5-Sci), which achieves consistent
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zero-shot gains on Global-MMLU benchmarks,
especially in science-related categories.

3. We present six monolingual scientific T5 mod-
els in German, Japanese, Russian, Polish,
Spanish, and Portuguese by transferring EN-
T5-Sci using WECHSEL. The transferred mod-
els outperform almost all general-domain
monolingual models in their language and
achieve strong performance on scientific ques-
tion answering.

The rest of the paper is structured as follows:
We first describe the pre-training dataset used for
the continual pre-training of the English T5-base
model and the language-specific data used for tok-
enizer training and cross-lingual transfer. We then
describe the models and training setup, followed by
the experimental evaluation of all models. Finally,
we discuss related work and conclude the paper.

2. Dataset Construction &
Pre-processing

The process of transferring a model from one
language to another requires two data splits. A
very large split in the initial language (English)
for pre-training the language model, and a much
smaller dataset in the target language to train the
non-English tokenizer. As English has been the
established lingua franca in the scientific domain,
most scientific pre-training datasets already have
a linguistic bias towards English. Many scientific
datasets are published with English data only, or
the text is not classified by language. For our
approach, we use the recently published SciLaD
dataset (Foppiano et al., 2025), which contains
open-access articles from Unpaywall processed
into plain text via GROBID. The corpus contains
over 200 classified languages. The English split
consists of approximately 11 million documents,
accounting for 73.95% of the dataset. In contrast,
the German split is only 1.99%, highlighting the
language bias in scientific texts. The largest
language split after the English split in the SciLaD
dataset is Japanese, with 4.1%, followed by
Portuguese, with 3.5%. Less than 1% of the data
contains Polish-labeled text.

We build a cleaning pipeline using Hugging
Face’s DataTrove1 library for the pre-training of the
scientific English T5 model. Our cleaning pipeline
removes non-semantic noise embedded during the
PDF-to-text conversion. We remove approximately

1https://github.com/huggingface/
datatrove accessed 2026-02-19

Metric Before After Change
Documents 10,030,761 10,027,111 -0.04%
Mean length (chars) 28,627 22,319 -22.0%
Mean perplexity 569.54 538.85 -5.4%
EN confidence 93.36% 93.75% +0.4%
Paragraph duplicates 1.30% 0.75% -42.3%
Digit ratio 1.56% 1.20% -23.4%

Table 1: Impact of the DataTrove cleaning pipeline
on the English SciLaD pre-training split, comparing
corpus statistics before and after cleaning.

184 million citation artifacts using regular expres-
sion (regex) filters. These include numeric brackets
(e.g., “[1–3]”), parenthetical author-year patterns,
and semicolon-separated author lists. We also
delete artifact identifiers such as DOIs, ISBNs, and
arXiv IDs. URLs and email addresses are replaced
with placeholders.

Through heuristic filtering, we also remove redun-
dant text and tabular fragments. First, we delete
structural noise, such as figure/table captions and
repeated header metadata. We then remove tabu-
lar fragments if their numeric share exceeds 60%.
Finally, we normalize the text by collapsing whites-
pace, standardizing ellipses to ASCII, and convert-
ing bullets to Markdown format. After processing,
the average document length decreased by 22.0%
while preserving 99.9% of the documents. The
Wikipedia-LM perplexity improved by 5.4% and
paragraph duplicates fell by 42.3% (see Table 1).

3. Model Training

In this section, we first describe the pre-training of
the scientific English T5 model using the SciLaD
dataset (Foppiano et al., 2025) and then outline
our pipeline for scientific knowledge transfer from
English to non-English languages.

3.1. Scientific English T5 Model
We perform continued pre-training on the clean
English SciLaD data using the T5-base2 Encoder–
Decoder architecture (220M parameters), initial-
ized from the original Google checkpoint. Follow-
ing the approach of Raffel et al. (2023), we use
span masked model training with a 15% masking
rate and a mean noise span length of 3 tokens.
We choose the T5 model over more recent gen-
erative decoder-only models to keep the compu-
tational cost for all monolingual language models
reasonable. Note that, in this paper, we showcase
the performance of knowledge transfer into non-
English languages rather than building comparable
language models for text generation, which is why

2https://huggingface.co/google-t5/
t5-base accessed 2026-02-19

https://github.com/huggingface/datatrove
https://github.com/huggingface/datatrove
https://huggingface.co/google-t5/t5-base
https://huggingface.co/google-t5/t5-base
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we choose a smaller T5 model over an LLM with
billions of parameters.

Sequence Preparation For the pre-training, we
segment each document into fixed-length se-
quences of 512 tokens using a sliding-window strat-
egy with 50% overlap to process long-form articles.
This yields approximately 261M training datapoints,
resulting in a span-corruption setup with an aver-
age decoder target length of about 114 tokens for
512-token inputs.

Optimization and Schedule We train on 4×
NVIDIA H100 (80GB) for 487,500 steps (within the
first epoch) with an effective batch size of 384 (per-
GPU batch size 48 and gradient accumulation of 2).
The learning-rate schedule uses a linear warmup
for 20,000 steps to a peak of 10−3, followed by an
inverse-square-root decay. We apply gradient clip-
ping of 0.5 and use the Adafactor (Shazeer and
Stern, 2018) optimizer as the optimization method.

Monitoring and Checkpoint Selection We com-
pute the validation loss and perplexity every 5,000
steps on a held-out validation split of 100,000 data-
points. We select the checkpoints with the minimal
validation loss, referred to as EN-T5-Sci.

3.2. Cross-Lingual Transfer using
WECHSEL

To transfer the EN-T5-Sci model to any non-English
split, we build a pipeline that follows the WECHSEL
approach (Minixhofer et al., 2022). The basic as-
sumption in this approach is that Transformer lay-
ers primarily encode abstract, language-agnostic
knowledge, while language-specific information is
concentrated in the token embeddings. Accord-
ingly, our pipeline transfers all pre-trained non-
embedding weights from the EN-T5-Sci check-
points to a non-English target model and reinitial-
izes the embedding matrix for a non-English tok-
enizer. After the embedding matrix is re-initialized,
the non-English tokenizer is trained on a language-
specific scientific vocabulary. We run the pipeline
for German, Japanese, Russian, Polish, Spanish,
and Portuguese, resulting in six monolingual non-
English scientific language models.

Tokenizer Training For each language, we first
sample a 5 GB subset from the corresponding
SciLaD language split and divide it into train, valida-
tion, and test splits. We then train a SentencePiece
tokenizer on the train split to obtain a vocabulary
that reflects the language- and domain-specific
subword statistics. This is important because we
replace the source embedding layer, and reusing
an English tokenizer would likely yield suboptimal

segmentation for non-English scientific text and a
target embedding vocabulary that does not match
the target distribution well.

During tokenizer training, we normalize line
breaks to spaces and cap each document at
20k characters to limit outlier effects. We use
SentencePiece BPE with a vocabulary size of
32k subwords, character coverage 1.0, and byte-
fallback enabled. To ensure T5 compatibility, we
fix special token IDs (pad=0, eos=1, unk=2;
bos=disabled) and export the tokenizer with ex-
tra_ids=100, resulting in 32,100 tokens in total.
The resulting tokenizer defines the target subword
vocabulary U t used in WECHSEL.

Embedding Initialization and Alignment To ini-
tialize the embedding matrix, we align English and
non-English tokens in a shared static semantic
space. Following the work of Minixhofer et al.
(2022), we use multilingual fastText vectors and
a bilingual dictionary to obtain aligned static sub-
word embeddings for source and target vocabular-
ies. Let Us and U t denote the source and target
subword vocabularies, and let Es and Et denote
the corresponding source and target model embed-
ding matrices. For each target subword x ∈ U t, we
retrieve its k nearest source neighbors y ∈ Us by
cosine similarity in the shared space,

sx,y =
ut
xu

s⊤
y

∥ut
x∥ ∥us

y∥
,

and initialize the target embedding as a convex
combination of the corresponding source embed-
dings, with mixture weights given by a softmax over
similarities with temperature τ (k=10, τ=0.1). Con-
cretely, letting Jx be the set of the k nearest source
subwords for x,

etx =

∑
y∈Jx

exp(sx,y/τ) · esy∑
y′∈Jx

exp(sx,y′/τ)
.

4. Experimental Setup

As the number of publicly available benchmarks
for the scientific domain is limited, we evaluate
the models on a subset of Global-MMLU (Singh
et al., 2025). Global-MMLU is a translation of
MMLU (Hendrycks et al., 2021), a multiple-choice
QA dataset spanning diverse subject areas, includ-
ing elementary mathematics, computer science,
and law. We evaluate each language model in
its respective language. For comparability, we
evaluate all models in a zero-shot setting using
the EleutherAI lm-evaluation-harness3, en-

3https://github.com/EleutherAI/
lm-evaluation-harness accessed 2026-02-19

https://github.com/EleutherAI/lm-evaluation-harness
https://github.com/EleutherAI/lm-evaluation-harness
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Language Abbrev. Base model checkpoint (Hugging Face)
German DE-Base GermanT5/t5-efficient-gc4-german-base-nl36
Japanese JA-Base megagonlabs/t5-base-japanese-web
Spanish ES-Base vgaraujov/t5-base-spanish
Polish PL-Base allegro/plt5-base
Portuguese PT-Base unicamp-dl/ptt5-base-portuguese-vocab
Russian RU-Base ai-forever/ruT5-base

Table 2: Non-English monolingual base checkpoints and abbreviations used in the experiments.

suring the prompt template and scoring configura-
tion are fixed across all models. As a metric, we
use accuracy using multiple-choice log-likelihood
scoring. In multiple-choice log-likelihood scoring,
the option with the highest log-probability is se-
lected as the prediction. We use fixed seeds for all
evaluations and report overall scores, as well as
subject-level changes in Global-MMLU, to charac-
terize domain gains and potential trade-offs.

As a baseline for the scientifically continued-pre-
trained English T5 model (EN-T5-Sci), we evaluate
the original Google T5-base checkpoint (EN-T5-
Base) and the SciFive model, a T5 model trained
on biomedical literature, on the same setup. We
additionally include BLOOM-176B, a multilingual
decoder-only LLM trained on general and scientific
data. Because BLOOM is architecturally different
(decoder-only vs. encoder-decoder) and substan-
tially larger, it is not a controlled baseline compari-
son. Therefore, it serves as a multilingual reference
point. For the non-English experiments, we use one
monolingual T5 checkpoint per language as the
corresponding base model (Table 2). These check-
points define the DE-Base, JA-Base, ES-Base, PL-
Base, PT-Base, and RU-Base in the experiments.

For each target language, we also report BLOOM
results on Global-MMLU as an additional multi-
lingual reference. To establish domain-adapted
monolingual baselines, we continuously pre-train
the non-English base models for 15,000 steps
on the respective 5GB SciLaD subsplit (DE-Base-
CP, JA-Base-CP, RU-Base-CP, PL-Base-CP, ES-
Base-CP, and PT-Base-CP). For this adaptation
phase, we use the same sequence preparation as
in English continued pre-training, i.e., 512-token
sequences with a sliding-window strategy and 50%
overlap. We also use the same span-corruption ob-
jective and peak learning rate of 10−3. We reduce
warmup to 1,500 steps and apply gradient clipping
with a max norm of 1.0. We compare these con-
trols against our WECHSEL-initialized models (DE-
Trans-Init, JA-Trans-Init, RU-Trans-Init, PL-Trans-
Init, ES-Trans-Init, and PT-Trans-Init). This setup
enables a controlled comparison between standard
monolingual adaptation and our initialization-based
transfer approach.

5. Evaluation Results

5.1. English Language Model
The EN-T5-Sci model achieves a higher score on
the English MMLU split compared to its base model,
with an average accuracy score increase of 4 pp
(see Table 3). The largest category-level gain is
in Social Sciences (+9.4 pp), followed by STEM
(+7.2 pp). Compared to the SciFive model, our
model also performs on average 4 pp better. How-
ever, compared to the BLOOM model, the EN-T5-
Sci only outperforms it in the Social Sciences cat-
egory with a 0.9 pp higher score, while having an
average 1.7 pp lower score. Note that the BLOOM
model has 176 billion parameters, 800 times as
many as the T5 model. When comparing only the
scientific categories (STEM, Humanities, and So-
cial Sciences), the EN-T5-Sci is only 0.6 pp worse
than the BLOOM model.

Model Avg STEM Hum SocSci Other
English Monolingual Models
SciFive-Base 22.9 21.3 24.2 21.7 24.0
EN-T5-Base 22.9 21.3 24.1 21.7 23.9
EN-T5-Sci 26.9 28.5 24.2 31.1 25.1
Multilingual Model
BLOOM-176B 28.6 29.8 25.6 30.2 30.1
∆ (EN-T5-Sci - EN-T5-Base) +4.0 +7.2 +0.1 +9.4 +1.2

Table 3: Zero-shot accuracy (%) on the English
Global-MMLU-EN, for SciFive-Base, EN-T5-Base,
EN-T5-Sci, and BLOOM-176B, reported as overall
and category-level results.

5.2. Non-English Language Models
The best-performing non-English transferred mod-
els are DE-Trans-Init and ES-Trans-Init, both with
26.89% average accuracy. Both are numerically
very close to the English source model EN-T5-Sci
(26.87%). For German, STEM and Social Sciences
show the largest gains, and the control model (DE-
Base-CP) shows no improvement over DE-Base.
This indicates that the German gains mainly come
from the cross-lingual transfer, not from short con-
tinued pre-training alone. DE-Trans-Init is only 0.34
pp worse than BLOOM on Global-MMLU-DE, while
scoring 0.79 pp higher on STEM.

https://huggingface.co/GermanT5/t5-efficient-gc4-german-base-nl36
https://huggingface.co/megagonlabs/t5-base-japanese-web
https://huggingface.co/vgaraujov/t5-base-spanish
https://huggingface.co/allegro/plt5-base
https://huggingface.co/unicamp-dl/ptt5-base-portuguese-vocab
https://huggingface.co/ai-forever/ruT5-base
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Model Avg STEM Hum SocSci Other
English Source Model on Global-MMLU-EN
EN-T5-Sci 26.87 28.51 24.19 31.07 25.10
BLOOM-176B 28.60 29.80 25.60 30.20 30.10
German models on Global-MMLU-DE
DE-Base 22.95 21.25 24.21 21.71 23.98
DE-Base-CP 22.95 21.25 24.21 21.71 23.98
DE-Trans-Init 26.89 28.64 24.14 31.07 25.14
BLOOM-176B 27.23 27.85 25.27 30.19 26.65
Japanese models on Global-MMLU-JA
JA-Base 25.23 24.58 23.89 28.57 24.62
JA-Base-CP 22.95 21.25 24.23 21.71 23.98
JA-Trans-Init 25.51 26.26 27.12 23.79 24.01
BLOOM-176B 26.04 25.44 26.67 25.64 26.07
Russian models on Global-MMLU-RU
RU-Base 26.01 28.35 24.55 28.18 23.72
RU-Base-CP 24.17 23.25 25.36 23.24 24.24
RU-Trans-Init 26.36 27.12 24.89 28.86 25.33
BLOOM-176B 28.04 30.26 25.31 30.61 27.36
Polish models on Global-MMLU-PL
PL-Base 25.51 26.26 27.12 23.79 24.01
PL-Base-CP 24.65 23.88 24.51 23.43 26.87
PL-Trans-Init 24.66 23.91 24.51 23.43 26.87
BLOOM-176B 27.17 27.40 26.55 29.54 25.52
Spanish models on Global-MMLU-ES
ES-Base 25.51 26.26 27.12 23.79 24.01
ES-Base-CP 25.51 26.26 27.12 23.79 24.01
ES-Trans-Init 26.89 28.61 24.17 31.07 25.14
BLOOM-176B 29.23 30.29 26.57 31.59 29.84
Portuguese models on Global-MMLU-PT
PT-Base 23.55 22.58 23.91 23.14 24.40
PT-Base-CP 23.02 21.54 24.08 21.84 24.07
PT-Trans-Init 24.98 24.64 24.44 24.34 26.75
BLOOM-176B 29.17 29.50 26.40 32.27 29.96

Table 4: Zero-shot accuracy (%) on Global-MMLU benchmarks, grouped by evaluation language, for base-
line, continued-pretrained, transfer-initialized, and BLOOM-176B models across all evaluated languages.

Except for the transferred Polish model, all
other transferred non-English models improve over
their corresponding baselines. For JA-Trans-Init,
RU-Trans-Init, and PT-Trans-Init, the mean aver-
age gain is 0.69 pp. In contrast, PL-Trans-Init is
0.85 pp below PL-Base on average (24.66% vs.
25.51%), although it attains the strongest Polish
Other score (26.87%, tied with PL-Base-CP and
above BLOOM’s 25.52%). JA-Trans-Init outper-
forms BLOOM in STEM and Humanities. PT-Trans-
Init is the only transferred model that outperforms
its base model across all categories (+1.43 pp on
average), but it remains 4.19 pp below BLOOM in
overall average.

Overall, the results show that the transferred
language-specific models improve over the respec-
tive baselines across most languages. We even
observe category-level gains over the much larger
BLOOM model, for example, in German STEM and
Social Sciences, as well as Japanese STEM and
Humanities, although BLOOM remains stronger on
most overall averages.

5.3. Error Analysis
For the error analysis, we discuss in more detail
the results of the English model and the German
model as the best-performing non-English mod-
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els. For both models, we analyze the best- and
worst-performing categories in the MMLU evalua-
tion in more detail. We highlight the largest accu-
racy gains and the categories in which the models
fell short after pre-training or transfer, respectively.

English Model Table 5 lists the top- and bottom-
performing subtasks for the English models. The
largest performance gains of the English model
are in subjects such as high_school_statistics,
professional_medicine, and college_chemistry,
underlining improved performance on science-
related tasks. We see gains of over 30 pp in
high_school_statistics, for instance, which shows
the impact of specialization.

Subtask EN-Base EN-T5-Sci SciFive BLOOM
Top 4 (EN-T5-Sci)
high_school_statistics 15.28 47.22 15.28 15.74
professional_medicine 18.38 44.85 18.38 18.75
college_chemistry 20.00 41.00 20.00 20.00
security_studies 18.78 40.00 18.78 18.78
Bottom 4 (EN-T5-Sci)
human_aging 30.94 10.76 31.39 31.39
machine_learning 31.25 16.07 31.25 31.25
international_law 23.97 14.05 23.97 23.97
world_religions 32.16 17.54 32.16 31.58

Table 5: Zero-shot accuracy (%) on the top and bot-
tom 4 Global-MMLU-EN subtasks, sorted by EN-
T5-Sci performance. Scientific pre-training yields
strong gains on STEM-oriented subtasks but re-
gressions on unrelated subjects.

An interesting observation is the worst-
performing subjects of the scientific T5 model.
Here, the model performs worse on non-scientific
tasks such as human_aging, international_law,
and world_religions, with average scores 14.9 pp
lower on those subjects. Moreover, the model
performs worse on a science-related subject like
machine_learning, dropping by 15.2 pp. One
possible reason for this drop could be the structure
of the machine_learning QA-pairs: most of them
contain short answers with true/false options,
which likely prompt the model to generate a broad
probability distribution over the choices, since they
seem more similar to the model.

Compared to BLOOM and SciFive, EN-T5-Sci
also outperforms those models in the scientific cat-
egories (see Table 5). BLOOM and SciFive achieve
similar scores to the base model in categories
such as human_aging, international_law, and
world_religions. These results highlight the trans-
fer of scientific knowledge from the pre-training
dataset.

German Model Similar to the scientific English
model, the transferred German model has its
strongest category-level results in STEM and So-
cial Sciences. At the subtask level, the highest DE-

Trans-Init accuracies are in high_school_statistics,
professional_medicine, college_chemistry, and se-
curity_studies.

The lowest DE-Trans-Init accuracies are in hu-
man_aging, international_law, machine_learning,
and world_religions. This pattern indicates that
gains are uneven across subjects and include trade-
offs in some tasks despite overall improvements in
selected categories. One possible explanation is a
specialization trade-off or catastrophic forgetting, in
which the model emphasizes certain scientific pat-
terns at the expense of broader knowledge (Haque,
2025). Since WECHSEL largely preserves the
trained Transformer weights and mainly replaces
and aligns the embedding layer, the transferred
model keeps part of the source behavior while still
exhibiting language-specific weaknesses.

Subtask DE-Base DE-Base-CP DE-Trans-Init BLOOM
Top 4 (DE-Trans-Init)
high_school_statistics 15.28 15.28 47.22 37.50
professional_medicine 18.38 18.38 44.85 43.75
college_chemistry 20.00 20.00 41.00 31.00
security_studies 18.78 18.78 40.00 36.73
Bottom 4 (DE-Trans-Init)
human_aging 31.39 31.39 10.76 15.25
international_law 23.97 23.97 14.05 19.01
machine_learning 31.25 31.25 16.07 25.00
world_religions 32.16 32.16 17.54 23.98

Table 6: Zero-shot accuracy (%) on the top and
bottom 4 Global-MMLU-DE subtasks, sorted by
DE-Trans-Init performance. Continued pre-training
alone shows little effect, while transfer improves
top subtasks similar to the source model.

Notably, the short continued pre-training phase
(DE-Base-CP) does not show measurable improve-
ments over DE-Base on the reported subtasks.
This suggests that 15k continuation steps are
likely insufficient to change zero-shot behavior on
Global-MMLU-DE. Similar to the English model,
DE-Trans-Init shows large positive shifts on se-
lected subtasks like high_school_statistics and on
professional_medicine, but also large drops on oth-
ers such as human_aging and machine_learning.
Compared with DE-Trans-Init, BLOOM is lower on
all selected top subtasks but consistently higher on
all selected bottom subtasks.

6. Related Work

Scientific Datasets We chose the SciLaD
dataset because it is the most recently published
scientific dataset and contains multiple language
splits (Foppiano et al., 2025). However, there are
six corpora that have been used for scientific model
pre-training in recent research that are similar to the
SciLaD dataset. PubMed Abstract4 and PubMed

4https://pubmed.ncbi.nlm.nih.gov
accessed 2026-02-19

https://pubmed.ncbi.nlm.nih.gov
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Central5 (PMC) are two corpora that contain ab-
stracts and full text of biomedical and scientific jour-
nal literature from the U.S. National Institutes of
Health’s National Library of Medicine. S2ORC (Lo
et al., 2020) is, with over 81 million open-access
papers, the largest corpus of scientific text. This
dataset contains open-access papers from the Se-
mantic Scholar literature and is, like SciLaD, pro-
cessed using GROBID (Grobid). The UnarXive
(Saier et al., 2023) corpus draws its texts from arXiv,
covering multiple scientific fields. The corpus, with
1.9 million documents, is much smaller than the
SciLaD dataset. The ACL Anthology Network is a
much smaller scientific corpus containing 24.6 thou-
sand papers on computational linguistics from the
ACL Anthology. The only downstream pre-training
corpora that cover multiple scientific tasks are the
BigBio (Fries et al., 2022) datasets. This dataset
contains normalized datasets covering various NLP
tasks in the scientific domain. Note that none of
these datasets focus on multilinguality.

Scientific LLMs Scientific language models
cover domain-specific knowledge from scientific
domains such as chemistry, physics, astronomy,
material science, life science, and earth science. In
recent years, there have been many efforts to pub-
lish language models in these fields with a major
focus on the medical and biomedical domain (Work-
shop et al., 2023; Hu et al., 2025). The closest
model to our pre-trained T5 models is the SciFive
model, which is a T5 model trained on biomedical lit-
erature (Phan et al., 2021). This model is trained on
two corpora: PubMed Abstract and PMC. However,
the SciFive model is English-centric and performs
best on classic NLP tasks such as named-entity
recognition and relation extraction. Taylor et al.
(2022) published the first generative LLM for the
scientific domain named Galactica. As this model
shows strong performance on mathematical MMLU
and downstream tasks, such as PubMedQA (Jin
et al., 2019), Galactica is also a monolingual En-
glish language model. The first multilingual lan-
guage model, which is also trained on scientific
data, is the BLOOM model (Workshop et al., 2023).
This model has been trained on the vast BigBio
dataset (Fries et al., 2022). Although it has strong
capabilities in multilingual NLP tasks, BLOOM has
not been applied to the scientific domain. In recent
years, generative LLMs have shown strong capa-
bilities for performing scientific tasks without being
fine-tuned solely on scientific domain-specific data
(Abdullah et al., 2025; Jiang et al., 2024; Hu et al.,
2025).

5https://www.ncbi.nlm.nih.gov/pmc
accessed 2026-02-19

Language Transfer Methods Language transfer
from English-centric language models is an ongo-
ing research topic that has been used mostly for two
reasons in the past (Lee et al., 2025). First, to re-
duce computational costs for non-English language
models (Bhukya et al., 2023) and second, to cre-
ate language models for low-resource languages
(Remy et al., 2024). Ostendorff and Rehm (2023)
introduced CLP-Transfer, a cross-lingual, progres-
sive transfer learning approach. In this method,
cross-lingual transfer is combined with progres-
sive transfer, meaning increasing the model size,
which is beyond the scope of this project. Lee et al.
(2025) present Cross-Lingual Optimization (CLO)
for language transfer using translated data. This
approach requires a translation model for perform-
ing cross-lingual transfer.

7. Conclusion

In this paper, we present six non-English mono-
lingual scientific language models that have been
transferred from a new, continued pre-trained scien-
tific English T5-base model. The English scientific
model has been transferred to German, Japanese,
Russian, Polish, Spanish, and Portuguese using
a pipeline that applies the WECHSEL (Minixhofer
et al., 2022) method. The pipeline and the models
have been published and can be used to create
more non-English scientific language models6. We
show that scientific knowledge can be preserved
through transfer, demonstrating that even for high-
quality scientific text, language transfer is beneficial.
The non-English models were primarily evaluated
in a zero-shot setting on the Global-MMLU bench-
mark, and the results show strong performance
on scientific QA benchmarks, with most surpass-
ing baselines and achieving results comparable to
those of multilingual LLMs such as BLOOM. The
models have also been published on Hugging Face
and are linked in the GitHub repository.

Limitations

While our work provides valuable insights into sci-
entific language transfer and the shortcomings of
language bias in the scientific domain, it also has
several limitations. First, there is a severe lack of
multilingual or non-English scientific benchmarks.
As English is the lingua franca in the scientific do-
main, there have been few efforts in the community
to build benchmarks for classic NLP tasks. Most
available benchmarks are automatically translated,
limiting the interpretability of the results. A set of

6https://github.com/nikolas-rauscher/
scientific-english-crosslingual-transfer

https://www.ncbi.nlm.nih.gov/pmc
https://github.com/nikolas-rauscher/scientific-english-crosslingual-transfer
https://github.com/nikolas-rauscher/scientific-english-crosslingual-transfer
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manually curated multilingual benchmarks would
benefit the analysis of our models.

Second, we face computational limitations while
performing our experiments. We are aware that
larger models have been trained and released in
the past, and that using them for evaluation would,
based on the scaling law, increase performance.
However, we want to emphasize the rising compu-
tational costs of training them and the economic
and environmental impacts that come with them.
The goal of this work is not to improve state-of-the-
art scientific language models but to showcase the
usability of language transfer in the scientific do-
main. However, based on the results of this work,
we currently aim to release a multilingual genera-
tive language model for the scientific domain using
language transfer.
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