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Abstract
This paper presents the first systematic study of strategies for translating Coptic into French. Our comprehen-
sive pipeline systematically evaluates: pivot versus direct translation, the impact of pre-training, the benefits
of multi-version fine-tuning, and model robustness to noise. Utilizing aligned biblical corpora, we demon-
strate that fine-tuning with a stylistically-varied and noise-aware training corpus significantly enhances translation
quality. Our findings provide crucial practical insights for developing translation tools for historical languages in general.
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1. Introduction

Neural Machine Translations (NMT), with its steady
growth, has profoundly impacted the field of compu-
tational linguistics. Transformer models and large-
scale multilingual systems have enabled transla-
tion coverage across hundreds of language pairs.
However, many historical languages — especially
ancient ones with scarce data — have yet to bene-
fit from these advancements. Coptic is one such
language. As the last stage of the Egyptian lan-
guage family, understanding and translating it is
crucial for advancing fields such as Egyptology and
Early-Christian studies. As a result, the language is
studied in universities around the world; according
to one listing1, over 50 universities in 13 countries
offer Coptic courses. But despite this international
interest, there are currently few NMT tools for Cop-
tic, and only to translate to English or Arabic.

This paper aims to fill that gap by investigating
a wide range of NMT strategies to translate Coptic
into French. In the process, we will focus on four im-
portant questions: (1) should we translate directly
to our target language or use English as a pivot lan-
guage; (2) how should we pick a language model
to fine-tune for this task; (3) should we provide the
model with a diverse set of possible translations for
a passage; and (4) how can we make the model
robust to noise in the original manuscript. While
our focus is solely on Coptic→French NMT, these
questions are of general interest, and our results
will help guide the development of NMT tools be-
tween any ancient-modern language pair.

The remainder of this paper is organized as fol-
lows: Section 2 reviews relevant work on natural
language processing for Coptic. Section 3 details
the methodology we use to explore our four ques-

1Listing assembled by https://www.cmcl.it/
~iacs/course.htm.

tions. Section 4 presents our experimental setup:
our dataset, NMT models and metrics, and Section
5 presents the results we obtain on the experiments
about each of the four questions. Finally, Section
6 has some concluding remarks. Our dataset and
code are available on our GitHub repository2, while
the best Coptic→French NMT models we trained
are distributed on HuggingFace 3 4.

2. Background

Coptic occupies a unique position as the final stage
of the Egyptian language family, bridging thousands
of years from Old Egyptian through Demotic. It
holds critical historical and cultural significance for
Egyptology, biblical and early monasticism studies,
as many Coptic manuscripts illuminate these fields.

In recent years, substantial progress has been
made in building digital resources for Coptic. The
Coptic SCRIPTORIUM project (Schroeder and
Zeldes, 2016) stands out as a foundational ef-
fort, providing annotated corpora with multiple lin-
guistic layers, including part-of-speech tagging,
lemmatization, morphological analysis, and syn-
tactic parsing (Zeldes and Schroeder, 2016). Simi-
larly, tools such as the BabyLemmatizer have ex-
tended lemmatization and POS tagging capabili-
ties across Coptic, Demotic, and Earlier Egyptian,
demonstrating the shared linguistic complexities
within the Egyptian language family (Sahala and
Lincke, 2025).

Recent work has also explored NMT within the
Egyptian language family, particularly focusing on

2https://github.com/chaouin/
coptic-french-nmt

3https://huggingface.co/chaouin/
coptic-french-translation-helsinki

4https://huggingface.co/chaouin/
coptic-french-translation-hiero

https://www.cmcl.it/~iacs/course.htm
https://www.cmcl.it/~iacs/course.htm
https://github.com/chaouin/coptic-french-nmt
https://github.com/chaouin/coptic-french-nmt
https://huggingface.co/chaouin/coptic-french-translation-helsinki
https://huggingface.co/chaouin/coptic-french-translation-helsinki
https://huggingface.co/chaouin/coptic-french-translation-hiero
https://huggingface.co/chaouin/coptic-french-translation-hiero
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hieroglyphic texts. Notably, (Cao et al., 2024) de-
veloped a Hieroglyphic Transformer by adapting
the multilingual M2M-100 model to translate an-
cient Egyptian hieroglyphs into both German and
English. Their approach involved constructing a
carefully curated dataset from the Thesaurus Lin-
guae Aegyptiae, which includes hieroglyphic in-
scriptions paired with transliterations, POS tags,
and translations. They relied on transliteration (ro-
manization) to render hieroglyphic sequences com-
patible with modern NLP model vocabularies, and
demonstrated that transfer learning from existing
multilingual architectures could achieve promising
results even on low-resource ancient scripts.

The authors of (Saeed et al., 2024) introduced
the largest parallel corpus to date for Coptic, com-
prising approximately 24,000 Coptic-English sen-
tence pairs and 8,000 Coptic-Arabic pairs, and
used it to train the first NMT system from Coptic to
Arabic and English. They used both basic Seq2Seq
models and fine-tuned multilingual models such
as mT5 and M2M-100. Their work emphasized
the necessity of romanization due to Coptic char-
acters being absent from standard vocabularies.
Similarly, (Enis and Megalaa, 2024) implemented
Coptic→English NMT by fine-tuning multilingual
models on normalized and romanized texts from
the Coptic SCRIPTORIUM. They employed back-
translation and explored multiple data representa-
tions, demonstrating the critical impact of morpho-
logical normalization and tokenization for handling
Coptic’s agglutinative structure.

3. Methodology

While implementing our Coptic→French NMT
model, we seek to study four fundamental design
questions that are common to most if not all ancient-
modern language translation projects. Thus, our
methodology is divided into four stages, each build-
ing on the findings of the previous.

3.1. Pertinence of Fine-Tuning
To begin, we seek to answer a fundamental ques-
tion: is it even worthwhile to fine-tune a NMT model
for Coptic→French translation? After all, while no
such model exists, there are alternatives. The first
one would be to use a more general multilingual
NMT model that can work out of the box without any
fine-tuning. Another alternative could use a NMT
model that can translate the ancient language into
another pivot language, and prompt it to answer
in our target modern language. In our case, this
will mean using a readily-available Coptic→English
NMT model and prompting it to answer in French.
Finally, since NMT models trained to translate be-
tween pairs of modern languages abound today,

we could again start from an NMT model that can
translate the ancient language into a pivot language,
and use a second NMT model to translate that con-
tent into our target modern language. In our case,
we could daisy-chain a Coptic→English and an
English→French NMT model to accomplish this.
Consequently, the first stage of our research con-
sists in comparing the translations produced by a
fine-tuned Coptic→French NMT model and these
three alternatives, to see the differences between
these four options.

3.2. Pre-Trained Model Choice

While there are not a lot of ancient→modern NMT
models, there are a handful of them available, and
therefore a question arises: how to pick which one
to fine-tune? There are technical and linguistic con-
siderations in this decision. From a technical stand-
point, the different models available may have dif-
ferent numbers of parameters and be trained using
different quantities of data (but given the scarcity of
ancient-language data, they will typically not have
different data sources). And linguistically, when no
model exists for our ancient and modern language
pair, three options are available. The first is to take
a model trained to translate the ancient language to
a different modern language and fine-tune it to our
target language, or in our case fine-tune a Coptic-
English model to translate to French. The second
option is to take a model trained to translate into
the modern language and fine-tune it to the ancient
language. In our case this would mean taking any
of the available multilingual NMT models trained
for French and fine-tune it to translate from Coptic.
Finally, a NMT translation model may exist for a dif-
ferent ancient language in the same family, giving
us a third option. As mentioned previously, Cop-
tic is the final stage of the Egyptian language, so
a NMT model trained for an earlier stage of the
language could be fine-tuned for Coptic.

3.3. Fine-Tuning Dataset Choice

If we want to fine-tune an existing model, we need
a corpus of parallel text in the ancient and modern
languages. However, for a variety of reasons, an
ancient-language text may be translated to a mod-
ern language in several different ways. We thus
conduct an experiment to see whether or not fine-
tuning can benefit from this stylistic diversity. Our
hypothesis is that having multiple different transla-
tions of a same original text will make it possible
to build a larger training corpus from the scarce
ancient language resource, while also allowing the
NMT model to better learn concepts of syntactic
variation and word synonymy.
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3.4. Training Robustness to Noise
Ancient-language texts often suffer from corruption
due to the passage of time. In our final experiment,
we consider the benefit of training a NMT model
using noisy data as a way of building in robustness
to noise. We consider two sources of noise. The
first are lacunae that result from missing or dam-
aged fragments of the text (Levine et al., 2024).
We can introduce this problem in our training data
by randomly replacing characters in the text with a
“missing character” symbol. We acknowledge that
this is a simplification of real manuscript damage,
which typically affects entire lines or sections of
a page rather than isolated characters; more re-
alistic corruption models are a direction for future
work.The second source of noise in our study is
letter substitutions. This problem results from two
different sources: on the one hand certain charac-
ters in a language can look similar and hand-writing
can be ambiguous, and on the other optical char-
acter recognition (OCR) systems used to digitize
manuscripts are prone to misrecognize characters,
with one study finding that character recognition
accuracy in ancient text OCR could be as low as
62% (Tzogka et al., 2021). We can simulate this
problem by creating a list of similar-looking char-
acters, and randomly replacing a character by a
similar one from the list. A final source of noise is
spelling variations and mistakes, which we simulate
by randomly switching the order of two adjacent
characters. By controlling the rate of these three
types of random replacements, we can further ex-
periment with the impact of different proportions of
noise in the data.

4. Experimental Setup

4.1. Dataset and Preprocessing
To construct our parallel Coptic–French corpus, we
first extracted Coptic texts from the Coptic SCRIP-
TORIUM project (Schroeder and Zeldes, 2016) ,
which provides richly annotated PAULA XML files.
We focused on the Sahidic New and Old Testament
Bibles, the most complete and standardized Coptic
corpus available. We automatically parsed the XML
files to extract verse-level Coptic content along with
their verse ID (the biblical book, chapter and verse
number).

Since most pre-trained NMT models are not com-
patible with the original Coptic Unicode script, we
romanized the Coptic data using the uroman tool5,
an idea proposed by (Amrhein and Sennrich, 2020)
and used for Coptic by (Enis and Megalaa, 2024).
Although Coptic uses only a small number of char-
acters beyond the Greek alphabet, romanization

5https://github.com/isi-nlp/uroman

ensures full compatibility with the tokenizers and
vocabularies of all four models used in our study,
and is consistent with prior NMT work on Coptic
and related ancient languages (Cao et al., 2024).

For the French text, we collected three public-
domain Bible translations : the Louis Segond,
Crampon, and Darby versions. These were chosen
for their stylistic diversity, modern relevance, and
free availability. Alignment with the Coptic text was
performed automatically using verse ID.

Next, we performed a cleaning step to ensure a
high-quality parallel corpus. Any verse pair missing
either the Coptic or French translation was elimi-
nated. We also removed structurally mismatched
pairs by filtering out entries where the Coptic seg-
ment consisted only of ellipses (e.g., "[...]"), indi-
cating incomplete or missing verses. Additionally,
we discarded verses whose French translation was
missing or blank, and stripped leading inline anno-
tations (e.g., (1.2)) from the French verses to pre-
serve only the canonical content. All removed en-
tries were logged separately to ensure reproducibil-
ity. After cleaning, we retained 23,561 aligned
verses for both the Segond and Darby Bibles, and
23,718 verses for the Crampon version, for a total
of 70,840 aligned pairs from 63 biblical books.

We split this dataset into a training and testing
corpus. We opted for a book-level split, keeping
the books of 1 Corinthians, Mark, Galatians and
Hebrews as test data and the other 59 books as
training data. This represents a total of 1,460 Coptic
test verses, each with 3 French translations. This
setup prevents data contamination, where similar
verses from a same book could be found in the
training and testing corpora. It also simulates a
real-world use case, of a new never-before-seen
Coptic document being discovered.

4.2. Pre-trained NMT Models
We selected four pre-trained NMT models for our
study. They were the most related ones to our
challenge of Coptic→French translation.

• Enis: The first-ever Coptic→English NMT
model, by Enis and Megalaa (2024)6.

• Helsinki: A multilingual model from the Univer-
sity of Helsinki Tiedemann et al. (2023) trained
on over 100 languages using a massive par-
allel Bible corpus, including Coptic (using a
New Testament text different from the SCRIP-
TORIUM version) and French7.

• T5: A general-purpose encoder–decoder
model trained by Google on the C4 corpus

6https://huggingface.co/megalaa/
coptic-english-translator

7https://huggingface.co/Helsinki-NLP/
opus-mt-tc-bible-big-mul-mul

https://github.com/isi-nlp/uroman
https://huggingface.co/megalaa/coptic-english-translator
https://huggingface.co/megalaa/coptic-english-translator
https://huggingface.co/Helsinki-NLP/opus-mt-tc-bible-big-mul-mul
https://huggingface.co/Helsinki-NLP/opus-mt-tc-bible-big-mul-mul
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(Raffel et al., 2020), with exposure to French.
It does not include Coptic. 8

• Hiero: A NMT model fine-tuned by (Cao
et al., 2024) for Hieroglyphic→English and
Hieroglyphic→German translation9.

Unless specified differently, all models were fine-
tuned for 15 epochs on our training corpus.

4.3. Metrics
As our dataset clearly demonstrates, a single Cop-
tic statement can have several different but equiv-
alent French translations. Thus, a good model is
one that correctly translates the intended meaning
of the original statement, even if the wording dif-
fers from the gold-standard reference. To evaluate
translation quality, we focus on metrics that mea-
sure semantic similarity rather than lexical overlap.

• BERTScore (Zhang et al., 2020) computes
token-level similarity using contextual embed-
dings from a pre-trained BERT model. Scores
range from 0 to 1, where higher values indicate
greater semantic similarity between the candi-
date and reference sentences. It is well-suited
to evaluate semantic equivalence, particularly
when multiple valid versions of a statement
exist.

• BLEURT (Sellam et al., 2020) is a learned eval-
uation metric that fine-tunes BERT-based mod-
els to predict human judgments of text quality.
It combines semantic similarity, fluency, and
grammaticality into a single score, and has
been widely used to evaluate machine transla-
tion outputs (Pu et al., 2021). BLEURT scores
are unbounded but typically center around [0,
1], with higher values indicating better quality.

• COMET (Rei et al., 2020) is a learned evalua-
tion metric specifically designed for machine
translation. It trains a multilingual BERT model
to predict human judgment of translation qual-
ity. COMET scores are in the range of 0 to
1, with higher scores correlating with higher
human appreciation of the translation.

• METEOR (Banerjee and Lavie, 2005) is a
machine translation metric based on unigram
matching, but that takes into account syn-
onymy, stemming, and paraphrases, and that
has been adapted to reward semantically-valid
phrasings rather than exact lexical matches.
METEOR scores are normalized between 0
and 1, with 1 indicating a perfect match.

8https://huggingface.co/t5-base
9https://huggingface.co/mattiadc/

hiero-transformer

By considering these metrics together, we can
obtain a more holistic evaluation of translation qual-
ity, one that accounts for meaning preservation
and text quality and is tolerant of semantically-
equivalent lexical changes.

5. Results and Analysis

5.1. Baseline
We begin by establishing a set of baselines us-
ing the models of section 4.2. To do this, each
model is evaluated by translating our test cor-
pus books in the most relevant language pair
they are trained for: Coptic→English for Enis,
Coptic→French for Helsinki, and English→French
for T5. As no Biblical texts exist in hieroglyphic
form to evaluate the Hiero model, we tested it
using its own testing corpus sentences, which is
composed of 50 Hieroglyph→English pairs and 50
Hieroglyph→German pairs.

Model
BERT
Score BLEURT COMET METEOR

Enis 0.632 0.344 0.328 0.119
Helsinki 0.595 0.136 0.248 0.082
T5 0.809 0.501 0.673 0.429
Hiero 0.833 0.555 0.664 0.496

Table 1: Baseline pre-trained model performances.

5.2. Pertinence of Fine-Tuning
Our first experiment compares the four different
strategies to achieve Coptic→French translation
described in Section 3.1. First is the strategy of fine-
tuning an existing Coptic translation model, the Enis
model, to a French target. The second strategy is to
use a multilingual model that includes both Coptic
and French out of the box, namely the Helsinki
model. The third strategy is to prompt the Enis
model to translate to French without fine-tuning, in
a zero-shot manner. Finally, we will use English as
a pivot language, by using Enis to translate from
Coptic to English then translating that output to
French using T5.

Approach
BERT
Score BLEURT COMET METEOR

Fine-tuning 0.820 0.402 0.613 0.467
Multilingual 0.595 0.136 0.248 0.082
Prompting 0.606 0.149 0.238 0.041
Pivot language 0.620 0.115 0.274 0.100

Table 2: Comparison of translation strategies.

The results in Table 2 clearly demonstrates that
the benefits of fine-tuning justify the extra labor,

https://huggingface.co/t5-base
https://huggingface.co/mattiadc/hiero-transformer
https://huggingface.co/mattiadc/hiero-transformer
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compared to the other three methods. The Enis
model generates better translations in French af-
ter being fine-tuned than it did in English in our
baseline results in Table 1, thanks to the extra train-
ing. Prompting Enis to translate to French without
fine-tuning gives the worst results of the three Enis
tests, due to mismatched decoding expectations.
The model fine-tuned to a single pair of languages
also outperforms the multilingual model, a result co-
herent with the literature, which finds that multiligual
models perform suboptimally for low-resource lan-
guages (such as Coptic) (Joshi et al., 2025). Finally,
it is interesting to see that the Enis-T5 pair achieves
worse results on all metrics than either Enis or T5
did in the baseline test of Table 1. This indicates
that translation errors in each step are compounded
by the sequence of translations, reducing overall
accuracy. This matches the observations of (Paul
et al., 2013).

5.3. Pre-Trained Model Choice
Having confirmed that fine-tuning a model for
Coptic→French is worth the effort, our second
experiment explores the question of Section 3.2,
namely which model should be fine-tuned. For this
experiment, we fine-tune each model on our en-
tire training corpus. This enables Enis to learn to
translate to French, T5 to translate from Coptic,
and Hiero to translate from Coptic to French. While
Helsinki was already trained on Coptic and French
among its 100 languages, it was also fine-tuned to
become specialized to those two languages.

Model
BERT
Score BLEURT COMET METEOR

Enis 0.820 0.402 0.613 0.467
Helsinki 0.850 0.564 0.731 0.563
T5 0.763 0.240 0.474 0.325
Hiero 0.832 0.498 0.681 0.501

Table 3: Comparison of fine-tuned models.

The results translating our test corpus, presented
in Table 3, show that Helsinki outperforms the other
models on all four metrics. This performance can
be attributed to two key advantages. First, its pre-
training corpus includes both the source and target
languages, unlike the other models that lacked one
or both of the languages and had to learn them
from scratch. Second, it’s the model whose pre-
training corpus is most aligned with our task, being
also a Bible corpus. The Helsinki model is also
relatively large, with 248M parameters, which may
contribute to its strong performance. However, we
cannot exclude the possibility that it is becoming
over-fitted to translating biblical texts; since we do
not have non-biblical Coptic-French translations to

test on, we cannot check that possibility.
The next best model on all metrics is Hiero. Inter-

estingly, this one has the opposite properties from
Helsinki: it is trained on neither Coptic, French, nor
biblical text. It is however trained for Hieroglyph-
ics, a writing system related to Coptic. This seems
to indicate that knowledge learned on a language
transfers well to related languages. A similar ob-
servation was made by (Babych et al., 2007) in
the case of NMT using pivot languages. The Enis
model is a close third place. While that model ben-
efits from having been pre-trained on Coptic, it is
smaller than the Hiero model, with 77.1M against
484M parameters for Hiero, and thus doesn’t learn
the new language as well. Finally, the T5 model,
with 223M parameters, which does not have any
Coptic nor related language in its pre-training data,
achieves the worst fine-tuning results. It should be
noted that given the significant differences in model
size, not all models may have fully converged after
15 epochs; a systematic study of training hyperpa-
rameters such as the number of epochs and early
stopping criteria is left for future work.

5.4. Fine-Tuning Dataset Choice
To test our hypothesis of Section 3.3, we fine-tune
the two best models of Section 5.3, Helsinki and Hi-
ero, on each of our three French translations individ-
ually. For this experiment, since each single-source
model trains on roughly one-third of the complete
training dataset, we train them for 45 epochs in-
stead of 15 for the model that trains on the entire
dataset. We tested each model on each translation
of the test corpus separately, to observe the impact
each different training has.

Test set Training set
BERT
Score BLEURT COMET METEOR

Crampon All datasets 0.836 0.549 0.723 0.513
Crampon Crampon only 0.849 0.537 0.715 0.583
Crampon Darby only 0.821 0.494 0.690 0.460
Crampon Segond only 0.825 0.519 0.703 0.472
Darby All datasets 0.858 0.576 0.737 0.587
Darby Crampon only 0.825 0.511 0.696 0.493
Darby Darby only 0.868 0.558 0.729 0.615
Darby Segond only 0.846 0.535 0.710 0.546
Segond All datasets 0.856 0.569 0.732 0.587
Segond Crampon only 0.828 0.517 0.699 0.514
Segond Darby only 0.844 0.515 0.701 0.550
Segond Segond only 0.865 0.564 0.727 0.611

Table 4: Comparison of dataset choice on Helsinki.

The results, given in Tables 4 and 5, show that
the models trained on a specific dataset translation
perform best when tested on that same translation
in two of our four metrics, BERTScore and ME-
TEOR. These are the two metrics that value seman-
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Test set Training set
BERT
Score BLEURT COMET METEOR

Crampon All datasets 0.815 0.480 0.672 0.445
Crampon Crampon only 0.825 0.458 0.655 0.493
Crampon Darby only 0.805 0.433 0.642 0.410
Crampon Segond only 0.806 0.448 0.646 0.413
Darby All datasets 0.844 0.517 0.692 0.535
Darby Crampon only 0.812 0.450 0.648 0.444
Darby Darby only 0.847 0.493 0.678 0.547
Darby Segond only 0.830 0.472 0.660 0.489
Segond All datasets 0.837 0.495 0.680 0.519
Segond Crampon only 0.810 0.442 0.642 0.443
Segond Darby only 0.826 0.451 0.648 0.487
Segond Segond only 0.839 0.479 0.663 0.521

Table 5: Comparison of dataset choice on Hiero.

tic similarity to the correct translation. By training
and testing on the same translation, these models
learn the correct choice of wording and transla-
tion decisions, and thus can generate a translation
that is very similar to the expected one. By con-
trast, when training on one translation and testing
on another, these systems all yield much weaker
BERTScore and METEOR performances, showing
they are generating translations worded differently
from the expected result.

On the other hand, the model trained on all
three dataset translations always achieves the top
BLEURT and COMET scores, no matter which
dataset translation it is tested on. These two met-
rics are tuned to replicate human appreciation of the
generated text’s quality. By training on a variety of
possible translations for each Coptic sentence, that
model has learned to generate better translations
overall. In addition, this model always achieves
the second-best BERTScore and METEOR scores,
behind the model trained on the same test corpus
translation but ahead of the two trained on other
translations. So while the wording generated by
this model is not optimal compared to the correct
translation, it is always closer than any other model
not specialized to generate that specific translation.
Overall, this shows that stylistic diversity in the train-
ing data improves generation quality at inference
time, especially when multiple valid translations are
acceptable.

5.5. Training Robustness to Noise
As explained in Section 3.4, we simulate real-world
degradation of the manuscripts by injecting noise
in our training and testing data. To simulate tex-
tual corruption, each character in a Coptic verse is
subjected to three independent noise processes: a
2% probability of deletion (simulating lacunae), a
2% probability of switch with an adjacent character
(simulating spelling errors), and a 10% probabil-

ity of replacement by a visually similar character
(simulating OCR errors), using the visual confusion
mapping of Figure 1, which we constructed manu-
ally based on the visual similarity of Coptic charac-
ter shapes. These rates were chosen heuristically
to introduce meaningful variation while preserving
overall text readability, with the higher rate for vi-
sual substitution reflecting the greater prevalence
of OCR errors compared to physical lacunae in
digitized manuscripts (Tzogka et al., 2021). We
do not alter the French translations of the verses.
We experiment with different levels of simulated
degradation by creating 5 versions of our corpora,
setting the probability that a verse is corrupted to
0%, 10%, 30%, 50%, and 100%.

Figure 1: Visual confusion of Coptic characters.

Test noise Train noise
BERT
Score BLEURT COMET METEOR

0% 0% 0.850 0.564 0.731 0.563
0% 10% 0.852 0.568 0.733 0.564
0% 30% 0.849 0.560 0.727 0.560
0% 50% 0.848 0.553 0.723 0.559
0% 100% 0.846 0.547 0.719 0.546
10% 0% 0.844 0.545 0.717 0.549
10% 10% 0.849 0.557 0.725 0.557
10% 30% 0.847 0.553 0.722 0.555
10% 50% 0.846 0.545 0.718 0.554
10% 100% 0.844 0.544 0.717 0.543
30% 0% 0.829 0.492 0.679 0.511
30% 10% 0.842 0.534 0.708 0.538
30% 30% 0.842 0.539 0.711 0.545
30% 50% 0.843 0.536 0.712 0.546
30% 100% 0.841 0.533 0.709 0.536
50% 0% 0.817 0.457 0.650 0.478
50% 10% 0.837 0.514 0.695 0.522
50% 30% 0.838 0.522 0.701 0.533
50% 50% 0.838 0.519 0.698 0.533
50% 100% 0.838 0.524 0.702 0.529
100% 0% 0.788 0.366 0.579 0.411
100% 10% 0.822 0.471 0.665 0.488
100% 30% 0.826 0.491 0.675 0.502
100% 50% 0.829 0.496 0.683 0.509
100% 100% 0.831 0.505 0.688 0.513

Table 6: Comparison of robustness to noise for
Helsinki.

The results in Tables 6 and 7 show several clear
trends. First, both models trained with any level
of noise perform better on clean test data, and
their scores drop steadily as noise increases. This
shows that texts with errors or gaps are naturally
harder to translate than clean ones. Likewise,
both the Helsinki and Hiero models trained with
low noise do better on low-noise data, while those
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Test noise Train noise
BERT
Score BLEURT COMET METEOR

0% 0% 0.832 0.497 0.682 0.500
0% 10% 0.832 0.496 0.679 0.496
0% 30% 0.831 0.498 0.679 0.494
0% 50% 0.830 0.492 0.674 0.492
0% 100% 0.827 0.482 0.668 0.482
10% 0% 0.825 0.474 0.665 0.485
10% 10% 0.828 0.484 0.670 0.488
10% 30% 0.829 0.489 0.674 0.489
10% 50% 0.829 0.485 0.671 0.488
10% 100% 0.826 0.478 0.665 0.480
30% 0% 0.809 0.412 0.619 0.445
30% 10% 0.822 0.452 0.649 0.470
30% 30% 0.825 0.465 0.658 0.476
30% 50% 0.824 0.466 0.656 0.476
30% 100% 0.824 0.466 0.657 0.473
50% 0% 0.795 0.364 0.582 0.416
50% 10% 0.815 0.426 0.630 0.453
50% 30% 0.819 0.447 0.643 0.463
50% 50% 0.821 0.452 0.647 0.466
50% 100% 0.821 0.456 0.650 0.466
100% 0% 0.762 0.232 0.486 0.335
100% 10% 0.800 0.366 0.592 0.411
100% 30% 0.810 0.405 0.616 0.436
100% 50% 0.813 0.419 0.627 0.445
100% 100% 0.815 0.426 0.629 0.451

Table 7: Comparison of robustness to noise for
Hiero.

trained with more noise perform better on noisy
data. For Helsinki, the model trained with 10%
noise leads early on, then the 50% model takes
over in mid-noise settings, and the 100% model
does best at the end. For Hiero, the 0% model
performs best early, the 30% model leads in the
middle, and the 100% model dominates in the last
tests.

What’s really happening is that models trained
with less noise do better on clean data, but they’re
also more fragile: their scores drop sharply as noise
rises. To quantify this fragility, Table 8 shows, for
each model and training noise level, the relative
drop in score between the cleanest test condition
(0% test noise) and the noisiest one (100% test
noise) for each metric. Each row corresponds
to one model under one training noise setting,
and the columns report the relative score drops
for BERTScore, BLEURT, COMET, and METEOR.
Models trained with 0% and 10% noise lose around
20% on average—Hiero’s BLEURT score even
drops by 53%. In contrast, models trained with
50% or 100% noise lose less than 15%, and as lit-
tle as 6% on average. This confirms that controlled
noise injection creates NMT models more resilient
to real-world degradation, such as OCR errors or
fragmentary manuscripts, at the cost of lower per-
formance on clean manuscripts. While the optimal
choice thus depends on the characteristics of the
manuscript being translated, a good general-case
compromise value seems to be 50% training noise.

Model Training noise
BERT
Score BLEURT COMET METEOR

Helsinki 0% 7.3% 35.1% 20.8% 27.0%
Helsinki 10% 3.5% 17.1% 9.3% 13.5%
Helsinki 30% 2.7% 12.3% 7.2% 10.4%
Helsinki 50% 2.2% 10.3% 5.5% 8.9%
Helsinki 100% 1.8% 7.7% 4.3% 6.0%
Hiero 0% 8.4% 53.3% 28.7% 33.0%
Hiero 10% 3.8% 26.2% 12.8% 17.1%
Hiero 30% 2.5% 18.7% 9.3% 11.7%
Hiero 50% 2.0% 14.8% 7.0% 9.6%
Hiero 100% 2.0% 11.6% 5.8% 6.4%

Table 8: Relative drop in score between 0% and
100% test noise, per model and training noise level.
Lower values indicate greater robustness to noisy
input.

6. Conclusion

This paper presents the first systematic study of
neural machine translation for the Coptic→French
language pair. Through four experiments, we out-
lined best practices for building a translation model
for this new pair. First, we showed that task-specific
fine-tuning clearly improves translation quality com-
pared to using pre-trained multilingual models or
translating through a pivot language. Next, we
found that fine-tuning a model already trained on
the ancient language or a related one in the same
family (such as Hieroglyphics) yields better results.
Third, we examined the effect of having multiple
translations of the same text, and found that includ-
ing them all enhanced translation quality. Finally,
we tested the impact of noise in the dataset and
found that the best trade-off between translation
quality and robustness was achieved when train-
ing with 50% corrupted verses. This led to the
release of two strong NMT models for this task,
one based on the multilingual model of (Tiedemann
et al., 2023) and the other on the Hieroglyphic trans-
lator of (Cao et al., 2024), both fine-tuned on three
French versions of the training corpus with 50%
noise.

An important direction for future work is the eval-
uation of our models on non-biblical Coptic texts.
Our study is necessarily limited to biblical material,
as no parallel Coptic→French corpus exists outside
this domain. Evaluating generalization to other gen-
res, could be achieved through backtranslation and
constitutes a key objective for future research.

Together, our findings extend beyond
Coptic→French translation, providing practi-
cal guidance for building robust NMT systems in
other low-resource or ancient language settings.
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