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Abstract. Church Slavic is a low-resource historical language with lim-
ited resources and few experts. We explore the capabilities of off-the-shelf
Large Language Models (LLMs) as Church Slavic translators by prompt-
ing multiple models in zero-shot and few-shot scenarios. We evaluate four
LLMs of varying sizes on 262 sentence pairs translating Church Slavic into
English and German, and conduct a second experiment examining the im-
pact of model size using five Qwen2.5-Instruct variants. Our results show
that on average EuroLLM-9B-Instruct achieves the best performance, out-
performing much larger models. We find minimal benefit from few-shot
prompting and performance gaps between English and German as target
languages. The automated evaluation metrics suggest that LLMs can pro-
duce useful draft translations for Church Slavic, potentially assisting schol-
ars in accessing historical texts.

Keywords: Large Language Models; Machine Translation; Church Slavic;
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1 Introduction

Natural Language Processing (NLP) has made great progress in recent years
with the advent of Large Language Models (LLMs). However, this advancement
has mostly benefitted established, high-resource languages, such as English and
Chinese. These represent only a tiny fraction of the 7000+ languages spoken
now on the planet. The rest are still under-resourced and struggle to fill this
ever-increasing digital divide.

Aside from living languages in need of NLP resources and tools, there is
another class of under-resourced languages: historical ones. One such language
is Church Slavic, a historical liturgical language used across several Slavic
regions from the 9th century. NLP for this language is hindered by several
challenges, first and foremost the scarcity of data and human experts [17].

The motivation of this paper is to explore the capabilities of off-the-shelf
LLMs as Church Slavic translators. We conduct two experiments: prompting
four LLMs in zero-shot and few-shot scenarios to assess the impact of in-context
examples; and evaluating models of different sizes to understand the relation-
ship between parameter count and translation quality. Our results show that
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contemporary LLMs can produce useful draft translations, however, significant
performance disparities emerge between target languages.

The remainder of this paper is organized as follows. Section 2 provides back-
ground on Church Slavic and its historical development. Section 3 reviews re-
lated work on NLP for Church Slavic and historical languages. Section 4 de-
scribes our methodology, including the dataset and experimental setup. Section
5 presents our results for both the few-shot prompting and model size experi-
ments. Finally, Section 6 concludes with a discussion of limitations and future
work.

2 Church Slavic

Old Church Slavic (or Slavonic) is a Slavic language created by the 9th cen-
tury missionaries Cyril and Methodius to christianize the Moravian Slavs and to
translate the Bible and other Byzantine Greek religious texts in the local vernac-
ular. They based it on the South Slavic Macedonian dialects around their native
city of Thessalonica (modern Thessaloniki, Greece). The language retains strong
influences from the original Greek text in syntax and lexicon [17,7].

This was the first Slavic literary language, written first in the Glagolitic and
the in the Cyrillic alphabet.! Church Slavic, was adopted in other Slavic regions
where it evolved and diverged, but remained in use as a religious and literary
language during the Middle Ages, and as a liturgical language into modern
times, being written until the 19th century by Serbs and Bulgarians [17,7,6,5].

Lendvai et al. (2025) [17] periodize Church Slavic in Early (10-11th cc.),
Middle (12-16th cc.), and Late (17-18th cc.). Geographically, we have two main
areas: South, covering Bulgaria (Early), Macedonia (Early and Middle), and
Serbia (Middle and Late); and East, with the Kievan Rus’ (Early and Middle),
Novgorod, Suzdal, South Rus’ (all in the Middle period), and Muscovy (Middle
and Late).

3 NLP for Church Slavic

Church Slavic is not particularly prominent in NLP, however two major histori-
cal variants are gaining visibility, Old Church Slavic (chu) and Old East Slavic
orv, as demonstrated by their inclusion in recent workshops and shared tasks,
such as SIGTYP 2024 [2,4]. These variants are present in resources and tools
such as Universal Dependencies [22], Stanza [27], UDPipe [31], and GlotLID
[14]. Nevertheless, LLMs and embedding models struggle to process Church
Slavic, because their tokenizers, trained on modern high-resource languages, are
inadequate [17].

! The invention of Glagolitic is usually attributed to Cyril. The Cyrillic alphabet, despite
its name, was devised by his disciples based on capital Greek letters, with some
additions, when they were preaching in the South Slavic regions of the First Bulgarian
Empire (modern-day Bulgaria and North Macedonia).
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Recent work on Church Slavic includes datasets, and tools, but also wider
studies.

Pedrazzini and Eckhoff (2021)[25] describe OldSlavNet, a variety-agnostic
dependency parser for Church Slavic attained via manipulation of modern
Slavic data to resemble the orthography and morphosyntax of pre-modern
varieties.

Lendvai et al. (2023)[16] present a dataset of Pre-Modern Slavic text for
cross-linguistic and diachronic analyses. They also finetune BERT [3] for these
low-resource, historical Slavic variants to perform provenance attribution in
terms of manuscript, century, and region of copying.

Lendvai et al. (2024)[15] outline their work in developing a workflow for
the postprocessing, annotation, and classification of diachronic and regional lan-
guage variation in Pre-Modern Slavic texts. They focus on the practical applica-
tion of data obtained with handwritten text recognition and manual transcrip-
tion. They adapt existing tools to make advanced NLP methods accessible for
Humanists with limited computational experience.

Lendvai et al. (2025a)[18] evaluate sentence snippets in two diachronic vari-
ants, Old Church Slavic and Old East Slavic, using embedding representations
from LLMs and string similarity approaches combined with k-nearest neigh-
bour search to identify parallelizable text.

Cassese et al. (2025)[1] introduce DIACU (DIAchronic Analysis of Church
Slavonic), a collection of existing corpora in Church Slavic, to be used as a
unified corpus to investigate diachronic language phenomena and as a training
set for machine learning attribution methods.

Janssen et al. (2025)[11] compile a sentence-level gold standard for align-
ments in five primary and derived texts, including ones in Church Slavic, related
to De Lepra ad Sistelium by Methodius Olympius using the TEITOK corpus plat-
form [12]. They then evaluate automated alignment methods, to show that for
their historical text, Hunalign [10] performs better than deep learning methods.
Notably, they prompt Llama 3.3 to produce translations needed to run MT-based
methods such as Bleualign [30]. However, they do not specifically report about
their experiments or translation quality.

Lendvai et al. (2025b)[17] address domain-specific text provenance classi-
fication for Church Slavic. They propose a new hierarchical and unambiguous
labeling scheme and then finetune Vikhr [21], an LLM with knowledge of mod-
ern Russian, with instruction to classify sentence-level text, both of gold qual-
ity and with artificial noise, to simulate handwritten text recognition material.
They show that the finetuned model is able to achieve good performances, with
F-scores above .8 for all related tasks.
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4 Methodology

4.1 Dataset

For these experiments, we rely on sections of the gold data compiled by Janssen
atal. (2025)[11], to which we direct for a deeper analysis of the matter. The data
are available at their repository?.

As you may recall from Section 3, their dataset is focused on five different
variants of a single historical work: De Lepra ad Sistelium by Methodius Olympius,
a 4th century bishop active in Lycia (Asia Minor). The original text was written
in Old Greek, and allegorically interprets the norms on leprosy found in the
Old Testament (Leviticus 13) as a metaphor for moral and spiritual afflictions of
one’s soul and of the church as a community. The earliest manuscripts surviving
in full are preserved in a 10th century Old Church Slavic translation.

The core of the dataset is the recent German edition of Jouravel et al.
(2024)[13], which contains a critical edition of the Greek fragments, a recon-
struction of the Slavic translation, the German translation of the Slavic text, and
a diplomatic edition of the Slavic text. The gold standard was created starting
from the Slavic reconstruction, to which the other text were gradually aligned
first using an automated alighment method, and then manually checked and
corrected.

From these, we use only the reconstructed Slavic and the German translation.
The English translation was manually aligned from a public domain version.3
We are left with 262 lines for two translation directions, Church Slavic-English
(chu-eng) and Church Slavic-German (chu-deu).

4.2 Experiments

Zero and Few-Shot Prompting In our first experiment, we prompt three similar
sized LLMs in a zero-shot, and two (1-shot and 3-shot) few-shot scenarios.
The models we test are Qwen2.5-7B-Instruct [28], EuroLLM-9B-Instruct [19],
and Vikhr-7B-Instruct_0.2 [21]. The latter model is adapted and developed
specifically for Russian, and was previously used for Church Slavic by Lendvai
etal. (2025b)[17]. To prompt these models, we use the HuggingFace framework.
As amatter of comparison, we also prompt a much bigger model: a local instance
of gpt-0ss-120b [23].
We use the following prompt structure:

"You will be asked to translate a sentence from 0ld Church Slavonic
to {target_language}. You will output only the translation in
{target_language}, without any additional text. Here are some
examples:

01d Church Slavonic: {example}

2 github.com/ufal/histalign
3 https:/ /www.roger-pearse.com/weblog/wp-content/uploads/2015/09/Methodius-
De-Lepra-20151.pdf
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{target_language}: {example}

Translate the following text from 0ld Church Slavonic to
{target_language}:

{example}

Write only the translation without any additional text."

For zero-shot prompting, we use only the section following the examples.

LLM Size In the second experiment, we prompt different sized LLMs in a zero-
shot setup, to see to which extent the size of the model affects the quality of the
output. For consistency and to keep variables at a minimum, in this experiment
we prompt exclusively Qwen2.5-Instruct models [28], from 0.5 to 14 billion
parameters in size. The prompts were the same as the first experiment.

Evaluation We evaluate the models with three automated metrics: BLEU [24],
chrF [26], and COMET [29]. While COMET represents the state-of-the-art for
high-resource language pairs [9], its reliability for low-resource historical lan-
guages like Church Slavic remains uncertain[8]. Mathur et al. (2020) [20] ar-
gue for the retirement of BLEU. We therefore use chrF as our primary reference
metric, as it has shown better correlation with human judgments for morpho-
logically rich and under-resourced languages.

5 Results

5.1 Zero and Few-Shot Prompting

We evaluated four LLMs across three prompting configurations (0-shot, 1-shot,
and 3-shot) for translating Church Slavic into English and German. Table 1
reports the results for each target language.

Overall Performance EuroLLM-9B-Instruct achieved the best overall perfor-
mance across both languages with a mean chrF score of 34.4, followed by gpt-
0ss-120b (32.7) and Qwen?2.5-7B-Instruct (32.5). Vikhr-7B-instruct_0.2, despite
being specifically adapted for modern Russian, performed significantly worse
with a mean chrF score of 20.6 across both languages.

Model size alone does not guarantee better performance: the 9B parameter
EuroLLM model outperformed the 120B parameter gpt-oss model by approxi-
mately 1.7 chrF points overall (34.4 vs. 32.7), suggesting that architecture and
training data composition play important roles in translation quality.

The performance of the relatively small EuroLLM may lay in its training data,
which covers a diverse set of European languages, including several Slavic ones.
On top of Russian, EuroLLM has seen Polish, Czech, Slovak, and Bulgarian.
This diverse mixture may have helped the model to better understand the
complexities of Church Slavic.
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Impact of Few-Shot Prompting Contrary to expectations, we observed mini-
mal differences between 0-shot, 1-shot, and 3-shot configurations. The 0-shot
approach achieved a marginally higher chrF score (30.5) compared to 1-shot
(30.0) and 3-shot (30.4). This may suggest that the model’s representations are
already sufficient to obtain a decent performance, or that the few-shot prompt
structure is suboptimal.

Translation Direction The translation direction had an impact on performance.
For Church Slavic-to-English translation, models achieved better scores (mean
chrF of 32.2 vs. 28.4 for German, -3.8 points). The best overall result was achieved
by gpt-0ss-120B in 3-shot mode for Church Slavic-to-English translation (chrF
36.3). For German translation, EuroLLM-9B-Instruct 0-shot achieved the best
result (chrF 33.5, -2.8 points).

This disparity can be attributed to two main factors. First, LLMs have
significantly more exposure to English in their training data, providing better
target language generation capabilities. Second, the increased complexity of
German morphology and word order compared to English may pose additional
challenges when translating from a highly inflected historical language. These
results expose that the average best model or setup, may not be the best for each
language.

Table 1: Performance of all model-strategy combinations for Church Slavic

translation. The best score is in bold.
(a) Church Slavic to English (b) Church Slavic to German

Model Shots |chrF COMET BLEU Model Shots [chrF COMET BLEU

EuroLLM-9B|0-shot|35.6 0.614 0.065 EuroLLM-9B|0-shot|33.5 0.578 0.055
EuroLLM-9B|1-shot|35.8 0.598 0.077 EuroLLM-9B|1-shot{33.0 0.564 0.051
EuroLLM-9B|3-shot|35.1 0.610 0.069 EuroLLM-9B|3-shot|{32.2 0.555 0.051
gpt-0ss-120b |0-shot|33.7 0.608 0.061 gpt-0ss-120b (0-shot|31.7 0.560 0.038
gpt-0ss-120b |1-shot|36.3 0.620 0.066 gpt-0ss-120b |1-shot|32.0 0.568 0.038
gpt-0ss-120b (3-shot|36.3 0.617 0.064 gpt-0ss-120b (3-shot|32.3 0.569 0.044
Qwen2.5-7B |0-shot|34.1 0.596 0.050 Qwen2.5-7B |0-shot|30.8 0.535 0.025
Qwen2.5-7B |1-shot|34.1 0.597 0.046 Qwen2.5-7B |1-shot|29.6 0.537 0.025
Qwen2.5-7B (3-shot|35.6 0.617 0.043 Qwen2.5-7B |3-shot|30.6 0.523 0.032
Vikhr-7B 0-shot|25.3 0.496 0.015 Vikhr-7B O-shot|19.4 0.406 0.004
Vikhr-7B 1-shot|21.4 0.435 0.008 Vikhr-7B 1-shot|17.9 0.338 0.003
Vikhr-7B 3-shot|22.8 0.449 0.010 Vikhr-7B 3-shot|18.1 0.351 0.001

5.2 LLM Size

To investigate the relationship between model size and translation quality, we
evaluated five Qwen?2.5-Instruct models ranging from 0.5B to 14B parameters in
a zero-shot setup. Table 2 presents the results for both target languages.
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Overall Performance There is positive correlation between model size and
translation quality. The largest model, Qwen2.5-14B-Instruct, achieved the best
performance with a mean chrF score of 34.5, followed by the 7B (32.5), 3B (28.9),
1.5B (24.5), and 0.5B (19.0) variants. A 15.5 chrF difference between the largest
and smallest models demonstrates that parameter count significantly impacts
translation performance.

However, the improvement pattern shows diminishing returns: upgrading
from 0.5B to 1.5B yields a 5.5 chrF gain, while doubling from 7B to 14B only
provides a 3.6 points improvement. This suggests that while larger models
consistently perform better, the marginal benefit decreases at higher parameter
counts. With the first experiment, we have already seen that size is not the only
factor in play, as EuroLLM-9B-Instruct outperforms the bigger Qwen model.

Inference time increases with model size, from 0.70s for the 0.5B model to
1.90s for the 14B model. Diminishing returns become evident when comparing
the results of the Qwen models to the previous experiment gpt-oss-120b, which
fares comparably only to the 7B Qwen.

Performance by Target Language When looking at the results by target lan-
guage, we find the same pattern observed in the few-shot experiments: all mod-
els performed better when translating to English compared to German. The
mean chrF scores were 29.5 for English versus 26.3 for German, a gap of 3.2
points. This gap is consistent across all model sizes, ranging from 1.1 points for
the 0.5B model to 3.8 points for the 14B model. The Qwen2.5-14B-Instruct model
achieved the best results for both translation directions: chrF of 36.4 for English
and 32.7 for German.

Table 2: Performance of Qwen2.5-Instruct models by size for Church Slavic
translation (0-shot). The best score is in bold.

(a) Church Slavic to English (b) Church Slavic to German
Model chrF COMET BLEU Model chrF COMET BLEU
Qwen2.5-14B |36.4 0.629 0.075 Qwen2.5-14B (32.7 0.566 0.044
Qwen2.5-7B [34.1 0.596 0.050 Qwen2.5-7B [30.8 0.535 0.025
Qwen2.5-3B (31.2 0.578 0.037 Qwen2.5-3B (26.7 0.487 0.014
Qwen2.5-1.5B|26.1 0.550 0.016 Qwen2.5-1.5B|23.0 0.455 0.008
Qwen2.5-0.5B|19.5 0.479 0.004 Qwen2.5-0.5B(18.4 0.387 0.001

6 Conclusions

We investigated the capability of off-the-shelf Large Language Models to trans-
late Church Slavic, a low-resource historical language, into English and German.
Through two experiments examining few-shot prompting strategies and model
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size effects, we evaluated multiple LLMs on 262 sentence pairs from a 10th cen-
tury Church Slavic text.

This paper presents several insights: first, contemporary LLMs can produce
useful draft translations of Church Slavic without specialized fine-tuning. Sec-
ond, few-shot prompting provides minimal benefit over zero-shot approaches.
Third, model size correlates with translation quality, though with diminishing
returns. Finally, performance gaps persist between target languages.

These results suggest that LLMs can serve as assistants for scholars working
with Church Slavic texts, potentially accelerating the translation process and
improving accessibility to historical manuscripts.

Limitations Our study has some limitations. The evaluation dataset is small
and drawn from a single text genre, which may not generalize to other Church
Slavic texts and genres. We rely entirely on automated metrics, which may not
tully capture translation quality for historical languages. Our model selection is
limited to four families.

Future Work Several directions warrant further investigation. Human evalua-
tion by experts would validate our automated metrics and provide qualitative
insights into error types and translation usability. Fine-tuning models specif-
ically for Church Slavic translation could substantially improve performance.
Exploring inter-variant translation and orthographic normalization tasks would
broaden the applicability of LLM-based approaches, especially to address data
scarcity, variation across datasets, and noise.

Ethical Considerations The deployment of LLMs for translation tasks raises en-
vironmental concerns due to their substantial energy consumption during infer-
ence. Researchers should consider the carbon footprint of their computational
experiments and seek energy-efficient alternatives when possible. More impor-
tantly, LLMs can produce errors, hallucinations, and culturally inappropriate
content. They should be viewed as assistants rather than substitutes for human
expertise. Scholars must carefully review and validate all LLM-generated trans-
lations before use in academic or practical contexts, particularly for historical
texts where cultural and linguistic nuances are critical.
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