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Abstract

Machine Translation (MT) for Ancient Greek (AG) to Modern Greek (MG) is a low-resource task, constrained by the
lack of large-scale, high-quality parallel data. We address this gap by introducing the AG-MG Parallel Corpus, a new
resource containing 132,481 sentence-aligned pairs derived from literary, historical, and biblical texts. We present
a novel corpus creation pipeline that combines web-scraped, excerpt-level data with a multi-stage sentence-level
alignment, and refinement process. Our method uses VecAlign with LaBSE embeddings, which we first fine-tune on
a manually-aligned AG-MG subset, followed by an LLM-based error/misalignment correction phase using Gemini
2.5 Flash to ensure high alignment quality. Furthermore, we provide the first comprehensive benchmark of modern
MT models on this task, evaluating three fine-tuning strategies across NMT models (NLLB, M2M100) and a Greek
LLM (Llama-Krikri-8B). Our experiments show that fine-tuning yields significant improvements over base models,
increasing performance by up to +10.3 BLEU points. Specifically, full-parameter fine-tuning of Llama-Krikri-8B
achieves the highest overall performance with a BLEU score of 13.16, while the QLoRA-adapted M2M100-1.2B
model demonstrates the largest relative gains and highly competitive results. Our dataset and models represent a

significant contribution to Greek NLP.
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1. Introduction

Machine Translation (MT) has evolved from
rule-based and statistical approaches to neural
sequence-to-sequence models and is now being
reshaped by Large Language Models (LLMs). Re-
cent studies suggest that LLMs, pre-trained on ex-
tensive multilingual data, can rival or complement
traditional encoder—decoder MT, particularly in set-
tings with limited resources where parallel data is
scarce (Lyu et al., 2023). This trend has led to re-
visiting under-resourced, stylistically rich language
pairs such as Ancient Greek (AG) to Modern Greek
(MG), where the source side spans multiple di-
alects, historical periods, and genres.

A critical bottleneck in machine translation of
AG—MG is the lack of large, sentence-aligned
parallel corpora. Historical resources often exist
at excerpt or document level and contain a lot of
noise, such as editorial notes, markup, and ortho-
graphic variants. Recent work shows that neural
embedding—based aligners can substantially im-
prove sentence alignment accuracy and scalability
on classical languages. For example, VecAlign'
combined with multilingual sentence embeddings
(e.g., LaBSE? or LASER?®) has been found effec-

1https://github.com/thompsonb/vecalign

2https://huggingface.co/
sentence-transformers/LaBSE

3https://github.com/facebookresearch/

tive on Ancient Greek and Latin texts, outperform-
ing traditional approaches (e.g., Hunalign) and
handling very long documents (Craig et al., 2023;
Thompson and Koehn, 2019; Feng et al., 2020;
Yousef et al., 2022b). These developments pave
the way for the creation of higher-quality AG—MG
datasets suitable for MT.

At the modeling level, two families of systems
are promising for Greek: (i) multilingual encoder—
decoder NMT models such as M2M100 (Fan et al.,
2021) and NLLB (Costa-Jussa et al., 2022), and (ii)
open Greek LLMs, notably Llama—Krikri* , which
offer strong Greek fluency and tokenization while
remaining accessible for adaptation (Roussis et al.,
2025; Voukoutis et al.). This paper presents a high-
quality AG—MG sentence-level parallel corpus, as
well as fine-tuning NMT models and a Greek LLM
for this task.

In this work, we address the resource gap and
we provide a systematic evaluation of modern
translation models. Our key contributions include
the following:

1. We introduce the AG-MG Parallel Cor-
pus, the largest sentence-aligned corpus for
this low-resource language pair, containing
132,481 high-quality aligned sentence pairs.

LASER
*https://huggingface.co/ilsp/
Llama-Krikri-8B-Instruct
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The corpus is enriched with extensive meta-
data, including author, title, segment index,
translator, ancient Greek dialect, genre, and
era. An excerpt/paragraph-level version of the
corpus will also be created soon.

2. We present a novel hybrid alignment
pipeline for creating the corpus. Our method
first uses a domain-adapted LaBSE model for
initial alignment and then leverages a LLM
(Gemini 2.5 Flash developed by Comanici
et al., 2025) for misalignment detection and
correction, ensuring superior alignment qual-

ity.

3. We conduct the first large-scale benchmark
of both NMT and LLM-based models for AG-
to-MG translation. We compare three dif-
ferent fine-tuning strategies (Full-parameter,
LoRA, and QLoRA) on NLLB®, M2M100° and
Llama-Krikri-8B, providing a clear picture of
the current state-of-the-art on this task.

Our results demonstrate that fine-tuned models
significantly outperform their base versions (yield-
ing improvements of up to +10.3 BLEU points).
The fully fine-tuned Llama-Krikri-8B LLM achieved
the highest overall BLEU score (13.16), while the
M2M100-1.2B model showed the largest relative
gains. This highlights the potential of both special-
ized LLMs and adapted NMT architectures for this
task. We hope that this study will facilitate future
research in Greek NLP and Digital Humanities.

2. Related Work

Our work is positioned at the intersection of classi-
cal language resource creation and low-resource
machine translation.

2.1.

Although there are monolingual corpora for An-
cient Greek, such as the Diorisis corpus (Vatri and
McGillivray, 2018), the creation of large-scale par-
allel corpora for MT is a more recent challenge.
Efforts have focused on establishing gold stan-
dards (Yousef et al., 2022a; Palladino et al., 2023)
and evaluating alignment methods for classical lan-
guages (Yousef et al., 2022b; Craig et al., 2023;
Yousef et al., 2023; Sommerschield et al., 2023).
A key finding from this line of work is that neu-
ral, embedding-based aligners significantly outper-
form older, traditional methods (e.g., length-based
heuristics or tools like Hunalign). Craig et al.

Parallel Corpora and Alignment

Shttps://huggingface.co/docs/
transformers/en/model_doc/nllb

Shttps://huggingface.co/docs/
transformers/en/model_doc/m2m_100

(2023) conducted a detailed evaluation of various
tools specifically for sentence-level alignment on
AG and Latin texts. Their results demonstrated
that a combination of VecAlign and LaBSE embed-
dings provides the most accurate sentence align-
ments, especially for long and literary documents
common in classical studies.

2.2. Machine Translation of Ancient
Greek

Machine Translation involving Ancient Greek re-
mains a definitive low-resource task. The major-
ity of published research has focused on trans-
lating AG to English (AG—EN). Kolovou (2024),
for instance, experimented with OpenNMT on an
AG—EN dataset, highlighting the challenges of
the task. More recently, Rapacz and Smywiriski-
Pohl (2025) improved neural models for interlinear
translation by incorporating morphological informa-
tion to better handle the rich inflection of Ancient
Greek, focusing on translation into English and Pol-
ish (AG—EN/PL).

To our knowledge, the AG—MG language pair
is significantly less explored and no large-scale
benchmark exists that compares modern, high-
capacity NMT models (NLLB, M2M100) and new
Greek LLMs (Llama-Krikri) for this task (Sommer-
schield et al., 2023; Papantoniou and Tzitzikas,
2024). This study seeks to address this gap by pro-
viding the first comprehensive evaluation of these
models on a new, high-quality dataset.

3. The Ancient-Modern Greek
Parallel Corpus

We introduce the AG-MG Parallel Corpus, a new
sentence-aligned dataset designed for AG—MG
machine translation. This section details the data
sources, our alignment methodology, and the final
corpus characteristics.

3.1.

The corpus aggregates parallel texts from three
main types of digital resources, aiming for diversity
in genre, dialect, and period of Ancient Greek:

Data Sources

+ Digitized Anthologies: Collections focusing
primarily on classical Attic prose (approx. 5th—
4th century BC), offering curated AG texts
alongside scholarly MG translations.

« Comprehensive Digital Libraries: Larger
repositories of Ancient Greek literature con-
taining a wider variety of AG dialects (e.g.,
Homeric/Epic from the 8th century BC, lonic,
Doric, Attic and later Hellenistic Koine) paired
with MG translations. While some translations
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in these sources date to the early 20th century,
we strictly selected only contemporary, mono-
tonic Modern Greek versions, explicitly ex-
cluding archaic or Katharevousa translations.

+ Biblical Texts Resources: Digital versions
of the Holy Bible providing AG texts (Septu-
agint/LXX and New Testament, representing
Hellenistic Koine from the 3rd century BC to
the 6th century AD) aligned at the verse level
with contemporary MG translations.

These sources typically provide texts aligned at the
excerpt or paragraph level, necessitating the sen-
tence alignment pipeline described below.

3.2. Preprocessing and Alignment
Pipeline

To create a high-quality, sentence-aligned corpus,
we implemented a multi-stage pipeline:

1. Scraping and Initial Cleaning: We first
scraped the public web sources using standard
Python libraries (BeautifulSoup’ and Scrapy?), ex-
tracting AG texts, MG translations, and avail-
able metadata (author, title, translator, etc.) into
JSONL format. Basic cleaning removed residual
HTML tags and markup.

2. Deep Cleaning and Segmentation: We ap-
plied a more thorough cleaning process to remove
noise such as page numbers, editorial brackets,
translator comments, and inconsistent punctua-
tion. Both AG and MG texts were then segmented
into sentences using the Stanza library®.

3. Fine-Tuned Embedding Alignment: For
the non-Bible sources where sentence alignment
was needed, we employed VecAlign, following
prior work (Craig et al., 2023). Crucially, instead
of using off-the-shelf embeddings, we fine-tuned
LaBSE (Feng et al., 2020) on 1,000 manually
alighed AG-MG sentence pairs, varying in genre
and ancient Greek dialect and extracted from our
sources. This domain adaptation step significantly
improved the embedding quality for the specific nu-
ances of AG-MG alignment. VecAlign was then
run using these fine-tuned embeddings to gener-
ate initial sentence alignments. For the Bible texts,
alignment was straightforward using the existing
verse indices.

"https://beautiful-soup-4.readthedocs.
io/en/latest/

8https ://scrapy.org/

Shttps://stanfordnlp.github.io/stanza/

4. LLM-Based Refinement: While the fine-
tuned VecAlign+LaBSE approach yielded good re-
sults, manual inspection revealed residual mis-
alignments, particularly with non-literal transla-
tions or sentence splitting/merging. To ensure the
highest possible quality of the corpus, we imple-
mented a refinement step using the Gemini 2.5
Flash API (Comanici et al., 2025). We designed
prompts'® that instructed the model to evaluate the
semantic equivalence of proposed AG-MG pairs
from VecAlign and flag or correct likely misalign-
ments (e.g., 1-to-many, many-to-1, many-to-many,
or incorrect 1-to-1 mappings). This automated
LLM-based verification proved highly effective in
identifying and fixing errors. After applying the
LLM refinement, we conducted a careful human
evaluation on a subset of 150 aligned pairs and
estimated that our dataset contains approximately
95% correct alignments. The 5% of alignment er-
rors are mainly caused by inconsistent MG trans-
lations and translator comments.

5. Deduplication and Multi-Reference Han-
dling: Following Lee et al. (2021), we performed
deduplication on all splits based on the MG sen-
tences to remove near-identical translation vari-
ants that might skew model training. However,
drawing inspiration from multi-reference MT train-
ing (Zheng et al., 2018; Khayrallah et al., 2020),
when sources provided distinct translations from
different translators for the same AG sentence, we
retained these variants specifically within the train-
ing set, enriching the corpus with translation and
stylistic variation.

3.3. Data Card and Statistics

The final corpus consists of 132,481 sentences
per language (AG—MG), with 2,311,448 AG
tokens/words (avg. 17.45 per sentence) and
3,060,949 MG tokens/words (avg. 23.10 per sen-
tence) as presented in Table 1. Each dataset
entry preserves metadata for author, title, seg-
ment index, url, translator, ancient Greek di-
alect, genre, and era and enables comparisons
to excerpt-level variants (kept separately for future
excerpt/paragraph-level work).

®You are a cautious data editor. Your job is to fix align-
ment errors between Ancient Greek (“grc”) and Modern
Greek (“ell’) sentences inside a JSONL file. Do not
translate or paraphrase any text. Only merge/split and
reorder within a row while keeping the original order of
sentences.

""Tokens (or words) are counted as whitespace-
separated items. The exact number of Ancient and Mod-
ern Greek sentences may be higher, since aligned sen-
tence pairs can contain multiple sentences per side.

8687


https://beautiful-soup-4.readthedocs.io/en/latest/
https://beautiful-soup-4.readthedocs.io/en/latest/
https://scrapy.org/
https://stanfordnlp.github.io/stanza/

Ancient Greek Modern Greek Ancient Greek Dialect Sentences

Sentences 132,481 132,481 Attic (AttkA) 75,887
Tokens / Words 2,311,448 3,060,949 lonic (lwvikn) 8,725
Avg. tokens per sent. 17.45 23.10 Doric (Awpkn) 2,614
Homeric / Epic (Ounpkr, Emkn) 6,729

Table 1: Sentence and token statistics for the re- Hellenistic Koine (EAANVIoTIKA Kotvr) 38,526
leased sentence-level corpus.'’ Total 132,481

. Sentence
Split Pairs
Train 128,231
Dev 2,000
Test (main reporting set) 2,000
Stress (rarer dialects: lonic, Doric, 250
Homeric)

Total 132,481

Table 2: Corpus splits for AG—MG experiments.

4. Experimental Setup

We evaluate the effectiveness of our AG-MG Par-
allel Corpus by fine-tuning several state-of-the-
art NMT and LLM models. This section details
the dataset splits, models, fine-tuning procedures,
and evaluation metrics used.

4.1.

We split the 132,481 sentence pairs as described
in Table 2. The training set comprises 128,231
pairs. We use separate development (Dev) and
test sets, each containing 2,000 pairs, randomly
sampled while ensuring no overlap with the train-
ing set or each other. Additionally, we created a
small stress set of 250 pairs specifically containing
rarer AG dialects (lonic, Doric, Homeric) to evalu-
ate model generalization beyond the dominant At-
tic and Koine dialects. A detailed breakdown of the
exact dialectal composition for each of these splits
is provided in Appendix B.

Dataset Splits

4.2. Models

We benchmark two types of models:

* Multilingual NMT Models: We selected
strong open-source encoder-decoder models
known for their ability to handle multiple lan-
guages:

— facebook/nllb-200-distilled-600M (Costa-
Jussa et al., 2022)

— facebook/nllb-200-distilled-1.3B (Costa-
Jussa et al., 2022)

— facebook/m2m100_1.2B
2021)

(Fan et al.,

Table 3: Distribution of aligned sentence pairs
across major Ancient Greek dialects in the corpus.

* Greek LLM: We used ilsp/Llama-Krikri-8B-
Instruct (Roussis et al., 2025), an open Greek
LLM based on the Llama architecture, se-
lected for its strong native Greek fluency.

For each model, we evaluate both its zero-shot
(base) performance and its performance after fine-
tuning.

4.3. Fine-Tuning Strategies

We employed three fine-tuning strategies to adapt
the models to the AG—MG task:

+ Full Fine-Tuning (Full FT): All model param-
eters were updated during training. Applied to
M2M100-1.2B and Llama-Krikri-8B.

* LoRA (Low-Rank Adaptation): (Hu et al.,
2022) A parameter-efficient fine-tuning
(PEFT) method that injects trainable low-rank
matrices into the model layers, freezing the
original weights. Applied to NLLB-600M and
NLLB-1.3B.

* QLoRA (Quantized LoRA): (Dettmers et al.,
2023) A more memory-efficient PEFT method
combining 4-bit quantization with LoRA. Ap-
plied to M2M100-1.2B and Llama-Kfrikri-8B.

4.4. Training Details

Fine-tuning was performed using either Google
Colab Pro (L4 GPU) or the CINECA'? supercom-
puting infrastructure (using 1 to 4 NVIDIA A100
64GB GPUs'®) for the larger models and full fine-
tuning runs. Key hyperparameters are summa-
rized in Table 4.

All  experiments used
transformers'™ library,

the Hugging Face
with peft'® for

12https ://docs.hpc.cineca.it/index.html
®The LEONARDO supercomputer features custom
NVIDIA Ampere A100 accelerators equipped with 64GB
of HBM2e memory, a specific hardware configuration
designed for this EuroHPC system.
“https://huggingface.co/docs/
transformers
®https://huggingface.co/docs/peft

8688


https://docs.hpc.cineca.it/index.html
https://huggingface.co/docs/transformers
https://huggingface.co/docs/transformers
https://huggingface.co/docs/peft

LoRA/QLoRA and bitsandbytes'® for quantiza-
tion. Training employed AdamW optimizer variants
(paged_adamw_8bit or adamw_torch_fused)
with a cosine learning rate scheduler and warmup.
We used mixed precision (BF16 on A100s, FP16
on L4). For NLLB and M2M100 models, we ex-
panded the tokenizer vocabulary with 148 (for the
NLLB models) and 122 (for the M2M100 models)
Ancient Greek characters/tokens missing from the
base models and resized the model embeddings
accordingly, unfreezing them during PEFT to
allow adaptation. The Full FT of Krikri-8B utilized
DeepSpeed ZeRO Stage 3 for distributed
training across 4 A100s. Models were trained for
5 epochs, selecting the best checkpoint based on
validation loss.

4.41. Vocabulary Adaptation and Smart

Initialization

A significant challenge in adapting multilingual
NMT models like M2M100 and NLLB to Ancient
Greek is related to how these models handle An-
cient Greek tokens. Ancient Greek utilizes the
Polytonic system, featuring diacritics such as oxia
(acute accent), varia (grave accent), perispomeni
(circumflex accent), psili (smooth breathing), da-
sia (rough breathing) and more, which is largely
absent from the pre-training data of modern mul-
tilingual models. Consequently, standard tokeniz-
ers treat many Polytonic characters as unknown
tokens (<unk>), leading to input fragmentation or
complete "input blindness”, as observed in the
base M2M100 model.

To overcome this, we implemented a robust four-
stage vocabulary adaptation pipeline:

1. Token Discovery: We scanned the entire An-
cient Greek training corpus to identify charac-
ters that the base tokenizer could not resolve.
This process revealed 122 missing Ancient
Greek characters/tokens for the M2M100 and
148 for the NLLB models.

2. Dictionary Update: These identified charac-
ters were explicitly added to the model’s to-
kenizer, assigning them unique IDs and pre-
venting them from being mapped to <unk>.

3. Embedding Resizing: We structurally re-
sized the model’s input and output embedding
matrices to accommodate the newly added to-
ken IDs.

4. Smart Initialization (Weight Transplant):
Initializing new embeddings with random

®https://github.com/
bitsandbytes—-foundation/bitsandbytes

noise can significantly slow down conver-
gence, as the model must learn the seman-
tic value of these characters from scratch.
Instead, we employed a “smart initialization”
strategy. For each new Polytonic character
(e.g., @), we programmatically identified its
closest base character in the existing vocab-
ulary (e.g., @) by stripping diacritics. We then
copied the pre-trained embedding weights of
the base character to the new Polytonic to-
ken. This effectively provides the model with
a head start, allowing it to treat the new char-
acter as a variation of a known vowel or con-
sonant rather than a random symbol.

This methodology ensured that fine-tuning fo-
cused on learning the syntactic and dialectal nu-
ances of Ancient Greek rather than learning ba-
sic character representations, leading to the sub-
stantial performance gains observed in our exper-
iments.

It is important to note that this vocabulary adap-
tation process was applied exclusively to the NMT
models (M2M100 and NLLB). The LLM evaluated
in this study (Llama-Krikri) utilizes tokenizer ar-
chitectures with significantly larger vocabularies
and byte-level fallback mechanisms (e.g., BPE or
TikToken), which inherently handle rare Polytonic
characters without requiring explicit vocabulary ex-
pansion.

4.5. Evaluation Metrics

We evaluate translation quality using a comprehen-
sive suite of standard metrics:

+ BLEU: (Papineni et al., 2002) SacreBLEU im-
plementation with 13a and int1 tokenization.

« chrF/chrF++: (Popovi¢, 2015, 2017) Charac-
ter n-gram metrics, with chrF++ using word n-
grams (word_order=2).

* TER (Translation Edit Rate): (Snover et al.,
2006) Measures the number of edits required
to match the reference. Lower is better.

+ BERTScore: (Zhang et al., 2019) Computes
semantic similarity using contextual embed-
dings (using x1lm-roberta-large). We re-
port F1.

« COMET: (Rei et al., 2020) A neural
metric trained to predict human judg-
ments of translation quality (using
Unbabel/wmt22-comet-da). Higher
is better.

8Calculated using DeepSpeed config: 2 (micro-

batch) * 8 (grad accum) * 4 (GPUs).
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Model Adaptation Quant. Rank (r) Eff. Batch LR Platform
NLLB-600M LoRA 8-bit 16 16 2e-4 L4 (Colab)
NLLB-1.3B LoRA 8-bit 16 12 1e-4 L4 (Colab)
M2M100-1.2B QLoRA 4-bit NF4 16 12 1e-4 L4 (Colab)
M2M100-1.2B Full FT None N/A 12 1e-4 1xA100 (CINECA)
Krikri-8B-IT QLoRA 4-bit NF4 32 16 8e-5 1xA100 (CINECA)
Krikri-8B-IT Full FT None N/A 6418 2e-5 4xA100 (CINECA, DS-Z3)

Table 4: Key hyperparameters for fine-tuning experiments. Eff. Batch = per-device batch size x gradient
accumulation steps x num GPUs. LR = Learning Rate. All experiments ran for 5 epochs.

All metrics were calculated using standard imple-
mentations, comparing model outputs against the
reference translations in the Test and Stress sets.

5. Results and Analysis

We present the evaluation results on the Test and
Stress sets, comparing the zero-shot (Base) per-
formance of the pre-trained models against their
fine-tuned versions across all metrics.

5.1.

Table 5 summarizes the performance of all models
on the main Test set (2,000 pairs).

The results clearly demonstrate the effective-
ness of fine-tuning. All fine-tuned models achieve
significant improvements over their base zero-shot
counterparts across all metrics, with BLEU scores
increasing by up to +10.3 points for the QLoRA-
adapted M2M100 model (using its corresponding
base score as reference).

The Greek LLM, Llama-Krikri-8B-Instruct,
emerges as the top overall performer. Its base
performance (BLEU 8.29) is notably higher than
the NMT base models, indicating strong inherent
capabilities for Greek-related tasks. After full
fine-tuning, it reaches the highest BLEU (13.16)
and chrF++ (34.71) across all models. Further-
more, its QLORA variant achieves the highest
COMET score (0.713), suggesting high perceived
translation quality.

A striking observation concerns the perfor-
mance of the base M2M100-1.2B, NLLB-600M
and NLLB-1.3B models, which performed very
poorly. The base M2M100-1.2B model recorded
the lowest BLEU score (0.62) among all exper-
iments. These near-zero performances are not
due to poor grammar but rather a complete fail-
ure to process the Polytonic script. Since the base
tokenizers treat most Ancient Greek characters
(e.g., vowels with breathing marks and varia/oxia)
as unknown tokens or noise, the models suffer
from severe hallucinations. This validates the ne-
cessity of our vocabulary expansion and embed-
ding resizing strategy, which unlocked the true

Results on Test Set

potential of the models. While the base zero-
shot performance of the M2M100-1.2B model is
very low due to its limited exposure to Polytonic
Greek, fine-tuning with QLoRA achieves a BLEU
of 10.96, the lowest TER (82.99), and the high-
est BERTScore (0.911), showing a massive rel-
ative improvement (+10.34 ABLEU). This obser-
vation highlights the paramount role of data qual-
ity in resource-constrained tasks. It suggests that
a high-quality, curated dataset, such as our AG-
MG corpus, contributes significantly to a fine-tuned
model’s translation efficacy, effectively mitigating
the effects of a less capable base model.

5.2. Results on Stress Set (Rare
Dialects)

Table 6 shows performance on the Stress set (250
pairs), designed to test generalization to rarer AG
dialects (lonic, Doric, Homeric).

As expected, performance drops on the Stress
set compared to the main Test set for all models, in-
dicating the challenge posed by out-of-distribution
dialects.

The Krikri-8B model maintains its leading po-
sition. The fully fine-tuned variant achieves the
highest BLEU (12.80), chrF++ (35.90), and low-
est TER (81.40) on this set. Meanwhile, the Krikri-
QLoRA model matches the highest BERTScore F1
(0.911) and achieves the highest COMET score
(0.717). The base Krikri model again starts from a
higher baseline (BLEU 6.55) compared to the NMT
models on this harder set. This suggests that the
pre-training of Krikri might provide better general-
ization or robustness to dialectal variation within
Greek.

The M2M100 models continue to show strong
relative gains, with the QLoRA variant achieving a
+9.45 BLEU improvement over its base. The NLLB
models show more modest results, though the
LoRA adaptations still vastly improve upon their
near-zero base scores.

8690



Model Method BLEUt chrF++t TER| BERTScore F1t COMET{? ABLEU
NMT Models
NLLB-600M Base 1.55 16.86 106.80 0.880 0.539 -
+ LoRA 7.43 29.31 88.32 0.903 0.667 +5.88
NLLB-1.3B Base 2.15 17.78 106.41 0.885 0.573 -
+ LoRA 8.01 30.02 87.74 0.905 0.687 +5.86
M2M100-1.2B Base 0.62 10.70 100.50 0.858 0.475 -
+ QLoRA 10.96 33.09 82.99 0.911 0.710 +10.34
+ Full FT 9.60 31.16 83.43 0.908 0.692 +8.98
LLM
Krikri-8B-IT Base 8.29 29.87 88.13 0.895 0.695 -
+QLoRA 11.90 34.07 84.16 0.906 0.713 +3.61
+FullFT  13.16 34.71 83.68 0.848 0.702 +4.87

Table 5: Main results on the Test set (2,000 sentence pairs). BLEU scores are BLEU-13a. ABLEU shows
improvement over the base model. Best score per metric in bold.

Model Method BLEUt chrF++t TER| BERTScore F1t+ COMET{? ABLEU
NMT Models
NLLB-600M Base 0.77 14.40 118.13 0.866 0.484 -
+ LoRA 5.65 28.74 88.01 0.900 0.638 +4.89
NLLB-1.3B Base 1.25 16.15 107.03 0.873 0.525 -
+ LoRA 5.68 28.94 88.24 0.900 0.656 +4.43
M2M100-1.2B Base 0.07 9.37 100.34 0.840 0.428 -
+ QLoRA 9.52 33.30 81.95 0.911 0.691 +9.45
+ Full FT 8.16 31.12 83.11 0.907 0.664 +8.09
LLM
Krikri-8B-IT Base 6.55 28.98 87.38 0.900 0.695 -
+ QLoRA 10.37 34.09 82.28 0.911 0.717 +3.82
+FullFT  12.80 35.90 81.40 0.884 0.716 +6.25

Table 6: Results on the Stress set (250 sentence pairs with rarer dialects). BLEU scores are BLEU-13a.
ABLEU shows improvement over the base model. Best score per metric in bold.

6. Conclusion

In this paper, we addressed the critical scarcity
of resources for Ancient Greek (AG) to Modern
Greek (MG) machine translation, a low-resource
task compounded by the significant dialectal, his-
torical, and genre-based diversity of the Ancient
Greek source texts. Our primary contribution is
the introduction of the AG-MG Parallel Corpus,
the largest sentence-aligned dataset for this pair,
containing 132,481 high-quality pairs. This new
resource is derived from diverse literary, histori-
cal, and biblical texts and is comprehensively an-
notated with metadata for author, dialect, genre,
and era, enabling more granular analysis in future
work.

We detailed the novel hybrid alignment pipeline
developed to create this corpus. This method

improves upon existing approaches by first
fine-tuning LaBSE embeddings on a 1,000-pair
manually-aligned AG-MG subset before using
them with VecAlign for initial alignment. A crucial
second stage involved an LLM-based refinement
step using Gemini 2.5 Flash, which was prompted
to act as a “cautious data editor” to perform
misalignment detection and correction, ensuring
the high quality of the final dataset.

Furthermore, we presented a comprehensive
benchmark comparing modern NMT models
(NLLB-600M, NLLB-1.3B, M2M100-1.2B) and a
specialized Greek LLM (Llama-Krikri-8B-Instruct)
on this new task. Our experiments evaluated
three different adaptation strategies, including full
fine-tuning, LoRA, and QLoRA. The results un-
equivocally confirm that fine-tuning on our corpus
yields significant improvements over zero-shot per-
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formance, with BLEU scores increasing by up to
+10.3 points. The fully fine-tuned Llama-Krikri-
8B model achieved the highest absolute perfor-
mance on the main test set, reaching a BLEU
score of 13.16 and the highest chrF++ score of
34.71. Meanwhile, the QLoRA-adapted M2M100-
1.2B model demonstrated the most substantial rel-
ative gains, improving from a near-zero base score
to 10.96 BLEU.

The Llama-Krikri-8B model’'s strength was par-
ticularly evident on our Stress set, which focused
on rarer AG dialects (lonic, Doric, Homeric). On
this challenging set, the fully fine-tuned Kirikri
model achieved the highest BLEU (12.80) and
chrF++ scores, while its QLoRA-adapted variant
achieved the highest COMET (0.717). This indi-
cates superior generalization and robustness to di-
alectal variation compared to standard NMT mod-
els. This, combined with the fact that its full fine-
tuning version performed worse on some metrics,
suggests QLoRA may be a more stable and ef-
fective adaptation strategy for this LLM in this low-
resource scenario.

While acknowledging limitations such as do-
main bias toward literary/biblical texts and the
need for human evaluation, this work provides a
new, high-quality dataset and a clear benchmark
for a challenging task. To foster further research in
Greek NLP and Digital Humanities, we will make
our fine-tuned models available. However, as a
precautionary measure due to the complex and of-
ten uncertain copyright status of the source materi-
als, we are unable to release the compiled corpus
directly.

7. Limitations

While our work provides a significant new resource
and benchmark, several limitations should be ac-
knowledged. First, the corpus composition re-
flects the available digital sources, primarily liter-
ary, philosophical, and biblical texts. This may
introduce domain bias, and models trained on it
might perform less optimally on other genres. Sec-
ond, despite our LLM-based refinement, the align-
ment quality is estimated at 95% based on a man-
ual review of 150 examples. While this sample indi-
cates high quality, a larger human evaluation could
provide a more robust assessment of alignment er-
rors, particularly for highly non-literal translations
or complex sentence rearrangements inherent in
literary texts. Third, our evaluation primarily re-
lies on automatic metrics. While comprehensive,
these may not fully capture translation adequacy
and fluency, especially for a language pair with
rich morphology and stylistic variation like AG-MG.
Large-scale human evaluation and error analysis
would permit a deeper quality assessment. Fur-

thermore, due to the small size of the Stress set
(250 pairs), differences in metrics like BLEU be-
tween models may lack statistical reliability, and
confidence intervals should be considered in future
evaluations. Fourth, our modeling experiments
explored specific architectures and PEFT methods.
Other models or fine-tuning techniques might yield
different results.

Notably, this work focused exclusively on
sentence-level translation. Our original data
sources were often excerpt-based, and we re-
tained this paragraph-level alignment separately.
Future work should explore leveraging this longer-
context data, potentially by fine-tuning LLMs like
Krikri-8B for document-level AG-MG translation,
which might better handle discourse phenomena
and context-dependent translations, especially for
literary texts (Karpinska and lyyer, 2023; Wang
et al.,, 2023). Analyzing model performance
across different dialects and genres using the cor-
pus metadata is another area for future research.
Finally, our experiments focused solely on the
AG—MG translation direction. While our paral-
lel corpus could potentially be reversed to train
MG—AG models, generating morphologically rich
and syntactically complex Ancient Greek poses
significantly greater challenges, representing a dis-
tinct direction for future investigation.

8. Ethical Considerations

The data used in this work was compiled from
publicly accessible online resources, primarily in-
tended for educational and research purposes.
We believe our use aligns with the intended pur-
pose of these digital libraries. The created dataset,
AG-MG Parallel Corpus, consists of historical texts
and their modern translations. While the source
texts themselves may reflect historical biases, our
processing did not introduce new biases beyond
potential selection effects from the source availabil-
ity.

The models fine-tuned are based on open-
source pre-trained models (NLLB, M2M100,
Llama-Krikri). Our intended use for the fine-tuned
models and the corpus is for research, education,
and cultural heritage preservation within the NLP
and Digital Humanities communities. Potential
misuse seems minimal given the specific lan-
guage pair and domain, but users should be
aware that, although MT quality is high according
to metrics, it is not perfect and should not be
relied upon for critical applications without human
oversight.
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Appendix A. Corpus Creation Pipeline

Figure 1 illustrates the multi-stage hybrid align-
ment pipeline used to create the AG-MG Parallel
Corpus, combining neural embeddings with LLM-
based refinement.

Appendix B. Detailed Corpus
Statistics

This section provides a granular breakdown of the
AG-MG Parallel Corpus. Tables 7 through 10 de-
tail the dialect distributions across the specific data
splits.

Figure 2 visualizes the overall dominance of
the Attic and Koine dialects. Finally, as shown
in Table 1, the corpus exhibits a significant to-
ken count disparity between the source and tar-
get languages. The Modern Greek side contains
approximately 32% more tokens than the Ancient
Greek side (3.06M vs. 2.31M). This expansion is
linguistically expected and reflects the typological
shift from Ancient Greek, a highly synthetic lan-
guage rich in inflection, to Modern Greek, which is
more analytic. Ancient Greek often encodes gram-
matical information (such as subject, tense, and
mood) into single word endings, whereas Modern
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Web Sources (HTML)

Deep Cleaning
& Normalization

Sentence Segmentation
(Stanza)

Neural Alignment
(VecAlign + Fine- 1k Manual Pairs
Tuned LaBSE)

LLM Refinement Correction of 1-to-many/many-to-1
(Gemini 2.5 Flash) & non-literal errors

Final AG-MG Corpus

Figure 1: The hybrid corpus creation pipeline, combining neural embedding-based alignment with LLM-
based refinement.

Greek frequently employs periphrastic construc- Dialect Rows Pairs
tions, auxmallry vert?s,. and parhcles to ponvgy the Attic 134 1.300
same meaning. This is also visually evident in the Hellenistic Koine 58 700

token distribution histogram (Figure 3), where the
Modern Greek distribution is consistently shifted
towards higher token counts compared to the An-
cient Greek counterpart.

Total 192 2,000

Table 8: Sentence-Level Dialect Distribution: Dev

Set.

Dialect Rows Pairs

Attic 3,089 73,287

lonic 232 8,615 . -
Doric 244 2554 Dialect Rows Pairs
Homeric / Epic 272 6,649 Attic 48 1,300
Hellenistic Koine 1,491 37,126 Hellenistic Koine 28 700
Total 5,328 128,231 Total 76 2,000

Table 7: Sentence-Level Dialect Distribution: Train Table 9: Sentence-Level Dialect Distribution: Test
Set. Set.
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Dialect Rows Pairs

lonic 3 110
Doric 9 60
Homeric / Epic 5 80
Total 17 250

Table 10: Sentence-Level Dialect Distribution:
Stress Set.

Appendix C. Qualitative Translation
Examples

Table 11 provides a representative qualitative com-
parison of model outputs on a sentence from the
Test set. The base NMT models often fail or hallu-
cinate unrelated text, while the fine-tuned versions
align correctly with the context and vocabulary.

8696



Dialects
Attic (75.9k)
Koine (38.5k)
lonic (8.7k)
Homeric (6.7k)
Doric (2.6k)

Figure 2: Distribution of Ancient Greek dialects in the sentence-level AG—MG corpus. The dataset is
predominantly Attic (57.3%) and Koine (29.1%), reflecting the availability of digital resources.

T T
Ancient Greek (AG)

Modern Greek (MG)

10000

8000

6000

Count of Sentences

4000

2000

0 10 20 30 40 50 60 70 80
Number of Tokens per Sentence

Figure 3: Sentence-Level token count distribution (132.4k pairs). Most sentences are short (10-30 to-
kens), with Modern Greek translations showing a slightly wider distribution due to their analytic nature.
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Model Text

Source (AG) ‘Ek 8¢ toutou Mappeviwva pev nepmel em tag dA\ag nuAag, at dn opilouct v Kiikwv
Te Kal Aooupiwv xwpav, nmpokataAaBelv kal puAdooelv Tryv Tidpodov, doug auT® TV
Te Euppdywv Toug nedoug kai Toug “EAANvag Toug YioBogdpouc kal Tolg Opdkag, wv
2LTdAKNG fyelTo, Kal Toug inneag d¢ Toug Osooalouq.

NLLB-600M (Base) Mexpt va nepdoet o MNapunviog anod tig dAAeg UAeG, Tou Bpiokovtal oTnv meploxn TG
Kiikviag kat Tng Acouplag, va rmpoxwpenaoeL Kat va PpUAGEEL TO IEPACHA, VA KATAOKEUATEL
Ta TETPAywvVa Twv MeCodpouwy, Kat Ta eAANVIKA Pobogpdpa Kat tTa Bpadopata, kal To
2LTAAKLO Kal TO XTEMAC TwV OcoTaAovikwy.

NLLB-600M (LoRA) ‘Yotepa€atethe Tov MNappeviwva oTiq dAAeg MUAEG, TTou kaBopifouv Tn Xwpa Twv Kihikwv
Kat TwvAooupiwy, yla va TPoAdBeL Kal va QUAGEEL TO TIEPACUA, SIVOVTAC TOU Kal TOUG
neCoUq TwV CUPPAXWV Tou Kat TwVEAARVwY Toug YloBo@dpoug Kat Toug ©pdKeg, TIOU TOUG
dlolkoUoe 0 ZITAAKNG, Kal Ta dAoya Twv OeGoalwv.

NLLB-1.3B (Base) O Mapyawiog pe €otelhe otnv EAANVIK TUAN, oTig meplox€q g Kidkiag Kat g
Zuplag, ywa va Tpoxwpriow Kat va MpooTaTeéWw To Ta&idt, pe toug melolq vauTikoug,
Toug EAAnveq vautikoug, tov Tpauko, tov ZTAAKN, tov [ewpylo kat tov ldmmo otn
Ocooalovikn.

NLLB-1.3B (LoRA) “Yotepa am’ autd €otelhe tov lNappeviwva oTig dAAeg TUAEG, TIou XwplCouv TN Xwpa
Twv KiAikdvwy Kat TwvAcooupiwy, yla va TpoAdBeL kat va pUAGEEL To IEPACA, KAl Tou
napedwoe To TMEKO TwV oUPPdXwv, Toug EAAnveg pioBo@dpoug kat Toug Opdkeg, Tou
Toug 0dnyouoed X{AKNG, Katl Toug Osooalouginme(q.

M2M-1.2B (Base) [Hallucination] Tav 6 &vBpwriog sivat GAAoG, 6Tav Exel EVTOA vd UNApyEL amo Trv paptia
Tou, €kelvog emkpaTtel OTL €EaptdTal and tév autod Tou.

M2M-1.2B (QLoRA) ‘Yotep' ar’ auto €otethe Tov lMappeviwva otig AAeg TUAEG, TIou opilouv TN Xwpa Twv
KW\ikwv kat Twv Acoupiwv, yla va ipoAdpouv Kat va ¢ppoupricouVv To Epaca, divovtdg
TOU amno Toug CUNPAdXoUG Toug Neloug, Toug EAANveQ Toug uLoBopdpoug kat Toug ©pdkeg,
ME apXnyo Tov ZLITAAKN, Kat To ko Toug Toug Osooalouq.

M2M-1.2B (FFT) “Yotep' am’ autd €otelhe Tov Mappeviwva otig dAAEG TUAEG, TIou 0plTouV TN XWpa TwvV
K\ikwv kat Twv Agoupiwv, yla va TipoAdpet kal va puUAdEEL To Epacua, dlvovtdg Tou
Toug MeCoUlq TwV SUPPAY WV, Toug EAANveQ, Toug ULoBogpdpoug, Toug OpdKeg, TIOU TOUG
odnyouaoe o0 ZITAAKNG, Kal Toug Lrrnelq Toug O@sooaloug.

Krikri-8B-IT (Base) Metd 10 yeyovdg autd, o MNappeviwv oTANBNKE OTIQ UTIOAOLTIEG TIUAEG TIOU OpLoBeTOUV
v nepoxn g Kilikiag kat tg Acoupiag, pe evToAr va mpoAdBet Kat va PpUAQEEL TLG
dlapdoelg, divovtdg Tou Toug nefoug ouppdyoug, Toug EAAnveg ploBogdpoug Kat Toug
Opdkeg (e apXNYO Tov ZITAAKN) KaBwg Kal Toug Osocaloug Lrrelq.

Krikri-8B-IT “Yotepa art’ autd o AAEEavdpog €otelle Tov Mappeviwva va katadBel kal va (ppoupnost

(QLoRA) TG AAAeQ TIUAEG TToU Xwp(Couv TN Xwpa Twv Khikwy kat Twv Acoupiwv, divovtdg Tou Toug
neCouqg ouppdyoug Kkat Toug EAAnveg pioBogdpoug kat Toug Opdkeg, TIou Toug dtolkouoe
0 Z1TAAKNG, KaBWG Kal To BE0CAALKO LTTILKO.

Krikri-8B-IT (FFT) Metd and autd €otethe Tov Mappeviwva oTig dAAeG TIUAEG, pE TIG oTtoieg oplleTal n Xwpea
Twv Kihikwv Kat Twv Acgoupiwy, yla va kKataAdBel kat va puAdéel Ta epdopata, divovtdg
TOU Toug MeCouq Twv ouppdyxwv, Toug EAANveg kat Toug Opdkeg PLoBopopoug, Toug
oroloug dlotkoUoe 0 ZITAAKNG, KABWG Kal To BE00AALKO LITTLKO

Table 11: Qualitative comparison on a Test Set sentence (The Anabasis of Alexander, Arrian, Attic di-
alect). Some base models hallucinate or fail, while fine-tuned models produce fluent Greek.
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