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Abstract
While new benchmarks for large language models (LLMs) are being developed continuously to catch up with the
growing capabilities of new models and AI in general, using and evaluating LLMs in non-English languages remains
a poorly-charted landscape. We give a concise overview of recent developments in LLM benchmarking, and then
propose a new taxonomy for the categorization of benchmarks that is tailored to multilingual or non-English use
scenarios. We further propose a registry of benchmarks implementing the new categorization and documenting
benchmarks with a rich set of metadescriptors. While still at a pilot stage, such a registry can lead to a more
coordinated development of benchmarks for European languages. We conclude with a review of current trends and
advocate for a higher language and culture sensitivity of evaluation methods.
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1. Introduction

The rapid advancement of large language models
(LLMs) has brought unprecedented capabilities in
natural language understanding and generation,
reasoning, coding, and more. With the global race
in raising the bar, new commercial models are be-
ing released on a weekly basis. They are also being
employed in increasingly complex pipelines and are
given more and more agency to carry out tasks, per-
form strategic planning, and independently interact
with other applications. While open-source models
generally score lower on most leaderboards, they
too grow larger and smarter.

In the brief history of LLMs, many evaluation
frameworks have been set up – both human and
automatic – to assess their evolving performance
across different linguistic and non-linguistic tasks
of growing complexity. However, the overwhelming
majority of evaluation datasets are developed pri-
marily for English, creating a significant evaluation
gap for other languages and language varieties.

To evaluate the performance of LLMs in non-
English contexts, a widely used approach so far
has been to translate existing English benchmarks
using machine translation, with or without human
revision. This might seem reasonable: several
major international benchmarks or benchmark col-
lections (e.g., SuperGLUE (Wang et al., 2019),
MMLU (Hendrycks et al., 2021), Hellaswag (Zellers
et al., 2019) exist together with their parallel (trans-
lated) versions, which allows for a direct compar-

ison of LLMs across a wide range of tasks and
languages. However, Global-MMLU (Singh et al.,
2024) revealed that success in MMLU depends
heavily on learning Western-centric concepts, with
28% of all questions requiring culturally sensitive
knowledge. Moreover, for questions requiring geo-
graphic knowledge, an astounding 84.9% focus on
either North American or European regions. Such
cultural biases are not uncommon in other widely
used benchmarks, and their machine-translated
versions overlook language- and culture-specific
phenomena, exhibit skewed performance, or fail to
address issues which may be critical for users of
an LLM in a particular language.

On the other spectrum of multilingual evaluation,
there are several cases of language- and culture-
specific benchmarks, such as BenCzechMark (Fa-
jcik et al., 2025), PLCC (Dadas et al., 2025) or
ITALIC (Seveso et al., 2025), which have been de-
veloped specifically for a particular language or
community of speakers. Such benchmarks provide
a deeper insight into a model’s performance for that
language, but typically do not allow us to assess
the model’s multilingual capacities.

Despite the proliferation of evaluation platforms,
research projects, and benchmarking initiatives
across the multilingual landscape, the field lacks
a comprehensive overview that synthesizes cur-
rent practices, identifies critical gaps, and provides
clear guidance for developing more inclusive and
effective evaluation methodologies for LLMs in non-
English contexts. To address this gap, this paper
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makes the following contributions:

1. We propose a new benchmark taxonomy that
is designed to better capture the linguistic and
cultural diversity in non-English settings.

2. We propose a structured registry of Euro-
pean benchmarks and present its pilot imple-
mentation.

3. We outline a set of methodological recom-
mendations for the development of future
benchmarks, and give an overview of recent
trends.

The remainder of this paper is structured as fol-
lows. In Section 2, we review recent developments
in LLM benchmarking, with particular attention to
multilingual evaluation and to approaches that ad-
dress linguistic and cultural competence. In Section
3, we propose a new categorization of benchmarks,
and in Section 4, we propose quality standards and
metadescriptors, which in combination serve as
a foundation for charting ongoing and future LLM
evaluation activities in Europe and beyond. We
conclude with a review of recent trends and reflect
on best practices.

2. Recent Developments in LLM
Benchmarking

Several comprehensive overviews of LLM bench-
marking have recently been published, including
Chang et al. (2023) and Ni et al. (2025). Both sur-
veys clearly show trends in both the development
of datasets and the evolution of evaluation metrics.
However, they lack a focus on non-English and mul-
tilingual scenarios, which is the main motivation for
our own overview.

2.1. Major Benchmarks
By major or global, we refer to benchmarks most
frequently used in current evaluation platforms and
leaderboards. These benchmarks are without ex-
ception in English. The ones that evaluate generic
language understanding and commonsense rea-
soning have their origins in the 2018–2022 period,
when the challenges still roughly corresponded to
natural language processing (NLP) research areas.
Some of these benchmarks have seen multiple re-
visions, extensions and updates, and can be seen
as “parent” datasets on which many adaptations,
translations, or local versions are based.

Some of the most prominent for language under-
standing and reasoning include MMLU (Hendrycks
et al., 2021) and its derivatives MMLU-Pro (Wang
et al., 2024), MMLU-Prox (Xuan et al., 2025) and
Global MMLU (Singh et al., 2024); the Super-
GLUE benchmark collection comprising BoolQ

(yes/no questions, Clark et al., 2019), Commit-
mentBank (textual entailment, De Marneffe et al.,
2019), COPA (Choice of Plausible Alternatives for
causal reasoning, Roemmele et al., 2011), MultiRC
(multi-sentence reading comprehension, Khashabi
et al., 2018), ReCoRD (reading comprehension
with commonsense reasoning, Zhang et al., 2018),
RTE (Recognizing Textual Entailment, Giampiccolo
et al., 2007), WiC (Words in Context, Pilehvar and
Camacho-Collados, 2019), and WSC (Winograd
Schema Challenge, Levesque et al., 2012); ARC
(Clark et al., 2018) with multiple-grade science
questions; Hellaswag (Zellers et al., 2019) and
its recent derivative GoldenSwag (Chizhov et al.,
2025). An attempt to create a more challenging
benchmark collection is BIG-bench (Beyond the Im-
itation Game Benchmark, Srivastava et al., 2023),
a massive collaborative benchmark consisting of
204 tasks contributed by more than 450 authors
across 132 institutions, designed to probe large lan-
guage models on tasks believed to be beyond their
current capabilities. Finally, SUPERB (Speech pro-
cessing Universal PERformance Benchmark, Yang
et al., 2021) is a unified speech-focused benchmark
for evaluating self-supervised and general-purpose
speech representations across a wide spectrum of
speech processing tasks.

2.2. Multilingual Benchmarks
Most state-of-the art models have multilingual capa-
bilities, but the precise amounts of non-English data
used in their pre-training are usually obscure. It is
therefore hard to say to what extent the language
competence of a model in a particular language is
in correlation with the amount of language-specific
data it has seen. In addition to this, models dif-
fer in their representations of intermediate layers,
which may result in cultural conflicts between latent
internal and target output language (Zhong et al.,
2024).

Since many authors observe a marked decline
in performance for low-resource languages, bench-
marks are now being developed both as parallel
evaluation sets based on existing “parent” datasets
to allow for direct comparison across languages,
and as language-specific benchmarks, usually
aimed at assessing LLM performance in a particu-
lar linguistic community and/or culture (see Section
2.4 for the latter).

Although the datasets in the first category are
parallel, they may differ considerably in the meth-
ods used for their creation. Some were translated
using machine translation engines or LLMs, for
example, EU20-MMLU, EU20-HellaSwag, EU20-
ARC, EU20-TruthfulQA, and EU20-GSM8K (Thell-
mann et al., 2024); or MMLU-Prox (Xuan et al.,
2025). Other multilingual benchmarks were cre-
ated with a special focus on cultural sensitivity by
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dividing the original subsets into culturally sensitive
and culturally agnostic ones (Global MMLU, Singh
et al., 2024), or by using professional translators
or multiple rounds of revision to raise the quality of
the dataset, e.g., BenchMax (Huang et al., 2025),
Flores-101 and FLORES-200 (Goyal et al., 2022)
and Belebele (Bandarkar et al., 2024).

For speech, ML-SUPERB (Multilingual Speech
processing Universal PERformance Benchmark,
Shi et al., 2023) extends the English SUPERB
speech benchmark to 143 languages, evaluating
self-supervised speech representations on auto-
matic speech recognition and language identifica-
tion. FLEURS (Conneau et al., 2022) is a speech-
based extension of the FLORES multilingual bench-
mark, with focus on language identification, auto-
matic speech recognition, and retrieval evaluation.
DIALECTBENCH (Faisal et al., 2024) is the first
large-scale benchmark for language variety under-
standing, aggregating 10 text-level tasks for 281
varieties.

2.3. Dynamic Benchmarks
Recent developments emphasize dynamic and
contamination-resistant evaluation. The period
2022–2025 has witnessed fundamental shifts to-
ward more sophisticated evaluation approaches.
One such attempt is LiveBench (White et al., 2024),
the first benchmark designed to resist training data
contamination through frequently updated ques-
tions from recent sources, automatic scoring, and
monthly updates. This dynamic approach remains
challenging, with the top models achieving accu-
racy below 80%.

2.4. Language- and Culture-Specific
Benchmarks

Many European languages have established their
own country- or region-specific evaluation frame-
works, and in most cases, these combine tradi-
tional datasets translated from English with more
culture-aware native benchmarks. Examples in-
clude HuLu1 for Hungarian (Ligeti-Nagy et al.,
2024), which covers a number of well-known tasks
such as plausible alternatives (HuCoPa), textual en-
tailment (HuRTE), and linguistic acceptability (Hu-
CoLa), of which the latter was originally constructed
using sentences from selected Hungarian linguis-
tics books. BenCzechMark for Czech (Fajcik et al.,
2025) is a complex benchmark collection compris-
ing 50 tasks, of which 14 were newly created, and
only 10% of the collective instances were machine-
translated. Another recent benchmark for Czech,
Ukrainian, and Slovak called CUS-QA (Libovickỳ

1https://hulu.nytud.hu

et al., 2025) focuses specifically on cultural compe-
tence and crafts questions, both textual and visual,
from Wikipedia articles that exist in only one of the
languages.

For Iberian languages, a comprehensive and ex-
tensible framework has been established under
IberBench (González et al., 2025), spanning 22
task categories and addressing both generic and
industry-relevant tasks. In parallel and under a
similar name, IberoBench (Baucells et al., 2025)
offers 62 tasks, of which several were created from
scratch from native data, and others were included
only if they satisfied rather strict quality criteria.

For Slovenian, the SloBENCH2 evaluation frame-
work offers natural language inference (SI-NLI),
machine translation, speech recognition, Slovene
SuperGLUE, and two pragmatics benchmarks: Slo-
PragMega and SloPragEval. To create the latter,
full localization of the originally English dataset was
performed by adapting cultural references and oc-
casionally completely rewriting examples to better
match the linguistic and cultural context. A similar
approach has been taken to translate and adapt the
COPA benchmark (Roemmele et al., 2011) to four
standard languages and three dialects of the South
Slavic language group, resulting in the DIALECT-
COPA (Ljubešić et al., 2024) benchmark collec-
tion. Today’s best-performing proprietary models
still score only halfway between random and opti-
mal on dialectal data (Chifu et al., 2024).

A fully native benchmark is ITALIC for Italian
(Seveso et al., 2025), which comprises 10,000 in-
stances from 12 domains and was built entirely from
exam materials offered by various public institutions
or government bodies.

An interesting combination of multilinguality and
culture-specificity is BLEnD (Myung et al., 2024), a
benchmark probing cultural competences of LLMs
in 13 languages. The questions were manually
crafted for each language using a set of templates,
targeting cultural competence in 6 domains: food,
sports, family, education, holidays, and work life.

An exceptionally active approach to language-
and culture-specific benchmarking can be ob-
served for Polish3, with a range of generic and
domain-specific evaluations including multi-turn
conversation (MT-Bench), emotional intelligence
(EQ-Bench), comprehensive text understanding
(CPTUB4), a medical domain benchmark, linguis-
tic and cultural competency (PLCC, Dadas et al.,
2025), educational (LLMs Behind the School Desk),
a cultural vision benchmark, and legal QA. Most of
these benchmarks were developed anew, by care-

2https://slobench.cjvt.si
3https://huggingface.co/spaces/

speakleash/polish-llm-benchmarks
4https://huggingface.co/spaces/

speakleash/cptu_bench

https://hulu.nytud.hu
https://slobench.cjvt.si
https://huggingface.co/spaces/speakleash/polish-llm-benchmarks
https://huggingface.co/spaces/speakleash/polish-llm-benchmarks
https://huggingface.co/spaces/speakleash/cptu_bench
https://huggingface.co/spaces/speakleash/cptu_bench
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fully selecting tasks and examples, verifying them
by experts, and collecting human annotations. Sim-
ilarly, the PLCC consists of 600 manually crafted
questions and is divided into six categories: history,
geography, culture and tradition, art and entertain-
ment, grammar, and vocabulary. The leaderboard
results5 indicate that even the largest models still
reach mediocre performance in Polish grammar
and vocabulary, thus justifying the need for a de-
tailed assessment of linguistic competence for other
European languages as well. A final example of a
culturally specific benchmark is the Polish Cultural
Vision Benchmark6, a collection of images with text
descriptions to evaluate the cultural competence
of multimodal models. The dataset is part of a cit-
izen science project aimed at collecting 1 million
culturally specific images7 and recruiting user dona-
tions under the slogan of “technopatriotism”. While
similar platforms have been established before to
collect text data, this is a positive example of a
contemporary and at the same time participatory
benchmark.

As a final note on language- and culture-specific
benchmarks, while the efforts and datasets listed
above are certainly a step in the right direction,
the European LLM community would benefit from
a common methodology for creating such evalu-
ation sets, starting with a clear overview of the
tasks/aspects involved in linguistic and cultural com-
petence and of the benchmarks that address them.

3. Categorization of Benchmarks

3.1. Existing Taxonomies

As new benchmarks are continuously presented to
evaluate the emerging capabilities of LLMs, many
attempts have been made to organize them in a
structured and logical way.

The AI Verify Foundation has established one
of the most systematic approaches to LLM bench-
mark categorization globally. In their October 2023
publication “Cataloguing LLM Evaluations” (AI Ver-
ify Foundation, 2023), LLM benchmarks are orga-
nized into 5 top categories (further divided into
subcategories). These are General Capabilities
(natural language understanding, natural language
generation, reasoning, knowledge and factuality,
tool use effectiveness, multilingualism, and con-
text length handling); Domain Specific Capabilities
(specialized industry performance across various

5https://huggingface.co/spaces/sdadas/
plcc

6https://huggingface.co/spaces/
speakleash/Polish_Cultural_Vision_
Benchmark

7https://obywatel.bielik.ai

domains); Safety and Trustworthiness; Extreme
Risks; and Undesirable Use Cases.

The catalogue represents a comprehensive and
valuable contribution to the field, and has many
positive features: The taxonomy is based on LLM
capabilities, occasionally also referred to as tasks,
which seems intuitively most pragmatic, as this is
usually the way we think about (and evaluate) hu-
man performance too. Complex benchmarks can
appear in several categories simultaneously (e.g.,
BigBench as a massive collaborative benchmark
appears in almost all taxonomy categories), and the
recommendations for future LLM evaluations are
a solid starting point to reinforce minimum quality
standards for fair and trustworthy LLM assessment.

However, the catalogue also has some draw-
backs which render it unsuitable for our purposes.
Firstly, it has not been updated since 2023 and
hence does not include many benchmarks that
have since become mainstream, nor does it ad-
dress recent developments in LLMs and AI in gen-
eral. Secondly, although it includes Multilinguality
as a separate category, it falls short in capturing
some aspects of LLM performance which may be
critical for the evaluation of European models; i.e.,
models specifically developed to be used in region-
, language-, culture-, or domain-specific contexts.
Thirdly, and this is less of a drawback than simply
an observation, the taxonomy and the quality rec-
ommendations are primarily focused on the safety
and trustworthiness of LLMs, in the context of AI
governance and alignment research. While these
are indeed crucial priorities, especially for the so-
called ”frontier models”, the European landscape
of LLM development and evaluation is – at least for
now – gyrating around a different set of goals, such
as how to reach state-of-the-art levels of under-
standing and generation in non-English languages,
or how to de-bias English-centric models.

Other approaches to taxonomization include
HELM (Holistic Evaluation of Language Models),
developed at Stanford University (Liang et al.,
2023). The authors introduce the concept of sce-
narios (what we want to evaluate) and metrics
(which performance aspects are measured, and
how), then propose a taxonomy of scenarios and
desiderata. Today, the framework8 includes a num-
ber of leaderboards with support for multimodality
and model-graded evaluation. While the scenarios
proposed in HELM and the framework itself leave
room for continuous extension, they do not, in fact,
offer a hierarchical structure with sufficient focus
on multilinguality and issues related to the use of
LLMs in non-English contexts.

Similarly, Chang et al. (2023) provide an overview
of existing LLM evaluations, which they examine
from three aspects: what, where, and how to eval-

8https://crfm.stanford.edu/helm/

https://huggingface.co/spaces/sdadas/plcc
https://huggingface.co/spaces/sdadas/plcc
https://huggingface.co/spaces/speakleash/Polish_Cultural_Vision_Benchmark
https://huggingface.co/spaces/speakleash/Polish_Cultural_Vision_Benchmark
https://huggingface.co/spaces/speakleash/Polish_Cultural_Vision_Benchmark
https://obywatel.bielik.ai
https://crfm.stanford.edu/helm/
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uate. They divide the evaluation tasks into eight
top-level non-exclusive categories, namely Natural
language processing; Robustness, ethics, biases
and trustworthiness; Social sciences; Natural sci-
ence and engineering; Medical applications; Agent
applications; and Other applications.

Huber and Niklaus (2025) present a cognitive-
based view on benchmarking by mapping the well-
known Bloom’s taxonomy of cognitive abilities to
LLM capabilities across six hierarchical cognitive
levels: Remember, Understand, Apply, Analyze,
Evaluate, and Create, revealing significant gaps in
the coverage of higher-order thinking skills.

Another comprehensive attempt at taxonomizing
benchmarks is by Guo et al. (2023) who introduce
a three-pillar framework that categorizes LLM eval-
uation into three major groups: Knowledge and
capability evaluation, Alignment evaluation, and
Safety evaluation.

3.2. New Taxonomy Proposal
In this paper, we present a new taxonomy for the
categorization of LLM benchmarks and its pilot
implementation in an online database. The cat-
egorization and the proposed system of metade-
scriptors allow us to better compare LLMs across
languages, easily find benchmarks for a specific
language, use case, modality, or domain, to set
common priorities, and to work towards common
goals.

Our taxonomy is loosely based on AI Verify Foun-
dation’s catalogue, with the following important
modifications:

• We merge all language-related tasks and
scenarios under a single top-level category
called Language capabilities.

• We further dissolve the traditional NLP di-
vide between natural language understand-
ing and natural language generation into
a single subcategory. The fact is that state-
of-the-art LLMs more often than not combine
these two capabilities, and even straightfor-
ward tasks such as question answering or text
summarization involve both.

• We expand the category for general linguis-
tic competence with further subcategories
for style, conversation, and pragmatics, and
allow for other, more fine-grained aspects of
measuring the grammaticality or coherence of
generated outputs.

• We expand the category of specific linguis-
tic competence to include creativity, atypical
communication, the use of domain-specific lan-
guage, etc.

• We also expand and redefine the category
of multilinguality to include code-switching,
multilingual interaction, and dialectal flexibility.

• We introduce cultural competence as a sep-
arate category.

• We introduce speech as a separate category
to include benchmarks specifically aimed at
performing tasks unique to spoken language
as input or output.9

• We add agency as a form of long-term, con-
sistent, or strategic reasoning.

Figure 1 shows the four top-level taxonomy cate-
gories with subcategories. The last category, Align-
ment and dangerous capabilites, currently has no
subcategories for the simple reason that we did
not find many European benchmarks addressing
this field. The full taxonomy, along with fine-grained
third-level categories, can be inspected at our demo
website10

The proposed taxonomy serves as a hierarchy of
labels to organize benchmarks. As many (or indeed
most) belong to more than a single category, they
can be assigned non-exclusive categories, and can
be further characterized with metadescriptors that
we present in the following section.

4. Quality Standards and
Metadescriptors for Benchmarks

As demonstrated in our demo benchmark registry
(which, at the time of writing, contains 91 bench-
marks), the LLM development community might
benefit from a set of common metadescriptors
which are used to label evaluation sets. Below,
we present some of the features we consider im-
portant in terms of benchmark categorization and
quality assurance.

4.1. Provenance
While it is clear that the development of original and
sufficiently complex evaluation datasets is highly
time-consuming and costly, the drawbacks of au-
tomatically translated and culturally maladapted
benchmarks have been clearly pointed out (Singh
et al., 2024; Xuan et al., 2025). We should thus
strive towards clearer – even if more complex –

9We propose Modality as one of the metadescriptors,
allowing for any benchmark to be implemented in any of
the modes. The Speech category refers to evaluations
targeted at speech-related activities.

10The full taxonomic hierarchy with category descrip-
tions and a demo benchmark registry: https://
mojcabrglez.github.io/EU-LLM-Bench/

https://mojcabrglez.github.io/EU-LLM-Bench/
https://mojcabrglez.github.io/EU-LLM-Bench/
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Figure 1: Top-level categories with subcategories.

descriptors which indicate how a dataset or bench-
mark was created. We propose the following de-
scriptors:

• Original Applies to datasets which have been
originally created in the language they appear
in, by any method other than translation (e.g.,
collecting original exam questions, employ-
ing experts to provide domain-specific tasks,
adapting authentic texts in a particular lan-
guage to create tasks in that language).

• Machine translation Applies to datasets cre-
ated by any automated translation service, in-
cluding those created by LLMs, and workflows
with machine revision. The tools and work-
flows must be specified.

• Machine translation and Human revision
Applies to datasets where the result of auto-
mated translation was revised by a human pro-
fessional or non-professional translator or re-
viewer. Since many non-English benchmarks
are created by machine translating the – usu-
ally – English original, followed by human re-
vision of only a small portion of the dataset,
the recommendation would be to use all labels
that apply.

• Human translation Used only for datasets
which have been fully translated and revised
by humans. Only a few European non-English
datasets satisfy this criterion.

• Full localization Used for datasets which have
not only been translated professionally, but

for which a full linguistic and cultural adap-
tation was performed. This might mean the
replacement of culturally-specific or untrans-
latable tasks with new ones, or removing parts
of the dataset deemed culturally unsuitable.

• Other If several of the above scenarios were
used, the dataset should be labeled with all
that apply. Other methods and scenarios used
to create the dataset should be specified here.

4.2. Accessibility
The tension between open benchmarking and data
contamination poses a significant challenge for AI
evaluation. While public datasets enable repro-
ducible research and fair comparisons, they risk
contamination when models train on test data, inflat-
ing performance scores and undermining bench-
mark validity. Private evaluation sets offer a po-
tential solution by keeping data hidden from train-
ing processes, ensuring cleaner performance mea-
surements.

• Public Applies to fully open datasets shared
with labels through common platforms.

• Public without labels Applies to datasets
where labels are not distributed to prevent di-
rect training.

• Private (academic/research access) Where
authors encourage reproducibility but wish to
prevent contamination.

• Private (closed/proprietary) Where datasets
are typically not shared as they are used for
internal or industry-specific evaluation.

• Other This may include dynamic benchmarks
where tasks are continually updated (such as
White et al., 2024).

4.3. Language Coverage
This category indicates the prominence, reach, or
scale of a benchmark in terms of its presence on
major leaderboards, coverage, global spread, but
also purpose. We are aware that the boundaries
between the proposed buckets may be fuzzy.

• Major global benchmark See section 2.1 for
examples.

• Multilingual benchmark This category can be
used for benchmarks derived from the above,
for instance, by developing a multilingual vari-
ant of a well-known benchmark for a set of new
languages. Examples include XCOPA (Ponti
et al., 2020), MMLU-Prox (Xuan et al., 2025)
or xHumanEval (Raihan et al., 2025).
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• Language-group or region-specific bench-
mark This category is used for language-
specific benchmarks as well as benchmarks
that cover multiple languages from a simi-
lar language group or target a certain ge-
ographical region. Examples include Iber-
oBENCH (Baucells et al., 2025) and DIALECT-
COPA (Ljubešić et al., 2024).

4.4. Evaluation Type

An important factor for present and future bench-
marks is the divide between closed-ended types of
tasks, most prominently multiple-choice questions,
but also other types of tasks where the solution is in-
cluded in the task, and open-ended tasks, typically
generation of text, speech, image, or multimodal
output. Few benchmarks to date address the lat-
ter, despite the fact that generative LLMs are now
mainstream and the vast majority of application
scenarios exploit generative abilities.

4.5. Evaluation Metrics and Frameworks

The performance of an LLM can be evaluated in
several ways, depending on the type of task. For
multiple choice questions, text classification tasks,
or cloze tests, where the correct answer is deter-
minate, accuracy or F1 (Powers, 2020) can be
used. However, to evaluate longer, more com-
plex responses resulting from generative tasks,
many other methods were proposed. In reference-
based evaluation, the LLM response is compared
to a reference using various distance measures
(e.g., BERTScore (Zhang et al., 2020), Rouge-1
(Lin, 2004), METEOR(Banerjee and Lavie, 2005)),
while in reference-less contexts, the quality of the
response is directly assessed (e.g., by an LLM-
as-a-judge). As we have seen, recently devel-
oped benchmarks employ more complex evalu-
ation methodologies, and a common alternative
to algorithmic benchmarks is human preference
voting (in so-called chatbot arenas, e.g., https:
//lmarena.ai/).

Another important element is the existence of a
human baseline, and its quality. Important factors
to consider are participant selection and training;
task design and instructions (to ensure fair com-
parison between humans and LLMs); and control
for attention, bias, or fatigue. Human annotators or
participants can also provide relevant insight into
the overall quality of the benchmark.

If the benchmark or dataset is integrated into
an evaluation framework, this should be indicated
together with a link or other reference to the evalu-
ation site.

4.6. Other Metadata
We propose collecting rich metadata for each
benchmark that allows researchers to quickly under-
stand its content, characteristics, and provenance
(see demo registry11 for examples):

• Description: A short summary of the dataset’s
content and purpose.

• Benchmark family: The broader benchmark
initiative or collection to which the dataset
belongs. For example, the COPA bench-
mark family would include the English COPA
(Roemmele et al., 2011) and its many paral-
lel variants, such as the COPA datasets in
Hungarian (Ligeti-Nagy et al., 2024), Croat-
ian (Ljubešić and Lauc, 2021), South Slavic
dialects (Ljubešić et al., 2024), etc.

• Number of test instances: The total num-
ber of instances in the test set, enabling quick
comparison of scale.

• Language: The language(s) in which the
dataset is provided.

• Language type: Specification of whether
the language of the dataset is standard, non-
standard, or a dialect.

• Modality: The input modality of the dataset,
such as text, speech, sign language, or audio-
visual signal.

• Authors: The creators or curators of the
dataset.

• Paper link: Reference to the main publication
describing the dataset.

• Access info: Information on how to obtain the
dataset, e.g., a link to a website or repository
from where the dataset can be acquired, or
contact information of the dataset owner if not
public.

• Last revised: The date of the most recent
update or revision of the dataset.

• More information: Additional notes, links, or
resources relevant to the dataset.

5. Trends and Future Directions

Several challenges of LLM evaluation have been
pointed out by a number of studies (e.g., Laskar
et al., 2024 or AI Verify Foundation, 2023: p. 16–
22), most notably reproducibility, reliability (includ-
ing contamination, obscure evaluation methods,

11The demo registry of LLM benchmarks is avail-
able at https://mojcabrglez.github.io/
EU-LLM-Bench/ .

https://lmarena.ai/
https://lmarena.ai/
https://mojcabrglez.github.io/EU-LLM-Bench/
https://mojcabrglez.github.io/EU-LLM-Bench/
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and unfair comparisons), and robustness. There
are numerous parallel activities in progress to set
the course of the European LLM evaluation land-
scape, agree on common principles, and establish
a dialogue between different stakeholders. While
a full review of the above-mentioned challenges is
beyond the scope of this paper, we list some trends
which apply in particular for the European bench-
marking landscape and evaluations in non-English
settings.

5.1. Translated vs. Native

As outlined in the sections above, it has meanwhile
been widely recognized that translated benchmarks
suffer from translationese, English-centrism, and
bias. The trend towards native benchmarks is in-
creasing (see Section 2.4), and language-specific
nuances can be evaluated more accurately. Native
benchmarks have been or are being constructed
for many EU languages, including Polish, Czech,
Hungarian, Italian, Spanish, and others. One area
where native benchmarks are certainly better than
translated ones is figurative language entailing hu-
mour, sarcasm, metaphor, idioms, and word play.

5.2. Language- and Cultural Competence
for In-house Models

With AI expanding to most business and public sec-
tors, and with the trend to deploy in-house models
instead of relying on major commercial ones, there
is an urgent need to evaluate such models in terms
of their language and culture capabilities in the lo-
cal setting. For many use cases, evaluation via
public evaluation platforms may not be practical or
feasible, so alternatives should be provided.

5.3. Speech and Other Modalities

While the SUPERB benchmark (Yang et al., 2021)
marked the beginning of a new era in the evaluation
of speech processing, and projects like Mozilla’s
Common Voice12 provide downloadable datasets
for many languages, the landscape of non-English
speech benchmarks is still sparsely populated. The
creation of evaluation sets for all spoken varieties,
including dialect, slang, child speech, and learners’
speech, should be a priority, as well as compre-
hensive coverage of all speech-related phenom-
ena. Even less data is available for sign languages,
although projects like SignON (Shterionov et al.,
2022) have provided valuable resources.

12https://commonvoice.mozilla.org/en

5.4. Vision and Multimodal Language
Models

With the rise of models that can process images
and video input, as well as generate visual or multi-
modal output, it is important to consider the cultural
dimension of visual communication. It may seem
that images are language-independent (as some
indeed may be), but one should keep in mind that a
large portion of the world we see through our eyes
is actually embedded into a particular geographic,
cultural, and historical context. Datasets for the
training and evaluation of VLMs should incorpo-
rate the cultural dimension and should be locally or
regionally specific.

5.5. Context-specific Evaluations
There is a lack of nuanced, context-specific eval-
uations that address the multi-faceted nature of
real-world LLM deployments. This includes domain-
specificity, but also other elements of attuning evalu-
ation to the users it serves. For example, legislative
frameworks can differ wildly across languages and
cultures, so any AI-driven public service needs to
be tailored to the relevant legal context it operates
in.

5.6. Emerging Capabilities
As new capabilities emerge, such as agentic AI,
long-term memory and reasoning, and physical
interaction, so must new evaluation sets. So far,
these developments are in progress mostly for large
commercial solutions, but may shortly also impact
the European research community. Especially the
EuroHPC AI Factories13 initiative aims to boost
innovation for EU businesses and public entities
alike.

We believe that the rapidly evolving benchmark-
ing landscape for European languages can ben-
efit from a registry, which we present as a demo
implementation. The categorization and documen-
tation of benchmarks according to the principles
discussed above may facilitate collaboration and
coordination of efforts, while at the same time con-
tribute to the overall quality and transparency of
LLM evaluation practices. The presented solution
is extensible and flexible in that a benchmark may
be assigned multiple categories and features, and
new categories and metadescriptors may be added
at any time.

The most important question remains: how can
such a registry be maintained and regularly up-
dated? The first version of our demo implementa-
tion was presented at the 2025 Clarin.eu confer-
ence, and the LLMs4SSH community was invited

13https://www.eurohpc-ju.europa.eu/
ai-factories_en

https://commonvoice.mozilla.org/en
https://www.eurohpc-ju.europa.eu/ai-factories_en
https://www.eurohpc-ju.europa.eu/ai-factories_en
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to contribute. Only a few researchers responded,
hence the registry in its current form is far from rep-
resentative. It is perhaps optimistic to expect from
researchers that they would invest effort into extra
documentation activities, however, if such activities
were sufficiently supported and prioritized by an
organisation like Clarin.eu, the benchmark registry
could conceivably evolve into something similar as
the Resource Families14, or become a part thereof.

6. Conclusion

We have presented recent trends in LLM bench-
marking for European languages and proposed a
new taxonomy for their categorization, intended to
be implemented alongside a range of metadescrip-
tors in the context of a registry of LLM benchmarks.
Our taxonomization strategy focuses on the linguis-
tic, cultural, factual, and reasoning capabilities of
models and also incorporates emerging abilities.
The proposed considerations follow the widespread
belief amongst European researchers and develop-
ers that the traditional Western-centric, likely con-
taminated and linguistically inappropriate datasets
no longer satisfy our needs, and that targeted ef-
forts should be invested in filling the evaluation
gaps for all European languages.

We also present a demo implementation of the
above proposal, currently including 91 benchmarks
categorized according to the new taxonomy and
offering basic statistics about language, domain
and/or LLM capabilities covered.

The initiative presented in this paper is the result
of a series of discussions and reflections within the
framework of several international research com-
munities, collecting and integrating feedback from
a number of researchers, developers, and bench-
mark creators. With the rapid advancement of the
field, we envisage continuous extensions and revi-
sions both of the taxonomy and the associated set
of metadescriptors and recommendations.
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