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Abstract

We present two open-weight translation
models for Estonian and its low-resource
“relatives” in the Finno-Ugric language
family. The training data includes 12 lan-
guages paired with Estonian as well as
23 more Finno-Ugric languages and va-
rieties, ranging from mid-resource exam-
ples with tens of thousands of speakers
to extremely low-resource critically endan-
gered languages with less than a hundred
speakers. The translation models use Un-
babel Tower+ 2B and 9B as their start-
ing point. We compare their performance
on two benchmarks to DeepL and GPT-
5.2 and show that in most cases we sur-
pass the quality of DeepL and match or
nearly match the quality of GPT-5.2’s out-
put with just a fraction of the parame-
ters. Among other contributions we also
restore the paragraph structure of a mas-
sive synthetic multiparallel corpus for Es-
tonian translation and use it in training
the models. The resulting models, train-
ing scripts and training data are released
openly.

1 Introduction

The discrepancy in the level of support between
high-resource languages like English or Chinese
and lesser-resourced languages is a well-known is-
sue in natural language processing (NLP). Despite
the emergence of massively multilingual language
models that cover dozens, hundreds, or even thou-
sands of languages (Martins et al., 2025; Jiang et
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al., 2023; Ji et al., 2025; Apertus et al., 2025; Com-
munication et al., 2023), the output quality has
high variance between the languages and the mod-
els often fail to properly support language- and
culture-centric content (Ortega and Church, 2023;
Mager et al., 2023). As Joshi et al. (2020) empha-
size in their taxonomy of language resource dis-
parities, the vast majority of the world’s languages
remain systematically neglected.

Here we describe the process of creating gen-
erative translation models for Estonian and its
“relatives”: the under-resourced languages from
the Finno-Ugric (F-U) family. We pair Estonian
with 12 high-resource languages based on their
regional and global relevance. We also include
in training the parallel data for 23 F-U languages
and varieties, several of which are critically en-
dangered and extremely under-resourced. The
goal here is to provide these languages with ad-
ditional support via cross-lingual transfer learning
from a strong multilingual model that already in-
cludes their higher-resourced relatives, Estonian
and Finnish.

A significant contribution of our work is the
preparation of a diverse set of translation exam-
ples for the included translation directions. A
large portion of the data was sentence-level syn-
thetic back-translation data and had to be restored
to paragraph-level grouping via alignment with the
original document-level source data. This as well
as creating paragraph pairs had a number of tech-
nical challenges, listed in the sections below. We
make all resulting prepared training data openly
available1.

With two Tower+ translation models (Rei et al.,
2025), sized 2B and 9B as base models, we de-

1https://huggingface.co/datasets/tartuNLP/SynEstParallel



scribe the fine-tuning process and evaluate the re-
sults on two benchmarks: FLORES-200 (Team et
al., 2022) and WMT24++ (Deutsch et al., 2025).
The low-resource F-U language quality is eval-
uated using SMUGRI-FLORES (Yankovskaya et
al., 2023; Pashchenko et al., 2025). Our evalua-
tion results show that, although the models are rel-
atively small (2B and 9B parameters), our larger
model generally outperforms DeepL2, a widely
used translation system for high-quality machine
translation, and mostly matches the quality of
translations produced by GPT-5.23. We release
models 4 and scripts used in this work5.

Our contributions are thus rather technical than
research-oriented. We prepare and release a mas-
sive parallel dataset and show its usefulness via
also training and releasing translation models that
achieve high output quality.

The remainder of the paper is organized as fol-
lows. Section 2 provides background and reviews
related work on Estonian and low-resource Finno-
Ugric languages. Section 3 describes the data, its
preprocessing, and fine-tuning of the Tower+ mod-
els. Section 4 presents the automatic evaluation
of both models and analyzes a specific discourse-
level phenomenon: gender-ambiguous references
in Estonian.

2 Background and Related Work

Our focus is on Estonian and under-resourced
Finno-Ugric languages. Estonian has a fair share
of support (Kuulmets et al., 2025) and it is added
in language models like Llama 3 (Grattafiori et al.,
2024) and EuroLLM (Martins et al., 2025) as well
as commercial services like DeepL2 and Google
Translate6. Furthermore, in 2025 it was simultane-
ously added to three public evaluation campaigns:
WMT general translation shared task (Kocmi et al.,
2025), IWSLT offline speech translation task (Ab-
dulmumin et al., 2025) and NLP4CALL Multi-
GEC grammatical correction shared task (Masci-
olini et al., 2025).

There are some efforts on providing language-
specific models for Estonian, including Est-
LLM (Dorkin et al., 2026) and TildeOpen-
LLM (Bergmanis et al., 2026), neither of which
2https://www.deepl.com/en/products/translator
3https://openai.com/index/introducing-gpt-5-2/
4https://huggingface.co/tartuNLP/Tigutorn2B,
https://huggingface.co/tartuNLP/Tahetorn9B
5https://koodivaramu.eesti.ee/tartunlp/translate
6https://translate.google.com/

are translation models or include tuning to trans-
lation instructions. Some Estonian-centric transla-
tion models were previously developed (Bergma-
nis et al., 2022; Korotkova and Fishel, 2024) but
all belong to the previous generation of trans-
lation models. Previous massively multilingual
models like NLLB (Team et al., 2022), Seam-
lessM4T (Communication et al., 2023) and MAD-
LAD (Kudugunta et al., 2023) all include Estonian
but lose in quality to the Estonian-centric models.

Lower-resourced Finno-Ugric languages have
been studied extensively in the context of NLP,
including rule-based translation work for Sámi
languages (Antonsen et al., 2016; Trosterud
and Unhammer, 2012) and neural translation
models for 19 low-resource Finno-Ugric lan-
guages (Yankovskaya et al., 2023; Purason et al.,
2024)7. In this work, we include several languages
that were not supported in these earlier works,
namely Pite Sámi, Kildin Sámi, Ingrian and Votic.

3 Model Training Details

The included translation directions were selected
to cover both regionally relevant and globally
prevalent languages. Regionally relevant lan-
guages include Finnish, Latvian, Lithuanian,
Swedish, Russian, and Ukrainian; globally preva-
lent languages include English, German, French,
Spanish, Chinese, and Arabic. All 12 languages
were included as input and output, resulting in 24
translation directions.

3.1 Training Data

Below we describe the preparation of the train-
ing data and the way the models were fine-tuned.
One of the goals of our work was to enable the re-
sulting translation models to handle multiple sen-
tences in a single request. This is especially impor-
tant for genderless languages like Estonian and its
low-resource F-U relatives due to genderless pro-
nouns and the need to resolve them outside of the
sentence (Pashchenko et al., 2025).

A large portion of the training data, the SynEst
corpus (Korotkova and Fishel, 2024) consists of
back-translation data that was created with older
sentence-level translation models. We restored the
paragraph-level alignment of the data based on
the original source material, which presented some

7Though the authors state “20 low-resource F-U languages”,
we consider Proper Karelian and Livvi Karelian as two di-
alects of the same language.



Corpus Original Sentences Deleted Missing (Initial) Missing (Final) Recovered (%) Final Translated

OpenSubtitles 441.4M 161.9k 1.6M 45.8k 97.1% 441.2M
UNPC 34.5M 196.2k 1.3M 632.7k 51.3% 33.7M
ENC 2.2B 18.5M 175.8M 161.2M 8.3% 2.0B

Total 2.6B 18.9M 277.7M 161.9M 41.7% 2.4B

Table 1: Document-level reconstruction statistics for the synthetic corpora. “Missing (Initial)” and “Missing (Final)” represent
alignment failures before and after applying text normalization techniques. “Recovered (%)” denotes the proportion of initially
missing sentences rescued through this processing.

challenges – below we describe the way these were
tackled.

Restoring SynEst Paragraphs

The SynEst corpus consists of several monolin-
gual corpora that were machine-translated to serve
as synthetic (back-translated) data. While some of
these have the original sentence order scrambled
(Newscrawl, Paracrawl), other parts are based on
corpora with the original order of sentences pre-
served (OpenSubtitles, UNPC and ENC, the Es-
tonian National Corpus). This naturally leads to
the possibility of restoring the document and para-
graph structure in the SynEst corpus source-side
and projecting it to the generated translations: even
though the translations were done with a sentence-
level system, the original texts can support learn-
ing inter-sentential phenomena.

Still, turning it into a parallel corpus with
paragraph-level alignments presented a number of
challenges. As the original corpus was created
with sentence pairs in mind, some source sen-
tences were skipped during translation (Korotkova
and Fishel, 2024) – leading to possible gaps in the
documents.

Moreover, the corpus was composed of pro-
cessed source sentences instead of the original
ones – which, for instance, resulted in the trans-
lation models occasionally replacing unrecognized
symbols with <unk> tokens, which prevented ex-
act string matching. Additionally, errors such
as unescaped ampersand symbols in the UNPC
dataset caused crashes during XML tree parsing.
To maximize sentence matching and bypass these
artifacts, we applied targeted text normalization:
we systematically removed the <unk> tokens and
temporarily stripped all non-ASCII characters and
numbers from the source material and source-
side SynEst corpus sentences during the alignment
phase to ensure consistent matching.

This data processing and normalization signifi-
cantly minimized data loss and rescued a massive

amount of paragraph context. Out of the 2.6 bil-
lion total sentences in the original source corpora,
277.7 million sentences were initially missing due
to alignment mismatches. By applying our nor-
malization and replacement strategies, we success-
fully recovered 115.8 million of these sentences,
representing a 41.7% rescue rate of the missing
data. As detailed in Table 1, the final document-
level reconstructed corpus retains 2.4 billion trans-
lated sentences with only a 7% overall data loss,
providing a robust, context-rich dataset for fine-
tuning our generative translation models.

Other Training Data
We also included native paragraph-level parallel

data from DocHPLT (O’Brien et al., 2025) as well
as sentence-level parallel data from several corpora
in the OPUS collection (Tiedemann, 2012).

Parallel data for low-resource F-U languages
was taken from a public repository8. This con-
stituted only 7% of the total training data, when
counting by the ratio of output tokens. The in-
cluded languages were:

Finnic: Võro (Southern Estonian), Livonian,
Izhorian, Votic, Karelian (including Proper Kare-
lian and Livvi Karelian), Ludian and Veps

Sámi: Northern Sámi, Inari Sámi, Southern
Sámi, Skolt Sámi, Lule Sámi, Kildin Sámi and Pite
Sámi

Permic: Komi Zyrian, Komi Permyak, Udmurt

Mari: Meadow Mari, Hill Mari

Mordvin: Erzya, Moksha

Ugric: Mansi, Khanty
Several of these languages actually consist of

multiple dialects, which were kept in the input to
inform the translation models of which dialect they
are taught to generate. For instance, Khanty splits
into Kazym Khanty, Surgut Khanty, etc.
8https://huggingface.co/datasets/tartuNLP/smugri4-data



Native (human) data, directions from Estonian to:

Arabic Chinese English Finnish French German Latvian Lithuanian Russian Spanish Swedish Ukrainian

Segments 1.8M 15k 8.6M 1.3M 991K 2.6M 703k 725k 1.2M 1.4M 1.3M 763K
Source Words 8.9M 148K 113.0M 12.4M 15.1M 41.2M 9.0M 7.4M 7.6M 20.7M 15.3M 3.8M
Target Words 8.3M 21K 156.7M 11.6M 22.7M 53.5M 9.9M 7.8M 8.2M 31.1M 19.1M 3.9M

Native (human) data, directions into Estonian from:

Arabic Chinese English Finnish French German Latvian Lithuanian Russian Spanish Swedish Ukrainian

Segments 1.8M 15K 8.6M 1.3M 991K 2.6M 703K 725K 1.2M 1.4M 1.3M 763K
Source Words 8.3M 21K 156.7M 11.6M 22.7M 53.5M 9.9M 7.8M 8.2M 31.1M 19.1M 3.9M
Target Words 8.9M 148K 113.0M 12.4M 15.1M 41.2M 9.0M 7.4M 7.6M 20.7M 15.3M 3.8M

Synthetic (back-translation) data, synthetic data back-translated from Estonian to:

Arabic Chinese English Finnish French German Latvian Lithuanian Russian Spanish Swedish Ukrainian

Segments 14.0M 32.8M 84.1M 55.9M 50.5M 64.2M 40.1M 39.8M 75.5M 52.6M 56.3M 60.3M
Source Words 132.0M 47.2M 1361.3M 690.5M 925.7M 967.6M 557.5M 544.7M 1071.6M 945.3M 834.7M 875.4M
Target Words 116.9M 338.0M 994.8M 731.5M 631.8M 751.4M 518.7M 522.4M 929.4M 650.5M 688.1M 775.9M

Table 2: Amount of native (human) and synthetic (back-translated) parallel data used for training Tigutorn and Tähetorn. An
additional 16.2M segments (390.3M source words, 563.5M target words) was back-translated from English to Estonian. This
makes a total of 804.1M segments (11.3B source words, 10.2B target words), of which about 84% is synthetic.

Training Data Filtering
Finally, we filtered the resulting mix of data

heurisitcally, using OpusFilter (Aulamo et al.,
2020) and then using COMET-Kiwi (Rei et al.,
2022) as a source of quality estimates and set-
ting a quality threshold of 0.85. The resulting
data sizes are shown in Table 2. 84% of the data
(8.58 × 109 target words) consisted of synthetic
translations (back-translation and pivot-generated
F-U data) and the remaining 16% (1.62× 109 tar-
get words) was native parallel data.

3.2 Model Fine-tuning
The Tower+ models (Rei et al., 2025) were se-
lected as base models due to their strong transla-
tion performance. These models do not officially
support Estonian or other F-U languages and had
to be fine-tuned. We focused on the smaller ver-
sions of Tower+, namely the 2B and 9B versions.
We transferred the naming of the original model to
Estonian and called the resulting models Tigutorn
(2B) and Tähetorn (9B)9.

Since the base models are instruction-tuned, we
performed supervised fine-tuning, matching the
Tower+ instruction format. Computational re-
sources for the fine-tuning were provided by the
LUMI Supercomputer10. We ran the process until
the model had seen all of the high-resource train-
ing examples once and the low-resource F-U data
9Both Tähetorn and Tigutorn are well-known tower land-
marks in Tartu, Estonia.
10As one of the most eco-efficient data centers in
the world, LUMI reports a carbon-negative foot-
print: https://csc.fi/en/news/lumi-europes-most-powerful-
supercomputer-is-solving-global-challenges-and-promoting-
a-green-transformation/

twice, adjusting data sampling accordingly. With a
batch size of 8192 segments (adjusted to 256 GPUs
/ 32 nodes via gradient accumulation) this resulted
in 98’000 update steps. The learning rate was set
to 10−4 via a preliminary grid search and selection
of the most quickly reducing loss value.

4 Evaluation

In this section, we evaluate the translation quality
of both systems using automatic evaluation met-
rics and examine whether the systems can resolve
gender-ambiguous references in Estonian.

We first report the results for translation be-
tween Estonian and other high-resource languages
in both directions. We then present the evaluation
results for low-resource languages. This separa-
tion is necessary because, for high-resource lan-
guages, more reliable neural network-based met-
rics can be applied, here we used reference-less
COMETKiwi-XL (Rei et al., 2023) and reference-
based xCOMET-XL (Guerreiro et al., 2024). Since
modern neural network-based metrics do not sup-
port the low-resource languages in our setting, we
use ChrF++ (Popović, 2017) for their evaluation.

In addition to automatic evaluation, we analyze
a specific discourse-level phenomenon: gender-
ambiguous references in Estonian. This analysis
focuses on cases where the source text does not
explicitly encode gender, but the target language
requires gender-marked forms, such as pronouns
or verb forms.



est → x x → est

ara zho eng fin fra deu lav lit rus spa swe ukr ara zho eng fin fra deu lav lit rus spa swe ukr

FLORES
Tigutorn 0.533 0.654 0.832 0.761 0.691 0.743 0.656 0.579 0.726 0.773 0.731 0.648 0.594 0.738 0.850 0.767 0.756 0.826 0.673 0.637 0.760 0.805 0.772 0.610
Tähetorn 0.599 0.671 0.836 0.775 0.697 0.760 0.681 0.637 0.740 0.780 0.742 0.670 0.613 0.743 0.851 0.770 0.754 0.829 0.673 0.646 0.769 0.807 0.772 0.611
GPT-5.2 0.641 0.689 0.839 0.785 0.698 0.768 0.690 0.674 0.747 0.785 0.746 0.678 0.618 0.757 0.857 0.768 0.763 0.827 0.679 0.641 0.770 0.810 0.771 0.617
DeepL 0.622 0.654 0.832 0.765 0.687 0.756 0.667 0.652 0.730 0.773 0.732 0.658 0.593 0.713 0.844 0.743 0.741 0.815 0.650 0.615 0.746 0.788 0.754 0.597

WMT24++
Tigutorn 0.452 0.529 0.750 0.628 0.545 0.632 0.520 0.431 0.587 0.657 0.594 0.510 0.423 0.629 0.739 0.645 0.607 0.722 0.549 0.520 0.655 0.705 0.629 0.508
Tähetorn 0.489 0.550 0.757 0.643 0.567 0.659 0.543 0.493 0.602 0.665 0.610 0.531 0.468 0.646 0.751 0.652 0.623 0.729 0.556 0.532 0.659 0.713 0.638 0.514
GPT-5.2 0.493 0.556 0.751 0.643 0.554 0.645 0.549 0.514 0.551 0.606 0.595 0.528 0.510 0.615 0.760 0.651 0.620 0.724 0.547 0.524 0.650 0.707 0.628 0.506
DeepL 0.495 0.535 0.749 0.629 0.547 0.649 0.522 0.494 0.589 0.654 0.601 0.518 0.475 0.596 0.720 0.628 0.586 0.702 0.529 0.509 0.618 0.675 0.615 0.480

Table 3: CometKiwi-XL scores for Estonian↔x translation across 12 language pairs on FLORES and WMT 24++. Within
each dataset block, the best score in each column is shown in bold and the second-best distinct score is underlined.

est → x x → est

ara zho eng fin fra deu lav lit rus spa swe ukr ara zho eng fin fra deu lav lit rus spa swe ukr

FLORES
Tigutorn 0.642 0.810 0.960 0.919 0.839 0.937 0.820 0.720 0.901 0.899 0.917 0.868 0.799 0.903 0.948 0.934 0.916 0.945 0.896 0.876 0.930 0.927 0.936 0.896
Tähetorn 0.755 0.840 0.967 0.944 0.858 0.949 0.871 0.821 0.920 0.912 0.936 0.897 0.842 0.921 0.950 0.942 0.925 0.951 0.906 0.891 0.938 0.937 0.943 0.908
GPT-5.2 0.842 0.863 0.972 0.955 0.871 0.958 0.896 0.894 0.929 0.921 0.943 0.910 0.868 0.926 0.952 0.940 0.923 0.948 0.908 0.897 0.936 0.933 0.942 0.908
DeepL 0.833 0.842 0.957 0.937 0.857 0.950 0.870 0.874 0.917 0.902 0.930 0.896 0.843 0.889 0.941 0.919 0.906 0.938 0.884 0.866 0.920 0.917 0.924 0.891

WMT24++
Tigutorn 0.484 0.653 0.872 0.807 0.654 0.831 0.670 0.557 0.731 0.755 0.791 0.697 0.494 0.763 0.836 0.829 0.776 0.837 0.761 0.721 0.790 0.811 0.816 0.767
Tähetorn 0.563 0.681 0.890 0.849 0.686 0.859 0.715 0.653 0.763 0.783 0.824 0.741 0.591 0.796 0.850 0.849 0.803 0.851 0.775 0.751 0.808 0.829 0.832 0.783
GPT-5.2 0.623 0.742 0.913 0.872 0.729 0.877 0.758 0.728 0.787 0.807 0.844 0.762 0.723 0.828 0.880 0.865 0.821 0.866 0.807 0.786 0.819 0.856 0.854 0.809
DeepL 0.595 0.680 0.873 0.835 0.672 0.857 0.700 0.695 0.759 0.767 0.805 0.740 0.635 0.739 0.810 0.816 0.762 0.821 0.750 0.725 0.764 0.795 0.805 0.750

Table 4: xCOMET-XL scores for Estonian↔x translation across 12 language pairs on FLORES and WMT24++. Within each
dataset block, the best score in each column is shown in bold and the second-best distinct score is underlined.

4.1 Evaluation of High-Resource Languages

For the evaluation of high-resource languages, we
used two datasets: the devtest split of FLORES-
200, which contains 1012 segments from Wiki-
media (Team et al., 2022) and WMT24++, which
consists of 998 source texts from four domains:
literary, news, social, and speech (Deutsch et al.,
2025).

In addition to comparing our two models, we in-
clude DeepL2 and GPT-5.23 as strong baselines11.

Both metrics show similar overall trends. First,
WMT24++ appears to be more challenging bench-
mark than FLORES-200. Second, according to
both metrics, translation into Estonian is system-
atically easier than translation out of Estonian.

According to COMETKiwi-XL (Table 3), GPT-
5.2 achieves the best average performance on
FLORES, but this advantage does not carry over
to WMT24++ dataset, where Tähetorn ranks first
11We did not evaluate our systems against the Tower mod-
els, as these models do not officially support Estonian. Al-
though they may have some knowledge of Estonian, we tested
both Tower models on the WMT24++ dataset using English,
the most common language. Both systems, Tower+ 2B and
Tower+ 9B, obtained low CometKiwi-XL scores when trans-
lating into Estonian: 0.398 and 0.399, respectively. Transla-
tion from Estonian yielded better results, with scores of 0.672
and 0.668, respectively. Still, after fine-tuning the scores go
up significantly: to 0.739 and 0.751 for English-Estonian and
to 0.75 and 0.757 for Estonian-English (for 2B and 9B).

overall. On WMT24++ dataset DeepL and GPT-
5.2 show similar performance. Though the differ-
ences between all systems are relatively small.

According to xCOMET-XL (Table 4), GPT-
5.2 achieves the best overall performance across
all Estonian-centric translations and both datasets.
Its advantage is particularly strong on WMT24++
dataset, where it ranks first on all language pairs.
Tähetorn, the larger of our two models, consis-
tently outperforms Tigutorn, indicating that scal-
ing from 2B to 9B yields gains for nearly all lan-
guage pairs. DeepL performs between Tähetorn
and Tigutorn.

Overall, the results do not identify a single
system that dominates across both metrics and
datasets, although GPT-5.2 and Tähetorn generally
outperform DeepL and Tigutorn.

4.2 Gender Ambiguity in Paragraph-level
Translation

Here, we examine whether our systems can resolve
gender-ambiguous references using discourse con-
text. The issue is particularly relevant for Estonian
and other Finno-Ugric languages, where personal
pronouns, surnames and verb forms do not encode
gender. As a result, without sufficient context, it
is impossible to determine whether a masculine
or feminine pronoun, adjective, verb, etc. should



Original paragraph in Estonian

Professionaalseks fotograafiks võeti Lembit/Veera Peegel tööle alles 1987. aastal Maalehte. Spordifotosid ta aga
ei jätnud. “Sport oli minu teine armastus, nagu öeldakse. Kui ma töötasin Maalehes, käisin ikka spordivõistlustel.”
Spordilehte kutsuti Peegel tööle 1989. aastal. “Palk oli väiksem, tööd oli kindlasti rohkem, honorari ka maksti. Siis ma
küsisin abikaasa käest, kas minna või mitte minna. Abikaasa ütles, et kui sa armastad mind ja sporti, siis palun mine,”
meenutas ta. Ka nüüd, olles 88-aastane, pole Peegel sporti jätnud. “Sel aastal lähen ka kindlasti jalgpalli, korvpalli ja
kergejõustikku pildistama,” on ta kindel. “Aga nüüd ma valin muidugi ilma ja temperatuuri,” muigas ta.

Translation with a female first name

Veera Peegel was hired as a professional photographer only in 1987 at Maaleht. However, she did not stop taking sports
photos. “Sports was my second love, as they say. When I worked at Maaleht, I still went to sports competitions.” Peegel
was invited to work at Spordileht in 1989. “The salary was smaller, there was definitely more work, and I was paid a fee.
Then I asked my husband whether to go or not to go. My husband said that if you love me and sports, then please go,”
she recalled. Even now, at the age of 88, Peegel has not given up on sports. “This year I will definitely go to take photos
of football, basketball and track and field,” she is sure. “But now I choose the weather and temperature, of course,” she
smiled.

Translation with a male first name

Lembit Peegel was hired as a professional photographer only in 1987 at Maaleht. However, he did not give up sports
photography. “Sports was my second love, as they say. When I worked at Maaleht, I still went to sports competitions.”
Peegel was invited to work at Spordileht in 1989. “The salary was smaller, there was definitely more work, and I was
paid a fee. Then I asked my wife whether to go or not to go. My wife said that if you love me and sports, then please
go,” he recalled. Even now, at the age of 88, Peegel has not given up sports. “This year, I will definitely go to photograph
football, basketball and track and field,” he is sure. “But now I choose the weather and temperature, of course,” he
smiled.

Table 5: Example output of Tähetorn for a gender-contrastive paragraph pair, showing consistent translation of gendered pro-
nouns and context-dependent translation of Estonian “abikaasa” (“spouse”) as “husband” or “wife” according to the referent’s
gender.

be used when translating into languages that en-
code grammatical gender (e.g. pronouns in En-
glish and several parts of speech in German, Rus-
sian, French, and others). To explore this question,
we conducted two experiments.

Gender Ambiguity with Names as Cue
In the first experiment, we extracted Estonian

paragraphs from local news media in order to eval-
uate the systems on naturally occurring discourse
contexts. The selected paragraphs contained at
least two sentences and mentioned a person by first
name. Subsequent sentences either contained the
pronoun “tema” – corresponding to both “she” and
“he” in English – or referred to the same person by
surname only, for example “Tamm said”. In Esto-
nian, such references remain gender-ambiguous.

For each original paragraph, we created an ad-
ditional version of it with a first name from the
other gender. Thus, when the original contained
a female first name, we created the male version
by replacing only the first name, and vice-versa.
All other parts of the paragraph were kept un-
changed. Together, these two versions formed one
gender-contrastive paragraph pair. This setup tests
whether the system can use the gender informa-
tion provided by the first name to resolve gender-
ambiguous references elsewhere in the paragraph.

We then translated both versions into English
and Russian. These two target languages dif-
fer in how gender ambiguity affects translations.
In English, the ambiguity is relevant only when
the translation requires a gender pronoun (“he” or
“she”). In cases where no pronoun is required, for
example “Tamm said”, the sentence remains gram-
matically correct regardless of whether “Tamm”
refers to a woman or a man. In Russian, however,
the translator needs to know the person’s gender,
because past-tense verbs are gender-marked. This
difference in gender-marking requirements led to
different numbers of paragraphs in the English and
Russian evaluations.

We evaluated the translations at the level of
paragraph pairs. A pair was counted as correct
only if both the female-name and male-name ver-
sions reflected the intended gender. If either ver-
sion in the pair contained an incorrect gender as-
signment, the entire pair was counted as containing
a gender-related error.

The results show that both systems are often
able to infer the gender associated with the first
name and use this information to translate gender-
marked forms consistently. Overall, the larger
model (Tähetorn) performs more reliably than the
smaller system (Tigutorn) both in terms of gender
consistency and in its lower tendency to omit or
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Estonian 53.2 50.5 66.5 52.0 50.9 47.5 36.6 37.6 35.1 36.2 45.5 35.1 38.8 34.3 38.8 41.9 37.3 21.9 16.0
Finnish 53.8 48.5 61.5 49.7 48.2 36.1 32.2 37.8 36.5 38.3 53.5 34.9 34.0 34.2 37.9 38.1 35.9 21.8 16.9
Hungarian 52.9 49.4 61.7 50.3 47.8 35.3 31.7 36.2 32.3 35.4 44.1 34.6 34.4 34.4 38.5 37.6 36.1 21.3 16.6
English 61.4 55.7 54.6 56.5 55.5 37.5 34.1 37.5 33.8 36.5 46.6 35.4 35.3 33.8 40.3 40.7 37.5 22.1 14.5
Latvian 56.1 52.3 50.9 64.4 50.3 36.1 33.1 38.3 33.9 36.8 44.1 36.0 36.0 36.4 40.5 40.4 38.0 23.0 16.6
Russian 54.6 49.5 48.3 63.7 51.2 35.7 33.3 43.5 36.5 41.1 45.7 43.5 36.9 43.0 48.7 48.7 45.9 25.7 20.0

Võro 70.3 47.9 45.8 55.9 45.9 44.1 34.8 35.3 32.2 34.2 41.7 33.0 37.3 32.9 35.0 37.3 33.8 21.5 17.7
Livonian 58.8 45.8 44.1 54.3 44.6 42.2 37.7 34.7 32.5 33.9 40.9 34.0 35.8 32.7 34.1 37.5 33.7 20.9 16.4
Veps 44.8 44.5 40.7 47.7 42.7 47.8 31.0 30.0 34.0 38.1 40.2 37.4 34.5 36.8 39.1 40.7 37.5 24.0 19.0
Ludic 49.8 52.9 43.5 50.9 44.8 46.4 32.4 31.9 39.4 39.9 44.1 35.7 35.1 35.1 37.4 39.0 35.9 23.1 18.2
Livvi Karelian 46.8 50.3 43.0 51.6 44.5 49.2 30.8 29.5 40.2 34.8 43.1 37.3 34.4 36.4 39.1 40.4 36.7 22.8 17.7
Proper Karelian 51.3 60.9 47.5 57.1 47.1 47.0 34.1 31.5 38.7 35.5 39.1 36.0 35.4 35.9 37.7 39.9 36.6 21.7 17.9

Erzya 43.0 44.0 42.2 51.1 43.4 56.3 30.7 29.6 38.8 30.9 35.8 39.3 34.2 38.3 43.0 42.6 39.5 25.3 17.5
Moksha 49.4 43.5 42.1 49.5 42.0 41.1 33.0 29.8 34.4 30.6 32.9 37.4 34.4 32.2 36.3 37.9 34.4 23.0 17.6

Hill Mari 44.1 44.4 43.1 52.4 44.2 52.2 31.6 29.3 37.4 31.5 35.2 38.9 38.5 33.3 46.4 41.2 41.1 25.1 19.5
Meadow Mari 44.1 45.0 44.0 53.2 45.3 56.9 31.4 29.8 38.3 32.1 35.5 39.6 39.0 35.0 43.8 42.3 41.8 26.6 20.7

Komi-Zyrian 47.8 45.1 42.8 52.1 45.7 53.9 32.8 30.8 39.1 32.7 36.3 40.6 39.4 36.2 39.2 42.8 40.5 25.2 20.8
Udmurt 45.2 44.9 44.3 52.3 45.0 57.3 31.9 30.0 39.1 33.1 36.5 40.2 38.7 34.5 41.4 44.9 43.5 26.2 20.9

Mansi 37.9 36.8 34.4 39.7 36.0 39.7 26.5 24.4 31.3 26.2 29.1 32.0 31.8 28.4 31.0 35.5 33.6 33.1 17.1
Kazym Khanty 34.0 34.1 31.7 36.5 31.6 35.5 25.2 23.5 30.0 24.9 28.6 29.8 29.0 26.5 27.5 31.2 32.3 30.1 21.2

Table 6: ChrF++ scores for 20 languages on the subset of FLORES-200 dataset, 14 of which are low-resource Finno-Ugric
languages or dialects. These are grouped according to their respective subfamilies. The color scheme used in the table ranges
from yellow to green for lower to higher scores.

avoid the relevant gender-marked reference.

For Estonian-Russian, both systems were eval-
uated on 43 paragraphs. Tigutorn left the rel-
evant sentence untranslated in one case, leaving
42 evaluable outputs. Of these, seven contained
a gender-related error. In six cases, the system
inferred the person’s gender incorrectly and used
gender-marked forms consistent with the wrong
gender. In one additional case, the system used a
feminine noun form but later referred to the same
person as male. Tähetorn compressed two two-
sentence paragraphs into single-sentence outputs,
however, these outputs still preserved the correct
gender marking and were therefore included in
the gender evaluation. Overall, it produced one
gender-related error, where a masculine noun form
was used instead of the required feminine form.

For Estonian-English, both systems were eval-
uated on 39 paragraphs. Tigutorn failed to trans-
late the final relevant sentence in four cases and
rephrased two outputs in a way that avoided the
use of a gendered pronoun, leaving 33 evaluable
outputs. Among them, four outputs contained an
incorrect gender assignment. Tähetorn left the rel-
evant sentence untranslated in two cases. It also
merged two two-sentence paragraphs into single-
sentence outputs, but in both cases the gendered
pronoun was translated correctly; these outputs
were therefore counted as correct for gender as-
signment. Among the 37 evaluable pairs, one con-
tained an incorrect gender assignment.

Table 5 presents an example from Tähetorn
output for one gender-contrastive paragraph pair.
The example shows that the system translates
gendered pronouns consistently and also resolves
the gender-neutral Estonian noun “abikaasa”
(“spouse”) according to the referent’s gender.

Gender Ambiguity with Keywords as Cue

The second experiment used a similar gender-
contrastive setup, but differed in the type of gen-
der cue. Whereas the first experiment tested
whether the systems could infer gender from first
names, the second tested whether they could use
explicit lexical gender cues in the discourse. These
cues included words such as “sister/brother”,
“woman/man”, “mother/father”.

For this experiment, we created 15 gender-
contrastive pairs of short segments, each consist-
ing of two or three sentences. The two segments
in each pair were identical except for the gender
of the referent. Unlike the first experiment, which
used naturally occurring news paragraphs, these
examples were designed specifically for this eval-
uation.

As in the first experiment, the segments were
translated into English and Russian, and the eval-
uation was conducted at the level of gender-
contrastive pairs. A pair was counted as correct
only if both versions preserved the intended gen-
der consistently.

Tähetorn, the large system, preserved the in-



tended gender across all segments and both target
languages. Tigutorn, the small system, made one
gender-related error: when translating a segment
containing “vanaisa” (“grandfather”) to Russian, it
used female pronouns. In some outputs, the sys-
tems combined all sentences into a single sentence;
however, the gender marking remained correct and
consistent with the intended referent.

Overall, both experiments demonstrated that
both systems handle gender ambiguity well.

4.3 Evaluation of Low-Resource Languages

To evaluate low-resource F-U languages, we used
SMUGRI-FLORES (Yankovskaya et al., 2023;
Pashchenko et al., 2025). It consists of 250 seg-
ments taken from the devtest split of FLORES-200
and covers 14 language varieties: Mansi, Kazym
Khanty (modern orthography), Komi Zyrian, Ud-
murt, Hill Mari, Meadow Mari, Moksha, Erzya,
Livonian, Veps, Võro, Ludic, Karelian Proper,
and Livvi Karelian. We aligned these with six
high-resource languages: Estonian, Finnish, and
Hungarian, as languages from the same language
group; Russian and Latvian, as supported lan-
guages for some low-resource languages; and En-
glish, as one of the main world languages.

Table 6 shows the expected patterns: the
model performs better when translating from low-
resource languages into high-resource languages
(46.1± 6.7) than in the opposite direction (35.5±
7.8), while the lowest quality is observed in trans-
lation between low-resource languages (33.2 ±
6.6). However, some low-resource to low-resource
directions still achieve relatively strong results,
particularly when the languages are closely re-
lated, as in Hill Mari into Meadow Mari. More
generally, performance is usually best when trans-
lating into a closely related language, such as Võro
into Estonian, or into a language with training sup-
port, like Udmurt into Russian. Translation from
low-resource languages into English usually yields
the second-best score, except for Livvi Karelian
and Kazym Khanty, for which translation into En-
glish achieves the best result.

Although several languages in our study are also
covered in previous work (Purason et al., 2024),
they do not report individual metrics for separate
translation pairs, only average values, making a
direct comparison per translation pair impossible.
Comparison between the average scores of their
work and Tähetorn, computed in the same way,

shows noticeable improvement (see Table 7).

chrF++

low-low 34.9 (+2.5)
low-high 46.2 (+2.4)
high-low 35.8 (+1.9)

Table 7: Average chrF++ scores across different language
pair clusters for nine low-resource languages Komi, Udmurt,
Hill and Meadow Mari, Erzya, Moksha, Livonian, Mansi,
Livvi Karelian; numbers in brackets indicate the improvement
of the Tähetorn over the previous work (Purason et al., 2024).
Low-low - translations from low-resource to low-resource,
low-high - from low-resource to high-resource, high-low -
from high-resource to low-resource languages.

5 Conclusions

We presented the newly developed Estonian-
centric generative MT models Tigutorn (2B) and
Tähetorn (9B). The models were trained on data
for translation directions from/into Estonian, cov-
ering 12 other high-resource languages, as well
as 23 more low-resource Finno-Ugric languages.
We also described the details of data preparation
and model training. Finally, we presented re-
sults of automatic evaluation, which compared the
two models to a commercial translation service
(DeepL) and a commercial language model (GPT-
5.2) and studied how gender-ambiguous Estonian
references are translated into English and Russian,
where gender must often be inferred from context.

Results show that it is possible, albeit via invest-
ing significant computational resources and data,
to match or surpass the performance of commer-
cial language and translation models with a much
smaller-scale open-weight model. The models,
data and all associated scripts are released openly.

One of limitations of the presented study is
that manual evaluation was limited to gender-
ambiguous references in Estonian. While this cap-
tures one discourse-level aspect of paragraph-level
translation, the overall comparison of model per-
formance relies on automatic metrics. Broader
qualitative analysis is therefore needed to better as-
sess the strengths and weaknesses of the developed
models.

Also, paragraph-level translation is only par-
tially evaluated. Other discourse-level phenomena
remain outside the scope of the evaluation, largely
due to the lack of document-level benchmarks and
suitable metrics for Estonian.

It would also be interesting to compare the per-



formance of our models on the few low-resource
Finno-Ugric languages supported elsewhere: for
instance, Northern Sami and Komi Zyrian in
Google Translate, as well as any of the F-U lan-
guages supported in GPT-5.2.

Finally, given the scale of the present study,
we conclude that further significant improvement
of translation between Estonian and other high-
resource languages can be achieved at relatively
great costs: by switching to significantly larger
models and/or performing massive-scale back-
translation with more monolingual data.

Acknowledgements

This work was supported by the National Program
for Estonian Language Technology Program un-
der project EKTB67: “Estonian Machine Transla-
tion: Adding New Functionality and Languages”,
funded by the Estonian Ministry of Education and
Research, as well as by the Estonian Research
Council grant PRG2006 (Language Technology
for Low-Resource Finno-Ugric Languages and Di-
alects). All computations were performed on the
LUMI Supercomputer through the University of
Tartu’s HPC center.

References
Abdulmumin, Idris, Victor Agostinelli, Tanel Alumäe,
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and Maike Züfle. 2025. Findings of the IWSLT
2025 evaluation campaign. In Salesky, Elizabeth,
Marcello Federico, and Antonis Anastasopoulos, ed-
itors, Proceedings of the 22nd International Con-
ference on Spoken Language Translation (IWSLT
2025), pages 412–481, Vienna, Austria (in-person
and online), July. Association for Computational
Linguistics.

Antonsen, Lene, Trond Trosterud, and Francis Tyers.
2016. A north saami to south saami machine transla-

tion prototype. Northern European Journal of Lan-
guage Technology, 4:11–27, 03.

Apertus, Project, Alejandro Hernández-Cano, Alexan-
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ter n-grams. In Bojar, Ondřej, Christian Buck, Rajen
Chatterjee, Christian Federmann, Yvette Graham,
Barry Haddow, Matthias Huck, Antonio Jimeno
Yepes, Philipp Koehn, and Julia Kreutzer, editors,
Proceedings of the Second Conference on Machine



Translation, pages 612–618, Copenhagen, Denmark,
September. Association for Computational Linguis-
tics.

Purason, Taido, Aleksei Ivanov, Lisa Yankovskaya,
and Mark Fishel. 2024. SMUGRI-MT - machine
translation system for low-resource Finno-Ugric lan-
guages. In Scarton, Carolina, Charlotte Prescott,
Chris Bayliss, Chris Oakley, Joanna Wright, Stuart
Wrigley, Xingyi Song, Edward Gow-Smith, Mikel
Forcada, and Helena Moniz, editors, Proceedings of
the 25th Annual Conference of the European Asso-
ciation for Machine Translation (Volume 2), pages
31–32, Sheffield, UK, June. European Association
for Machine Translation (EAMT).

Rei, Ricardo, Marcos Treviso, Nuno M. Guerreiro,
Chrysoula Zerva, Ana C Farinha, Christine Maroti,
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Evaluating North Sámi to Norwegian assimilation
RBMT. In España-Bonet, Cristina and Aarne
Ranta, editors, Proceedings of the Third Interna-
tional Workshop on Free/Open-Source Rule-Based
Machine Translation, pages 13–26, Gothenburg,
Sweden, June 13-15.

Yankovskaya, Lisa, Maali Tars, Andre Tättar, and Mark
Fishel. 2023. Machine translation for low-resource
Finno-Ugric languages. In Alumäe, Tanel and Mark
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