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Abstract
The political biases of Large Language Models (LLMs) are usually assessed by simulating their answers to English
surveys. In this work, we propose an alternative framing of political biases, relying on principles of fairness in
multilingual translation. We systematically compare the translation quality of speeches in the European Parliament
(EP), observing systematic differences with majority parties from left and right being better translated than outsider
parties. This study is made possible by a new, 21-way multiparallel version of EuroParl, the parliamentary proceedings
of the EP, which includes the political affiliations of each speaker. The dataset consists of 1.5M sentences for a
total of 40M words and 249M characters. It covers three years, 1000+ speakers, 7 countries, 12 EU parties, 25 EU
committees, and hundreds of national parties.
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1. Introduction

Parliamentary debates have long been used as a
major source of parallel texts in the history of Ma-
chine Translation (Brown et al., 1990). Notably, the
EuroParl dataset (Koehn, 2005) enabled the study
of an increasing diversity of language pairs as the
European Union (EU) was growing and played a
key part in WMT’s shared tasks (Koehn and Monz,
2006; Bojar et al., 2015; Kocmi et al., 2022). Given
their content, parliamentary debates are also rele-
vant for various fields, including political sciences
(Høyland et al., 2014; Deligiaouri, 2016; Schwal-
bach, 2024; Sebők et al., 2025). Unfortunately,
existing corpora derived from the European Par-
liament’s debates (including the noteworthy Eu-
roParl1) share two limitations (see Table 1):

• they are biparallel, i.e., they pair texts in two
languages, although speeches were originally
translated into n languages, which prevents
any multilingual comparable analysis;

• the associated metadata is incomplete.

To fill this gap, we build on LinkedEP (Noy et al.,
2017) to present 21-EuroParl, a 21-way multipar-
allel dataset aligned at the sentence level with ex-
tensive metadata, including information about the
speaker’s political affiliation (national and EU party),
see example on Figure 1. The dataset contains a
grand total of 72,234 instances and spans over
three years, from 2009 to 2011 (included). It com-
prises speeches from 1000+ speakers coming from
27 countries (see Figure 2), 12 EU parties, 25 EU
committees, and hundreds of national parties.

1Also available via OPUS (Tiedemann, 2012).

Feuille1

Page 1

speech 2011-01-19-Speech-3-084-000
date 2011-01-19
speaker Eumember_28251 (Jörg Leichtfried)
EU Committee TRAN
EU Party S&D
National party SPÖ_Austria
Country Austria
Bulgarian (bg) В Европа имаме свобода на печата.
Czech (cs) V Evropě máme svobodu tisku.
Danish (da) I Europa har vi pressefrihed.
German (de) In Europa gibt es die Pressefreiheit.
Modern Greek (1453-) (el) Στην Ευρώπη, έχουμε ελευθερία του τύπου.
English (en) In Europe, we have freedom of the press.
Spanish (es) En Europa tenemos libertad de prensa.
Estonian (et) Euroopas valitseb ajakirjandusvabadus.
Finnish (fi) Meillä on Euroopassa lehdistönvapaus.
French (fr) En Europe la presse est libre.
Hungarian (hu) Európában sajtószabadság van.
Italian (it) in Europa vige la libertà di stampa.
Lithuanian (lt) Europoje naudojamės spaudos laisve.
Latvian (lv) Eiropā pastāv preses brīvība.
Dutch (nl) In Europa hebben we persvrijheid.
Polish (pl) W Europie obowiązuje wolność prasy.
Portuguese (pt) Na Europa, existe liberdade de imprensa.
Romanian (ro) În Europa există libertatea presei.
Slovak (sk) V Európe máme slobodu tlače.
Slovenian (sl) V Evropi imamo svobodo tiska.
Swedish (sv) I EU har vi tryckfrihet och pressfrihet.

Figure 1: A fully worked-out example of 21-
EuroParl: a German (de) source sentence is
aligned to translations in 20 other languages. Meta-
data includes the speaker’s political affiliation.

To showcase the potential of 21-EuroParl, we
conduct a study on the political fairness of mul-
tilingual Large Language Models (LLMs). This
question is critical as LLMs are used daily through
chatbots by hundreds of millions of users (Milmo,
2023; Top Websites Ranking, 2025) and are in-
creasingly embedded in democratic procedures
and processes (Small et al., 2023; Tessler et al.,
2024; Revel and Penigaud, 2025). However, their
biases have so far mostly been assessed through
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Dataset # Lang. Pairs Sent. Align. Multiparallel EU Committee EU Party National Party OL
LinkedEP 420 ✗ ✓ ✓ ✓ ✓ ✓
MPDE 42 ✗ ✓ ✗ ✗ ✗ ✓
DCEP 253 ✓ ✗ ✗ ✗ ✗ ✗
EuroParl-UdS 2 ✓ ✗ ✓ ✓ ✓ ✓
EuroParl v10 420 ✓ ✗ ✗ ✓ ✗ ✓
Europarl-ST 12 ✓ ✓ ✓ ✓ ✓ ✓
21-EuroParl 420 ✓ ✓ ✓ ✓ ✓ ✓

Table 1: 21-EuroParl compared to related parallel datasets. OL: Original Language.

simulated surveys, written in English (Feng et al.,
2023; Rozado, 2023; Hartmann et al., 2023; San-
turkar et al., 2023; Durmus et al., 2024; Motoki
et al., 2024; Potter et al., 2024; Boelaert et al.,
2025; Röttger et al., 2024; Ceron et al., 2024). We
propose an alternative framing of political biases
and ask the following question: does LLM transla-
tion quality systematically vary depending on the
political content of the source text? The answer
is not straightforward as existing Machine Trans-
lation metrics are not well calibrated across lan-
guage pairs. We therefore introduce a novel way
to aggregate translation scores across multiple lan-
guage pairs and partisan speeches based on Borda
counts. We find systematic differences in scores
depending on the source languages, as well as the
party affiliation, across several model sizes and
families. In summary, our contributions are three-
fold:

• a new, 21-way multiparallel version of EuroParl,
including the political affiliation of speakers
(Section 3);

• a new Borda-based method to aggregate rank-
ings across language pairs (Section 4);

• observations regarding the politically unfair
translation of LLMs (Section 5).

We make our dataset, code, and translation out-
puts available for reproducibility2.

2. Related Work

2.1. From Parliamentary Speeches into
Multilingual Corpora

The preparation and release of EuroParl based
on the processing of speeches at the EP (Koehn,
2005) has had a major impact on machine trans-
lation for European languages. Since then, multi-
ple works have, like ours, extended EuroParl with
additional information or metadata, such as the
original source language or the political affiliation
of speakers. For instance, CoStEP (Graën et al.,

2https://github.com/PaulLerner/21-EuroParl

Figure 2: Countries covered in 21-EuroParl, mem-
bers of the European Union in 2009-2011 (Kolja21,
CC BY 3.0, via Wikimedia Commons)

2014) includes multiple automatic linguistic anno-
tations enabling various types of cross-lingual cor-
pus analyses. However, they are often limited to a
small number of languages, see Table 1. EuroParl-
UdS (Karakanta et al., 2018) extends EuroParl with
metadata about the original source language and
the political affiliation of the speaker, focusing on
only three languages. MPDE (Amponsah-Kaakyire
et al., 2021) augments EuroParl with information
about the original source language and about the
use of pivot translation through a third language
(e.g. fr-en then en-de instead of fr-de directly).
As this information is not explicitly available, they
approximate it by considering all translations from
2004 onward as performed through a pivot lan-
guage. Moreover, they are limited to 7 languages
and do not align texts at the sentence level. Iranzo-
Sánchez et al. (2020) focus on speech translation
and, like us, rely on LinkedEP to collect metadata.
However, their study is also limited to a subset of
four languages, dubbed Europarl-ST.

The undocumented EuroParl v10 now includes
speaker metadata, notably their EU party affilia-
tion.3 However, it is lacking the mention of the
relevant EU committee as well as the national party

3https://www.statmt.org/europarl/v10/

https://github.com/PaulLerner/21-EuroParl
https://www.statmt.org/europarl/v10/


248

affiliation. Moreover, it is only biparallel, which pre-
vents comparable analysis across languages.

Related to parliamentary debates, the DCEP
dataset covers various documents from the Euro-
pean Parliament, such as press releases (Hajlaoui
et al., 2014). However, to avoid overlap with Eu-
roParl, it does not contain the verbatim reports of
speeches made in the European Parliament’s ple-
nary. Moreover, it is only biparallel and does not
include metadata.

Finally, Yang et al. (2023) propose Multi-EuP
to assess the multilingual fairness of Information
Retrieval methods, for which they consider topics
of the EP as queries and relevant documents as
any speech from this topic.

2.2. Political Biases of LLMs
English surveys To the best of our knowledge,
this work is the first to leverage Machine Trans-
lation as a way to question the political biases of
multilingual LLMs. Indeed, most existing works on
political biases: (a) focus on monolingual, English-
centric LLMs; (b) rely on surveys “administered” to
LLMs (e.g., querying a model about a degree of
agreement with statements such as “Sex outside
marriage is usually immoral”). More precisely, we
refer to the following works: (Feng et al., 2023;
Rozado, 2023; Santurkar et al., 2023; Motoki et al.,
2024; Potter et al., 2024).

Brittleness Following works have demonstrated
the brittleness of the survey approach, as the com-
putation of LLMs’ answers is sensitive to the exact
phrasing of the prompt, also yielding a lack of over-
all coherence (Röttger et al., 2024; Ceron et al.,
2024; Boelaert et al., 2025).

Multilingual Durmus et al. (2024); Helwe et al.
(2025) rely on MT to translate English surveys in
multiple languages. However, this poses a con-
found since MT may (i) obviously contain errors,
including stance-changing errors (Shafiabadi and
Yvon, 2026); (ii) be biased towards a political party,
as we will find out. Nevertheless, Durmus et al.
(2024) find that surveying LLMs in English, Rus-
sian, Chinese, or Turkish always leads to occidental
responses, i.e. the answers are consistent across
languages. On the contrary, Helwe et al. (2025)
finds that “language has a strong influence”, al-
though they do not control for the spurious prompt
effects described above. Labat et al. (2026) have
jointly assessed the variation caused by language
and prompt phrasing. They found that the effect of
language was question-dependent, i.e., for a sub-
set of questions the answer is consistent across
languages while for another subset the answer dif-
fers across languages.
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Figure 3: Illustration of various alignment scenar-
ios: (left) a 1-fr-2-en alignment may result in a
1-fr-4-de alignment if each en sentence is itself
aligned to 2 de sentences; (top, right) although en-
de is well aligned, fr-en is not, so we reject the
multialignment; (bottom, right) valid multialignment:
all bialignments are 1-1 and have a score above
the threshold of 0.8

Other Methods In addition to their survey-based
method, Potter et al. (2024) conduct a human-
computer interaction experiment. They find that
after debating with an LLM in English, Trump sup-
porters increased their Biden-leaning. Ceron et al.
(2025) study the political content of LLMs English
pretraining and posttraining data. Using a left-right
content classifier, they find a majority of left-leaning
data, which concurs with the results discussed
above. Röttger et al. (2025) assess the stance
of LLMs when prompted to generate English texts
about debated issues. They find that LLMs align
closely with US Democrats, as opposed to Repub-
licans.

Fairness We depart from these works and, in-
stead of measuring political biases of LLMs based
on the detected political leaning of the text they
produce, we frame it in terms of a group-fairness
analysis, based on a practical application (Machine
Translation), and assess biases over a large set of
420 language pairs. This allows us to also cover a
much more diverse set of texts, reflecting the fact
that the political spectrum of the European Union
is arguably more varied than that of the bipartisan
US, which largely maps to a liberal-conservative
axis (Ramaciotti et al., 2024; Vendeville et al.,
2025). In the EU, other ideological dimensions
emerge, e.g., Green-Alternative-Libertarian versus
Traditional-Authoritarian-Nationalist (aka GAL-TAN),
Urban-Rural, or Pro-Anti Immigration (Jolly et al.,
2022).

Our methodology thus borrows from the fairness
literature (Verma and Rubin, 2018; Czarnowska
et al., 2021; Liang et al., 2023; Barocas et al., 2023;
Gallegos et al., 2024), as we treat political affiliation
as a protected attribute which models should not
be sensitive to (instead of more commonly-used
attributes such as gender (Savoldi et al., 2022)).
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3. Preparing 21-EuroParl

3.1. LinkedEP
21-EuroParl heavily builds upon LinkedEP (Noy
et al., 2017), which represents the European Par-
liament’s debates as a knowledge graph in which
speeches, speakers, and political parties are nodes
linked by relations.

As LinkedEP is stored in RDF triples, we query
it using SPARQL to retrieve, for each speech, all
translations as well as their metadata. LinkedEP
contains 191,921 speeches, partially translated into
23 languages. However, hr (Croatian) and mt (Mal-
tese) are hardly covered4 so we exclude them to
arrive at the 21 languages of 21-EuroParl: bg, cs,
da, de, el, en, es, et, fi, fr, hu, it, lt, lv, nl, pl,
pt, ro, sk, sl, and sv (ISO 639-1 codes).

Not all the 191,921 speeches are available in 21
languages: we found that many texts tagged as
translations in LinkedEP were in fact duplicates of
the source speech. After cleaning using fastText’s
language identification tool (Joulin et al., 2017), we
were left with 37,799 speeches that were available
in 21 languages. Less than a thousand were then
filtered out because of missing metadata. The next
important step was to compute a sentence align-
ment.

3.2. Sentence Alignment
Sentence alignment was performed with Bertalign
(Liu and Zhu, 2023), which uses LaBSE sentence
embeddings (Feng et al., 2022). After initial experi-
ments, we replaced Bertalign’s original sentence
segmenter5 by Trankit’s6 (Nguyen et al., 2021).

Bertalign computes alignments for pairs of lan-
guages (bialignments). We first performed English-
centric bialignments, from English to the 20 other
languages, yielding 20 bialignments per speech.
To control the alignment quality and avoid one-to-
many alignments propagating into one-to-many-
many (see Figure 3), we only kept examples with
one-to-one alignments in the 20 bialignments. Fur-
thermore, we filtered out examples if any of their
bialignment had a Bertalign score (LaBSE’s cosine
similarity between the source and target sentences)
of less than 0.8.

The entire process yielded 72,234 examples
(1,516,914 sentences) aligned in 21 languages, a

4Croatian only acquired the status of an official lan-
guage of the EU in 2013. Maltese and Irish were, until
recently, subject to a derogatory status, likely due to a
lack of trained interpreters/translators, and they were
only partially supported. Ireland and Malta also have
English as a co-official language.

5https://github.com/mediacloud/
sentence-splitter

6github.com/nlp-uoregon/trankit

Metadata Unique Values
Speech 27,873
Speaker 1,094
National party 272
EU party 12
EU committee 25
Country 27

Table 2: Summary of the available metadata in 21-
EuroParl

Language # Words # Chars
bg 2,057,994 12,032,635
cs 1,778,026 10,668,881
da 1,949,508 11,414,059
de 2,027,728 13,216,642
el 2,140,104 13,126,027
en 2,088,541 11,541,038
es 2,240,743 12,706,854
et 1,524,824 10,738,616
fi 1,487,870 11,628,885
fr 2,213,235 13,027,959
hu 1,802,043 12,171,311
it 2,027,404 12,546,078
lt 1,651,547 10,893,475
lv 1,682,997 10,807,953
nl 2,119,408 12,763,061
pl 1,781,796 11,921,243
pt 2,182,858 12,322,265
ro 2,102,942 12,336,509
sk 1,777,101 10,948,052
sl 1,792,083 10,570,973
sv 1,847,453 11,381,764
Total 40,276,205 248,764,280

Table 3: Total word and character counts in the
72,234 sentences for each 21-EuroParl language

reduction of about 76% from the original LinkedEP.
We will make alignments available so that the

dataset can easily be extended with less conserva-
tive thresholds or one-to-many alignments.

3.3. Overview of the dataset

21-EuroParl spans over three years, from 2009 to
2011 (included). While we aligned the speeches at
the sentence level, we kept the speech identifier of
each example along with the date of the debate and
the language in which the speech was originally ut-
tered. Importantly, we also have a unique identifier
for the 1000+ speakers in the dataset, along with
their political affiliation: national party (and corre-
sponding country), EU party, and EU committee
(see Figure 1). The dataset covers 27 countries
(see Figure 2), 12 EU parties, 25 EU committees,

https://github.com/mediacloud/sentence-splitter
https://github.com/mediacloud/sentence-splitter
github.com/nlp-uoregon/trankit
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ALDE (Group of the Alliance of Liberals and Democrats for Europe)
ECR (European Conservatives and Reformists Group)
EFD (Europe of freedom and democracy Group)
EPP (Group of the European People's Party) 
NGL (European United Left/Nordic Green Left) 
EFA (Group of the Greens/European Free Alliance) 
NA (Non-attached Members) 
S&D (Progressive Alliance of Socialists and Democrats) 

Figure 4: Composition of the 7th European Par-
liament, representing EU parties in 21-EuroParl,
(Ssolbergj, CC BY-SA 3.0, via Wikimedia Com-
mons)

and hundreds of national parties. These numbers
are summarized in Table 2. The entire dataset
contains 40,276,205 words7 and 248,764,280 char-
acters, a breakdown per language is in Table 3.

We split the dataset chronologically, reserving
year 2009 for training, 2010 for validation, and 2011
for testing. All results in this study are computed on
the test set of 23,386 examples; the split is provided
to facilitate future research. The eight EU parties
represented in the test set are displayed in Figure 4.

4. Experiments

4.1. Method
Translation fairness As a first study, we would
like to assess whether the quality of translations
provided by multilingual LLMs varies depending on
the EU party, 8 which may indicate a political bias
of the model. We thus generate automatic trans-
lations of each speech, considering all possible
directions of the 21-way multiparallel dataset, that
is 21× 20 = 420 language pairs.

Metrics Translation quality is estimated with two
standard reference-based metrics: sBLEU9, i.e.
per-sentence BLEU (Papineni et al., 2002; Chen
and Cherry, 2014), and COMET10 (Rei et al., 2022).
It is however well-known that these metrics are not
well calibrated across language pairs (Bugliarello

7Word tokenization is performed using spacy’s multi-
lingual tokenizer https://spacy.io/models/xx.

8We focus only on EU parties, given the exceedingly
large number of national parties.

9nrefs:1|case:mixed|eff:yes|tok:13a|
smooth:exp|version:2.5.1 (Post, 2018)

10wmt22-comet-da

et al., 2020; Zouhar et al., 2024) and that the
scores cannot be easily compared. More precisely,
COMET scores are not well calibrated across lan-
guage pairs (Zouhar et al., 2024), likely because it
inputs not only the hypothesis and reference, but
also the source sentence. sBLEU, while also not
well calibrated across target languages due e.g. to
tokenizations issues, still enables to compare mul-
tiple source languages translating into the same
target language (Section 5.2), as it only relies on a
reference and a hypothesis in that target language.

Borda Count Therefore, to measure political fair-
ness based on sBLEU and COMET, we compute a
Borda Count of EU parties per language pair (Sec-
tion 5.3). Borda Count is a simple, yet effective,
way to aggregate rankings (McLean, 2019). For
a given model, metric, and language pair, all EU
parties are ranked according to the metric score.
The EU party with the lowest score gets 0 points,
the second-to-last gets 1 point, etc. until the best
one gets 7 points (as there are 8 parties). While
initially proposed as a voting system, Borda Counts
has been used in Information Retrieval to aggregate
rankings (Aslam and Montague, 2001; Bassani and
Romelli, 2022). It has also been used more re-
cently for benchmarking models across tasks with
different metrics (Colombo et al., 2022) or meta-
evaluating metrics across language pairs (Freitag
et al., 2023). Our method differs from the usual fair-
ness metrics, e.g. demographic parity or group cali-
bration, that are designed for classification settings
(Czarnowska et al., 2021; Barocas et al., 2023).

4.2. Implementation
We experiment with three families of posttrained
LLMs: Gemma-3-4B (Team, 2025), Qwen3 (Yang
et al., 2025), in two sizes (4B and 8B), and Llama-
3.1 (Grattafiori et al., 2024), in two sizes as well
(8B and 70B).

We originally carried out experiments with the
smaller Llama-3.2 (in sizes 1B and 3B) but found
the translation scores overall too poor to be reliably
compared across parties (for most language pairs,
sBLEU scores were below 10, see Appendix B.1).
Llama-3.1 is a multilingual model trained with a very
large share of English texts, accounting for 92% of
the pretraining data (or 75% when excluding code)
and 97% English posttraining data (or 82% when
excluding code). Little is known about Gemma or
Qwen3’s data mix, except that Qwen3’s covers 119
languages.

We use a standard prompt template
for zero-shot translation: "<src_lang>:
<src_text>\n<tgt_lang>:" where <src_lang>
and <tgt_lang> are replaced by the English name
of the source and target languages, respectively,

https://spacy.io/models/xx
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src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 26.3 28.6 27.9 30.4 44.6 38.6 15.6 17.7 32.3 20.9 28.1 18.0 19.5 26.8 24.3 32.8 33.1 24.6 25.5 28.4
cs 27.8 – 27.2 27.0 27.6 41.2 36.3 15.4 17.4 30.8 20.5 26.7 16.7 18.1 26.4 23.9 30.7 30.5 31.2 8.2 27.3
da 27.5 24.3 – 27.7 27.2 44.2 36.9 15.0 17.9 31.6 19.7 27.2 16.0 17.8 26.9 22.2 31.0 30.7 22.6 23.3 32.6
de 25.1 25.0 28.7 – 26.6 43.2 37.2 15.3 17.7 31.5 20.0 27.1 16.3 17.5 28.6 22.4 30.9 31.1 23.4 23.9 28.5
el 20.2 14.7 22.5 23.4 – 45.3 37.7 10.5 13.9 31.3 12.7 26.5 10.9 11.8 19.3 15.1 29.4 30.1 16.2 21.2 22.3
en 37.0 32.2 37.5 36.2 38.8 – 50.1 19.0 22.2 40.4 25.2 34.6 20.4 23.9 32.3 28.7 41.7 44.3 30.3 31.2 37.5
es 27.8 24.6 29.3 21.8 30.8 48.7 – 15.7 18.1 34.1 20.0 30.0 17.1 18.2 27.2 23.7 36.1 35.4 24.2 24.6 29.3
et 23.9 21.7 23.9 23.7 23.6 34.9 32.5 – 17.4 27.3 18.9 23.6 15.5 16.7 23.4 20.3 26.9 26.4 20.0 19.9 24.1
fi 23.5 21.4 24.3 23.7 24.0 35.6 32.4 15.1 – 27.5 18.8 23.8 14.8 16.0 24.0 19.8 27.2 26.4 19.8 20.0 25.5
fr 25.0 23.4 27.1 26.7 28.3 42.8 38.8 13.0 16.2 – 19.6 29.0 14.9 16.0 26.8 22.2 33.0 32.0 21.8 22.8 27.2
hu 24.1 21.7 24.3 23.8 24.1 36.1 33.2 13.6 16.0 28.1 – 24.4 15.0 16.1 24.1 20.3 28.4 26.6 19.9 20.5 24.5
it 22.7 21.9 25.4 22.0 25.6 39.9 36.2 13.6 13.5 31.5 18.1 – 14.3 15.9 25.8 21.1 31.1 29.9 21.0 20.9 25.6
lt 23.0 20.1 22.2 21.7 21.8 33.2 30.7 13.6 14.6 26.0 16.9 22.2 – 17.1 21.7 19.1 25.5 24.9 18.8 19.3 22.6
lv 24.0 21.7 24.1 23.4 23.6 35.9 32.7 14.9 15.8 27.2 18.5 23.4 17.0 – 23.1 20.5 27.2 26.6 20.0 20.5 24.0
nl 24.3 21.9 25.4 25.6 24.9 37.4 33.8 13.5 16.1 29.2 18.6 25.5 15.0 16.0 – 20.5 28.7 27.3 20.2 20.9 25.8
pl 26.2 24.0 25.3 21.7 26.1 38.1 34.6 14.4 16.2 29.4 19.3 25.5 16.2 17.3 24.7 – 29.4 28.6 22.5 22.7 25.7
pt 29.0 25.2 28.5 26.1 30.8 46.8 41.6 15.2 17.6 34.3 20.4 29.9 16.8 18.1 27.3 23.3 – 33.9 23.4 23.9 28.4
ro 29.6 25.8 29.6 25.5 32.3 48.7 42.1 15.5 17.5 34.8 21.2 30.0 17.1 19.1 27.7 23.5 35.7 – 24.3 24.7 29.7
sk 28.4 32.1 27.6 27.8 27.8 42.0 37.0 14.8 17.1 31.2 19.9 26.9 16.6 18.5 26.4 24.3 31.1 31.0 – 24.9 27.4
sl 27.7 25.7 27.1 27.2 26.9 41.2 36.6 14.5 16.6 30.7 19.4 26.4 16.8 18.0 25.9 23.3 30.4 30.4 24.7 – 27.0
sv 26.3 23.4 31.4 26.5 26.3 42.1 35.7 14.9 17.4 30.7 19.1 26.6 15.7 17.2 26.3 21.7 30.1 29.7 21.5 22.1 –

Table 4: sBLEU scores for Llama-3.1-70B: source languages in rows and target languages in columns.
Scores are comparable within the same column (target language) but not across columns (within the
same row, i.e. source language).

and <src_text> is replaced by the source sen-
tence. For example: "English: In Europe,
we have freedom of the press.\nFrench:".11

This prompt is then formatted as a user query
using model-specific templates. We use the
recommended decoding parameters, i.e. nucleus
sampling with p = 0.9 and temperature τ = 0.6
(Holtzman et al., 2020). Models are implemented
using vLLM (Kwon et al., 2023).

A couple of thousands V100 and H100 GPU
hours were used for the experiments.

5. Results

5.1. Overall Translation Quality
For the 23,386 examples of the test set, we com-
pute sBLEU and COMET scores for the 420 lan-
guage pairs, giving 9,822,120 observations for
each metric. We report the average sBLEU scores
of Llama-3.1-70B per language direction (source
languages in rows and target languages in columns,
regardless of the party) in Table 4 (results for all
models are reported in Appendix B). This model
overall achieves good translation performance, es-
pecially for high-resource pairs such as es-en

11For Gemma, experiments with that prompt re-
sulted in chatbot boilerplate answers, e.g.: "Here are
a few options for the English translation,
with slightly different nuances:\n\n* **Most
straightforward:** I believe that [...]".
We therefore changed the prompt to explicitly ask
for the translation output only: "You are a
professional <src_lang> to <tgt_lang> translator.
Please translate the following <src_lang> text
into <tgt_lang>:\n<src_text>\n\nProduce only the
<tgt_lang> translation, without any additional
explanations or commentary."

where sBLEU scores exceed 40. However, results
are not uniform and even for the most favorable
case (translating into English), sBLEU scores vary
by a wide margin. We see that, overall, larger
models outperform smaller models (e.g., Llama-
3.1-70B vs. -8B, or Qwen3-8B, vs. -4B); Qwen3-
8B slightly outperforms Llama-3.1-8B and Gemma-
3-4B outperforms Qwen3-4B; but the tendencies
across language pairs are largely similar: in fact,
the sBLEU scores of Llama-3.1-8B and Llama-3.1-
70B have a Pearson ρ correlation of .96. Even
across families, the sBLEU scores of Qwen3-8B
and Llama-3.1-8B have a Pearson ρ correlation of
.98. We can also see a strong correlation of the two
metrics: the COMET and sBLEU scores of Qwen3-
4B have a Pearson ρ correlation of .91, although
this number goes down to .77 for Qwen3-8B and
Llama-3.1-8B. See (Kocmi et al., 2024) on how to
interpret COMET scores.

5.2. Language Fairness
Before diving into the political fairness of LLMs,
we first study their language fairness, trying to
evaluate which language do they translate the
worst, and which one do they translate the best.
A hasty conclusion would rely on the average of
sBLEU/COMET scores across language pairs, to
find which language gets the highest score when
translating into/out of it. However, COMET scores
are not well calibrated across language pairs (Sec-
tion 4.1). sBLEU, while not well calibrated across
target languages, still enables to compare multi-
ple source languages translating towards the same
target language.12 Therefore, we apply the Borda
method described above as follows: for each target

12Assuming that the source texts are similar, as is the
case in this section.
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Model bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
Fair Model 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5 9.5

Gemma-3-4B 15.7 10.9 12.7 11.9 13.2 18.9 16.0 2.2 2.5 10.2 1.4 7.2 0.7 4.0 5.3 6.3 12.9 16.1 12.9 9.7 8.6
Qwen3-4B 14.9 11.6 12.9 12.9 6.8 18.9 17.1 1.1 3.6 13.1 3.2 8.8 1.2 4.3 6.3 9.1 12.5 14.9 10.5 7.5 8.8
Qwen3-8B 15.4 10.9 12.0 14.0 7.3 18.9 17.2 1.5 2.6 13.2 2.7 8.5 0.2 3.5 5.6 6.7 14.4 15.4 11.6 9.4 9.0

Llama-3.1-8B 15.0 10.9 9.1 13.9 13.8 18.9 17.2 1.3 2.5 13.5 3.1 9.2 0.6 2.6 5.7 7.4 14.4 13.2 11.9 8.0 7.9
Llama-3.1-70B 15.9 11.7 12.4 12.7 4.0 18.9 15.3 3.5 3.6 10.2 4.4 5.8 1.1 4.1 5.4 7.0 14.7 16.3 12.9 10.5 9.2

Table 5: Borda Count of source language rankings averaged over the 21 target languages (from 0-19, the
higher the better), based on sBLEU rankings.

language, we rank all source languages and assign
0 points to the worst, up to 19 points to the best.
For example in the bg column of Table 4, el-bg has
the worst sBLEU score of 20.2 (regardless of the
party), so it gets 0 points, while en-bg has the best
score of 37.0 (regardless of the party) so it gets 19
points.

Results are reported in Table 5. As expected,
we find that en is the best translated language,13

consistently across models, followed by es. Unlike
what Table 4 would suggest (the et column has the
lowest sBLEU scores), we find that lt is the worst
translated language across models, especially for
Qwen3-8B where it is almost always ranked last.
et is also among the worst translated languages.
A surprising result is that de and fr, which have a
special status within the EP, have a lower rank than
es, but also than bg and ro. We also observe, for
all models, that all of the 21 target languages have
their performance variance significantly explained
by the source language variable according to a
Kruskal-Wallis test (a non-parametric version of
ANOVA; Kruskal and Wallis, 1952) – confirming
that some source languages are more difficult to
process than others (Bugliarello et al., 2020).

An ideally language-fair translation model, on
the contrary, would not have its performance vari-
ance explained by the source language. It would
have near identical performance for all source lan-
guages, i.e. random rankings for each target lan-
guage, which would result in the same Borda Count
for all source languages: 9.5.

5.3. Political Fairness
We now turn to the political fairness of LLMs. We
apply the same Borda method to rank political par-
ties across language pairs. For a given model, met-
ric, and language pair, all EU parties are ranked
according to the metric score (Section 4.1). There-
fore, the language fairness (previous section) does
not influence political fairness, as each language
pair equally contributes to the final Borda count.
This can also be done with COMET, as COMET

13The only target languages where it is not ranked first,
across all models, are cs and sk, where it is then ranked
second (and sk – resp. cs – is ranked first, the two
languages being closely related).

scores are comparable within the same language
pair.

Results are reported in Table 6. We do not find
a gradual bias from left to right. Rather, we find
that EPP, S&D, and ALDE get the best translation
quality and NA and NGL the worst, across all mod-
els and metrics. The preferences are very marked,
with EPP nearing 7 points (i.e. always ranked first)
and NGL nearing 0 points (i.e. always ranked last),
especially with COMET. The preferences are es-
pecially consistent within the same model family:
the Borda Count of Llama-3.1-8B and Llama-3.1-
70B have a Pearson ρ correlation of .98, for both
sBLEU- and COMET-based scores. Even across
model families, results are very consistent, e.g. the
Borda Count based on sBLEU of Qwen3-8B and
Llama-3.1-8B have a Pearson ρ correlation of .96,
up to .98 for COMET-based scores. For most lan-
guage pairs, the party variable significantly explains
the variance of performance according to a Kruskal-
Wallis test (p < 0.01), especially with COMET. An
ideally fair model, on the contrary, would not have
its performance variance explained by the party
variable. It would have near identical performance
for all parties, i.e. random rankings for each lan-
guage pair, which would result in the same Borda
Count for all parties: 3.5.

While Table 6 reveals consistent political bias
towards some parties across language pairs, we
also report the per-target-language sBLEU scores
of Qwen3-8B for every EU party in Table 7 (see
other models in Appendix C). For every model, and
target language, the performance variance is sig-
nificantly explained by the party variable according
to a Kruskal-Wallis test (p < 0.01). Although multi-
lingual LLMs are very English-centric, we find that
their political bias follows similar tendencies across
all target languages, e.g. S&D, EPP, and ALDE are
often the best translated parties, and NGL and NA
often the worst (which is reflected in their Borda
Count in Table 6). Computing a Borda ranking from
Table 7 gives very close results to Table 6,14 i.e. our
results are consistent regardless if we aggregate
sBLEU scores per language pair or only per target

14For example, in the xx-cs row of Table 7, S&D gets
the highest sBLEU score of 24.18 (averaged over all
source languages: cs-bg, da-bg, etc.) so it gets 7 points,
and NGL gets the worst score of 22.30, so it gets 0 points.



253

Model Ranking p < 0.01 NGL S&D EFA ALDE EPP ECR EFD NA
Fair Model – 0 3.50 3.50 3.50 3.50 3.50 3.50 3.50 3.50

Gemma-3-4B sBLEU 333 1.09 4.77 3.44 5.00 4.41 4.16 3.27 1.87
Qwen3-4B sBLEU 360 1.41 4.99 3.70 4.98 5.17 3.23 3.06 1.45
Qwen3-8B sBLEU 363 1.18 5.22 3.55 5.13 5.17 3.02 3.08 1.65

Llama-3.1-8B sBLEU 304 1.08 5.11 3.63 4.83 4.56 3.73 2.84 2.20
Llama-3.1-70B sBLEU 312 1.06 5.08 3.81 4.73 4.65 3.33 3.33 2.00
Gemma-3-4B COMET 403 0.57 5.22 1.29 5.26 6.04 4.27 3.72 1.63

Qwen3-4B COMET 418 0.94 5.72 1.63 4.51 6.72 3.20 4.49 0.79
Qwen3-8B COMET 419 0.80 5.82 1.47 4.82 6.64 3.41 4.02 1.03

Llama-3.1-8B COMET 419 0.50 5.61 1.13 4.94 6.37 4.15 3.58 1.72
Llama-3.1-70B COMET 415 0.34 5.47 1.06 5.16 5.81 4.32 3.44 2.40

Table 6: Borda Count of political parties rankings averaged over the 420 language pairs (from 0-7, the
higher the better), based on sBLEU or COMET rankings. Columns approximately position political parties
from left to right. The p < 0.01 column shows how many language pairs (out of 420) have their performance
variance significantly explained by the party variable according to a Kruskal-Wallis test.

tgt NGL S&D EFA ALDE EPP ECR EFD NA
bg 25.66 26.52 26.04 25.63 26.26 26.52 26.19 24.93
cs 22.30 24.18 23.52 23.74 24.01 23.63 23.90 23.39
da 26.17 27.05 27.54 27.69 27.04 27.46 26.42 25.95
de 24.22 25.97 24.93 25.75 25.58 26.01 25.73 22.32
el 25.51 27.79 26.67 27.58 27.74 26.98 26.81 25.55
en 39.76 41.59 39.90 41.12 41.31 40.07 41.54 39.78
es 35.80 36.72 35.02 36.03 37.48 34.94 37.11 35.26
et 14.02 14.47 15.29 15.21 14.63 15.16 14.42 14.72
fi 16.00 16.88 17.65 17.60 16.76 17.05 16.38 16.91
fr 30.38 31.20 29.89 30.18 31.63 29.54 31.07 28.76
hu 18.09 19.48 19.87 19.67 19.51 18.62 19.11 19.49
it 26.44 27.20 26.56 26.61 27.20 25.41 26.57 25.49
lt 15.01 16.28 16.50 16.16 15.96 16.39 15.90 16.25
lv 16.03 17.45 17.94 17.71 17.60 17.05 17.42 17.01
nl 23.98 26.36 25.37 26.62 25.63 25.76 25.39 24.86
pl 21.01 22.28 21.71 21.91 22.28 21.10 21.69 21.38
pt 28.08 31.23 30.64 31.16 31.16 29.69 31.05 30.41
ro 29.80 30.70 30.64 30.51 30.41 30.07 30.47 30.39
sk 21.71 22.73 22.13 22.57 22.66 23.04 22.08 22.06
sl 21.11 22.37 21.76 22.40 22.20 22.05 21.58 20.69
sv 25.84 27.29 27.17 27.79 27.25 27.59 26.94 26.14

Table 7: sBLEU scores of Llama-3.1-70B per target
language. Columns approximately position political
parties from left to right. Each target language has
its performance variance significantly explained by
the party variable according to a Kruskal-Wallis test
(p < 0.01).

language.

6. Discussion

Our first study on 21-EuroParl reveals significant dif-
ferences in translation quality of political speeches
across different EU parties. This result provides a
different perspective on the political biases of multi-
lingual LLMs, favoring the majority parties from left
and right over outsiders such as European United
Left/Nordic Green Left and Non-attached Members.
Our results are consistent across model sizes and
families. Further analyses are needed to better un-
derstand the origin of these differences, possibly

originating either from the pretraining or posttrain-
ing data (Gehman et al., 2020; Matic et al., 2020;
Hovy and Prabhumoye, 2021; Birhane et al., 2021;
Ceron et al., 2025; Resnik, 2025). Another, comple-
mentary explanation, would relate these differences
to differences in topic across EU parties. Indeed,
we found that both the party and topic variables
had independent effects (see Appendix A.1). In
any case, these results call for extreme caution
when using automatic translation systems in polit-
ical processes, such as multilingual deliberations
(Cabrera, 2024).15 Besides political fairness, we
also found, as expected, unfair translation quality
across source languages, with English and Span-
ish being the best translated, while Estonian and
Lithuanian are the worst translated. These differ-
ences may of course be due to differences in train-
ing data but also to the morphological complexity of
these languages (Marco et al., 2022). A limit of our
Borda metric is that it does not take into account the
magnitude of the differences between the sBLEU
or COMET scores. In future work, we could add
ties to the Borda ranking, based on the significance
of the difference (Deutsch et al., 2021; Freitag et al.,
2023).

While we focused on EU parties, future work may
leverage 21-EuroParl to study the biases regard-
ing national parties or countries. A related ques-
tion is the effect of the original language (in which
the speech was uttered), including the well-known
translationese effect (Kurokawa et al., 2009; Lem-
bersky et al., 2012; Volansky et al., 2013; Läubli
et al., 2018; Toral et al., 2018; Zhang and Toral,
2019). This is challenging as parties are not equally

15As was done during the “Conference on the Future
of Europe”. Available online: https://wayback.
archive-it.org/12090/20230418091815/https:
/futureu.europa.eu/.

https://wayback.archive-it.org/12090/20230418091815/https:/futureu.europa.eu/
https://wayback.archive-it.org/12090/20230418091815/https:/futureu.europa.eu/
https://wayback.archive-it.org/12090/20230418091815/https:/futureu.europa.eu/
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represented in all original languages, so we could
not apply the same Borda method. We found that
excluding the translationese subset (where the tar-
get language is the original language) did not affect
the results of Section 5.3. Using a two-way ANOVA,
we also found that both the party and original lan-
guage had independent effects (see Appendix A.2).

Finally, while we focused on LLMs, 21-EuroParl
may prove useful to study other Machine Transla-
tion algorithms, e.g. exemplar-based, statistical,
learning or decoding methods.

7. Limitations

Given the scale of our experiments (23,386 exam-
ples times 420 language pairs times 5 models), we
had to rely on automatic metrics to assess trans-
lation quality. However, our results should be con-
firmed using human judgments at a smaller scale
before taking any actions.

Again, because of the scale of experiments, we
could not afford to run the largest models, e.g. the
235B Qwen3 or 405B Llama-3.1. However, our
experiment with Llama-3.1 shows that, although
the performance overall improves from 8B to 70B,
the “political bias” stays consistent.

21-EuroParl covers three years, from 2009 (as
Bulgaria and Romania only joined EU in 2007,
along with their respective languages) to 2011 (in-
cluded). However, it could easily be extended, pro-
vided an update of LinkedEP. One concern with
evaluating LLMs on data from 2011 is that the data
may have leaked into their training set. In fact, we
did not experiment with translation-savvy models
such as Tower (Alves et al., 2024) nor EuroLLM
(Martins et al., 2024) because they were trained
using WMT’s EuroParl. However, we find that only
a very small portion of the automatic translations
exactly match the reference (i.e. have an sBLEU
of 100), e.g. 0.2% for Qwen3-8B, which suggests
very little contamination.

More generally, we emphasize that our study
is limited to a domain, proceedings of parliamen-
tary debates, and a context, the European Union.
Our findings may differ given a different domain
(e.g. social media), political context, or different
languages.

8. Ethical considerations

We study the variation of translation quality accord-
ing to the political affiliation of European parliamen-
tarians in order to assess the political biases of
LLMs. Note that the political affiliation of European
parliamentarians is of public interest. Therefore, it
is available and can be redistributed, as licensed
by existing EU regulations (GDPR).
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Model Metric Party Topic Party × Topic
Gemma-3-4B sBLEU 307 329 340

Qwen3-4B sBLEU 331 265 305
Qwen3-8B sBLEU 318 275 335

Llama-3.1-8B sBLEU 255 292 326
Llama-3.1-70B sBLEU 288 331 375
Gemma-3-4B COMET 405 406 398

Qwen3-4B COMET 417 404 402
Qwen3-8B COMET 419 412 415

Llama-3.1-8B COMET 419 409 403
Llama-3.1-70B COMET 411 417 407

Table 8: Number of language pairs, out of 420,
for which a two-way ANOVA for the Party and
Topic variables gives a statistically significant result
(Fisher’s test, p < 0.01), for sBLEU and COMET
scores (the dependent variables)

(MRL), pages 282–291, Singapore. Association
for Computational Linguistics.

A. Confounding Variables

A.1. Topic
To understand the results of Section 5.3, we wish
to disentangle here the effect of the topic of the
text, e.g., if NGL has worse sBLEU scores than
EPP, is it because of a political bias of the LLM, or
because NGL discusses different topics than EPP
that are more complex or otherwise more difficult
to translate? To avoid relying on a topic model, we
use the EU Committee metadata, each committee
being dedicated to a topic. We then conduct a two-
way ANOVA for the Party and Topic variables. The
results are reported in Table 8. We find that, while
the topic has a significant effect, the party also has
an independent effect for most language pairs. The
effect is consistent for more language pairs with
COMET than sBLEU, for both variables.

A.2. Original Language
We conduct the same analysis to study the effect of
the original language (in which the speech was ut-
tered). We assumed that the original language
might have an effect because of translationese
(Kurokawa et al., 2009; Lembersky et al., 2012;
Volansky et al., 2013; Läubli et al., 2018; Toral et al.,
2018; Zhang and Toral, 2019). However, we found
that excluding the translationese subset (where the
target language is the original language) did not
affect the results of Section 5.3.

Results of the two-way ANOVA are reported in
Table 9. As previously, we find that, while the Orig-
inal Language has an effect, the party has an in-
dependent effect for most language pairs. Again,
the effect is consistent across more language pairs
with COMET than with sBLEU.
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Model Metric Party OL Party × OL
Gemma-3-4B sBLEU 254 308 406

Qwen3-4B sBLEU 179 331 408
Qwen3-8B sBLEU 238 318 412

Llama-3.1-8B sBLEU 256 414 207
Llama-3.1-70B sBLEU 287 414 242
Gemma-3-4B COMET 405 409 367

Qwen3-4B COMET 417 418 364
Qwen3-8B COMET 419 419 387

Llama-3.1-8B COMET 419 419 337
Llama-3.1-70B COMET 411 420 365

Table 9: Number of language pairs, out of 420, for
which a two-way ANOVA for the Party and Original
Language (OL) variables gives a statistically signif-
icant result (Fisher’s test, p < 0.01), for sBLEU and
COMET scores (the dependent variables)

B. Results per Language Pair

B.1. sBLEU
We report average sBLEU results per language pair
(source languages in rows and target languages
in columns) for each model in Tables 10, 11, 12,
13, 14 and 15. Because the results of Llama-3.2-
1B (Table 13) and Llama-3.2-3B (Table 14) are
quite poor, we excluded them from the rest of the
analysis.

B.2. COMET
We report COMET results per language pair
(source languages in rows and target languages in
columns) for each model in Tables 16, 17, 18, 19,
and 20.
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cs 28.9 – 25.8 23.9 10.3 35.9 32.8 11.3 15.3 28.3 14.3 24.0 13.1 14.4 22.5 21.2 25.7 27.4 29.6 20.2 22.8
da 29.0 21.2 – 25.4 12.4 40.0 34.3 11.5 16.1 29.3 14.0 25.0 12.8 14.5 23.4 19.9 26.7 28.1 20.5 18.6 29.0
de 28.7 21.7 27.1 – 11.7 38.4 34.0 11.4 15.6 28.9 14.2 24.2 12.7 14.0 24.6 19.9 26.7 28.1 21.5 19.1 24.7
el 31.0 21.8 26.9 24.5 – 41.1 36.6 11.2 15.9 30.4 13.9 25.9 12.9 14.4 23.5 20.6 29.8 31.0 21.2 19.6 24.2
en 38.2 27.2 35.3 31.4 13.7 – 47.3 13.5 19.2 38.5 16.5 31.9 15.4 17.8 27.7 24.9 37.4 39.8 26.5 23.8 31.8
es 31.2 22.2 27.9 25.5 11.0 43.7 – 11.7 16.0 33.2 14.3 28.3 13.1 14.9 23.9 21.3 33.7 32.8 21.7 19.6 25.3
et 24.2 17.5 21.4 19.7 9.0 29.3 28.2 – 15.1 23.9 12.8 20.3 11.8 13.0 19.1 17.3 22.2 22.8 17.0 15.5 19.8
fi 24.1 17.5 22.1 20.0 8.4 30.0 28.6 10.8 – 24.7 12.8 21.0 11.5 12.7 19.8 16.9 22.0 23.3 16.9 15.4 21.4
fr 29.0 20.6 26.0 23.8 9.8 38.7 37.1 10.7 14.7 – 13.8 28.2 12.5 14.0 23.4 20.1 30.3 30.2 20.0 18.3 23.4
hu 23.9 17.3 21.4 19.7 9.2 29.7 28.9 9.8 13.4 24.0 – 20.7 10.9 12.1 19.7 16.9 22.9 22.5 16.6 15.4 19.4
it 27.2 19.6 24.3 22.0 10.8 35.7 34.6 10.4 14.0 30.9 13.1 – 11.8 13.1 22.3 19.1 28.4 27.8 18.8 16.9 22.2
lt 24.2 17.0 20.7 18.6 8.7 28.3 27.2 10.1 13.6 23.3 12.1 19.5 – 13.8 18.3 16.8 21.5 21.7 16.5 15.4 18.7
lv 25.7 18.2 22.2 20.0 8.6 31.0 29.2 10.7 14.4 24.8 12.9 20.7 13.0 – 19.5 17.8 23.1 23.3 17.3 16.1 20.0
nl 25.8 19.0 24.1 23.9 10.4 33.3 31.1 10.2 14.3 27.2 13.3 23.0 11.6 12.9 – 18.3 24.9 25.1 18.1 17.2 22.4
pl 27.4 20.9 23.8 21.6 10.5 33.3 31.5 10.8 14.1 26.9 13.4 22.8 12.5 13.6 21.2 – 25.3 26.0 20.4 18.1 21.6
pt 30.5 21.4 26.7 24.4 11.3 42.1 40.2 11.1 15.4 32.9 14.0 27.7 12.6 14.2 23.4 20.8 – 31.4 20.7 18.6 24.3
ro 32.1 22.4 28.3 26.1 10.3 43.7 39.7 11.5 16.0 33.2 14.5 27.9 13.3 14.8 24.1 21.6 32.5 – 21.7 19.8 25.4
sk 29.9 29.6 26.3 24.5 10.3 37.0 33.8 11.4 15.7 28.8 14.5 24.6 13.2 14.6 22.7 21.5 26.7 28.1 – 21.1 23.6
sl 28.7 22.8 25.5 23.6 11.1 35.8 33.0 11.0 15.1 28.0 14.0 23.5 12.9 14.2 22.2 20.2 26.1 27.3 22.8 – 22.7
sv 27.6 19.9 30.6 24.0 9.2 37.3 32.2 11.2 16.2 28.2 13.3 23.9 12.0 13.9 22.5 19.1 25.2 27.0 19.1 17.8 –

Table 10: sBLEU scores of Gemma-3-4B for each language pair (source language in rows and target
language in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 14.2 16.8 18.9 13.8 37.5 29.7 6.0 8.6 25.1 9.3 19.3 8.9 8.4 16.5 13.9 22.1 21.1 10.4 11.8 14.8
cs 17.1 – 16.0 18.6 13.0 34.0 26.7 5.8 7.8 22.1 9.3 17.7 8.1 7.7 15.5 13.8 19.6 19.3 19.7 11.1 14.6
da 16.1 13.1 – 19.0 11.4 36.4 26.9 6.0 8.8 22.7 9.1 18.5 8.2 8.0 16.8 12.0 20.6 19.4 12.3 10.6 20.9
de 16.5 13.9 17.7 – 11.4 37.1 28.7 6.1 8.7 23.9 9.4 18.8 8.0 7.8 18.7 12.6 21.2 20.0 4.5 11.3 16.6
el 16.9 11.8 12.1 17.3 – 34.5 28.7 5.4 7.6 23.9 7.2 18.6 7.5 7.3 15.4 7.2 19.1 19.3 4.1 10.4 13.2
en 22.3 17.4 23.9 25.7 18.6 – 41.6 7.2 11.1 33.2 11.2 25.6 10.0 9.9 21.1 16.7 31.4 30.0 16.0 13.5 21.9
es 18.5 14.2 18.2 20.1 15.8 42.2 – 6.2 8.5 29.1 9.6 23.2 8.6 8.0 16.9 13.9 29.9 25.2 12.0 11.4 16.5
et 13.1 9.6 11.8 12.8 10.1 24.4 18.2 – 6.5 16.0 7.8 12.0 7.3 6.3 11.3 10.1 14.2 13.7 7.3 6.7 11.0
fi 13.7 10.5 13.3 14.6 11.3 27.7 22.1 5.0 – 18.6 8.7 14.3 7.1 6.3 13.3 10.4 16.9 15.4 8.2 7.6 12.7
fr 17.0 13.2 16.9 19.0 12.7 37.1 32.6 6.0 7.9 – 9.3 23.1 8.1 7.7 17.0 12.9 26.0 23.0 4.5 10.6 15.6
hu 13.6 10.4 12.3 15.0 10.7 27.7 23.2 4.6 7.3 19.5 – 15.2 7.1 6.3 12.0 10.5 17.6 15.5 7.4 8.8 11.7
it 15.8 12.4 15.6 17.1 12.7 34.2 30.3 5.7 7.2 26.3 8.7 – 7.7 7.3 16.4 12.0 23.9 21.1 4.7 10.0 14.1
lt 14.0 9.9 10.9 12.2 10.0 24.6 20.1 4.5 7.0 17.0 7.3 13.2 – 5.2 11.8 9.9 14.8 13.8 6.6 7.5 11.1
lv 14.8 10.8 12.9 14.4 11.2 27.9 22.3 4.7 7.6 19.1 8.2 14.1 8.3 – 12.7 10.7 16.9 15.7 8.0 7.0 11.7
nl 14.9 11.8 15.8 15.5 10.9 31.8 25.4 5.7 7.9 21.5 8.6 17.4 7.7 7.2 – 10.7 19.5 17.7 4.9 9.5 14.8
pl 17.0 6.5 15.3 16.7 13.0 32.0 26.7 5.6 8.3 22.6 9.1 17.9 8.1 6.0 15.4 – 20.5 19.1 13.1 10.7 14.4
pt 17.3 12.9 16.5 18.1 14.9 40.1 36.6 5.7 8.1 28.9 7.8 22.8 8.1 7.4 16.7 13.0 – 23.7 10.3 10.5 15.1
ro 18.2 13.9 17.1 19.0 16.1 41.4 33.9 6.0 8.5 28.2 8.9 21.7 8.5 7.6 16.6 13.7 25.6 – 8.9 11.4 15.7
sk 17.1 17.9 14.6 18.2 12.9 34.1 27.0 5.6 7.5 22.1 8.8 18.2 8.4 7.9 15.3 13.8 20.1 19.3 – 10.4 14.3
sl 16.6 14.7 13.4 16.6 12.2 32.2 23.2 4.8 8.1 17.7 8.8 16.4 7.9 7.5 14.4 12.9 18.9 18.4 10.3 – 13.3
sv 15.6 12.4 20.4 18.0 10.1 33.7 24.6 5.9 8.8 21.8 8.8 17.6 7.9 7.4 16.3 11.7 19.1 18.7 11.4 10.0 –

Table 11: sBLEU scores of Qwen3-4B for each language pair (source language in rows and target
language in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 18.7 21.7 22.2 20.2 40.0 33.4 8.9 12.0 27.8 13.2 22.4 13.0 13.7 20.3 17.8 26.0 26.3 18.5 16.5 20.2
cs 22.0 – 20.3 21.7 18.8 36.3 30.3 8.6 11.3 25.7 12.4 21.0 11.7 12.4 19.2 17.4 23.3 23.5 26.2 15.6 18.5
da 21.4 17.1 – 22.9 18.4 39.7 31.5 8.8 11.9 26.9 12.7 21.4 11.4 12.5 20.1 15.8 24.0 23.4 16.7 14.6 25.4
de 21.9 18.3 22.4 – 19.0 39.2 32.6 9.2 12.1 27.4 12.9 22.2 11.9 12.3 22.5 16.6 24.8 24.8 18.0 15.8 21.2
el 22.6 15.8 20.0 19.7 – 35.8 32.1 6.3 10.7 26.5 11.5 21.1 9.9 11.1 19.2 15.1 22.5 22.8 16.3 14.6 18.1
en 29.3 22.5 29.0 29.5 25.8 – 45.1 10.6 14.6 35.9 14.8 28.7 14.3 15.6 24.6 20.7 34.3 35.3 21.9 19.3 26.8
es 24.6 18.6 22.6 23.8 22.0 44.3 – 9.3 12.3 31.7 13.0 26.1 12.6 12.8 21.2 17.5 32.4 29.4 18.5 16.5 21.0
et 17.8 14.1 16.4 17.2 14.8 28.7 25.3 – 10.9 21.5 10.9 16.5 10.3 9.3 16.1 13.4 19.7 18.7 13.4 11.9 15.7
fi 18.0 14.2 17.5 18.0 15.6 30.2 26.7 6.9 – 22.8 11.6 17.1 9.6 9.7 17.1 13.2 20.5 19.5 13.7 12.1 17.1
fr 22.5 17.4 20.9 22.3 20.2 39.2 35.5 8.4 11.0 – 12.6 26.0 11.8 12.5 20.8 16.6 28.7 27.1 16.9 14.9 19.6
hu 18.5 14.1 17.1 18.2 15.8 30.6 27.2 7.1 10.2 22.7 – 18.0 9.8 10.1 16.8 13.9 20.2 19.6 13.3 12.4 16.1
it 20.7 16.2 19.4 18.9 19.2 36.0 33.1 8.0 10.5 28.6 11.9 – 10.9 11.2 19.6 15.7 26.9 24.9 15.8 13.6 18.0
lt 18.4 13.7 15.9 16.1 14.7 28.6 24.8 6.8 10.0 21.2 10.2 16.1 – 7.9 15.6 13.2 18.8 18.0 13.2 11.5 15.2
lv 19.6 15.0 17.5 17.5 15.6 31.4 26.9 6.4 10.9 22.9 11.4 17.8 10.8 – 17.0 14.3 20.4 19.9 14.1 12.4 16.2
nl 19.3 15.4 19.3 21.9 16.8 33.7 28.5 8.0 10.5 25.1 11.6 20.1 10.7 11.0 – 14.7 21.9 21.2 14.6 13.2 18.8
pl 21.4 17.2 19.1 19.5 17.4 30.5 28.9 8.4 10.7 24.7 11.7 19.9 11.2 11.8 18.5 – 22.4 22.4 17.1 14.5 17.8
pt 23.8 17.6 21.4 22.5 21.2 42.8 39.4 8.8 11.8 31.6 12.5 25.9 12.0 12.1 20.6 17.4 – 28.4 17.3 15.5 20.0
ro 24.3 18.4 22.0 22.2 22.5 44.1 37.3 8.4 12.0 31.2 12.9 24.5 11.9 12.5 21.0 17.8 29.4 – 18.0 15.7 20.6
sk 22.7 24.8 20.6 22.1 19.2 37.2 31.0 8.2 11.4 26.1 12.5 21.4 11.7 12.1 19.2 17.5 23.7 24.0 – 14.6 18.6
sl 21.7 19.3 20.0 21.2 18.6 36.2 30.5 7.9 11.4 25.5 12.5 20.6 11.5 11.4 18.9 16.5 23.4 23.2 18.7 – 18.4
sv 20.6 15.9 25.7 21.7 17.2 37.5 29.6 8.8 12.1 25.7 11.9 20.7 10.9 11.6 19.6 15.3 22.5 22.6 15.3 13.8 –

Table 12: sBLEU scores of Qwen3-8B for each language pair (source language in rows and target
language in columns)
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src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 5.8 6.8 10.0 3.1 22.8 16.4 2.5 3.5 13.2 4.6 9.6 2.8 2.8 9.1 6.8 12.4 8.7 3.8 4.0 8.4
cs 2.0 – 5.0 11.4 1.9 24.3 16.1 2.1 3.5 13.1 4.2 8.5 2.6 2.5 8.0 6.0 11.0 6.9 5.6 3.8 7.4
da 2.1 4.6 – 12.1 3.2 18.7 11.7 2.4 3.6 11.7 4.3 6.9 2.4 2.4 7.8 4.8 9.7 6.5 2.6 2.9 12.5
de 2.2 4.7 5.4 – 4.3 26.5 17.1 2.2 3.9 14.2 4.9 9.2 2.5 2.1 12.7 5.6 13.8 7.4 2.5 3.1 9.9
el 1.9 3.5 3.1 8.5 – 21.8 14.3 0.8 1.9 12.1 2.2 8.4 1.5 1.3 6.0 3.0 6.8 5.4 1.2 1.8 4.2
en 3.4 6.8 9.8 16.4 7.0 – 24.9 2.5 5.1 22.9 6.4 16.7 2.6 2.1 12.2 8.5 19.6 15.6 1.7 4.1 15.3
es 3.1 3.8 4.2 5.0 5.1 22.1 – 1.9 3.3 18.0 4.1 11.6 2.4 2.1 7.1 4.6 16.0 11.1 2.3 2.7 6.8
et 1.8 2.4 2.1 3.5 1.7 6.2 3.9 – 2.7 4.2 2.7 2.1 2.2 2.3 3.5 2.2 3.4 2.3 2.1 2.2 2.4
fi 1.8 3.6 3.9 7.3 2.2 14.6 10.3 2.4 – 8.4 3.5 5.6 2.3 2.0 5.9 3.5 7.5 3.9 2.3 2.3 5.9
fr 3.1 3.7 3.6 8.0 4.9 17.9 18.7 2.0 3.3 – 4.1 14.2 2.4 2.2 8.2 5.3 14.7 11.8 2.5 2.7 7.0
hu 2.0 3.4 2.8 7.2 2.5 16.6 10.9 1.5 3.0 9.2 – 5.4 2.1 1.8 6.2 4.2 7.3 4.6 2.1 2.6 4.8
it 2.5 4.0 4.0 7.8 4.2 22.5 19.7 1.7 2.4 17.7 4.1 – 2.3 2.0 7.5 5.7 15.0 9.4 2.1 2.6 5.7
lt 2.1 2.7 3.0 3.7 2.1 6.6 5.1 2.1 2.6 4.7 3.2 3.4 – 2.5 3.9 3.0 4.1 3.2 2.2 2.3 3.6
lv 2.0 2.6 2.4 3.7 1.9 7.7 4.2 2.1 2.4 4.8 3.0 2.9 2.3 – 3.5 2.5 3.9 3.0 2.1 2.2 3.3
nl 3.0 3.7 5.0 14.7 3.7 25.6 15.5 2.0 3.6 13.9 4.5 9.4 2.5 2.2 – 5.0 12.6 7.3 2.3 2.6 8.1
pl 2.4 3.7 4.9 10.6 2.7 23.7 17.1 2.2 3.7 14.5 4.5 10.5 2.4 2.3 8.6 – 12.6 8.1 3.2 3.2 7.9
pt 3.1 4.6 6.0 10.5 4.4 29.7 29.0 2.0 3.4 21.7 4.5 16.4 2.5 2.3 9.0 6.5 – 12.6 2.9 3.0 8.6
ro 1.9 3.6 2.7 7.4 2.4 26.4 19.2 1.1 3.2 17.9 3.6 11.5 2.0 1.7 6.6 5.3 11.8 – 1.9 2.3 5.8
sk 1.6 4.0 2.9 6.1 1.3 18.3 11.7 1.5 2.5 8.2 2.7 5.1 1.5 1.7 4.5 3.1 7.5 3.5 – 2.5 5.0
sl 2.0 3.0 2.9 5.9 2.4 12.4 7.5 1.3 2.7 6.9 3.2 5.5 2.1 2.1 4.9 3.7 5.8 3.4 2.5 – 5.3
sv 2.2 4.4 8.6 10.2 3.1 24.0 11.4 1.7 3.4 12.1 3.8 7.7 2.3 2.1 7.8 3.9 10.6 7.7 2.0 2.9 –

Table 13: sBLEU scores of Llama-3.2-1B for each language pair (source language in rows and target
language in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 9.2 9.2 14.6 4.7 29.6 23.5 3.9 5.1 19.3 6.1 15.6 3.9 3.7 13.8 8.7 13.0 8.1 4.6 6.1 11.9
cs 9.2 – 11.1 17.0 5.3 32.1 24.5 3.7 6.2 19.9 6.3 16.5 3.9 4.0 15.4 10.6 17.7 14.3 9.3 6.8 14.7
da 7.9 8.1 – 13.3 3.8 12.1 20.3 3.5 5.6 14.6 4.8 12.1 3.9 3.8 13.8 7.7 10.6 9.2 4.4 5.7 17.3
de 8.8 9.2 12.9 – 5.5 30.1 23.4 4.1 6.2 18.9 6.3 12.9 4.0 3.7 17.4 7.4 16.0 12.0 4.8 6.6 15.1
el 5.6 7.9 5.9 10.3 – 29.2 21.4 2.3 3.1 12.2 1.8 12.7 1.9 2.1 9.7 5.0 11.6 3.4 2.9 2.5 6.6
en 14.6 15.9 20.5 25.8 14.4 – 41.5 5.5 9.7 32.7 12.4 25.9 5.7 6.1 21.9 16.4 31.2 28.1 9.7 10.1 24.1
es 9.5 9.6 9.4 14.2 7.1 26.2 – 4.2 6.3 22.4 6.9 18.0 4.1 3.8 15.6 9.4 23.3 14.7 5.3 6.3 12.6
et 4.2 4.9 5.3 6.9 2.9 13.6 9.9 – 4.1 8.1 3.1 5.4 3.0 2.3 7.4 5.5 5.9 4.7 2.8 3.4 6.4
fi 6.1 5.7 7.8 8.9 3.6 21.7 15.5 2.6 – 12.8 4.1 7.3 2.7 2.1 10.6 5.7 9.8 6.4 3.5 3.6 11.0
fr 8.8 8.4 9.9 16.0 6.5 23.3 27.9 3.7 5.6 – 6.2 19.2 4.0 3.6 15.2 7.9 20.5 14.5 5.0 6.2 13.5
hu 5.9 6.3 5.8 11.8 2.8 20.0 18.3 3.0 4.6 14.9 – 10.2 3.1 3.2 11.8 6.7 12.5 8.4 3.0 4.5 9.6
it 8.5 8.9 8.4 12.6 6.2 21.4 26.1 3.8 4.6 21.3 5.6 – 4.0 3.7 15.2 8.8 20.4 12.8 5.2 6.0 12.1
lt 5.4 5.0 4.3 7.5 3.7 13.7 12.8 2.8 4.1 9.5 3.2 6.6 – 2.5 8.4 5.6 7.5 5.4 2.7 3.2 6.6
lv 6.1 6.1 6.9 9.5 4.1 18.4 14.9 3.0 4.9 12.4 4.6 8.3 2.5 – 9.5 6.5 8.6 5.5 2.7 3.6 8.9
nl 8.2 6.8 8.7 15.5 5.3 21.3 20.8 3.7 5.4 17.9 6.1 11.5 3.5 3.7 – 7.6 13.9 10.0 5.0 5.3 12.5
pl 9.0 8.1 9.3 13.3 5.8 24.9 23.0 3.7 5.5 19.2 5.0 14.2 3.8 3.7 13.5 – 15.9 12.4 4.4 5.5 12.6
pt 8.9 8.8 8.7 13.9 6.2 25.8 31.0 3.7 5.5 22.1 4.9 17.7 3.8 3.5 14.8 8.9 – 11.2 4.3 5.2 10.3
ro 10.0 9.2 8.8 16.8 6.9 29.4 30.8 3.5 5.6 25.0 6.7 16.9 3.8 3.6 15.6 10.3 19.0 – 4.5 4.5 13.4
sk 8.9 9.8 9.0 13.8 5.0 28.1 22.4 3.6 5.3 17.7 5.0 13.0 3.1 3.4 13.9 8.8 14.9 11.7 – 4.7 12.4
sl 8.0 7.2 6.0 11.7 4.1 22.7 18.1 3.5 3.6 14.8 4.3 10.4 3.3 2.7 11.9 7.7 10.6 6.9 3.1 – 9.6
sv 7.4 8.4 8.2 10.4 3.0 19.5 18.5 3.6 5.9 14.6 4.3 9.1 3.7 3.2 13.8 6.2 11.0 7.6 3.3 5.1 –

Table 14: sBLEU scores of Llama-3.2-3B for each language pair (source language in rows and target
language in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 19.6 20.4 21.3 19.1 39.3 32.2 8.5 10.5 27.4 13.5 22.1 10.0 10.4 20.9 18.4 25.2 24.8 15.7 16.6 21.3
cs 19.5 – 19.4 20.9 17.6 35.7 29.8 8.2 10.0 25.2 12.5 20.7 9.0 9.2 20.0 16.5 23.0 21.5 22.3 15.0 20.1
da 17.2 17.5 – 21.5 16.6 38.3 28.3 7.8 10.5 25.3 12.3 20.0 8.3 9.0 20.2 15.3 21.0 19.8 12.7 12.9 26.2
de 19.0 18.5 20.7 – 18.2 38.6 31.3 8.5 10.9 26.4 13.2 21.0 9.3 9.1 23.2 16.4 24.2 23.2 14.7 15.1 22.3
el 19.7 18.4 20.3 21.4 – 40.5 33.4 8.2 10.6 27.8 12.6 22.3 9.2 9.4 20.9 17.2 26.9 25.6 14.1 14.9 21.2
en 26.2 24.1 28.2 29.0 27.2 – 45.3 10.6 13.7 35.9 16.2 29.6 11.7 12.5 26.1 21.9 35.2 35.6 19.0 19.9 29.7
es 20.5 18.8 21.2 22.7 22.0 44.3 – 8.7 11.2 30.8 13.4 25.8 9.7 9.8 21.8 17.8 31.9 27.7 14.9 15.4 22.0
et 15.0 13.8 15.0 16.1 14.0 27.2 23.6 – 9.8 20.0 11.4 15.6 7.1 6.9 15.7 13.1 18.4 15.5 10.4 10.2 16.2
fi 15.1 14.0 16.2 16.6 14.6 29.1 24.4 7.4 – 21.1 11.6 16.6 6.5 6.0 16.6 12.9 19.1 16.3 10.6 10.0 18.0
fr 19.2 17.6 19.7 21.5 19.8 38.8 35.0 7.9 10.4 – 12.8 25.7 9.3 9.6 21.3 17.0 28.5 25.9 13.8 14.8 21.2
hu 15.5 14.5 15.5 17.6 14.9 30.4 26.3 6.4 8.9 22.2 – 17.8 6.9 8.0 17.1 13.6 20.9 17.1 10.1 11.1 17.2
it 17.5 16.9 18.4 19.8 18.2 35.8 32.3 7.7 9.9 28.5 11.9 – 8.7 8.9 20.4 16.1 26.5 22.7 13.0 13.4 19.7
lt 15.5 13.3 14.0 15.0 13.3 26.1 22.1 6.5 8.8 19.3 10.6 15.0 – 8.2 14.5 13.0 17.1 16.0 9.7 10.3 15.3
lv 16.2 14.3 15.7 16.2 14.1 28.6 23.5 6.9 9.5 20.5 11.5 16.1 7.5 – 15.9 13.5 18.5 17.2 10.7 11.1 16.4
nl 16.7 16.0 18.4 21.5 15.9 33.3 27.6 7.2 9.7 24.3 11.8 19.4 8.2 8.3 – 14.6 21.4 18.6 11.9 11.9 19.7
pl 18.7 17.7 17.9 18.7 16.7 33.5 28.7 7.6 9.7 25.1 11.9 19.9 8.5 8.9 18.9 – 22.7 20.8 13.9 14.0 19.1
pt 20.1 18.1 20.2 21.9 21.0 42.5 38.0 8.1 10.5 30.8 12.7 25.8 9.3 9.2 21.2 17.4 – 25.6 13.7 14.4 21.6
ro 20.7 18.1 20.2 22.4 22.2 43.2 36.3 7.3 10.1 30.6 12.9 24.3 8.5 8.9 20.8 17.0 28.1 – 13.3 13.7 21.6
sk 19.7 28.5 19.3 21.1 18.1 35.9 30.1 8.3 10.2 25.1 12.8 20.6 9.0 9.3 19.9 17.7 23.0 22.4 – 15.3 20.2
sl 19.2 19.6 18.5 20.2 17.3 34.5 29.0 7.0 9.9 24.4 12.7 19.2 8.1 7.9 19.3 16.3 22.1 20.7 15.5 – 19.3
sv 16.8 16.3 24.1 20.6 16.3 36.8 27.1 7.9 10.6 24.7 11.9 19.8 8.4 8.7 19.7 15.2 20.4 20.9 12.4 12.1 –

Table 15: sBLEU scores of Llama-3.1-8B for each language pair (source language in rows and target
language in columns)
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src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 91.9 90.3 87.2 70.9 89.5 88.7 82.0 90.1 88.0 84.7 90.0 84.6 84.0 87.9 91.7 88.5 91.8 90.0 87.7 89.9
cs 91.5 – 90.1 88.4 70.7 89.0 88.1 81.3 90.0 87.6 84.7 89.7 83.2 82.4 88.6 92.3 87.5 91.1 93.2 87.3 90.1
da 91.6 91.6 – 87.9 74.7 90.0 88.4 81.7 90.6 87.4 84.3 89.7 83.5 82.8 88.2 91.6 88.1 91.3 89.1 86.2 91.6
de 91.1 92.0 90.2 – 72.7 89.2 87.5 81.3 90.0 87.2 84.1 89.3 82.7 82.2 88.7 91.7 87.4 90.9 90.0 86.4 90.0
el 91.5 91.4 90.0 86.7 – 89.9 88.7 81.0 89.9 88.2 83.6 90.0 83.9 82.8 87.4 91.4 88.4 91.5 89.7 86.6 89.8
en 93.0 92.5 91.8 89.2 73.6 – 90.9 84.8 92.6 90.3 86.4 91.5 84.7 84.6 89.7 92.2 90.3 93.4 90.7 87.9 91.6
es 91.7 91.2 89.9 86.6 70.4 89.9 – 81.6 90.3 89.0 84.5 90.9 83.0 82.2 87.5 91.7 90.1 91.9 89.4 86.3 89.6
et 90.2 90.3 89.0 86.3 69.6 89.2 87.0 – 89.4 86.8 82.7 88.7 82.2 81.1 87.2 91.0 87.0 89.8 87.2 84.4 88.9
fi 91.1 91.3 90.2 87.1 70.2 90.3 88.4 80.3 – 88.1 83.1 89.7 82.9 82.0 88.1 91.5 88.0 90.6 88.5 85.2 90.4
fr 91.4 91.0 89.4 86.7 68.9 89.4 89.4 80.7 90.0 – 83.9 90.9 82.2 82.1 87.8 91.4 89.0 91.6 89.0 85.8 89.0
hu 90.5 90.4 89.0 86.4 69.3 88.8 87.5 79.3 88.5 86.8 – 89.0 81.2 80.8 87.1 90.8 87.4 90.0 87.7 84.3 88.6
it 91.3 91.1 89.4 86.4 71.4 88.8 89.1 80.3 89.5 88.7 83.4 – 82.5 81.8 86.9 91.5 88.9 91.4 88.8 85.8 89.2
lt 90.2 89.3 87.9 85.2 69.4 87.3 86.1 78.2 88.1 84.9 82.0 87.8 – 82.2 85.9 90.4 85.6 88.2 86.1 83.7 87.7
lv 90.8 89.6 88.6 85.9 67.2 88.2 86.4 79.2 88.5 86.0 82.7 88.2 83.4 – 86.6 90.4 86.1 89.3 86.6 83.7 88.3
nl 90.7 91.0 89.4 87.7 71.1 88.6 87.2 79.9 89.4 87.0 83.4 88.9 82.1 81.5 – 91.0 86.9 90.4 88.7 85.3 89.2
pl 91.4 92.1 89.5 87.3 71.7 87.8 88.0 80.9 89.8 87.3 84.0 89.6 83.1 82.2 87.8 – 87.6 91.0 90.1 87.3 89.4
pt 91.6 91.1 89.8 86.6 71.1 89.6 90.3 80.9 90.0 89.0 84.1 90.8 82.4 81.7 87.4 91.4 – 91.6 88.9 85.8 89.6
ro 92.0 91.6 90.3 87.5 67.5 90.5 89.6 80.1 89.8 88.9 83.7 90.8 82.7 82.0 88.3 91.8 89.3 – 89.4 86.4 89.9
sk 91.7 94.5 90.2 88.7 69.4 89.2 88.4 81.0 89.9 87.8 84.9 89.9 82.7 82.0 88.8 92.2 87.8 91.3 – 87.5 90.1
sl 91.4 91.5 89.8 87.6 71.3 88.9 87.9 79.7 89.2 86.8 83.6 89.3 82.5 81.7 87.7 91.7 87.4 90.8 89.4 – 89.6
sv 91.5 91.7 91.8 87.9 69.6 89.8 88.3 82.0 90.7 87.2 84.1 89.7 83.3 82.6 88.2 91.7 87.9 91.1 89.0 86.3 –

Table 16: COMET scores of Gemma-3-4B for each language pair (source language in rows and target
language in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 83.7 81.5 83.1 75.6 88.2 86.4 59.3 75.7 85.2 76.5 86.4 70.9 64.7 81.5 84.4 84.4 85.8 73.3 74.7 80.6
cs 81.0 – 79.8 84.4 75.3 88.0 85.3 56.9 72.1 82.4 75.8 85.0 67.4 61.1 81.0 84.4 83.0 84.6 87.4 74.3 79.9
da 79.9 81.5 – 82.6 71.1 88.3 83.3 57.7 74.6 81.7 75.9 84.9 68.5 61.9 81.1 81.4 83.4 83.2 75.6 70.2 84.4
de 79.8 82.3 80.5 – 70.8 88.7 84.5 57.6 73.8 83.0 75.4 85.0 68.8 61.5 82.3 82.3 82.4 82.9 64.6 70.3 80.9
el 79.7 78.1 71.6 81.3 – 86.4 84.6 57.9 73.3 84.4 71.4 86.0 69.5 62.0 79.1 68.1 79.5 82.6 63.8 70.1 77.6
en 84.0 85.7 84.8 86.6 81.0 – 89.7 64.0 81.0 88.8 81.4 89.4 74.1 66.9 85.5 85.8 88.7 89.8 80.1 75.3 84.7
es 82.3 82.7 80.8 82.2 78.1 89.5 – 59.6 74.0 86.9 77.5 88.3 70.3 61.6 81.1 84.4 88.3 87.3 75.0 71.8 79.8
et 77.8 76.8 73.7 77.5 73.2 86.3 77.8 – 69.9 78.7 71.3 79.5 65.3 60.7 74.7 80.8 78.9 80.0 67.4 63.8 73.3
fi 80.8 81.1 78.6 81.7 77.3 89.1 85.0 64.9 – 83.9 75.0 84.4 66.6 59.9 80.0 83.1 84.6 83.7 73.0 66.4 78.8
fr 80.9 81.6 79.6 81.8 72.3 88.8 86.6 59.3 73.8 – 75.7 87.8 68.0 61.4 81.0 82.7 86.0 85.2 64.5 70.5 79.9
hu 79.6 79.0 75.1 82.2 74.7 87.8 84.6 50.8 69.7 83.8 – 85.2 67.6 59.4 76.9 81.8 83.4 82.8 69.3 67.0 76.9
it 80.4 81.2 78.7 80.6 73.8 88.0 86.3 57.6 69.8 84.8 74.6 – 68.8 60.9 80.0 81.4 84.8 84.8 64.6 70.2 76.5
lt 79.0 76.2 70.8 77.0 73.8 84.9 81.5 57.6 68.5 79.4 70.1 81.8 – 68.5 75.8 80.1 79.4 79.9 64.1 65.3 74.8
lv 80.1 78.4 74.4 79.9 74.8 86.7 82.5 59.6 70.4 82.0 73.2 82.7 69.0 – 76.8 80.8 81.8 82.0 66.5 65.4 74.4
nl 78.5 80.3 78.1 76.3 71.0 87.8 83.4 57.1 72.8 81.6 73.8 84.2 66.7 60.9 – 78.6 82.3 82.9 62.9 66.9 77.8
pl 82.3 85.4 79.3 83.4 76.9 87.3 86.1 58.1 74.0 84.9 76.4 87.0 71.1 64.7 80.8 – 85.4 86.0 80.3 74.8 80.2
pt 81.1 80.4 78.8 80.5 77.4 88.7 88.7 58.0 73.5 86.7 72.1 87.8 68.6 61.1 80.6 82.3 – 86.3 70.7 70.2 79.1
ro 81.0 81.7 79.2 81.0 77.5 89.6 86.5 57.0 72.9 85.6 74.4 86.7 67.6 60.3 80.8 83.4 85.2 – 70.8 71.2 79.2
sk 80.3 89.5 75.6 83.5 75.4 87.7 85.0 56.5 70.4 82.2 73.9 85.5 67.0 61.7 80.6 84.7 83.4 84.0 – 76.3 79.5
sl 79.8 81.6 72.5 80.2 73.8 86.9 80.1 55.8 70.1 74.5 73.6 83.2 66.3 60.6 77.4 82.1 81.9 82.7 73.2 – 76.6
sv 80.5 82.0 83.2 82.2 71.4 87.7 82.1 58.2 74.7 81.4 75.4 85.1 68.3 61.8 81.0 81.4 83.0 83.2 75.7 69.9 –

Table 17: COMET scores of Qwen3-4B for each language pair (source language in rows and target
language in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 89.6 86.7 86.3 85.8 89.3 88.0 75.1 85.1 87.2 85.4 88.7 83.7 82.2 86.3 89.9 87.3 90.3 86.5 84.3 87.2
cs 87.5 – 85.8 87.6 85.4 88.9 87.4 74.4 83.6 86.3 84.2 88.1 81.4 79.2 86.8 89.9 86.4 89.2 91.9 82.8 86.7
da 86.9 88.4 – 86.9 85.6 89.8 87.4 74.8 84.3 86.5 85.3 87.5 82.6 80.1 85.8 88.8 86.5 87.8 84.6 81.3 89.7
de 87.1 89.8 86.5 – 85.2 89.4 87.2 75.7 84.6 86.9 85.4 88.5 82.7 79.9 87.5 89.8 86.5 89.5 86.4 82.8 87.5
el 86.3 82.4 84.4 81.9 – 84.9 85.5 64.2 82.0 85.6 82.4 86.4 77.1 75.7 84.2 86.0 80.6 84.4 82.0 79.4 83.8
en 89.4 90.4 88.6 88.7 88.3 – 90.5 79.4 88.3 89.9 87.5 90.7 84.6 83.4 88.3 90.3 89.8 92.2 87.1 84.3 89.0
es 88.3 89.2 86.0 86.0 86.6 90.0 – 76.3 85.1 88.7 85.2 89.9 82.7 79.9 85.9 89.7 89.7 90.6 86.1 82.9 86.6
et 85.3 86.9 83.2 84.6 83.8 88.6 85.3 – 80.6 85.5 82.2 85.5 78.1 74.6 84.3 88.2 85.6 86.9 81.8 77.4 84.1
fi 86.6 88.1 85.4 86.2 85.8 90.2 87.8 72.6 – 87.5 83.5 86.9 76.6 75.2 86.0 89.0 87.4 88.1 83.3 78.9 86.9
fr 87.6 88.5 85.3 86.2 85.9 89.6 88.9 74.2 84.1 – 85.0 90.0 81.9 80.8 86.3 89.2 88.4 90.3 85.3 81.8 85.9
hu 86.6 86.6 84.4 85.8 84.8 89.0 86.9 68.8 80.9 86.3 – 87.5 78.6 77.2 83.6 88.6 85.2 87.8 81.9 78.6 85.0
it 87.1 88.0 85.1 83.6 85.8 88.8 88.6 73.7 82.8 87.8 84.3 – 81.4 79.3 85.2 89.1 88.0 89.7 84.8 81.1 85.5
lt 86.1 85.0 82.4 83.0 84.1 87.2 85.2 68.4 80.6 84.1 80.3 85.8 – 76.7 83.2 87.5 84.2 85.4 79.3 75.0 83.4
lv 87.0 86.8 83.8 84.5 84.2 88.3 85.9 71.8 81.9 85.5 83.2 87.0 79.8 – 84.7 88.1 85.1 87.4 80.1 77.6 84.3
nl 86.2 87.5 84.2 86.9 84.0 88.7 85.9 73.2 82.8 85.9 83.3 87.1 81.2 79.1 – 88.2 85.2 87.1 82.8 79.2 85.8
pl 87.6 89.1 85.2 86.5 85.0 86.8 87.3 74.7 83.3 86.6 83.8 88.1 80.7 79.3 85.8 – 86.4 89.1 86.8 82.9 86.3
pt 88.1 87.7 85.7 85.6 86.2 89.8 90.2 75.6 84.1 88.8 84.8 90.2 81.9 79.3 85.5 89.4 – 90.3 84.8 81.9 86.4
ro 87.7 88.8 85.6 85.1 86.7 90.6 88.9 71.3 83.3 88.4 84.2 89.0 80.0 78.3 86.1 89.5 88.0 – 85.5 80.8 86.6
sk 87.9 93.4 85.8 87.7 85.5 89.1 87.5 72.3 82.8 86.2 84.1 88.2 79.9 78.6 86.6 90.0 86.4 89.1 – 82.2 86.6
sl 87.1 89.3 85.2 86.6 85.3 88.9 87.2 69.4 82.5 85.9 83.8 88.1 79.1 76.1 85.2 89.0 86.4 88.7 84.8 – 86.0
sv 87.0 88.6 89.2 87.0 85.4 89.8 87.3 75.8 84.7 86.3 84.7 88.0 82.0 79.1 86.0 89.2 86.7 87.9 83.7 80.9 –

Table 18: COMET scores of Qwen3-8B for each language pair (source language in rows and target
language in columns)
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src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 90.6 87.4 85.8 83.9 89.0 87.7 76.1 84.5 86.8 86.2 88.7 78.0 75.4 86.8 90.4 87.2 90.0 84.5 84.9 88.7
cs 85.7 – 87.0 87.3 84.3 88.8 87.1 74.1 83.0 85.5 84.5 88.3 74.1 71.0 87.4 89.5 86.2 88.1 90.3 78.5 89.1
da 83.1 89.3 – 86.1 82.3 89.2 85.3 73.6 84.2 85.3 85.1 87.0 75.2 72.2 86.5 88.5 84.7 86.8 79.7 79.2 90.5
de 85.2 90.4 86.7 – 83.7 89.1 86.5 75.2 84.7 85.9 85.9 87.8 76.3 71.8 87.9 89.8 86.1 89.1 82.9 82.7 89.1
el 85.5 89.7 87.1 85.2 – 89.5 87.5 75.4 84.9 87.1 84.6 88.6 77.3 74.1 86.2 89.8 87.2 90.0 83.5 82.6 88.8
en 88.3 91.8 89.5 88.4 88.5 – 90.3 82.1 89.0 89.6 89.0 90.8 80.4 77.9 89.2 91.1 89.7 92.5 85.3 85.5 91.1
es 86.2 89.7 86.7 85.3 86.1 89.7 – 75.9 85.6 88.2 86.2 90.0 76.5 72.5 86.7 90.0 89.6 89.8 82.3 82.0 88.5
et 83.3 87.3 83.9 84.0 82.6 87.9 84.8 – 80.4 84.4 83.7 85.4 70.0 67.5 84.7 87.5 84.8 84.9 76.5 73.7 86.6
fi 84.6 88.6 86.4 85.4 84.7 89.7 86.7 71.4 – 86.4 84.8 87.4 70.2 67.2 86.3 88.4 86.6 86.3 77.9 75.2 88.8
fr 86.0 89.1 86.3 85.5 85.2 89.2 88.6 74.1 85.3 – 86.0 90.1 76.0 73.6 86.9 89.8 88.2 89.9 81.6 82.2 88.1
hu 84.1 87.7 84.1 85.4 83.4 88.7 86.6 66.7 79.8 85.8 – 87.7 72.2 69.6 84.7 88.3 86.4 86.0 76.8 77.6 87.4
it 84.6 89.3 85.7 84.9 84.1 88.4 88.1 73.9 84.1 87.4 85.1 – 75.4 72.0 86.2 89.7 87.8 88.5 81.5 80.8 87.9
lt 82.9 85.6 82.4 82.3 81.2 85.8 83.3 66.9 80.5 82.0 82.5 84.6 – 68.6 81.8 87.1 82.5 84.4 73.1 73.5 85.5
lv 84.0 86.9 84.2 83.6 81.6 86.9 83.8 68.3 82.0 83.6 83.8 85.7 72.3 – 84.0 87.1 83.6 85.9 75.6 77.0 86.6
nl 83.9 88.5 85.1 86.3 82.2 88.2 85.3 71.9 83.2 85.4 84.3 86.8 74.3 69.9 – 88.0 84.7 86.0 79.2 77.3 87.5
pl 86.0 89.9 86.0 85.9 84.1 87.6 87.1 71.8 83.4 86.2 84.9 88.4 75.0 71.2 86.3 – 86.5 88.5 82.6 81.2 88.5
pt 86.4 89.2 86.4 85.3 85.6 89.5 89.8 74.7 84.8 88.3 85.2 89.9 75.4 71.5 86.4 89.4 – 88.1 80.8 80.2 88.6
ro 86.4 89.1 86.0 86.1 85.7 90.2 88.6 69.3 82.8 87.8 84.8 88.9 72.4 69.1 86.2 88.7 87.1 – 79.7 77.8 88.4
sk 85.7 94.2 86.8 87.3 84.3 88.6 87.1 74.3 83.8 85.5 85.7 88.2 72.6 70.9 87.3 90.3 86.3 88.8 – 81.4 89.0
sl 85.2 90.3 86.0 86.0 83.5 88.2 86.4 68.4 82.6 84.9 84.8 87.3 71.5 66.4 86.1 89.0 85.4 87.3 82.1 – 88.1
sv 83.6 89.1 88.9 86.3 83.3 89.4 85.7 74.6 84.5 85.3 85.0 87.5 75.4 71.9 86.4 89.2 84.9 87.6 79.2 78.5 –

Table 19: COMET of Llama-3.1-8B for each language pair (source language in rows and target language
in columns)

src/tgt bg cs da de el en es et fi fr hu it lt lv nl pl pt ro sk sl sv
bg – 93.2 90.7 88.0 90.7 89.8 89.1 89.7 90.5 88.5 90.3 90.3 90.0 88.8 88.7 92.6 89.1 92.3 91.2 91.3 90.9
cs 90.9 – 90.9 89.4 90.3 89.7 89.0 90.6 91.6 88.5 90.8 90.3 89.2 87.4 89.9 93.3 88.7 92.1 94.0 88.1 91.5
da 91.0 93.2 – 88.6 89.7 90.3 88.9 90.6 92.1 88.2 90.6 90.2 89.5 87.9 89.5 92.1 89.0 92.2 91.0 90.7 92.5
de 85.2 92.8 90.8 – 87.0 89.8 88.3 89.9 90.9 88.1 89.5 89.9 89.0 86.6 89.8 92.6 88.2 91.7 90.9 90.7 91.2
el 73.1 67.5 79.6 79.9 – 89.7 86.6 72.1 80.5 86.3 70.5 87.4 73.7 68.6 74.6 75.0 82.2 85.9 71.2 83.6 81.9
en 92.8 94.2 92.4 90.2 92.7 – 91.1 92.9 93.9 90.7 92.5 91.8 91.3 91.1 90.7 93.3 90.8 94.1 92.7 92.5 92.8
es 87.1 89.9 90.5 74.4 89.3 90.3 – 90.1 91.4 88.6 87.8 90.6 89.3 86.5 88.0 92.3 90.4 92.4 90.5 90.0 90.8
et 90.2 93.0 90.5 88.2 89.1 90.0 88.4 – 91.6 88.2 90.2 89.9 89.0 88.1 89.1 92.6 88.4 91.4 90.7 89.7 90.9
fi 90.3 93.3 91.3 88.6 90.8 90.9 89.4 91.0 – 89.2 90.5 90.4 88.9 86.8 89.6 92.9 89.3 91.8 90.9 90.1 92.0
fr 86.7 90.9 89.9 87.1 89.0 89.8 89.7 84.9 90.2 – 89.8 91.0 85.9 83.6 88.7 92.1 89.4 92.1 89.4 89.7 90.3
hu 90.4 92.4 90.6 87.9 89.1 89.7 88.8 89.5 90.8 88.3 – 90.0 88.6 87.6 88.8 91.9 88.8 91.1 90.5 89.6 90.6
it 84.7 89.6 89.7 81.8 87.9 89.2 89.6 89.0 83.4 89.3 88.2 – 86.1 85.1 88.3 91.7 89.4 91.8 90.2 88.3 90.2
lt 89.0 91.0 89.4 86.5 87.3 88.0 87.3 89.3 88.4 86.2 88.1 88.8 – 88.4 87.0 91.6 86.6 90.1 89.2 88.9 89.4
lv 88.8 91.9 90.0 87.6 88.7 88.8 87.6 90.5 89.0 87.1 89.7 89.3 90.7 – 88.3 92.0 87.4 90.8 90.2 89.7 90.4
nl 89.4 92.4 90.2 87.6 88.7 89.1 88.0 89.7 91.2 87.9 89.6 89.4 88.5 86.5 – 91.7 87.8 91.2 90.4 89.5 90.7
pl 90.4 93.2 90.3 84.3 90.2 88.4 88.7 90.2 91.4 88.0 90.3 90.1 89.9 88.2 88.7 – 88.5 91.7 91.7 91.2 90.9
pt 91.2 92.8 90.8 84.6 91.0 90.1 90.6 90.2 91.6 89.5 90.5 91.2 89.3 87.3 88.7 92.5 – 92.4 90.9 90.3 91.1
ro 90.7 92.5 91.0 83.5 91.1 91.0 90.1 89.9 89.6 89.4 90.4 91.1 88.4 88.0 89.1 91.7 89.8 – 90.7 90.0 91.4
sk 90.9 94.6 90.9 89.7 89.2 89.8 89.1 88.2 89.6 88.6 88.6 90.3 87.8 87.5 89.4 93.4 88.8 91.9 – 90.2 90.6
sl 90.4 92.2 90.8 88.8 88.3 89.6 88.9 88.3 88.8 88.1 88.9 90.3 89.2 86.6 88.1 93.1 88.5 91.8 90.5 – 90.9
sv 91.0 93.0 92.3 88.4 90.1 90.3 89.0 90.6 91.3 88.1 90.1 90.3 89.6 88.2 89.5 92.6 89.0 92.0 91.0 90.6 –

Table 20: COMET scores of Llama-3.1-70B for each language pair (source language in rows and target
language in columns)
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C. Political Fairness per Target
Language

We report the per-target-language sBLEU scores
of every EU party for all models in Tables 21, 22,
23, and 24.

tgt ALDE ECR EFA EFD EPP NA NGL S&D
bg 27.67 28.70 27.98 28.61 28.67 26.25 27.10 28.72
cs 21.18 21.23 20.63 21.14 21.11 20.47 19.75 21.30
da 26.50 26.12 25.72 25.20 25.76 24.46 24.64 25.88
de 24.02 24.58 22.57 23.46 23.47 20.16 22.29 23.78
el 10.46 10.02 10.64 10.57 10.28 9.92 10.50 10.52
en 36.32 35.88 34.76 36.39 36.42 35.16 35.16 36.71
es 33.16 32.53 31.93 34.04 34.50 32.76 32.96 33.80
et 11.56 11.67 11.72 10.84 11.04 11.04 10.32 11.12
fi 16.10 15.73 16.17 14.67 15.23 15.30 14.66 15.28
fr 28.20 28.17 27.44 28.89 29.38 26.83 28.12 28.92
hu 14.06 13.40 14.43 13.46 14.01 13.80 12.84 13.77
it 24.42 23.89 23.96 24.34 24.76 22.86 23.96 24.54
lt 13.15 13.00 12.94 12.61 12.57 12.78 11.65 12.84
lv 14.43 13.84 14.75 14.17 14.17 13.65 13.16 14.19
nl 23.42 22.85 22.02 21.92 22.20 21.52 20.86 22.94
pl 20.01 19.27 19.19 19.36 19.95 19.42 18.94 20.09
pt 27.33 26.58 26.55 27.26 27.21 26.80 24.78 27.23
ro 27.81 27.77 27.73 27.51 27.72 27.43 26.93 28.06
sk 20.53 21.11 20.18 20.21 20.59 19.80 19.44 20.59
sl 18.47 18.76 18.20 17.67 18.50 17.57 17.55 18.53
sv 24.17 24.21 22.89 23.32 23.39 22.72 22.09 23.43

Table 21: sBLEU scores of Gemma-3-4B per target
language. Each language has its performance vari-
ance significantly explained by the party variable
according to a Kruskal-Wallis test (p < 0.01).

tgt ALDE ECR EFA EFD EPP NA NGL S&D
bg 15.90 16.75 15.89 16.19 16.44 14.75 15.85 16.65
cs 12.60 12.46 12.44 12.39 12.69 12.04 11.56 12.76
da 15.96 15.78 15.50 15.09 15.74 14.37 15.09 15.61
de 17.59 17.77 16.39 17.36 17.59 14.67 16.26 17.60
el 12.51 12.31 12.25 12.34 12.93 11.41 11.57 12.92
en 33.19 32.89 31.86 33.34 34.01 31.88 32.21 33.93
es 26.73 25.83 25.66 27.33 28.22 25.99 26.49 27.46
et 5.90 5.81 6.09 5.42 5.56 5.63 5.28 5.63
fi 8.50 8.11 8.43 7.69 8.11 7.73 7.76 8.07
fr 22.26 21.90 21.82 22.77 23.61 21.05 22.40 23.05
hu 8.78 8.28 9.09 8.60 8.99 8.57 8.10 8.72
it 18.23 17.15 17.85 17.95 18.60 17.08 17.91 18.42
lt 8.35 8.01 8.44 7.99 8.08 7.96 7.62 8.05
lv 7.57 7.30 7.88 7.21 7.40 7.13 6.85 7.30
nl 15.98 15.61 15.03 15.36 15.51 14.78 14.65 15.76
pl 12.10 11.61 11.87 11.85 12.29 11.78 11.68 12.19
pt 20.93 20.02 20.40 21.01 21.19 20.34 19.09 21.12
ro 19.34 18.80 19.16 19.52 19.69 18.72 18.56 19.70
sk 9.29 9.18 9.24 8.97 9.31 8.74 8.68 9.38
sl 10.26 9.98 10.29 9.61 10.08 9.68 9.92 10.09
sv 15.22 14.70 14.29 14.52 14.78 13.59 14.20 14.84

Table 22: sBLEU scores of Qwen3-4B per target
language. Each language has its performance vari-
ance significantly explained by the party variable
according to a Kruskal-Wallis test (p < 0.01).

tgt ALDE ECR EFA EFD EPP NA NGL S&D
bg 20.83 21.56 21.28 21.59 21.81 19.80 20.88 21.93
cs 17.21 16.90 16.80 17.29 17.37 16.47 15.99 17.46
da 20.91 20.35 20.60 19.88 20.55 19.27 19.93 20.52
de 21.35 21.73 20.38 21.00 21.10 18.10 19.70 21.34
el 18.70 18.19 18.21 18.16 18.89 17.29 17.27 19.08
en 36.04 35.65 34.67 36.00 36.35 34.65 35.01 36.60
es 30.81 30.05 29.85 31.39 32.20 30.22 30.66 31.52
et 8.62 8.27 8.67 7.91 8.16 8.14 7.66 8.19
fi 12.01 11.42 11.73 10.92 11.45 10.77 10.80 11.47
fr 25.99 25.45 25.35 26.27 27.19 24.74 25.68 26.78
hu 12.39 11.73 12.82 11.97 12.37 12.19 11.55 12.19
it 21.27 20.15 20.70 21.23 21.78 19.94 20.77 21.50
lt 11.86 11.10 11.77 11.40 11.41 11.26 10.55 11.43
lv 11.91 11.09 11.88 11.63 11.87 11.24 10.75 11.59
nl 20.03 19.54 19.05 19.03 19.34 18.89 18.41 19.79
pl 16.12 15.39 15.79 15.59 16.20 15.76 15.22 16.21
pt 24.34 23.47 23.64 24.41 24.60 23.76 22.26 24.55
ro 23.91 23.07 23.58 23.40 23.86 23.09 22.81 24.13
sk 17.03 16.99 16.46 16.50 17.00 16.15 16.08 17.07
sl 14.57 14.30 14.28 13.93 14.64 13.88 13.96 14.50
sv 19.85 19.57 18.89 18.83 19.18 18.43 18.43 19.27

Table 23: sBLEU scores of Qwen3-8B per tar-
get language. Each target language has its per-
formance variance significantly explained by the
party variable according to a Kruskal-Wallis test
(p < 0.01).

tgt ALDE ECR EFA EFD EPP NA NGL S&D
bg 18.13 19.00 18.10 18.60 18.39 17.51 17.94 18.73
cs 17.75 17.78 17.58 17.70 17.90 17.29 16.89 18.00
da 19.80 19.61 19.54 18.45 19.17 18.50 18.53 19.22
de 20.86 21.23 20.12 20.33 20.34 18.11 19.22 20.55
el 17.90 17.73 17.11 17.54 18.10 16.55 16.49 18.20
en 35.52 35.23 34.52 35.94 35.80 34.27 34.39 36.06
es 29.52 28.84 28.80 30.26 30.87 29.15 29.48 30.21
et 8.16 8.02 8.30 7.53 7.75 7.99 7.39 7.86
fi 10.70 10.61 10.84 9.78 10.23 10.17 9.78 10.27
fr 25.23 24.64 24.86 25.58 26.33 24.04 25.27 25.89
hu 12.63 12.52 13.12 12.13 12.56 12.68 11.84 12.51
it 20.92 19.92 20.50 20.50 21.10 19.80 20.59 21.00
lt 8.91 8.57 9.05 8.53 8.64 8.71 8.01 8.73
lv 9.04 8.81 9.12 8.80 8.98 8.81 8.40 8.96
nl 20.50 20.16 19.72 19.38 19.63 19.19 18.54 20.02
pl 15.95 15.66 15.65 15.71 16.22 15.70 15.21 16.34
pt 23.83 23.16 23.27 23.79 23.97 23.48 21.95 23.84
ro 21.75 21.46 21.68 21.74 22.04 21.55 21.09 22.15
sk 13.70 13.62 13.42 13.36 13.65 13.21 13.00 13.84
sl 13.57 13.65 13.56 13.16 13.70 13.10 13.12 13.80
sv 21.08 20.89 20.02 20.09 20.40 20.00 19.50 20.56

Table 24: sBLEU scores of Llama-3.1-8B per target
language. Each language has its performance vari-
ance significantly explained by the party variable
according to a Kruskal-Wallis test (p < 0.01).


	Introduction
	Related Work 
	From Parliamentary Speeches into Multilingual Corpora
	Political Biases of LLMs

	Preparing 21-EuroParl
	LinkedEP
	Sentence Alignment 
	Overview of the dataset

	Experiments
	Method
	Implementation

	Results 
	Overall Translation Quality
	Language Fairness
	Political Fairness

	Discussion 
	Limitations 
	Ethical considerations
	Acknowledgements
	Bibliographical References
	Language Resource References
	Confounding Variables
	Topic
	Original Language

	Results per Language Pair
	sBLEU
	COMET

	Political Fairness per Target Language

