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Abstract

We introduce SMUGRI-COPA, a common-
sense reasoning benchmark for two heavily
under-resourced Finnic languages: Võro and
Livonian. Existing evaluation resources for
these languages rely on a translated subset of
FLORES sentences, limiting linguistic diver-
sity and the evaluation of broader language un-
derstanding. To address this gap, we human-
translate the COPA (Choice of Plausible Al-
ternatives) benchmark into Võro and Livonian,
creating, to our knowledge, the largest discrim-
inative benchmark currently available for these
languages. We evaluate a wide range of pro-
prietary and open-weight language models on
SMUGRI-COPA and compare the results with
Estonian XCOPA. Our results reveal a sub-
stantial performance gap between Estonian and
the lower-resource languages, with most mod-
els failing to significantly outperform random
guessing on Livonian. We further find that en-
abling reasoning for GPT-5 substantially im-
proves accuracy for Võro and Livonian, while
its reasoning summaries show frequent reliance
on explicit translation of the tasks. Our work
highlights the challenges of evaluating endan-
gered language understanding and provides a
new resource for multilingual evaluation re-
search.

tartuNLP/smugri-copa

1 Introduction

Recent years have seen increasing efforts to support
low-resource Finno-Ugric (FiU) languages, with
the vast majority of work focusing on machine
translation (MT, Yankovskaya et al., 2023; Tars
et al., 2022, 2021; Rikters et al., 2022; Pashchenko
et al., 2025). The limited research on large lan-
guage models (LLMs, Purason et al., 2025; Samuel
et al., 2025) has been hindered by the lack of suit-
able evaluation resources. For most low-resource
FiU languages, benchmarks are either absent or

derived from a small set of FLORES sentences
(NLLB Team et al., 2022) either directly for bench-
marking MT (Yankovskaya et al., 2023) or through
translated SIB-200 (Adelani et al., 2024, topic clas-
sification) and Belebele (Bandarkar et al., 2024,
multiple-choice QA) published by Purason et al.
(2025). This reliance on translated FLORES is
problematic. Since many source sentences origi-
nate from English Wikinews, they often contain
specialized, international, or culturally distant vo-
cabulary without well-established equivalents in
extremely low-resource languages, making trans-
lations more difficult, less natural, and less repre-
sentative of actual language use. As a result, it is
challenging to assess LLM performance beyond
translation or to track real progress in broader natu-
ral language understanding.

To investigate alternatives, we focus on two
extremely low-resource FiU languages—Võro
and Livonian—both of which currently rely
exclusively on FLORES-based evaluation with
SMUGRI-FLORES (Yankovskaya et al., 2023),
SIB-SMUGRI, and Belebele-SMUGRI (Purason
et al., 2025). While Võro and Livonian are both
low-resource languages, they differ by orders of
magnitude in their speaker populations and avail-
able resources. Yet each has an active community
and prior work on LLM training and evaluation
(Purason et al., 2025) to serve as a point of compar-
ison. These characteristics motivate the need for
evaluation benchmarks that are feasible to adapt to
extremely low-resource languages while capturing
language understanding beyond translation.

To address this, we translate the Choice of Plau-
sible Alternatives (COPA, Roemmele et al., 2011)
dataset and investigate whether it can serve as a
suitable evaluation benchmark for Võro and Livo-
nian, enabling more meaningful LM evaluation.
Since COPA is a discriminative benchmark, we fo-
cus on assessing the models’ ability to understand
the language, rather than their ability to generate
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Dataset Premise A B

COPA ENG The girl found a bug in her cereal. She poured milk in the bowl. She lost her appetite.
XCOPA EST Tüdruk leidis oma helveste seest putuka. Ta kallas piima kaussi. Ta kaotas oma isu.

SMUGRI-COPA (ours)
VRO Tütrik löüd’ krõbuskidõ seest mutiga. Tä pand’ piimä kaussi. Täl läts iso ärkiq.
LIV Neitst lı̄ediz en, tš kōpkõd sizāld kukkiz. Ta valı̄z semd, i koušõ. Ta kōtiz en, tš aptı̄t.

Table 1: An effect-type example from the COPA validation set with XCOPA and our translated versions. A and B
are options from which the model must choose the most plausible one (What happened as a result? in this case),
given the premise.

fluent text in those languages.
Our contributions are as follows: (1) we re-

lease SMUGRI-COPA1 (CC BY 4.0), a human-
translated extension of XCOPA (Ponti et al., 2020)
for the endangered low-resource Finnic languages
Võro and Livonian, creating, to our knowledge,
the largest discriminative language model evalua-
tion benchmark currently available for these lan-
guages; (2) we provide a systematic evaluation of
both proprietary and open-weight instruction-tuned
and base language models on SMUGRI-COPA, re-
vealing a substantial performance gap between Es-
tonian and the two low-resource languages and
showing that enabling reasoning in GPT-5 substan-
tially improves accuracy scores for Võro and Livo-
nian, while reasoning summaries reveal frequent
reliance on translation; and (3) we provide a qual-
itative analysis of challenges involved in translat-
ing benchmarks to endangered low-resource lan-
guages.

2 Background

Võro and Livonian are closely related both ge-
ographically and linguistically, belonging to the
Finnic branch of the Uralic languages. Among
higher-resource Finnic languages, they are most
closely related to Estonian. Like Estonian, both
Livonian and Võro are also considered morpholog-
ically rich languages.

According to the resource-based taxonomy of
languages by Joshi et al. (2020), Livonian is in
the lowest-resourced category — The Left-Behinds
(0/6) — and Võro is in the second-lowest category
— The Scraping-bys (1/6). Moseley (2010) con-
siders Livonian critically endangered, and Võro
definitely endangered.

According to the 2021 Population and Housing
Census, 99,560 people in Estonia have reported pro-
ficiency in Võro South Estonian (Statistics Estonia,

1huggingface.co/datasets/tartuNLP/smugri-copa

2022, including 26,220 Seto speakers). However,
some estimates suggest that the number of active,
fluent Võro speakers is likely below 50,000 (Plado
et al., 2023).

The number of speakers of Livonian as a sec-
ond language has previously been estimated at 30
(Druviete and Kl,ava, 2018). However, compared to
many other critically endangered languages, as a re-
sult of almost two centuries of collecting language
data, Livonian is documented relatively well, espe-
cially given its small number of speakers (Ernštreits
et al., 2022).

COPA (Roemmele et al., 2011) is an English
benchmark that evaluates a model’s ability to
choose the more plausible of two alternatives given
a premise. There are two types of tasks in COPA: 1)
What happened as a result? 2) What was the cause
of this? Table 1 demonstrates an example of type
1) task from COPA and the translations from our
work and XCOPA (Ponti et al., 2020). The given
example demonstrates that, while both options are
possible, one is clearly more plausible as the effect
(B).

3 Related Work

NLP for Võro and Livonian. There has been
growing interest in developing language technolo-
gies for low-resource Finno-Ugric languages such
as Võro and Livonian. Earlier work, including
Võro and/or Livonian, has primarily focused on
machine translation (Yankovskaya et al., 2023; Tars
et al., 2022; Rikters et al., 2022; Tars et al., 2021;
Ernštreits et al., 2022). In addition to text-based
approaches, speech technologies have also been
explored, including the development of neural text-
to-speech systems for Võro (Rätsep and Fishel,
2023). More recently, the development of large lan-
guage models (LLMs) supporting these languages
(Purason et al., 2025) has been explored, alongside
evaluation efforts (Kuulmets et al., 2025).
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Existing benchmarks. One of the first bench-
marks for these languages is SMUGRI-FLORES
(Yankovskaya et al., 2023), which consists of trans-
lations of 250 sentences (out of 1012) from the
FLORES (NLLB Team et al., 2022) machine trans-
lation benchmark. Since both SIB-200 (Adelani
et al., 2024) and Belebele (Bandarkar et al., 2024)
are partially constructed from FLORES sentences,
Purason et al. (2025) were able to reuse these trans-
lations with minimal additional translation to ex-
tend those benchmarks to Võro, Livonian, and
Komi, enabling automatic discriminative evalua-
tion of language models. In addition, they intro-
duced SMUGRI-MT-Bench for human evaluation
of multi-turn conversational performance in LLMs.

Translations of COPA. XCOPA (Ponti et al.,
2020) extended COPA (Roemmele et al., 2011) to
11 languages, including Estonian, via translation.
Since then, the benchmark has been adapted to
a wide range of additional languages (Gonzalez-
Agirre et al., 2024; Ljubešić et al., 2024; Wibowo
et al., 2024; Doddapaneni et al., 2023; Žagar and
Robnik-Šikonja, 2022; Ljubešić and Lauc, 2021;
Shavrina et al., 2020). The work most closely re-
lated to ours is Ljubešić et al. (2024), which extends
COPA to South Slavic dialects and was also used in
the VarDial 2024 Dialect-COPA shared task (Chifu
et al., 2024).

4 Methodology

4.1 Why was COPA chosen?
(1) Ease of translation. Many existing bench-
marks contain domain-specific or culturally distant
content that is difficult to translate naturally into ex-
tremely low-resource languages. FLORES-based
benchmarks such as Belebele and SIB-200 are one
example, often requiring specialized vocabulary
(e.g., medical terms) that may not exist in the target
language. As a result, such benchmarks may be
less representative of actual language use and thus
difficult to translate. In contrast, COPA focuses
on short everyday situations, making translation
substantially easier and more natural.

(2) Diversity. Existing automatic benchmarks for
these languages all rely on the 250 FLORES sen-
tences, which limits linguistic and topical variation.
Translating COPA introduces a new set of sentence
contexts, thereby increasing benchmark diversity.

(3) Applicability. COPA can be used to evaluate
both encoder-only and decoder-only language mod-

els. For decoder-only models, it is applicable to
both base and instruction-tuned models.

(4) Size. In extremely low-resource settings,
translating thousands of examples is often infea-
sible due to the limited availability of translators.
At the same time, benchmark size strongly affects
evaluation uncertainty. A 127-example benchmark
like Belebele-SMUGRI typically yields confidence
intervals of roughly ±7–9% in the 20–80% accu-
racy range, making comparisons between similarly
performing models unreliable. In contrast, the 500-
example XCOPA test set has confidence intervals
below ±4.5%, enabling more reliable comparisons
(see Figure 1).
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Figure 1: Estimated 95% confidence inter-
vals for various dataset sizes. Following the
lm-evaluation-harness (Gao et al., 2024), we esti-
mate confidence intervals using a normal approximation
based on the standard error of accuracy.

4.2 Translation
The dataset was translated by a native speaker for
Võro and a fluent speaker for Livonian (due to a
lack of native speakers), following detailed instruc-
tions (see Appendix A.1). The translators were
compensated and additionally offered an oppor-
tunity to contribute as authors. Translators were
asked to maintain the correct meaning of each
example, ensuring that the cause-and-effect rela-
tionship remained intact, while creating sentences
that sound natural in the target language. When
a direct translation was not possible, they were
allowed to adjust the wording to better fit the lan-
guage. Translators also flagged any cases where
the original answer key seemed incorrect or where
the translation would produce incorrect examples
in the target-language context. The translators were
given both the English source of COPA (Roemmele
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et al., 2011) and also the existing Estonian transla-
tion from XCOPA (Ponti et al., 2020), since Esto-
nian is closely related to Võro and Livonian. The
XCOPA structure, including validation/test split,
labels, and the option order, is kept intact. The
resulting dataset will be released under Creative
Commons Attribution 4.0 following XCOPA (Ponti
et al., 2020). Each language was translated by one
translator, and the resulting translations were not
independently validated by another speaker (see
Limitations).

We deviate from the translation methodology of
XCOPA (Ponti et al., 2020) by giving translators
the correct label from the start. This allows them to
judge how best to translate each example so that the
intended answer remains correct within the linguis-
tic and cultural context of the target languages, and
to flag items whose correctness becomes unclear
in that context. Because the pool of qualified trans-
lators for these low-resource languages is small,
providing the label upfront also helps make their
time and effort more efficient.

4.3 Experiment setup
We evaluate both open- and closed-weight
instruction-tuned models, as well as open-weight
base models. COPA can be framed in a multiple-
choice or a cloze format (see Figure 2) and eval-
uated with both log-probability-based evaluation
and generative evaluation, depending on whether
there is access to the token log-probabilities or not.

The base models were evaluated using
lm-evaluation-harness (Gao et al., 2024). We
evaluate models in 7–9B and 70B ranges, cov-
ering predominantly English-centric (Grattafiori
et al., 2024, Llama-3), multilingual (Martins
et al., 2025, EuroLLM), massively multilingual
(Hernández-Cano et al., 2026, Apertus, includes
VRO and LIV in training data), Estonian-
specialized (Dorkin et al., 2026, EstLLM) and
Võro-and-Livonian-specialized (Purason et al.,
2025, Llama-SMUGRI-7B) models.

We evaluate OpenAI models through Azure
OpenAI API and Gemini through Gemini API
with the prompt outlined in Appendix B.1, us-
ing temperature = 0, except for reasoning
modes, where we use the recommended value.
We also evaluate competitive open-weight mod-
els DeepSeek-V3.2 (DeepSeek-AI et al., 2025),
Apertus-70B-Instruct-2509 (Hernández-Cano
et al., 2026), and Gemma-4-31B-it (Gemma Team
et al., 2026).

Multiple-choice format
{premise}, {connector}:
A. {choice_1}
B. {choice_2}
Answer: A/B

Cloze format
{premise}, {connector} {choice_1}/{choice_2}

Figure 2: The prompt formats used for base model evalu-
ation. The model selects the candidate continuation with
the highest log-probability. The connector for COPA
could be because or therefore (in the target language).

We evaluate on the test set and use the validation
set for few-shot examples. For calculating standard
errors and 95% confidence intervals, we use the im-
plementation from lm-evaluation-harness. We
consider a model to significantly outperform ran-
dom guessing when its 95% confidence interval
excludes the 50% random baseline. The full list of
models and their precise versions is provided in Ap-
pendix B.3, Table 12. We also report the Estonian
XCOPA (Ponti et al., 2020) for comparison.

5 Results

5.1 The translated dataset
Following XCOPA, the translated dataset consists
of a 500-example test set and a 100-example valida-
tion set. As shown in Table 2, Livonian and Võro
require 2.18× and 1.66× as many GPT-5 tokens
as English, respectively, indicating substantially
less efficient representation under this tokenizer.
This implies higher processing costs for the same
text with those models for low-resource languages.
Further dataset statistics are listed in Appendix C.

byte char word GPT-5 tokens

ENG 1 1 1 1
EST 0.97 0.93 0.74 1.42
VRO 1.00 0.90 0.78 1.66
LIV 1.08 0.91 0.79 2.18

Table 2: How many times longer is the same text
compared to English? Premiums in number of bytes,
characters, words and tokens compared to English
(ctgt/ceng) for the test set (n = 500).

5.2 Benchmarking
5.2.1 Instruction-tuned models
Performance across languages. For zero-shot
prompting with proprietary instruction-tuned mod-
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Model EST VRO LIV

PROPRIETARY INSTRUCT-MODELS
GPT-4o 98.0 ± 1.2 70.0 ± 4.0 50.0 ± 4.4

GPT-4.1 98.0 ± 1.2 69.0 ± 4.1 51.4 ± 4.4

GPT-5 97.4 ± 1.4 68.8 ± 4.1 53.2 ± 4.4

GPT-53 (low) 99.0 ± 0.9 84.4 ± 3.2 61.0 ± 4.3

Gemini-3-flash3 (low) 99.4 ± 0.7 94.0 ± 2.1 79.6 ± 3.5

OPEN-WEIGHT INSTRUCT-MODELS
DeepSeek-V3.2 (685B) 82.8 ± 3.3 53.0 ± 4.4 49.2 ± 4.4

Apertus-70B-Instruct† 88.0 ± 2.9 58.2 ± 4.3 54.2 ± 4.4

Gemma-4-31B-it 92.6 ± 2.3 63.0 ± 4.2 49.8 ± 4.4

Table 3: COPA benchmark accuracy (zero-shot). For
proprietary models with reasoning enabled3, reasoning
effort is indicated in parentheses. †- models including
Võro and Livonian in training data.

els, Estonian achieves a nearly perfect score (see
Table 3). On the other hand, the Võro accuracy
is noticeably lower compared to Estonian for the
same model, and for Livonian, none of the non-
reasoning models can significantly outperform the
random baseline (50%). We can observe this rank-
ing of Estonian, Võro, and Livonian scores across
all model types.

The substantially lower performance of Livo-
nian compared to Võro is consistent with both
its extremely limited resource availability and its
lower similarity to Estonian, which may reduce
cross-lingual transfer. In FineWeb-2 (Penedo et al.,
2025), Livonian contains only 159 documents com-
pared to 8200 for Võro (nearly 60× fewer words).
Table 4 shows that Võro is more similar to Esto-
nian than Livonian in terms of vocabulary overlap
and Levenshtein ratio. Similar observations were
also reported by Ljubešić et al. (2024), who found
that dialects closer to the corresponding higher-
resource language achieved higher COPA perfor-
mance. Prior work has also identified lexical over-
lap as a contributor to cross-lingual transfer (Lin
et al., 2019; Pires et al., 2019).

Effect of reasoning. Comparing the two GPT-5
configurations, enabling reasoning at low effort in-
creases accuracy from 68.8% to 84.4% for Võro
and from 53.2% to 61.0% for Livonian. Further-
more, when looking at Gemini-3-flash with sim-
ilar reasoning effort, we see even higher scores,
making it by far the best model benchmarked.
Among the evaluated instruction-tuned models,
GPT-5 and Gemini-3-flash are the only models
to significantly outperform the random baseline
for Livonian. With reasoning disabled, GPT-5 per-

top-100 Levenshtein ratio

overlap char word

VRO - EST 15 0.457 0.105
LIV - EST 4 0.403 0.097
VRO - LIV 3 0.314 0.042
EST - ENG 0 0.225 0.000

Table 4: Similarities of translated COPA texts (test
set, n = 500) between languages. Following Ljubešić
et al. (2024), we report character and word Levenshtein
ratios (1−dlev(a, b)/max(∣a∣, ∣b∣)) and the number of
overlapping words in the top-100 most frequent words.
Higher values indicate higher similarity.

Translation Low Surface-form
reasoning understanding reliance

VRO 19/23 4/23 3/23
LIV 21/26 16/26 8/26

Table 5: Manual analysis of GPT-5 reasoning summaries
for 50 randomly selected parallel examples. Not all
examples yielded a reasoning summary. Low under-
standing denotes a mostly incorrect interpretation of the
example’s meaning. See Appendix B.4 for details.

forms at a similar level to other OpenAI models,
suggesting that enabling reasoning is the cause be-
hind the increase in accuracy scores.

When examining GPT-5 reasoning summaries
for a subset of 50 examples, we observe that the
reasoning summaries frequently describe explicit
translation in both languages (Table 5). However,
the quality of the demonstrated understanding dif-
fered substantially between Võro and Livonian. For
Võro, the reasoning summaries generally reflected
a correct understanding of the task, with only oc-
casional issues. In contrast, for Livonian, many
reasoning summaries revealed limited understand-
ing, often relying on only partially correct trans-
lations or shallow associations with related lan-
guages. These results show that enabling reasoning
in GPT-5 increases benchmark accuracy, but does
not necessarily demonstrate correct reasoning in
the target language.

Open-weight instruct models. The open-weight
instruct models show substantial variation in perfor-
mance that is not clearly correlated with model size
(Table 3). None of the evaluated open-weight in-
struct models significantly outperform the random
baseline on Livonian. For Võro, performance also
varies considerably: DeepSeek-V3.2 (685B) does
not significantly outperform the random baseline,
while the strongest open-weight instruct model in
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EST VRO LIV

Model 0-shot 5-shot 0-shot 5-shot 0-shot 5-shot

CLOZE FORMAT

Llama-SMUGRI-7B‡ 72.4 ± 3.9 76.6 ± 3.7 58.4 ± 4.3 60.2 ± 4.3 53.0 ± 4.4 52.8 ± 4.4

Llama-3.1-EstLLM-8B-0525 77.6 ± 3.7 77.6 ± 3.7 55.4 ± 4.4 56.8 ± 4.3 49.0 ± 4.4 50.0 ± 4.4

Apertus-8B-2509† 70.4 ± 4.0 76.2 ± 3.7 54.4 ± 4.4 54.6 ± 4.4 47.2 ± 4.4 45.8 ± 4.4

Llama-3.1-8B 56.6 ± 4.3 61.0 ± 4.3 54.8 ± 4.4 51.0 ± 4.4 48.4 ± 4.4 47.6 ± 4.4

EuroLLM-9B 73.2 ± 3.9 78.8 ± 3.6 54.2 ± 4.4 54.6 ± 4.4 47.6 ± 4.4 47.0 ± 4.4

Apertus-70B-2509† 72.4 ± 3.9 79.4 ± 3.5 56.4 ± 4.4 57.8 ± 4.3 47.0 ± 4.4 48.2 ± 4.4

Llama-3.1-70B 68.8 ± 4.1 75.6 ± 3.8 54.6 ± 4.4 57.0 ± 4.3 48.6 ± 4.4 49.4 ± 4.4

CONTINUED PRE-TRAINING ON VRO+LIV:
Llama-3.1-EstLLM-8B-VRO-LIV‡ (ours) 73.8 ± 3.9 76.2 ± 3.7 60.8 ± 4.3 63.4 ± 4.2 52.8 ± 4.4 53.4 ± 4.4

MULTIPLE-CHOICE FORMAT

Llama-SMUGRI-7B‡ 55.4 ± 4.4 61.6 ± 4.3 50.6 ± 4.4 54.0 ± 4.4 49.8 ± 4.4 48.4 ± 4.4

Llama-3.1-EstLLM-8B-0525 68.6 ± 4.1 90.0 ± 2.6 51.4 ± 4.4 67.0 ± 4.1 51.8 ± 4.4 52.2 ± 4.4

Apertus-8B-2509† 57.0 ± 4.3 90.2 ± 2.6 51.0 ± 4.4 61.4 ± 4.3 50.2 ± 4.4 52.4 ± 4.4

Llama-3.1-8B 65.2 ± 4.2 70.2 ± 4.0 50.4 ± 4.4 56.4 ± 4.4 49.2 ± 4.4 51.0 ± 4.4

EuroLLM-9B 80.0 ± 3.5 88.4 ± 2.8 53.0 ± 4.4 63.8 ± 4.2 51.4 ± 4.4 51.4 ± 4.4

Apertus-70B-2509 † 75.4 ± 3.8 93.6 ± 2.1 53.4 ± 4.4 65.8 ± 4.2 48.8 ± 4.4 45.2 ± 4.4

Llama-3.1-70B 85.8 ± 3.1 95.0 ± 1.9 56.4 ± 4.4 74.2 ± 3.8 51.4 ± 4.4 52.4 ± 4.4

CONTINUED PRE-TRAINING ON VRO+LIV:
Llama-3.1-EstLLM-8B-VRO-LIV‡ (ours) 81.0 ± 3.4 89.2 ± 2.7 65.8 ± 4.2 77.6 ± 3.7 50.8 ± 4.4 58.8 ± 4.3

Table 6: Accuracy (%) of the open-weight base models on the COPA benchmark for Estonian, Võro and Livonian.
Log-probability-based evaluation. †- models including Võro and Livonian in training data, ‡- models targeting Võro
and Livonian specifically.

our experiments, Gemma-4-31B-it, reaches 63.0%.
Furthermore, all proprietary models we tested out-
perform the open-weight instruct models on Võro.

5.2.2 Base models
When looking at open-weight base models, we
again see that Estonian has the highest accuracy,
while Võro lags behind, and Livonian is again not
significantly better than random guessing.

Prompt format. Gu et al. (2025) found that dur-
ing pre-training, the cloze format (CF) performs
well in early training; however, the multiple-choice
format (MCF) outperforms it later.

With the models we tested for Võro, we see that
most achieve higher scores with MCF than with CF
for 5-shot prompting, whereas for 0-shot prompt-
ing, the difference is smaller. One exception is
Llama-SMUGRI-7B, which is explicitly adapted for
Võro and Livonian, and achieves the highest score
for Võro among previously available base models
within the CF setting for both 0- and 5-shot prompt-
ing, while being unable to take advantage of the
MCF, possibly due to being based on less capa-
ble Llama-2-7B compared to the newer models we
benchmark.

When looking at how similarly different bench-
marks rank base models (see Figure 3), we see
that CF correlates more with generative perfor-

mance in the target language, as shown by EST-VRO
SMUGRI-FLORES, while MCF correlates more
with discriminative multilingual understanding,
shown by multiple-choice benchmark Belebele-
SMUGRI. Full results for previous benchmarks
are listed in Appendix F.
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Figure 3: How similarly do different benchmarks rank
the 8 base models? Kendall τ rank correlation for vari-
ous benchmarks in Võro (5-shot).

Continued pre-training. To further as-
sess the suitability of SMUGRI-COPA as a
benchmark, we continued pre-training the
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strongest Estonian model in the 7–9B range –
Llama-3.1-EstLLM-8B-0525 – on FineWeb-2
Estonian (Penedo et al., 2025), FineWeb-Edu
(Lozhkov et al., 2024, English) and VRO and LIV
data from SMUGRI42, Wikipedia (Wikimedia
Foundation, 2025), and liv4ever (Rikters et al.,
2022), with the target language data making up
50% of training tokens. We list further technical
details in Appendix E.

We see that continued pre-training on 22M to-
kens yields a stronger model that achieves the high-
est scores among all base models for Võro across
all prompting strategies and is the only model
to surpass the random baseline on MCF 5-shot
prompting for Livonian (see Table 6). This sug-
gests that SMUGRI-COPA can reflect improve-
ments from training on VRO and LIV data.

5.3 Adequacy of Machine Translation

VRO LIV

Model Human MT Human MT

GPT-4o 70.0 ± 4.0 79.4 ± 3.5 50.0 ± 4.4 55.2 ± 4.4

GPT-4.1 69.0 ± 4.1 77.6 ± 3.7 51.4 ± 4.4 51.6 ± 4.4

GPT-5 68.8 ± 4.1 76.6 ± 3.7 53.2 ± 4.4 52.8 ± 4.4

Table 7: Human-translated vs machine-translated (MT)
benchmark accuracies.

Since machine-translated benchmarks have be-
come increasingly common for evaluation, we in-
vestigate whether a machine-translated XCOPA
could estimate the performance of the human-
translated version. The scores of machine-
translated3 versions are substantially higher for
Võro compared to human translations (see Ta-
ble 7). These results caution against using machine-
translated benchmarks without language-specific
validation.

6 Challenges in translating COPA

While in COPA, the scenarios are mostly straight-
forward and culturally appropriate to translate,
there are a few examples where accurate transla-
tion can be problematic. We try to consider the
correctness — if the most plausible choice given
the premise remains the same — and how appro-
priate the example is given the culture and the
typical usage of the language. We outline the main

2huggingface.co/datasets/tartuNLP/smugri4-data
3translated from Estonian XCOPA using

https://neurotolge.ee/ API on January 31, 2025

translation challenges below and provide additional
examples in Appendix D.

6.1 Cultural context
There are only a few potential minor issues with
the cultural context. While they generally do not
change the correctness of the examples for Võro
and Livonian, they are worth considering briefly.

� Example 1 The woman ran out of eggs,
therefore: A) she went to the farm. B) she went
to the supermarket.
� Explanation Getting eggs from a farm in
Võro-speaking areas is more common than
in Estonian-speaking urban population centers.
While getting eggs from a supermarket is still
arguably more common, this aspect shifts the
balance of the choices and might also be an
issue in other languages and cultures.

6.2 Idiomatic expressions
COPA includes some phrases that cannot be trans-
lated literally while preserving naturalness. Id-
iomatic expressions are often realized differently
across languages, requiring reformulations to pre-
serve naturalness and correctness.

� Example 2 I paused to stop talking, be-
cause A) I lost my voice. B) I ran out of
breath.
� Explanation Paused is hard to translate in
a way that implies that the talking is stopped
temporarily. Additionally, "I ran out of breath"
is challenging to translate in a manner that a
fluent speaker would use, and was therefore
translated as "I had to breathe" for Võro.

� Example 3 The accident was my fault,
therefore A) I felt guilty. B) I pressed charges.
� Explanation It is hard to translate I pressed
charges in a way that is natural in Võro, so it
was translated as I went to court, which loses
the detail of being the party to press charges and
could affect the correctness of this example.

6.3 Semantic non-equivalence and lexical gaps
Some examples were difficult to translate because
the target languages do not always cover the same
concepts as English. In Võro, this mainly appeared
as semantic non-equivalence, where the closest
translation has a slightly different or broader mean-
ing than the original English word, potentially in-
creasing ambiguity. In Livonian, lexical gaps were
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more common, especially for modern concepts and
international vocabulary without well-established
equivalents. In such cases, translations relied on
paraphrasing and lexical innovation. The latter has
been addressed by borrowing from related or close
contact languages such as Estonian and Latvian
(e.g., the word checkers) or adapting international
stems to Livonian orthography and morphology
(e.g. team, marathon, grill, hit song), in line with
established practices in Livonian. Some examples
also became more ambiguous due to homonymy
and polysemy in Livonian. For example, the word
ı̄el can mean both street and voice in the genitive
case.

� Example 4 I yanked the imposter’s hair,
therefore A) her wig came off. B) she went
bald.
� Explanation In Võro, bald was translated
as with a bare head, which could also mean
without a head covering (e.g., a hat or a wig).
This could also make the correct choice more
ambiguous in Võro, thereby affecting the exam-
ple’s correctness.

� Example 5 The man’s email inbox was
full of spam, therefore A) he deleted the spam.
B) he sent out a mass email.
� Explanation There is no documented equiv-
alent for spam in Livonian, so a new compound
was formed from existing words meaning junk
and mail.

� Example 6 The item was packaged in bub-
ble wrap, because A) it was fragile. B) it was
small.
� Explanation There is no word for bubble
wrap in Livonian, so it was translated as bubble
plastic (bul,plast).

6.4 Other issues

One of the more challenging issues in translat-
ing Võro sentences was choosing the correct
demonstrative pronoun from the ternary system
(seo–taa–tuu) to represent English binary this-that.
Their interpretation depends not only on spatial
and temporal distance but also on additional fac-
tors, but the use of these pronouns in written Võro
has not been systematically studied. Moreover,
the entire demonstrative pronoun system appears
to be undergoing change in the context of Esto-
nian–Võro bilingualism (Plado and Reile, 2020;

Pajusalu, 2015).

6.5 Overall correctness

Only a small number of translations were iden-
tified as potentially affecting benchmark correct-
ness. Based on a manual review of the translators’
comments, we identified potentially correctness-
affecting shifts in fewer than 1% of the Võro
(3/500) and Livonian (4/500) examples. Because
this estimate is based on translator comments rather
than an independent audit, additional ambiguous
cases may not have been identified.

7 Discussion

The parallel nature of COPA translations, such as
SMUGRI-COPA, is both a blessing and a curse. On
the one hand, it enables direct comparisons across
languages and language varieties, allowing the
study of cross-lingual differences within a shared
evaluation framework. On the other hand, this
makes the benchmark more general and less sen-
sitive to culture-specific knowledge and language-
specific nuances. There remains a need for evalu-
ation benchmarks grounded in local cultural con-
texts and natural language use. Developing such
culturally and linguistically specific resources re-
mains an important direction for future work.

8 Conclusion

In this work, we introduced SMUGRI-COPA, a
new commonsense reasoning benchmark for the
extremely low-resource Finnic languages Võro
and Livonian. By extending XCOPA to these
languages, we provide the largest discriminative
benchmark for language model evaluation currently
available for them and enable direct comparison
with existing XCOPA translations across languages
with different resource levels.

Our results reveal a substantial gap between
higher-resource Estonian and the lower-resource
languages, especially Livonian, where most mod-
els fail to significantly outperform random guess-
ing. In contrast, reasoning-enabled models can
substantially improve accuracy scores in extremely
low-resource settings. Nevertheless, our reasoning-
summary analysis shows that these gains may rely
on translation and surface-form cues and should
not be taken as conclusive evidence of target-
language understanding. We additionally find that
machine-translated benchmarks may inflate evalua-
tion scores, raising concerns about their reliability
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in low-resource settings.
Overall, our findings highlight both the impor-

tance and the difficulty of evaluating language un-
derstanding in endangered languages. We hope
SMUGRI-COPA will support future work on mul-
tilingual evaluation and language technologies for
low-resource and endangered languages.

Limitations

There are multiple language variants that people
use in practice (dialects, subdialects, orthogra-
phies). We focus on a single version translated
by a single person for each language, which in
practice could affect results compared to other va-
rieties of the same language. There might be dis-
agreement in the community about the preferred
versions of the languages, and we do not contend
that we present the only correct version. Beyond
checks performed by the translators themselves,
we have not conducted independent human valida-
tion of translation or task correctness. Furthermore,
providing translators with the correct labels helped
preserve the intended causal relationships, but may
also have influenced wording choices or introduced
unintended surface cues. Label-blind validation
would therefore be valuable future work.

Since COPA and XCOPA have been publicly
available for years, they may have been included
in language model training corpora. However, our
translations are completely new and were not pub-
licly available before our evaluation. Although
this reduces the likelihood of direct string-level
contamination, it does not eliminate task-level con-
tamination: a model may translate an item into En-
glish or Estonian and recover an answer previously
encountered through COPA or XCOPA. Neverthe-
less, asking the same question in another language
can provide useful evidence of the model’s ability
to understand the target language and connect in-
formation across languages. Consequently, high
accuracy provides evidence of target-language un-
derstanding, but cannot by itself establish that the
model reasoned independently in the target lan-
guage when its training data is unknown.

The reasoning-summary analysis cannot fully
resolve this uncertainty, since OpenAI’s reasoning
models provide summaries rather than complete
internal reasoning traces. Our analysis is there-
fore limited to these model-generated summaries
and cannot establish what the models’ full internal
reasoning contained.

Finally, COPA evaluates only one form of causal
commonsense reasoning. Results on SMUGRI-
COPA may therefore not generalize to broader lan-
guage understanding or generation tasks.

Ethics Statement

To avoid implying a single authoritative standard
for the languages, we explicitly present the dataset
as one possible translation among multiple possi-
ble variants. The dataset should therefore not be
interpreted as a definitive representation of the lan-
guages, but rather as one resource intended to sup-
port the evaluation and development of language
models.

SMUGRI-COPA will be released under CC BY
4.0. To reduce accidental benchmark contamina-
tion, we use a gated repository that will automat-
ically grant access after displaying a non-binding
request to not use the dataset for training or re-
distribute it in a way accessible to web-crawlers.
This request does not modify the license. We addi-
tionally include a canary GUID with each example
to support future detection of dataset leakage into
training corpora.

During dataset creation, translators were com-
pensated for their work and additionally offered the
opportunity to participate in the writing process as
co-authors.
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A Translation Details

A.1 Translator guidelines
The guidelines given to translators are in Figure 4.
Additionally, the translators were instructed to pri-
oritize naturalness in the target language and task
correctness, and were permitted to make adjust-
ments when sentences were not directly translat-
able. For example, when translating "bubble wrap",
since there is no one-to-one translation, "bul,plast"
("bubble plastic") was used.

Each example in the XCOPA test dataset consists of three
short sentences: a premise and two choices. The tasks
fall into two types: cause and effect. For cause-type tasks,
you must choose which of the two options explains the
cause of the situation described in the premise. For effect-
type tasks, you must choose which option describes the
effect of the situation described in the premise. In both
cases, you should choose the most plausible/likely of the
two options, given the premise.
The goal is to translate the test dataset into {Võro/Livo-
nian} while preserving the correctness of the tasks. To
check this, we have included the correct answer number
with each task. The dataset was originally in English but
has been translated into Estonian. In case the Estonian
translation seems unclear, the original English version is
also included. We ask you to translate two subsets: a test
set of 500 examples and a validation set of 100 examples.
If it seems that the originally marked correct answer is
wrong, please let us know by tagging the sentence.

Figure 4: Translator guidelines translated into English
(original in Estonian).

A.2 Compensation
The translators were compensated C800 gross (be-
fore taxes) for translating the dataset. We estimated
that translating a single COPA example required

44300

https://aclanthology.org/2025.nodalida-1.61/
https://aclanthology.org/2025.nodalida-1.61/
https://aclanthology.org/2025.nodalida-1.61/
https://doi.org/10.18653/v1/2020.emnlp-main.381
https://doi.org/10.18653/v1/2020.emnlp-main.381
https://doi.org/10.18653/v1/2020.emnlp-main.381
https://andmed.stat.ee/en/stat/RL214462
https://andmed.stat.ee/en/stat/RL214462
https://doi.org/10.18653/v1/2022.wmt-1.33
https://doi.org/10.18653/v1/2022.wmt-1.33
https://aclanthology.org/2021.nodalida-main.5/
https://aclanthology.org/2021.nodalida-main.5/
https://aclanthology.org/2021.nodalida-main.5/
https://doi.org/10.18653/v1/2024.naacl-long.77
https://doi.org/10.18653/v1/2024.naacl-long.77
https://doi.org/10.18653/v1/2024.naacl-long.77
https://dumps.wikimedia.org
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://doi.org/10.18653/v1/2020.emnlp-demos.6
https://aclanthology.org/2023.nodalida-1.77/
https://aclanthology.org/2023.nodalida-1.77/
https://aclanthology.org/2022.lrec-1.221/
https://aclanthology.org/2022.lrec-1.221/


approximately 7 minutes on average. This corre-
sponds to an estimated hourly wage of approxi-
mately C11.43. At the time of the work, the mean
gross hourly wage in the translators’ country was
C11.97/hour, and the median was C9.82/hour (all
before taxes). The translators were additionally
offered the opportunity to contribute to the paper
writing as co-authors.

B Evaluation Details

B.1 Instruction-following model prompt

The instruction-following model prompt is listed
in Figure 5. The output to this prompt was parsed
with regular expressions created iteratively to cover
different model outputs.

SYSTEM:
You will receive a premise and two options describing
either the cause or the effect. Choose the most plausible
option and reply only with its letter (A or B).

USER:
{premise}, {connector}\n
A. {choice_1}\n
B. {choice_2}

Figure 5: Instruction-following model prompt. The
connector for COPA could be because or therefore de-
pending on the task type (in the target language).

B.2 Technical details

The models were evaluated on 8 GPU compute
units (4 AMD MI250x) on the LUMI supercom-
puter.

B.3 Full list of benchmarked models

The full list of models, their versions, and licenses
is provided in Table 12. All evaluated models were
used in accordance with their respective licenses
and applicable terms of use.

B.4 Manual analysis of reasoning summaries

We randomly selected 50 COPA examples and man-
ually analyzed the GPT-5 reasoning summaries for
the corresponding Võro and Livonian versions. As
summaries were not returned for every response,
the analysis covered 23 Võro and 26 Livonian sum-
maries. We labeled a summary as using transla-
tion reasoning when it explicitly reconstructed the
target-language input in another language. Trans-
lation correctness was rated on a five-point scale
by comparison with the parallel English source;

ratings of 1 (fully incorrect) or 2 (mostly incor-
rect) were categorized as low understanding. We
labeled surface-form reliance when the reasoning
used lexical overlap, cognates, shared tokens, or
related-language forms as evidence. These cate-
gories were not mutually exclusive.

C Dataset Statistics

We list SMUGRI-COPA dataset statistics in Ta-
ble 8.

Lang. bytes words characters GPT-5 tokens

TEST SET (n = 500)
ENG 43096 8043 43096 9954
EST 41658 5992 40122 14107
VRO 42887 6268 38813 16539
LIV 46650 6314 39261 21738

VALIDATION SET (n = 100)
ENG 9131 1689 9131 2082
EST 8708 1245 8383 2925
VRO 8811 1290 7995 3400
LIV 9820 1319 8282 4523

Table 8: SMUGRI-COPA test and validation set statis-
tics with Estonian XCOPA and English COPA for com-
parison.

D Challenges in Translating COPA

We list some additional examples here to give the
reader a more comprehensive overview of actual
challenges encountered when translating to a low-
resource language.

D.1 Cultural context

� Example 7 I emptied my pockets, there-
fore: A) I retrieved a ticket stub. B) I found a
weapon.
� Explanation Finding a weapon in a pocket
would be an uncommon scenario for Võro and
Livonian. Fortunately, this does not change the
correctness of the example.

D.2 Semantic non-equivalence and lexical
gaps

� Example 8 The girl ran out of energy, be-
cause A) she played checkers. B) she jumped
rope.
� Explanation Some game names are not
documented in Livonian, so borrowing from
Latvian together with Livonian morphology was
used as a translation strategy. This follows exist-
ing borrowing patterns already used in Livonian
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game terminology.

� Example 9 I felt bored, therefore A) I
snorted. B) I yawned.
� Explanation There is no direct translation
for snorted in Livonian, so it was translated
onomatopoeically.

E Continued Pre-training Details

E.1 Setup
The Võro and Livonian training data was col-
lected from SMUGRI44 (CC BY-NC-SA 4.0),
Wikipedia (Wikimedia Foundation, 2025) using
WikiExtractor (Attardi, 2015), and liv4ever (Rik-
ters et al., 2022, CC BY-NC-SA 4.0). The datasets
were mixed proportionally using only 1 epoch for
training. 50% of the training budget was taken
from Estonian FineWeb-2 (Penedo et al., 2025,
ODC-BY) and FineWeb-Edu (Lozhkov et al., 2024,
ODC-BY) in equal proportion. We list the training
dataset language composition in Table 9.

The continued pre-training of
Llama-3.1-EstLLM-8B-0525 (Dorkin et al.,
2026, Llama-3.1 license) was conducted using
Hugging Face transformers (Wolf et al., 2020).
The training examples were packed into sequences
of 2048 tokens. The learning rate was selected
from {2e-5, 4e-5, 8e-5} to minimize the mean
of Estonian, Võro, and Livonian validation loss on
held-out pre-training data. A single training run
took approximately 51 GPU-hours. The training
was run on the LUMI supercomputer across 4
nodes (32 GPU compute units, AMD MI250x)
with the hyperparameters listed in Table 10.

Our model is trained solely for research pur-
poses, in line with the training dataset and model
licenses.

LIV VRO EST ENG

Tokens 1.3M 9.8M 5.5M 5.5M

Table 9: Continued pre-training dataset language com-
position in Llama-3 tokens.

E.2 Training results
We examine how SMUGRI-COPA accuracy im-
proves as continued pre-training progresses (see
Figure 6). We see steady improvements for MCF
prompting, while CF prompting scores saturate

4https://huggingface.co/datasets/tartuNLP/smugri4-data

Hyperparameter Value

Learning rate 4e-5
Optimizer AdamW
Adam ϵ 1e-8
Adam β1, β2 0.9, 0.95
Weight decay 0.1
Sequence length 2048
Scheduler cosine decay to 10%
Warmup ratio 0.04
FSDP Strategy SHARD_GRAD_OP
Number of GPUs 32
Precision bfloat16
Batch size (total) 32
Batch size (total, tokens) 65,536
Training steps 337
Training tokens 22,085,632

Table 10: Hyperparameters for the continued pre-
training.

after just 84 steps for Võro (roughly 2.4M Võro
tokens).
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Figure 6: SMUGRI-COPA 5-shot test set accuracy at
various continued pre-training steps for cloze format
(CF) and multiple-choice format (MCF).

F Additional Benchmark Scores

We list the 5-shot evaluation scores for all bench-
marks covering Võro and Livonian in Table 11. We
used lm-evaluation-harness configuration files
from Kuulmets et al. (2025). We report Belebele-
SMUGRI (Purason et al., 2025), SIB-SMUGRI
(Purason et al., 2025) and SMUGRI-FLORES
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SMUGRI-COPA (CF) SMUGRI-COPA (MCF) Belebele SIB-200

Model VRO LIV VRO LIV VRO LIV VRO LIV

Llama-SMUGRI-7B 60.2 ± 4.3 52.8 ± 4.4 54.0 ± 4.4 48.4 ± 4.4 36.2 ± 8.4 28.3 ± 7.9 78.4 ± 7.2 64.8 ± 8.4
Llama-3.1-EstLLM-8B-0525 56.8 ± 4.3 50.0 ± 4.4 67.0 ± 4.1 52.2 ± 4.4 56.7 ± 8.7 43.3 ± 8.7 83.2 ± 6.6 76.8 ± 7.4
Apertus-8B-2509 54.6 ± 4.4 45.8 ± 4.4 61.4 ± 4.3 52.4 ± 4.4 53.5 ± 8.7 37.8 ± 8.5 76.0 ± 7.5 71.2 ± 8.0
Llama-3.1-8B 51.0 ± 4.4 47.6 ± 4.4 56.4 ± 4.4 51.0 ± 4.4 51.2 ± 8.7 37.8 ± 8.5 86.4 ± 6.0 72.8 ± 7.8
EuroLLM-9B 54.6 ± 4.4 47.0 ± 4.4 63.8 ± 4.2 51.4 ± 4.4 52.0 ± 8.7 42.5 ± 8.6 83.2 ± 6.6 76.0 ± 7.5
Apertus-70B-2509 57.8 ± 4.3 48.2 ± 4.4 65.8 ± 4.2 45.2 ± 4.4 63.8 ± 8.4 48.0 ± 8.7 84.8 ± 6.3 78.4 ± 7.2
Llama-3.1-70B 57.0 ± 4.3 49.4 ± 4.4 74.2 ± 3.8 52.4 ± 4.4 73.2 ± 7.7 45.7 ± 8.7 87.2 ± 5.9 78.4 ± 7.2
Llama-3.1-EstLLM-8B-VRO-LIV 63.4 ± 4.2 53.4 ± 4.4 77.6 ± 3.7 58.8 ± 4.3 66.1 ± 8.3 46.5 ± 8.7 83.2 ± 6.6 81.6 ± 6.8

FLORES (BLEU)

EST-VRO EST-LIV ENG-VRO ENG-LIV VRO-ENG LIV-ENG VRO-EST LIV-EST
Llama-SMUGRI-7B 28.2 ± 2.1 4.4 ± 0.9 10.5 ± 1.3 2.2 ± 0.5 25.7 ± 2.0 14.4 ± 1.6 48.6 ± 2.4 17.4 ± 1.8
Llama-3.1-EstLLM-8B-0525 15.9 ± 1.4 5.6 ± 1.1 7.5 ± 1.3 2.2 ± 0.5 22.9 ± 2.2 9.0 ± 1.7 42.1 ± 2.3 8.6 ± 1.3
Apertus-8B-2509 13.5 ± 1.4 5.1 ± 1.0 5.2 ± 1.0 1.7 ± 0.5 24.5 ± 1.9 9.2 ± 1.8 37.9 ± 2.7 8.8 ± 1.3
Llama-3.1-8B 13.6 ± 1.5 4.7 ± 1.0 3.1 ± 0.7 1.9 ± 0.4 16.4 ± 2.4 10.3 ± 1.6 26.1 ± 1.9 6.6 ± 1.2
EuroLLM-9B 12.3 ± 1.6 2.2 ± 0.5 5.0 ± 1.0 1.3 ± 0.4 26.9 ± 2.3 11.4 ± 1.6 40.2 ± 2.6 10.6 ± 1.8
Apertus-70B-2509 21.2 ± 1.8 5.7 ± 1.4 8.6 ± 1.4 3.5 ± 1.0 28.2 ± 2.1 12.3 ± 2.3 45.9 ± 3.0 11.4 ± 1.9
Llama-3.1-70B 20.9 ± 2.0 6.9 ± 1.4 9.3 ± 1.4 4.7 ± 1.0 30.4 ± 2.5 16.1 ± 2.7 42.9 ± 2.5 13.2 ± 2.0
Llama-3.1-EstLLM-8B-VRO-LIV 34.0 ± 2.5 7.3 ± 1.1 14.2 ± 1.4 4.3 ± 0.8 29.2 ± 2.4 17.8 ± 1.9 51.2 ± 2.7 19.4 ± 2.0

Table 11: Scores (accuracy or BLEU (Papineni et al., 2002)) for 5-shot evaluation with benchmarks supporting
Võro or Livonian.

Model Version License

GPT-4o - gpt-4o-2024-05-13 Proprietary
GPT-4.1 - gpt-4.1-2025-04-14 Proprietary
GPT-5 - gpt-5-2025-08-07 Proprietary
Gemini-3-flash - gemini-3-flash-preview Proprietary
DeepSeek-V3.2 (DeepSeek-AI et al., 2025) deepseek-ai/DeepSeek-V3.2 MIT
Apertus-70B-Instruct-2509 (Hernández-Cano et al., 2026) swiss-ai/Apertus-70B-Instruct-2509 Apache-2.0
Gemma-4-31B-it (Gemma Team et al., 2026) google/gemma-4-31B-it Apache-2.0
Llama-SMUGRI-7B (Purason et al., 2025) tartuNLP/Llama-SMUGRI-7B -
Apertus-8B-2509 (Hernández-Cano et al., 2026) swiss-ai/Apertus-8B-2509 Apache-2.0
Llama-3.1-EstLLM-8B-0525 (Dorkin et al., 2026) tartuNLP/Llama-3.1-EstLLM-8B-0525 Llama-3.1
Llama-3.1-8B (Grattafiori et al., 2024) meta-llama/Llama-3.1-8B Llama-3.1
EuroLLM-9B (Martins et al., 2025) utter-project/EuroLLM-9B Apache-2.0
Llama-3.1-70B (Grattafiori et al., 2024) meta-llama/Llama-3.1-70B Llama-3.1
Apertus-70B-2509 (Hernández-Cano et al., 2026) swiss-ai/Apertus-70B-2509 Apache-2.0

Table 12: Models benchmarked in results section.

(Yankovskaya et al., 2023), all of them licensed
under Creative Commons Attribution Share Alike
4.0, which is in line with our usage of them.
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